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Abstract

An animal’s ability to make adaptive choices is key to its fitness. Thus, the
process of determining options, making a decision, evaluating outcomes, and
learning from those outcomes to adjust future behavior is a central function of
our nervous system. Determining the neural mechanisms of these cognitive
processes is a crucial goal. One brain region, the posterior cingulate cortex (CGp),
a central hub within the default mode network, is prominently dysregulated in
Alzheimer’s Disease and schizophrenia. Despite its clinical importance, the
posterior cingulate cortex remains an enigmatic nexus of attention, memory, and
motivation, all pointing to a role in decision-making. This dissertation is
concerned with the role of this brain region in the learning and valuation
processes involved in making adaptive choices. Specifically, I used rhesus
macaques (Macaca mulatta) to examine the neural activity in posterior cingulate
associated with specific learning and valuation —related variables. In the first
experiment, I showed that posterior cingulate neurons track decision salience—
the degree to which an option differs from a standard—but not the subjective
value of a decision. To do this, I recorded the spiking activity of CGp neurons in
monkeys choosing between options varying in reward-related risk, delay to
reward, and social outcomes, each of which varied in level of decision salience.
Firing rates were higher when monkeys chose the risky option, consistent with
their risk-seeking preferences, but were also higher when monkeys chose the

delayed and social options, contradicting their preferences. Thus, across decision
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contexts, neuronal activity was uncorrelated with how much monkeys valued a
given option, as inferred from choice. Instead, neuronal activity signaled the
deviation of the chosen option from the standard, independently of how it
differed. The observed decision salience signals suggest a role for CGp in the
flexible allocation of neural resources to motivationally significant information,
akin to the role of attention in selective processing of sensory inputs. This pointed
to a role for CGp in learning rather than subjective value signaling, and the
second set of experiments aimed to test the role of CGp in associative learning. I
recorded from single CGp neurons in monkeys performing a simple conditional
motor association task while varying stimulus familiarity and motivation. CGp
neurons responded phasically following commission of errors, and this error
signal was modulated by motivation and stimulus novelty. Moreover, slow
variations in firing rates tracked variations in learning rate over the course of
sessions. Silencing these signals with muscimol impaired learning in low
motivational states but spared learning in high motivational states, and spared
recall of familiar associations as well. These findings endorse a role for CGp in
performance and environment monitoring to regulate learning rate. Collectively,
these experiments reshape our understanding of the role of posterior cingulate
cortex in cognition, integrate default mode and value-based theories of CGp
function, and provide a potential foundation for a circuit-level explication of

Alzheimer’s Disease and schizophrenia.
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1. Introduction

In January 49 BCE, Julius Caesar made the choice to cross the Rubicon River,
the boundary between the province of Gaul and Italy. He took with him a legion
of fighters, and his action was illegal within the Roman Republic, an act of war
against the Roman government. In crossing, Caesar is said to have declared,
“Alea iacta est” (“The die is cast”).

Our lives demand constant decisions, which means determining the best
choice, taking action to make that choice, evaluating that choice, and learning in
order to make better choices in the future. Our decisions have consequences—
Caesar wound up winning his Civil War and assuming control of the Roman
Empire. We as humans are not unique in this regard; nonhuman animals from
the slug to the chimpanzee are faced with similar decisions (Kristan 2008). These
consequences are equally profound for all organisms: they will determine survival
and reproduction, the roots of evolution by natural selection. Furthermore, our
ability to learn from the outcomes of our choices establishes whether we will
make advantageous decisions in similar situations in the future. Thus, the study
of reward-guided decision-making bridges such disparate fields as economics,
behavioral ecology, neuroscience, and psychology.

This thesis will focus on the neurophysiological mechanisms of decision-

making and learning, or how the brain learns to make adaptive decisions. I will
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focus on the functional role of one particular brain area, the posterior cingulate
cortex, in these processes. In this Introduction, I will consider the broad
psychological and neuroscientific roots of decision-making and learning and what
happens when these go awry.
1.1 How Decisions are Made

Decision-making involves a series of cognitive steps (Rangel et al 2008).
As a decision looms, the decision-maker will need to access representations
associated with each option, a process that will include perceiving the cues
themselves, considering the possible actions, etc. Next, reward circuitry will
determine the value of each alternative. The decision-maker will choose, selecting
the action he or she believes to be optimal, and the outcome will be evaluated.
This evaluation will guide long-term learning as well as short-term behavioral
adjustments. I will consider each of these steps in depth, from the perspectives of

neuroscience, psychology, and economics.

1.1.1 Linking options to values

Perception and representation of stimuli and actions will involve the
sensory and motor cortices that are largely beyond the purview of this thesis.
More relevant is how reward expectations are generated. The decision-making
environment is rarely a simple trial structure in which rewards immediately
follow specific choices, with little ambiguity about cause and effect. In reality, a
sequence of actions may produce a particular outcome, or an action may cause an

outcome after some delay, and the brain must determine which actions or stimuli
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are responsible for producing the relevant outcome (Barto et al 1989). The lateral
orbitofrontal cortex (IOFC) may be responsible for credit assignment, or the
process by which rewards are associated with actions and/or stimuli
(Schoenbaum & Roesch 2005; Walton et al 2010). Activity in this area changes
when values are modified or when expected rewards are omitted (Gottfried et al
2003). Lesioning this region in nonhuman primates results in impaired reward-
related credit assignment (Noonan et al 2010). Instead of properly attributing the
reward to the most recent action, monkeys with IOFC lesions attribute it to
several prior choices. This may be the reason why full orbitofrontal cortex (OFC)
lesions can result in impairments of reversal learning (Walton et al 2010). Thus,
without an intact orbitofrontal cortex, the decision-maker will not accurately link
stimuli or actions to their associated reward values.
1.1.2 Subjective value and an economic framework for decision-
making

In order to make a choice, the decision-maker must assess the relative
value of each option, taking into account all of the associated costs and benefits.
He or she will then presumably choose the option with the higher net value, and
thus express a preference. Economists have long modeled how decision-makers
assign value to goods. The utility curve is a hypothetical construct that indicates
the subjective value (or utility) derived from a given quantity of a good. As early
as the 18t century, Bernoulli (Bernoulli 1954/1738) knew that the benefit one
obtains from any particular good tends to decline as one obtains more of that

good (the law of diminishing marginal utility). This law gives the utility curve its
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characteristic concave shape (see Figure 1A). According to the utility theory
account of economic choice, decisions are made by comparing the expected
utilities of various options. Thus, instead of considering objective values, the
decision-maker considers the subjective values of the available options.

A variety of regions may be responsible for encoding the subjective value
of the chosen option. Correlations between neural activity and individual decision
preferences suggest such diverse areas as posterior cingulate cortex (CGp), OFC,
ventromedial prefrontal cortex (vmPFC), and striatum contribute to decision-
making by signaling the subjective value of a chosen option (Kable & Glimcher
2007; Levy et al ; McCoy & Platt 2005; Padoa-Schioppa & Assad 2006). Indeed,
firing rates of neurons in CGp track the subjective value of preferred risky options
in a choice task (McCoy & Platt 2005), and BOLD signal correlates with the
subjective value of a delayed option in an inter-temporal choice task (Kable &
Glimcher 2007). The ongoing search for the neural implementation of subjective
value reflects the increasing overlap between the fields of neuroscience and
economics in the study of choice behavior. In this thesis, I test the validity of

claims that CGp encodes subjective value.

1.1.2.1 Decision modulators

A variety of environmental factors will influence the subjective value of a
reward, beyond the amount and quality of the reward itself. In the experiments
described in Chapter 2 of this thesis, I utilize several of these modulators to alter

the subjective value of an option. One of these is risk, a function of a probabilistic



world. Action-outcome associations may never be entirely certain, and one of the
most important jobs of a decision-maker is to handle that uncertainty (Glimcher
2005). Empirically, economists and biologists have shown that animals are
highly sensitive to risk. In a choice between a risky option (e.g., 50% chance of
winning $5, 50% chance of winning $15) and a certain option (win $10), most
people will opt for the safe choice. The utility curve described above provides an
intuitively satisfying explanation for risk aversion in the face of gains. With
diminishing marginal utility, the utility of the safe outcome is necessarily greater
than the average utility of the two risky goods (Figure 1A). Thus, the concavity of
the utility curve offers a satisfying, elegant explanation for risk aversion and helps
to predict the appeal of a specific gamble to a particular individual. Choices may
also be ambiguous, meaning the assigned probabilities are also uncertain.
Ambiguity adds another layer of uncertainty over risk. In this case, people and
monkeys both avoid the ambiguous option in favor of one with known
probabilities, even when expected values are equal (Camerer 1992; Ellsberg 1961;
Hayden et al 2010).

Delays also heavily influence decisions: an immediate reward is preferred
over a delayed one (Ainslie 1992). This is true across animals, including pigeons
(Green et al 2004), rats (Reynolds et al 2002), monkeys (Freeman et al 20009;
Kim et al 2008), and humans (Bickel & Marsch 2001), and may be a response to
interruption risk (Benson & Stephens 1996), opportunity costs (Payne et al 1996),
or an attempt to maximize rate of reward intake (Stephens & Krebs 1986). This

phenomenon, known as delay discounting, can be disrupted with changes to the
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serotonergic and dopaminergic systems (Miyazaki et al ; Mobini et al 2000;
Winstanley et al 2003).

Primates in particular are also heavily influenced by social concerns. Much
of the reward circuitry involved in evaluating primary rewards seems to respond
to social rewards as well (Fehr & Camerer 2007; Klein et al 2008). Rhesus
macaques, the animal studied in this thesis, are highly social. They live in large
troops with matriatrchal dominance hierarchies. Prior studies have shown that
rhesus macaques will give up small amounts of juice reward in order to see
particular social images, and they distinguish among the reward value of different
categories of images (e.g., faces of dominant versus subordinate conspecifics)
(Deaner et al 2005; Klein et al 2008), a paradigm that transfers well to humans
(Hayden et al 2007). In the experiments described here, I have utilized
uncertainty, reward amount, social reward, and delays in order to modulate the

values of the options presented, with the expected behavioral effects.

1.1.2.2 Challenges to standard utility theory

Behavioral economics has identified a number of choice patterns
inconsistent with economic theories of rational choice. Both delay discounting
and decisions made under risk pose particular challenges to the standard
economic utility theory of choice. If the risky choice alternatives described above
(50% chance of $5, 50% chance of $15 vs 100% chance of $10) are flipped to
represent losing amounts of money instead of gaining, people are more likely to

opt for the risky option. Thus, people are more risk-averse for gains, as predicted



by utility theory, but under loss conditions they often become risk-seeking
(Tversky & Kahneman 1981). This finding may be explained by an altered form of
utility theory known as prospect theory. According to prospect theory, the utility
curve has two parts: a concave portion for gains and a convex portion for losses
(Figure 1B). The loss portion of the curve is steeper, representing the general
aversion to losses.

Delay discounting also challenges classical economic theory. The
devaluation of a reward with time adheres more closely to a hyperbolic function
than the exponential function predicted by utility theory (Ainslie 1992). Likewise,
the pattern of ambiguity aversion described above, in which decision-makers
avoid uncertain probabilities in favor of known probabilities, even at cost to
themselves, is technically irrational (Ellsberg 1961).

The consequences of these behavioral results are still being determined.
Some decision theorists favor slight tweaks to standard utility theory to
accommodate anomalous behavioral preferences; others advocate a switch to a
complete heuristic approach to choice (Gigerenzer et al 2008). For the purposes
of the results presented here, this debate is extraneous. I assume only that

subjective values can be inferred from behavioral choices.
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Figure 1: Economic decision-making.
A. The concave utility curve can explain risk aversion. B. Prospect theory
posits a concave utility curve for gains and a convex curve for losses. C. Subjective
value decreases hyperbolically with time. Adapted from (Heilbronner et al 2009).

1.1.3 Choice

Within the study of reward-guided decision-making, the mechanisms of
choice remain particularly elusive. Why does one outcome “win” over others
(Tolman 1938)? Better-studied are the mechanisms of perceptual decision-
making, in particular an often-utilized perceptual decision involving judging the
direction of visual motion. In the standard task, the random dot discrimination
task, monkeys watch a set of dots moving on the screen and report the overall
direction of motion for a reward. On some trials, the motion is mostly coherent,
meaning all the dots are moving in roughly the same direction. On other, more
difficult trials, motion is less coherent, and the monkey’s performance is worse.

The middle temporal area (MT) contains columns of motion-sensitive cells
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(Albright et al 1984). MT connects to the lateral intraparietal area (LIP), part of
eye movement circuitry. The activity observed in LIP fits well with a class of
decision-making models known as drift diffusion. According to this model, neural
activity increases to a certain threshold, at which point a decision is made and an
action is performed. In the case of the direction of motion task as described
above, the activity from MT about motion feeds into LIP, which then acts as an
integrator of MT motion information. More coherent motion in the neuron’s
preferred direction leads to increased slope in firing rate, meaning activity rises
more quickly to threshold; the reverse is true of motion in the anti-preferred
direction (Roitman & Shadlen 2002). Altering the reward structure of the task
can change the baseline firing rate in LIP (Platt & Glimcher 1999), also
influencing time to choice and probability of choice.

The ventromedial prefrontal cortex may be critical for making the choice
during reward-guided, rather than perceptual, decision-making. Lesions to
vmPFC impair choices when estimated values are relatively close (so decisions
are more difficult), and cause additional, irrelevant (low-value) options to alter
choices far more than usual (Noonan et al 2010). At this point, there is no firm
evidence of whether reward-guided decisions adhere to a similar drift diffusion
process. Very recent work has begun to investigate whether reward-guided
decisions are well-described by drift diffusion models, the class of models
described above used to explain perceptual decision-making in LIP. In one study
using functional magnetic resonance imaging (fMRI) to infer brain activity,

human subjects chose between different liquid rewards by pressing buttons
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(Hare et al 2011). In addition to stimulus value representations in vimPFC, they
found evidence for comparator processes in dorsomedial prefrontal cortex
(dmPFC) and intraparietal sulcus (IPS), an area that includes the equivalent of
macaque LIP. Thus, dmPFC and IPS may be involved in converting expected
values to actions, and ultimately selecting a single action. However, this model
has yet to be verified with single-unit recordings, as with perceptual decision-
making.

Drift diffusion is not the only possible mechanism of choice, simply one of
the best-studied. Other proposals include a mutual-inhibition network model
(Machens et al 2005), in which single neurons flexibly represent the first
presented option followed by the difference between the two available options,
thus determining choice; and the colorfully named “horse-race model,” in which
two independent responses compete for the ultimate response (Logan et al 1984).
As with the drift diffusion models, these are rooted in perceptual decision-
making instead of reward-guided decision-making, and so we have little sense of

how widely they can be applied.

1.1.4 Outcome evaluation

Once a choice is made and the outcome has been revealed, the decision-
maker must determine whether that choice was advantageous, and whether the
outcome matches expectations. Outcome evaluation and initial valuation are both
heavily influenced by the brain’s dopamine (DA) system. DA is a neuromodulator

synthesized in cells in the ventral tegmental area (VTA) and substantial nigra
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pars compacta (SNc¢), both in the midbrain. During a conditioning task, when a
cue appears, firing rates of DA neurons scale with expected value. Following the
outcome, firing rates of DA neurons track the reward prediction error (Schultz et
al 1997), or the difference between the received reward value and the expected
reward value. Thus, this phasic DA signal has the capacity to distinguish between
well-learned outcomes and surprising outcomes.

DA neurons project widely throughout cortex and the basal ganglia
(Bjorklund & Dunnett 2007). Variants on the dopaminergic reward prediction
error have been found in several of these projection sites. The anterior cingulate
cortex (ACC) may encode an unsigned reward prediction error, a signal
consistent with surprisingness (Hayden et al). In other tasks, ACC has been found
to encode both positive and negative prediction errors (although positive are
more common) (Kennerley et al 2011). Neuroimaging studies have identified DA
targets in which the BOLD signal is consistent with a standard reward prediction
error, including the OFC and the ventral striatum (McClure et al 2003; O'Doherty

et al 2003).

1.1.5 Negative outcomes

Positive versus negative (aversive) stimuli may be represented separately,
given that they have very different behavioral outcomes. A number of brain
regions have been implicated in representing negative outcomes, including the
lateral habenula, IOFC, and amygdala. Neurons in the lateral habenula fire in a

manner consistent with a negative reward prediction error, perhaps providing the
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dynamic range for negative outcomes lacking in DA neurons (Matsumoto &
Hikosaka 2007). Although above I have distinguished between I0FC and vimPFC
by their roles in credit assignment and valuation, respectively, others have
posited that 10FC is specialized for learning about negative outcomes, and
vmPFC is specialized for learning about positive outcomes (Kringelbach 2005).
This view seems largely untenable, based on large amounts of evidence showing
that both areas respond to negative and positive outcomes (see Rushworth et al
2011). The amygdala is well-studied for its role in fear conditioning. It contains
populations of neurons that respond to only positive stimuli, only negative
stimuli, or both (Belova et al 2007; Paton et al 2006).

Although positive and negative stimuli may be represented separately,
decisions must take both dimensions into account. Consider purchasing dinner: a
diner weighs the caloric and gustatory pleasures of a meal against the cost of
paying with money. Thus, although this thesis only deals with positive rewards, it
seems plausible that many of the mechanisms will be shared with negative

valuation and punishment.

1.2 Pathologies of Reward-Guided Decision-making

A tremendous variety of psychiatric and neurological disorders are
comorbid with altered decision-making. There are two ways to consider these
results. First, disordered decision-making may be a core cause of the disorder.

Second, disordered decision-making may simply be one side effect or symptom of
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the disorder, but nevertheless a potentially damaging one. We see both patterns
across psychiatric disorders.

One of the most common forms of altered decision-making comes in the
form of increased impulsivity. For example, persons suffering from psychiatric
disorders as varied as pathological gambling (Alessi & Petry 2003), addiction to
drugs of abuse (Bechara et al 2002; Bickel & Marsch 2001), borderline
personality disorder (Henry et al 2001), and social anxiety (Rounds et al 2007) all
prefer a small, immediate reward to a large, delayed reward. Differences in
discounting rates, however, may not indicate a causal role for decision-making
patterns in the development of the disorder. Nevertheless, in a longitudinal study
of smoking tendencies, pre-smoking impulsivity on a delay discounting task was
related to tendency to take up smoking (Audrain-McGovern et al 2009),
suggesting a causal role for discounting in drug addiction.

Addiction to drugs of abuse can be framed as a problem of reward-guided
decision-making (Bechara & Damasio 2002), especially when decisions involve
risk, delayed gratification, and social priorities (Bechara et al 2002; Clark &
Robbins 2002). For example, the addicted person’s decision to pay for drugs
instead of saving for life necessities and remaining healthy may be an over-
valuation of present rewards compared with future gains. Indeed, cigarette
smokers are more impulsive in a delay discounting task than non-smokers
(Reynolds et al 2004), meaning they chose a smaller, sooner reward option over a
larger, delayed reward option more often than their non-smoking counterparts.

Addiction can also be framed as a problem of risky decision-making.
13



Unsurprisingly, smokers make riskier decisions in laboratory tasks than do
healthy control participants (Petry & Oncken 2002). Beyond cigarette smoking,
risk-seeking behavior in a laboratory setting is associated with drug abuse for a
variety of substances, including cocaine and methamphetamine, as well as the
propensity to become addicted to gambling (Bardo & Dwoskin 2004; Bechara
2003; Bechara et al 2001). More recently, this model of altered decision-making
in addiction has been applied to disordered eating, including obesity (Davis et al
2004).

Altered decision-making is also a hallmark of common mood and anxiety
disorders. Trouble with decisions and difficulty taking pleasure (and thus
experiencing reward) in everyday activities are often part of anxiety and mood
disorder diagnoses. Both manic and depressive patients are impaired on a
gambling task, taking longer to deliberate and, in the case of manic patients,
choosing less optimal strategies (Murphy et al 2001). Patients with hoarding
symptoms, currently considered to have obsessive-compulsive disorder (OCD), ae
impaired on the Iowa Gambling Task (Lawrence et al 2006), while patients with
other types of OCD show difficulty in set-shifting.

The linkage between neurodegenerative disorders and decision-making
abnormalities is less well-studied, perhaps because the general executive
function, learning, and memory impairments make identifying more specific
deficits difficult. However, Alzheimer’s Disease (AD) is more generally associated
with impulsivity (Rochat et al 2008). Patients with mild frontal variant

frontotemporal dementia took more risks in a gambling task, perhaps because of
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dysfunction in the vimPFC and OFC (Rahman et al 1999; Torralva et al 2007).
Understanding decision-making deficits in AD and dementia patients is a
particularly important area for ethical consideration, as patients must
increasingly rely on surrogate decision makers as their diseases progress

(Buchanan & Brock 1989).

1.3 Associative learning and memory

As early as 1898, associative learning was viewed as a connection between
stimulus and response, dependent upon a subsequent reward or punishment
(Thorndike 1898). The study of associative learning and memory encompasses a
tremendous variety of behaviors and paradigms, from Pavlovian conditioning of
the gill withdrawal reflex in Aplysia to the operant conditioning process of
training a dog to put his own toys away. The most basic division is between
classical conditioning, in which a conditioned stimulus eventually leads to a
conditioned response via pairing with an unconditioned stimulus, and
instrumental or operant conditioning, in which reinforcements and punishers are
used to increase or decrease a particular behavior, respectively. Here, I will focus
on the forms of learning and memory most relevant to the task utilized and the
structure under investigation.

A tremendous amount of work has focused on uncovering the function of
structures of the medial temporal lobe (MTL) in learning and memory. MTL
includes the hippocampus, the subiculum, and the parahippocampal cortex

(including entorhinal, peririhanl, and postrhinal cortices) (Howard et al 2005).
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Like CGp, the hippocampus is a target of AD, and may be responsible for the
memory deficits in AD (Nagy et al 1996). The MTL is crucially involved in a form
of memory known as declarative memory, or memory for facts and events
(sometimes called relational memory in nonhuman animals, Eichenbaum 1999).
This is defined in opposition to nondeclarative memory, which includes many
types of simple conditioning. During a conditional visuomotor learning task
similar to the one presented here (in which monkeys must make arbitrary
associations between photographs and rewarded movements), firing rates of
hippocampal cells are modulated by the identity of the a learned scene. That is,
their role in learning seems to be scene-selective (Wirth et al 2003).
Hippocampal lesions in monkeys during this task impair new learning but not
retention of familiar associations (Murray & Wise 1996). Damage to hippocampal
regions also impairs performance on a conditional visuomotor association task in
human patients (Petrides 1985). Notably, while learning is impaired in lesioned
animals, it does not come close to chance levels. Thus we can conclude that some
other region or hippocampus-independent system is able to at least partially
learn these types of associations (Murray & Wise 1996). The dorsolateral portions
of prefrontal cortex are also necessary for learning conditional associations in
both humans and monkeys (Petrides 1985).

Another type of learning relevant to the studies presented here depends on
an intact striatum. The striatum mediates slower, incremental learning of
stimulus-response associations (Poldrack & Gabrieli 2001; Shohamy et al 2004).

Early work focused on striatal involvement in habit learning (Knowlton et al
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1996), or but its role likely goes far beyond that (Shohamy 2011). Strong
dopaminergic inputs to the striatum link it to prediction and evaluation of
reward, suggesting that striatum is involved more broadly in learning in which
there is trial-by-trial feedback, as there is during a conditional visuomotor
learning task. Although some types of learning tend to engage one system over
the other, far more common may be a cooperative mode between the striatum
and the hippocampus in service of learning (Sadeh et al 2011). The basal ganglia
also interact with prefrontal areas during associative learning. During a
conditional association task, striatum changes rapidly and early in the trial, while
activity in prefrontal cortex changes slowly and later in the trial, suggesting that
striatal activity teaches prefrontal cortex rewarded associations (Pasupathy &
Miller 2005).

Activity in motor areas is also modified in accordance with learning.
Neurons in the supplementary eye field adjust their responding in accordance
with learning in the conditional visuomotor association task (Chen & Wise 1995a;
b). Rather than showing scene selectivity (as observed in hippocampal neurons),
they show direction selectivity. Activity in some of these neurons was only
modulated by learning of new scenes, others were also modulated by well-
learned, familiar scenes. Neurons in the frontal eye field, an area of the brain
directly connected with low-level eye movement circuitry, were far less likely to
show learning related modulations (Chen & Wise 1995b).

For many of these learning types, activity of DA cells will be particularly

relevant. As described in section 1.1.4, DA cells increase their firing when an
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unexpected reward arrives and reduce their firing if an expected reward is
omitted (Schultz et al 1998). This reward prediction error (reward received —
reward expected) has the power to motivate associations between stimuli or

actions and outcomes.

1.4 Pathologies of associative learning and memory

Like decision-making, disordered associative learning and memory is a
hallmark of many major psychiatric disorders. Addiction is strongly associated
with disruption of the dopamine-dependent associative learning system.
Addictive drugs target the DA system, whether directly or indirectly, with both
short-term and long-term changes (Di Chiara 1999). Much of drug-seeking
behavior, particularly in relapse, follows cues strongly associated with drug-
taking in the past.

Patients suffering from major depressive disorder (MDD) typically have
low hippocampal volume (Campbell et al 2004). They are impaired on an
emotional associative learning task (Weniger et al 2006). Associative memory is
impaired in bipolar patients as well as first-degree relatives without bipolar
disorder (Quraishi et al 2009).

Healthy subjects with lower levels of learning during a fear conditioning
task showed enhanced anxiety (Grillon 2002). Rats exposed to a high-stress
situation early in life (such as repeated shocks) will be sensitized to fear learning
for months afterward (Rau & Fanselow 2009). Veterans with PTSD show

impaired verbal associative learning, although this may in part be mediated by
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comorbid depression (Burriss et al 2008). OCD patients and anorexia nervosa
patients are both impaired on a basic conditional association task, even when the
stimuli being learned are irrelevant to their particular obsessions (Murphy et al
2004).

Of course, as a neurological disorder in which memory and learning
structures are specifically targeted, AD also impairs associative learning (Grober
& Kawas 1997). The precise task utilized in this thesis has never been directly
tested in AD patients. However, the learning and memory deficits in AD are
widespread, covering semantic learning and recall (Grober & Kawas 1997),
episodic memory (Backman et al 2001), and classical conditioning (Woodruff-
Pak et al 1990). Still, motor skill learning may be preserved (Eslinger & Damasio

1986).

1.5 Posterior cingulate cortex: An overview

CGp (Brodmann areas 23 and 31) is an insufficiently studied, poorly
understood brain region. Situated in the area posterior to the plane of the central
sulcus and anterior to vision-oriented regions, CGp parallels the corpus callosum
caudally, eventually curving around the splenium and meeting with retrosplenial
cortex.

The phylogeny of CGp is complex enough to warrant attention. Rodents
make poor models for CGp function, as technically, they have no areas 23 and 31.
In their place, rodents have an enlarged retrosplenial cortex (areas 29 and 30,

Yukie et al 2009). Humans and monkeys also have a retrosplenial cortex, but it is

19



confined to a sliver of space between the posterior end of CGp and the corpus
callosum. It is wholly unclear to what extent the large retrosplenial region in
rodents implements similar functions to CGp in humans. Because of this lack of

homology, CGp studies in primates are particularly important.

Figure 2: Notable neuroanatomical connections of CGp.
Adapted from (Pearson et al 2011)

Neuroanatomical studies of CGp emphasize its rich interconnectedness
with other areas of the brain. Some of the most prominent connections include
ACC, MTL, vmPFC, retrosplenial cortex, LIP. These connections are all reciprocal
(Vogt et al 1992). Notably, CGp is strongly, reciprocally connected with structures
in the medial temporal lobe (MTL) known to be crucial for learning and memory.
In the monkey, injections of horseradish peroxidase have revealed substantial
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afferents from parahippocampal gyrus, including both entorhinal and perirhinal
divisions, in CGp; such afferents are rare in the anterior portion of cingulate
(Vogt et al 1979). CGp also sends projections to the medial temporal lobe,
specifically back to parahippocampal areas TF and TH, as well to entorhinal
cortex (Yukie & Shibata 2009). Studies of spontaneous hemodynamic activity
have further emphasized the connections between CGp and MTL:
parahippocampal and CGp spontaneous activities are well-correlated (Vincent et
al 2007). These neuroanatomical connections emphasize the possibility that CGp
may play a strong functional role in learning and memory.

CGp also shares connections with ACC, especially the more rostral portion.
ACC plays a variety of roles in monitoring outcomes and guiding decisions
(Rushworth & Behrens 2008). ACC neurons respond strongly to outcomes, and
errors result in increased firing rates that vary with the amount of possible
reward (Amiez et al 2005). This error signal has been observed many times in
humans using electroencephalography (EEG). In this case, the so-called error-
related negativity is thought to originate in the ACC (Holroyd & Coles 2002).

CGp is heterogeneous in cell and receptor types. DA neurons project
widely through the cerebral cortex and basal ganglia, and DA receptors can be
found in all of these areas; however, there are very few DA receptors present in
CGp. CGp has a substantial number of glutamate receptors; unlike ACC, CGp
NMDA receptor densities are very high, relative to AMPA receptors (Bozkurt et al
2005). Relative to ACC, CGp has substantial numbers of modulatory receptors

(noradrenergic a1receptors and muscarinic M2 receptors). In contrast, ACC is
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dominated by ionotropic glutamatergic (e.g., AMPARs) and GABAergic
receptors. We should consider the neuroanatomical constraints on CGp as we

delve in to function.

1.6 Functions of CGp

There is no consensus on the function of CGp, but we can classify its
different alleged functions according to a small number of themes: default mode,
sensorimotor, evaluation, and memory recall. These functions may not be
mutually exclusive. Here I will review the evidence associated with each

functional category.

1.6.1 The Default Network

Neuroimaging studies consistently find a network of brain regions that is
deactivated during task performance relative to rest (Gusnard et al 2001; Raichle
et al 2001; Shulman et al 1997). These regions include the vimPFC, portions of the
medial temporal lobes (MTL), and, most importantly for the set of studies
presented here, CGp. Neuroanatomical studies in monkeys support the notion
that these regions are interconnected, and these regions are often disrupted
together in psychiatric and neurological disorders (see Pathologies of CGp). More
recently, these findings have been extended from the BOLD signal to firing rates
and local field potentials (Hayden et al 2009): both neuronal firing rates and
local field potentials in CGp support the default pattern of activity so often
observed in BOLD. These studies, conducted in nonhuman primates, also put to
rest any human-specific role for the default network.
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The function of the default network (if there is any single, unified function)
remains obscure. Certainly the designation “default” is misleading—the network
has functions that are not putting the brain to rest, and there is no neutral
cognitive state (Morcom & Fletcher 2007). Neuroscientists have thus debated the
function of the default network—it may guide mind-wandering (or stimulus-
independent thought) (Mason et al 2007), environmental awareness (Gilbert et al
2006), or general surveillance (Gilbert et al 2007). Some have debated whether
the default mode concept is even valuable (Morcom & Fletcher 2007).
Instructions to “rest,” after all, may have relatively little to do with the neural
activity taking place.

A variety of experiments have attempted to tease apart the functions of the
default network, as “activated during rest” is not itself a function. The default
network heavily overlaps with areas responsible for self-projection, or thinking
about and planning for the future (Buckner & Carroll 2007). This may give us
some insight into the cognitive processes occurring at “rest.” The default network
reduces its activity not just in response to an external task, but also when that
task becomes more attentionally demanding (Mazoyer et al 2002). Higher
activity is correlated with a larger number of errors on instructed tasks (Eichele
et al 2008; Hayden et al 2009), maybe because cognitive resources are being
devoted to internally-directed cognition.

There are certain tasks that consistently engage the default network above
rest. Default network activity is associated with approved performance on a

target-detection task requiring monitoring of the whole environment, but is not
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associated when targets appeared in previously cued locations (Hahn et al 2007).
This supports the idea that default activity is associated with environmental
monitoring in the absence of direct instructions. A meta-analysis of PET and
fMRI studies revealed that the default network is also consistently activated
during autobiographical memory retrieval, when subjects are asked to imagine
episodes from their past (Svoboda et al 2006).

CGp is the “hub” of the default network, though the default network may
be more accurately described as two hubs of default activity, one in CGp and the
other in vimPFC (Uddin et al 2009). CGp has particularly strong functional
connectivity with other default mode areas. It develops a strong default-like
pattern of activity earlier in development than other areas, perhaps as early as 1
year of age (Gao et al 2009). Thus, understanding CGp function, particularly with
single unit recordings, can shed light on the role of the default network as a
whole.

One thing made abundantly clear from the neurophysiological studies of
nodes within the default network is that all of these areas show increased firing in
response to far more than task disengagement. CGp, for example, shows a mix of
tonic and phasic responses to any number of reward-guided events, including
saccades (Dean et al 2004), reward delivery (McCoy et al 2003), exploration

(Pearson et al 2009), delays, salience (Heilbronner et al), and so on.
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1.6.2 Sensory and eye movement signals

Along with its various mnemonic and emotional functions, CGp may also
have more basic sensory and motor functions. It is connected to several areas
involved in spatial navigation, including hippocampus and the parietal lobe. A
substantial minority of macaque CGp neurons increase their firing around the
time of a saccade, with the majority of activity occurring after the onset of the
saccade (Olson et al 1996). A study of cat CGp revealed that single neurons can
respond to visual, auditory, and somatosensory stimuli, although with relatively
little selectivity (Olson & Musil 1992). This would seem to indicate that CGp is
not directly involved in sensory perception, but may respond to action or learning

—relevant stimuli.

1.6.3 Evaluation

One way of characterizing CGp function is in comparison to ACC function,
essentially splitting the cingulate into two distinct regions. The entire cingulate is
traditionally classified as part of the limbic system, i.e. circuitry associated with
emotional response (Maclean 1955). It has become increasingly clear, however,
that cingulate, like all portions of the limbic system, has numerous nonemotional
functions, and that these functions differ between the posterior region of
cingulate and the anterior region. This has led to one hypothesis of cingulate
function, that ACC plays a stronger role in executive function, and CGp is more

involved in evaluating outcomes and learning from them (Vogt et al 1992).
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ACC and CGp have distinct neuroanatomical connections. Posterior
cingulate is modulated by eye movements (Olson et al 1996), although without
the spatial specificity of ACC (Hayden & Platt 2011). An evaluative function fits
with a variety of evidence from neurophysiological studies. Single neurons in CGp
track juice rewards received from correct saccadic eye movements (McCoy et al
2003), although the observed reward coding is by no means monotonic. CGp
neurons fire at higher rates following a loss trial than following a win trial during
a gambling task (Hayden et al 2008b; McCoy & Platt 2005). Rather than tracking
juice amount per se, this signal may signal switching to a safe, medium-sized
option. Indeed, microstimulation in CGp leads to higher percentage of switching
behavior (Hayden et al 2008b).

Certain functional imaging experiments may also support an evaluative
function for CGp. Claims that the BOLD signal in CGp tracks subjective value (as
measured by revealed preference) are consistent with an evaluative role for CGp,
albeit a relatively restricted one (Kable & Glimcher 2007; Levy et al). Merging
these two hypotheses would suggest that CGp does not play a role in the choice
itself, but rather in outcome evaluation and subsequent behavioral adjustments.
Neuroimaging studies have also revealed CGp activation in response to emotional

stimuli, whether positive or negative (Maddock et al 2003).

1.6.4 Autobiographical memory recall

FMRI experiments have revealed CGp activation as subjects retrieve

autobiographical memories (Fink et al 1996; Maddock et al 2001). More
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generally, autobiographical planning may engage the entire default network
(Spreng et al), results that may support a mind-wandering or internally-directed
cognition view of these regions. When subjects recollect having seen a stimulus
during an earlier study period, CGp activates relative to when they simply feel a
familiarity with the stimulus, in the absence of specific recall (Henson et al 1999;

Maddock & Buonocore 1997).

1.7 Pathologies of CGp

The two best-known pathologies associated with CGp dysfunction are
schizophrenia and AD. The default network more broadly is thought to be
disrupted in patients with schizophrenia (Garrity et al 2007); the same is true for

AD (Greicius et al 2004).

1.7.1 Schizophrenia

Schizophrenia is a mental disorder associated with a wide variety of
positive and negative symptoms, including abnormal emotional responses,
hallucinations, and cognitive impairments. Schizophrenia patients show
abnormal binding of NMDA (Newell et al 2005), GABA, muscarinic acetylcholine
(Newell et al 2007), and cannabanoid (Newell et al 2006) receptors in CGp.
Reduced gray matter in CGp is associated with poorer outcomes in schizophrenia
(Mitelman et al 2005). Intriguingly, CGp hyperactivity is not only seen in patients
with schizophrenia, but also first-degree relatives (Whitfield-Gabrieli et al 2009).
The etiology of schizophrenia is not well-established, so it is difficult to know
what role CGp plays in the disorder. Papers have emphasized CGp as a nexus in
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the limbic system, perhaps responsible for emotional disorder in schizophrenia

(Newell et al 2007).

1.7.2 Alzheimer’s Disease

The role of CGp in AD is similarly unclear, but it does appear to occupy a
unique position within the progression of this neurological disorder. AD is a
neurodegenerative disorder affecting over 12 million individuals worldwide
(Citron 2004). The root cause of AD is unknown, but certain subtypes have a
strong genetic influence. A wealth of neurological data suggests that changes in
CGp may underlie some of the deficits observed in patients with AD. AD patients
display prominent hypometabolism in CGp (Minoshima et al 1997), often before
symptoms become severe (Valla et al 2001). These symptoms may be related to
abnormal connectivity between CGp and the hippocampus (Zhou et al 2008). In
fact, patients with mild cognitive impairment (but not yet diagnosed with AD)
with CGp hypometabolism are more likely to be diagnosed with AD in the coming
years (Huang et al 2002). Critically, CGp metabolic abnormalities correlate with
symptom severity (Yoshiura et al 2002), including learning and orientation
deficits (Hirono et al 1998). Although many brain regions are affected in AD, the
change in CGp is so consistent that it can be used as a diagnostic tool (e.g., Bonte
et al 2004). CGp also shows particularly high levels of fibrillar amyloid deposits
in AD, a potential molecular root of AD (Naslund et al 2000) (although see Davis

& Chisholm 1997).
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AD is known to target several learning and memory areas that are strongly
interconnected with CGp. In one of the only pilot studies to date on the effects of
deep brain stimulation (DBS) on early AD, stimulation of the fornix (the white
matter connecting the hippocampus and the hypothalamus) and portions of the
hypothalamus may have slowed AD-related cognitive decline (Laxton et al 2010).
Importantly, this stimulation increased activity in CGp. Perhaps CGp activity

would be important to protection against the cognitive decline of AD.

1.7.3 CGp Lesions

Only rarely does the posterior cingulate become lesioned. When it does,
lesions often overlap with retrosplenial cortex and precuneus. Lesions of this sort
can result in topographical disorientation, due to deficits in spatial learning and
memory, but not visual or basic spatial processing deficits (Katayama et al 1999).
A study on multitasking found patients with CGp lesions to be severely impaired.
Specifically, they showed deficits in learning and recalling task contingencies and
rules, following a plan, and, importantly, reporting their own performance
(Burgess et al 2000). Lesions to the entire cingulum (including ACC) can result in
deficits in spatial learning (Murray et al 1989). Even in the absence of
hippocampal damage (strongly associated with AD), lesions to the posterior
cingulate region, including nearby retrosplenial cortex, can lead to retrograde
and anterograde amnesia (Valenstein et al 1987). Korsakoff’s syndrome, a
memory disorder typically resulting from thiamine deficiency, is also associated

with posterior midline dysfunction (Joyce et al 1994).
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1.8 Experimental rationale, design, and aims

Although a great many functions have been linked to CGp (see above), the
role of this area in learning and decision-making remains largely unclear. Here, I
tested two separate, though not mutually exclusive, hypotheses of CGp function.

First, observed correlations between neuronal activity in this area and
individual preferences (Glimcher & Rustichini 2004; Kim et al 2008) imply that
CGp may encode the subjective value of the chosen option when its value is
influenced by delay or risk (Kable & Glimcher 2007; McCoy & Platt 2005). This
hypothesis would suggest that CGp is part of a network of brain areas that
integrate information from multiple sources to compute a common metric of
value along which disparate options can be compared and evaluated (Montague &
Berns 2002; Platt & Glimcher 1999). However, previous studies of CGp activity
have focused on a single decision context (e.g, risk or delay), even though
subjective value representations must be maintained independent of context. I
tested the subjective value hypothesis directly by recording responses of single
CGp neurons while monkeys made three different types of decisions (risk, delay,
and social valuation). The subjective value hypothesis predicts that CGp
neuronal firing rate will predict preferences independent of context.
Our results found this hypothesis to be false (See Chapter 2).

Second, evidence from both healthy controls and patients with AD has

implicated CGp in associative learning and memory. However, the precise
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contribution of CGp to learning and memory remains unknown. I hypothesized
that CGp influences learning via flexible signaling of outcome
parameters, and that CGp helps determine learning rate by monitoring relevant
performance and environment variables. I tested this by recording responses of
single CGp neurons while monkeys learned conditional associations between
photographs and specific eye movements (conditional visual-motor learning
task), and later reversibly inactivating CGp during this task. These hypotheses
were tested in the following two specific Aims:

Aim 1: To determine whether CGp neurons signal subjective
value independent of decision context. I recorded neuronal activity during
interleaved blocks of risky trials (choices between risky and safe rewards), delay
discounting trials (choices between small, immediately available rewards and
large, delayed rewards) and social/juice tradeoff trials (choices between large
rewards and small rewards paired with a photograph of another monkey). I used
behavioral preferences to compute the subjective value of each option and
determine whether CGp neurons signal value independent of context (e.g., risk,
delay, social valuation). My data indicate that, in contrast to the subjective value
hypothesis, CGp neurons do not consistently signal subjective value, but instead
carry information about the rarity or salience of a particular choice.

Aim 2: To functionally determine the role of CGp in associative
learning and memory. I recorded neuronal activity in CGp while monkeys
performed a conditional visual-motor learning task, which required them to

associate photographs with rewarded eye movements. My data indicate that CGp
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flexibly encodes trial outcomes according to the need to learn. In addition, CGp
signals the learning rate across the course of the session. Finally, previous studies
of CGp function have been correlational, leaving a substantial hole in our
understanding of this region. I used muscimol, a GABA agonist, to selectively
inactivate CGp while monkeys performed the conditional visual-motor learning
task. Following reversible inactivation, I observed impaired learning of low

motivational stimuli, leaving recall of highly familiar items intact.
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2. Decision Salience Signals in Posterior Cingulate
Cortex

2.1 Introduction

Although CGp dysfunction is associated with both Alzheimer’s Disease
(Hirono et al 1998; Minoshima et al 1997; Yoshiura et al 2002) and schizophrenia
(Newell et al 2006; Newell et al 2007), the cognitive function of this brain area
remains unclear. Neuroimaging studies (Buckner & Vincent 2007; Kable &
Glimcher 2007; Luhmann et al 2008; Maddock et al 2003), lesion studies
(Bussey et al 1996; Gabriel et al 1991), and neurophysiological studies (Hayden et
al 2008b; McCoy et al 2003; McCoy & Platt 2005; Pearson et al 2009) support
two distinct functional roles for CGp in decision-making.

On one hand, correlations between neural activity and individual decision
preferences suggest CGp contributes to decision-making by signaling the
subjective value of a chosen option (Kable & Glimcher 2007; Levy et al 2011;
McCoy & Platt 2005). Indeed, firing rates of neurons in this area track the
subjective value of preferred risky options in a choice task (McCoy & Platt 2005),
and BOLD signal correlates with the subjective value of a delayed option in an
inter-temporal choice task (Kable & Glimcher 2007).

However, modulations in neural activity by task-engagement, learning,
and memory suggest CGp plays a more fundamental role in the allocation of
neural resources to cognitive control akin to that of attention in the selective

processing of sensory stimuli (Greicius et al 2004; Luhmann et al 2008;
33



Maddock et al 2001; 2003). Firing rates of CGp neurons are modulated by the
omission of predicted rewards as well as larger than average rewards (McCoy et
al 2003), signal whether monkeys will switch from a preferred option to a non-
preferred one (Hayden et al 2008b), and predict when monkeys will strategically
shift from exploiting an option with known value to learning about alternatives
(Pearson et al 2009). Moreover, increased tonic firing rates in CGp predict lapses
in task performance (Hayden et al 2009), corroborating brain imaging studies
that have linked high CGp activity to decline in task engagement (Weissman et al
2006). Finally, CGp lesions in rodents and rabbits impair several forms of
associative learning (Bussey et al 1996; Gabriel & Sparenborg 1987).
Adjudicating between these two possibilities is difficult because
motivational variables associated with cognitive control may co-vary with
valuation (Maunsell 2004; Pearce & Hall 1980; Rangel et al 2008). We tested
these two hypotheses by dissociating the subjective value of an option as revealed
by choice preference from the degree to which that option differed from a
standard, herein defined as decision salience. Monkeys made decisions in three
distinct contexts, each offering a choice between options differing in a single
relevant variable: risk (McCoy & Platt 2005), delay to reward (Hwang et al 2009;
Louie & Glimcher 2011), and the potential to acquire social information at a juice
cost (Deaner & Platt 2003; Klein et al 2008). Each variable assumed one of three
different levels of decision salience (i.e. risk, delay, or price). We found that,
across decision contexts, neuronal activity was uncorrelated with subjective value

as estimated from choice frequencies. Instead, firing rates reflected decision
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salience, the degree of deviance of an option from the standard. Our findings thus
argue against the subjective value hypothesis and support the idea that CGp
contributes to the motivational allocation of cognitive resources-- in part by

signaling decision salience.

2.2 Materials and methods

Two male rhesus macaques participated in this experiment (monkeys N
and S). Monkeys began each trial by fixating on a central square. Following a
fixation period (2 sec for monkey N, .3-2 sec for monkey S), they were required to
shift gaze to one of two eccentric targets. After a successful gaze shift, a fluid or a
fluid plus social reward was delivered (see Figure 3A). On each trial, the monkeys
chose between a standard target, offering an immediate, safe, medium-sized
reward (200 uL of juice) with no social reward and another, nonstandard reward.
The identity of this second reward option determined the trial type and varied in
blocks. Following reward delivery, an inter-trial interval (ITI) began. The ITI was
5 sec in all trials except choices of the delayed option, in which case it was
adjusted such that the total trial length for delay trials was approximately the
same as all other trials.

Each trial offered one of three possible decision salience levels within
three possible trial types. Thus there were 9 trial types (see Figure 3B). Monkeys
completed at least two blocks each (one for each side of the monitor) of the nine
trial types within each session. The first trial type gave monkeys a choice between

a sure reward and risky gamble on a larger or smaller reward (McCoy & Platt
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2005). We defined risk as the coefficient of variation (CV) in reward value, to
permit easy comparison with other studies. While the safe option remained the
same across all three levels (200 uL of juice), the risky option could be either high
risk (280 uL 50% of the time; 120 uL 50% of the time), medium risk (253 uL of
juice 50% of the time; 147 uL of juice 50% of the time), or low risk (227 uL of
juice 50% of the time; 173 uL of juice 50% of the time). The second context was a
form of a standard delay discounting task (Ainslie 1992; Kim et al 2008; Mazur
1987). Monkeys chose between a small, immediately available reward (200 uL of
juice—the standard) and a large, delayed reward (233 uL of juice). The delay
associated with the large reward could be small (1 sec), medium (2 sec), or large
(3 sec), depending on the condition. The final context was a social decision-
making task based loosely on the “pay-per-view” task described previously
(Deaner et al 2005; Klein et al 2008), in which monkeys chose between a large
amount of juice without an associated picture (200 uL) or a smaller amount of
juice paired with a small photograph of a familiar monkey. The amount of juice
associated with the picture could be either small (120 uL juice), medium, (147 uL
of juice), or large (173 uL of juice), depending on the condition. In contrast with
previous studies, photographs of different monkeys with different ranks within
the colony were randomly interleaved. The safe option (risk context), immediate
option (delay context), and non-picture option (social context) were identical, so

we refer to this as the standard option. Thus, a standard option was available on

36



every choice, and the identity of the non-standard (outlier) option determined the
decision context and level.

Each block consisted of 11 to 21 trials; the specific number was chosen
randomly so as to prevent the monkey from guessing when the block would end.
Each block contained choices belonging to only one of the nine possible
conditions (3 levels and 3 contexts). Each block began with a forced-choice trial
in which only the outlier option was available. This trial served to inform the
subject about the new block’s context and level. In addition, the color of the
central fixation square was associated with the decision context, so monkeys
always had information about whether they were making choices about risk,
time, or social/juice reward tradeoffs. The standard and outlier options were
randomly assigned to the two target locations at the start of each block and
remained there for the duration of the block. On the next block of the same type,

these assignments reversed. Thus, locations were roughly counterbalanced.

2.2.1 Surgical procedures

All procedures were approved by the Duke University Institutional Animal
Care and Use Committee and were designed and conducted in compliance with
the Public Health Service’s Guide for the Care and Use of Animals. Two male
rhesus monkeys (Macaca mulatta) served as subjects. A small head-holding
prosthesis was implanted in both animals using standard surgical techniques. Six
weeks later, animals were habituated to training conditions and trained to

perform oculomotor tasks for liquid reward. A second surgical procedure was
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then performed to place a stainless steel recording chamber (Crist Instruments)
over CGp at the intersection of the interaural and midsagittal planes. Animals
received analgesics and antibiotics after all surgeries. Throughout both
behavioral and physiological recording sessions, the chamber was kept sterile

with regular antibiotic washes and sealed with sterile caps.

2.2.2 Behavioral techniques

Monkeys were placed on controlled access to fluid outside of experimental
sessions. Horizontal and vertical eye positions were sampled at 1000 Hz by an
infrared eye-monitoring camera system (SR Research, Osgoode, ON). Stimuli
were controlled by a computer running Matlab (Mathworks, Natick, MA) with
Psychtoolbox (Brainard 1997) and Eyelink Toolbox (Cornelissen et al 2002).
Visual stimuli were small colored squares on a computer monitor placed directly
in front of the animal and centered on his eyes. A standard solenoid valve
controlled the duration of juice delivery. Monkeys were generally familiar with
this type of task, and had performed one of the context types described (risk)
previously. Monkeys performed the entire task, consisting of the 3 contexts, for at

least 3 sessions prior to recording.
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Figure 3: Task design and decision contexts.

A. Trial events. Trials began when a central fixation light appeared. Once the
monkeys looked at the fixation light, it changed color to indicate the current
context. After a stable fixation period, the fixation light extinguished, and two
eccentric yellow dots appeared. When the monkey had shifted gaze to one of these
targets, the reward period began. Juice was either delivered immediately, or, in the
case of LL choices, after some delay. An adjusting delay followed such that all trials
were of approximately the same total length. B. Reward matrix showing outlier
outcomes for each level of each context. All recording sessions included blocks
composed of one of nine trial types: three conditions (risk, delay, social), each with
three levels. Clock indicates delay to reward, the droplet indicates amount of juice
delivered, and the picture indicates that a social reward was presented just before
juice delivery. The standard option was always 200 nL of juice available
immediately, with no picture.
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2.2.3 Microelectrode recording techniques

We recorded action potentials from 71 single neurons in two monkeys (53
in monkey N, 18 in monkey S) during the performance of the task. Single
electrodes (Frederick Haer Co) were lowered under microdrive guidance (Kopf)
until the waveform of a single (1-4) neuron(s) was isolated. Individual action
potentials were identified by standard criteria and isolated on a Plexon system
(Plexon Inc, Dallas, TX). Neurons were selected for recording on the basis of the

quality of isolation only, and not on task-related response properties.

We approached CGp through a standard recording grid. CGp was
identified using a hand-held digital ultrasound device (Sonosite 180) placed
against the recording chamber (Glimcher et al., 2001). We confirmed that we
were in CGp using stereotactic measurements, as well as by listening for
characteristic sounds of white and gray matter during recording. CGp recordings
were made in areas 23 and 31 in the cingulate gyrus and ventral bank of the
cingulate sulcus. These recordings were made from areas equivalent to those

reported in (Dean & Platt 2006; Hayden et al 2008b; McCoy et al 2003).

2.2.4 Analysis

We used an alpha of 0.05 as a criterion for significance. Peri-stumulus
time histograms (PSTHs) were constructed by aligning spikes to saccade offset,
averaging across trials, and smoothing with a 200 ms boxcar. Statistics were

performed on binned firing rates, as described for each analysis. To compare
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firing rates across trials for single neurons, tests were performed on individual
trials; to compare firing rates across neurons, tests were performed on average
rates for individual neurons. The post-reward epoch was 900 msec, beginning at
the completion of reward delivery. The pre-saccadic (pre-choice) epoch was 900
msec, beginning 1300 msec prior to saccade completion. The peri-saccadic epoch
was 400 msec, ending at the completion of the saccadic. Analyses were

performed using Matlab (Mathworks, Natick, MA).

The main subjective value model was based on a model used in a previous
study (Hayden et al 2007), in which daily choice frequencies were transformed to
equivalent juice amounts. The model takes advantage of the roughly linear
relationship between choice frequency and juice amount identified in a previous
experiment (McCoy et al 2003). For this study, to reduce day-to-day noise, we
added one additional (hypothetical) choice frequency per context (risk: CV of o;

delay: 0 sec delay on large reward; social: juice amount equivalent to standard).

2.3 Results

2.3.1 Monkeys exhibit stable, ordered preferences in three decision
contexts

Each day, monkeys performed a single task with three different embedded
decision contexts: risk, delay, and social valuation, each associated with three
levels of decision salience. All three contexts required monkeys to shift gaze in
order to choose between two eccentric targets associated with different reward

properties. In the risk context, monkeys chose between a risky option (50%
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chance of high reward, 50% chance of low reward) and a safe option (100%
chance of medium reward) of equal expected values. We varied decision salience
by changing the risk level (CV) of the risky option. In the delay context, monkeys
chose between a larger, delayed amount of juice (LL: larger, later) and a smaller
amount of juice available immediately (SS: smaller, sooner). Delays could either
be 1, 2 or 3 sec, depending on the block. In the social valuation context, monkeys
chose between a large amount of juice and a small amount of juice paired with a
photograph of a familiar monkey (mix of dominant and subordinate males). The
photograph option was paired with different small amounts of juice (small,
medium, large), depending on the block. The safe, immediate, and non-social
options were identical (standard) across the three contexts; only the “outlier”
option changed according to block. Thus, the identity of the outlier option
determined the decision context. In the risk context, monkeys preferred the
probabilistically rewarded option to the safe one (Figure 4A), as described
previously (Hayden et al 2008b; McCoy & Platt 2005). In the delay context,
monkeys preferred immediate rewards to delayed ones (Figure 4B). Finally, in
the social context, they preferred larger juice rewards to smaller rewards paired
with photographs of familiar monkeys (Figure 4C; p<0.0001 in all cases, two-
tailed single-sample t-tests; Monkey N risk: M=.59, SE=.008, t(4247)=11.5;
delay: M=.42, SE=.008, t(4310)=-11.3; social: M=.25, SE=.007, t(4243)=-37.9;
Monkey S risk: M=.59, SE=.02, t1(708)=4.8; delay: M=.41, SE=.02, t(726)=-4.9;
social: M=.36, SE=.02, t(745)=-7.8). These effects were highly significant for both

monkeys.
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Figure 4: Behavioral preferences used to compute subjective value in the
risky, delay, and social contexts.
A. Preferences in risk context. Monkeys significantly preferred a risky
reward to a safe reward and had stronger preferences for higher levels of risk. B.
Preferences in delay context. Monkeys were significantly delay-averse, preferring
smaller, immediate rewards to larger, delayed rewards, and had stronger preferences
against longer delays. C. Preferences in social valuation context. Monkeys preferred
the standard juice reward to smaller rewards coupled with images, but were more
likely to choose to view the image as juice volume was increased.
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As noted above, there were three different levels of the outlier option in
each decision context (high risk, medium risk, low risk; long delay, medium
delay, short delay; large juice, medium juice, small juice), meaning there were
nine different possible block types in total (3 contexts x 3 levels). The standard
option (no risk, no delay, no picture) was available on all choice trials. We found
that preference for the risky option increased with increasing coefficient of
variation in reward (F(2, 4805)=31.5, p<0.0001) as described previously (McCoy
and Platt, 2005). As expected (e.g., Freeman et al 2009; Myerson & Green 1995;
Reynolds et al 2002), monkeys also chose the smaller, immediate option more
often when the delay to the larger option was longer (F(2, 4877)=119.8,
P<0.0001). Finally, as the amount of juice associated with the photograph

increased, monkeys were more likely to choose it (F(2, 4822)=15.0, p<0.0001).

2.3.2 Neuronal firing rates in CGp do not track behavioral preferences
independent of context

We first examined the neuronal response to choice of a risky, delayed, or
social option. Figure 5 shows the firing rates of a single neuron to choice of the
outlier option (shown in red) over the standard option (shown in blue). Firing
rates were higher for choices of a social or risky option over the standard. Figure
6 demonstrates that, generally, average population activity was stronger when
monkeys chose the risky option, which was preferred, but was also stronger when
monkeys chose the delayed option and social options, which were not preferred.
We next quantified these effects in our population of studied neurons. During the

post-reward epoch (see Methods), the population as a whole showed higher firing
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rates during choice of a risky option than during choice of a safe option
(t(70)=2.39, p=0.02). Overall, 19 of the 71 (27%) recorded neurons were
significantly modulated by risky versus safe choice; 16 of these showed higher
activity when monkeys chose the risky option. Of the 19 neurons significantly
modulated during the post-reward phase, 11 were also modulated by upcoming
choice of the risky option prior to the saccade (10 with higher firing rate for risky
option). 7 were modulated during the peri-saccadic period, 6 of those with higher
firing for the risky option. Because both monkeys preferred the risky option, this
positive relationship between firing rate and risk replicates previous behavioral
and neuronal results (McCoy & Platt 2005) and is consistent with the hypothesis
that CGp firing rates encode the subjective value of a chosen option.
Quantification of data from the other two contexts suggests otherwise. In the
delay context, the population showed a higher firing rate when monkeys chose
the delayed option than when they chose the immediate option, although this
difference was not significant t(70)=.61, p>0.05. Although the population did not
show significantly higher firing rates for one choice over the other, the activity of
a substantial minority of neurons (17/71; 24%) was significantly modulated by
choices of the larger, later (LL) reward over the smaller, sooner (SS) reward.
Although monkeys generally preferred the SS option to the LL, roughly half (9) of
these neurons showed higher activity for choices of the delayed option. 8 of the 17
neurons significant during the post-reward epoch were also significantly
modulated during the pre-choice epoch, 5 of them showing higher firing rates

prior to choice of the LL option. 7 of the 17 neurons were significantly modulated
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during the peri-saccadic epoch, 3 of them showing higher firing rates during
choice of the LL option. Since firing rates were also generally higher when
monkeys chose the risky option, this pattern of results is inconsistent with the
hypothesis that CGp encodes subjective value.

Finally, the population showed a significantly higher firing rate when
monkeys chose the social option over the nonsocial one (t(70)=2.8, p<0.008),
even though the nonsocial option was strongly preferred. Overall, 14 neurons
(20%) were modulated by the choice of the social option over the nonsocial
option. Of these, 11 fired at higher rates when monkeys chose the picture. 5 of the
14 were significantly modulated prior to saccade (3 with higher firing rates for
upcoming choice of the picture option). 6 of the 14 were significantly modulated
in the peri-saccadic epoch (5 with higher firing rates during choice of the picture
option). Again, these findings are inconsistent with the idea that CGp signals the
subjective value of a chosen option independent of context. Figure 5
demonstrates that all of these effects can be observed in the activity of a single
neuron: this example cell shows higher firing rates during choice of the outlier
options relative to the standard, despite contrasting preferences in the three

conditions.

2.3.3 CGp neurons do not encode subjective value independent of
decision context

We next quantified the relationship between firing rates of CGp neurons
and the subjective value of the chosen option. Subjective value signals in the

brain can be identified by correlations between neuronal activity and the
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preference functions that serve as the basis for estimating value (cf. Montague &
Berns 2002; O'Doherty 2003; Padoa-Schioppa & Assad 2006). We used a
measure of subjective value based on revealed preferences that allowed us to
assign a value estimate to each option across all decision contexts. Subjective
value was estimated using the frequency of choosing the risky, delayed, and social
options (outlier options) in each of the nine possible conditions in each session.
For each context (risk, delay, social), we fit a line to the day’s preference points—
one for each level of the nonstandard option (low, medium, high risk; short,
medium, long delay; small, medium, large juice). In a previous study (McCoy et al
2003), we gave monkeys (1 of whom is also used in this study) choices between
different amounts of juice to determine the relationship between reward size and
choice frequency. We then used that data to convert choice frequencies to
equivalent juice values to model subjective value in the current study (cf Hayden
& Platt 2007). For example, a 75% preference for the risky option over the safe
one would be equivalent to the frequency with which monkeys choose 220 uL
over 200 uL of juice rewarded deterministically. We examined the relationship
between our estimate of subjective value and firing rate following delivery of the
reward for each neuron, within each context. Figure 5 shows these relationships
for a single neuron. In this example cell, firing rate was positively correlated with
subjective value in the risk context, but was negatively correlated with subjective

value in the social context.
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Figure 5: Firing rates of a single CGp neuron are modulated by choice but do
not signal value independent of decision context.

A. Risk context. PSTH shows average response of population of neurons
when monkey chose the risky option (red) or the safe option (blue). B. Delay
context. PSTH separated by whether the monkey chose the LL option (red) or the
SS option (blue). C. Social valuation context. PSTH separated by whether the
monkey chose the picture option (red) or the non-picture option (blue). Pre-choice
modulations likely reflect block structure (see main text). Statistics are for
correlation between subjective value and firing rate, within context.
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Overall, the population of CGp neurons was biased toward a positive
relationship between firing rates and subjective value in the risk context
(M=0.066, t(70)=3.5, p<0.001, Figure 7A), biased toward a negative relationship
between firing rates and subjective value in the social context (M=-.064, t(70)=-
3.67, p<0.001, Figure 7C), and trended toward a negative relationship between
firing rates and subjective value in the delay context (t(70)=-1.64, p=0.10, Figure
7B). This sign inversion is contradictory to the hypothesis of subjective value
encoding. We also examined the relationship between firing rates and subjective
value across all 3 decision contexts by incorporating all types of trials into our
model. When all trials from all contexts and levels were included, there was no
relationship between subjective value and firing rate across the population

(t(70)=-1.10 p>0.2, Figure 7D).
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Figure 6: The CGp population response increases when monkeys choose the
risky, delayed, and social options—independent of preference.

A. Risk context. Population PSTH separated by whether the monkey chose
the risky option (red) or the safe option (blue). On the right is proportion choice of
the risky (red) and safe (blue) options. B. Delay context. Population PSTH
separated by whether the monkey chose the LL (red) or SS (blue) options. On the
right is proportion choice of the LL (red) and SS (blue) options. C. Social valuation
context. Population PSTH separated by whether the monkey chose the picture
option (red) or non-picture option (blue). On the right is proportion choice of the
picture (red) and non-picture (blue) options.

Given that CGp neurons show a weak bias for contralateral choices, we

repeated these analyses using the original model for trials that only included
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contraversive saccades and found the same effects. We found qualitatively similar
results to those reported for all saccades, but with significant (negative) encoding
in the delay context: Risk, t(60)=2.13, p=.04; Delay, t(61)=-2.04, p=.046; Social,
t(61)=-2.5, p=.01.

In addition to this method, we recalculated our data using an alternative
method, in case the particular model of value we chose biased our data against
the subjective value hypothesis. Thus, we estimated subjective value using an
alternative approach and found highly similar results. We examined whether
firing rates matched daily choice frequencies, without any additional
transformations. Under this model, both the standard and non-standard options
could attain different relative values across different contexts and levels, simply
based on different preference levels. Results, however, were similar to other
model. We observed a significant correlation between subjective value and firing
rate in the risk context (t(70)=2.86, p=.006), a negative correlation in the social
context (t(70)=-3.37, p=0.001), and a non-significant negative correlation in the

delay context (t(70)=-0.83, p=.40).
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Thus, although post-reward firing rates varied with which choice the
animal made, they were not correlated with subjective value in a consistent
fashion across decision contexts.

Given the heterogeneity in response direction amongst CGp neurons, we
were concerned that different subsets of neurons may have been activated by one
task over another, thus muddling the population results described above. We
asked whether the divergent relationships between firing rates and subjective
value observed across contexts were the result of separate neuronal populations
contributing exclusively to one of the three types of decisions. When we divided
cells into positive or negative correlations with subjective value (without regard
to significance) in each of the three contexts, we observed the largest number of
cells with positive modulation in the risk context, negative modulation in the
delay context, and negative modulation in the social context (18/71 cells, see
Table 1). Furthermore, cells that were significantly modulated in one context
were not less likely to be modulated in either of the other contexts than those
cells that were non-significant (independent-samples t-tests, all p>.1). For
example, neurons that showed an effect of subjective value in the risk context
were not less likely to signal value in the delay context than cells that did not
signal value in the risk context. This was also true for choice effects (e.g., risky
versus safe). Indeed, neurons with higher firing rates for delayed choice over
standard (without regard to significance) fired at higher rates for choice for
picture choices and risky choices versus the standard option (p<.05 in both

cases). Likewise, neurons with higher firing rates following risky choices also had
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higher firing rates following picture choices, relative to the standard (p=0.03),
and vice-versa (p<.02). Collectively, these results suggest that there are not
special populations of neurons that only respond to decisions involving risk,
delay, or social information in CGp. Rather, the relationship between firing rates

and value, as estimated from revealed preferences, differs depending on context.

Table 1: Number of neurons with firing rates modulated positively and
negatively by subjective value, according to decision context.
R=Risk; D=Delay; S=Social. “+” indicates a positive relationship between
firing rate and value; “-” indicates a negative relationship.

D+ D-
R+ 8 9 S+
R+ 11 18 S-
R- 4 7 S+
R- 7 7 S-

2.3.4 Firing rates of CGp neurons vary with decision salience

The observed pattern of results—higher activity for choice of a risky,
delayed, or social option compared to the standard (certain, immediate,
nonsocial) option—suggest the hypothesis that CGp neurons signal the deviation
of the chosen option from an anchor (in this case, the standard option), that is,
decision salience, rather than the subjective value of the chosen option. If this
were the case we would expect overall higher firing rates for choices of the outlier
option than for the standard, regardless of decision context. Combining data
across all contexts, outlier choices did yield significantly higher firing rates than

standard choices, as expected based on the context-specific results presented
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above (t(70)=2.2, p=0.03). Overall, 24 neurons showed significant differences in
firing rate after choosing the outlier versus standard options, collapsing across all
contexts and levels. Out of these 24 significant cells, 21 showed higher firing rates
following choice of the outlier option than following choice of the standard
option. Furthermore, if CGp neurons encode decision salience this would predict
higher firing rates for riskier, later, and smaller juice outlier options, as they are
progressively different from the standard. Indeed, neurons responded differently
to the various outlier options. We combined data across all contexts and
regressed neuronal responses for each cell against outlier level (only outlier
choices). We found that regression coefficients were significantly skewed in the
positive direction, meaning higher firing rates for more salient options
(t(70)=3.8, p<0.001, Figure 8A). Twenty out of 71 cells were significantly
modulated by outlier salience (14 in the positive direction). This effect was not
present in choices of the standard option.

We examined the least and most deviant outlier options from each context
in order to more fully quantify this effect (Figure 8B). As reported previously
(McCoy and Platt, 2005), CGp neurons fired at higher rates when monkeys chose
the risky option with the highest CV compared with when monkeys chose the
risky option with the lowest CV (t(70)=3.33, p=0.001, paired-samples t-test). In
the social context, neurons fired at higher rates when monkeys chose the picture
paired with the smallest amount of juice (most different from standard)
compared with when monkeys chose the picture paired with the largest amount

of juice (t68)=-2.41 p=0.019). In the case of delayed rewards, firing rates were
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higher when monkeys chose the 3-second delayed option than when they chose
the 1-second delayed option, although this difference was not significant (t(69)=-
1.69 p=0.096). However, as clearly evident in the population response (Figure 6),
firing rates during LL choices were higher during the delay period than prior to
the choice, meaning neurons increased their responses during the delay, in
anticipation of the reward (t(70)=2.5, p=0.015). This effect disappears following
reward delivery, when firing rates return to pre-choice baselines (p>.9). Given
our other results, this suggests that the delay period itself was the more salient
outlying feature in this context. Thus, firing rates were consistently higher when
the outlier option deviated more from the standard, strongly suggesting that CGp
encodes decision salience rather than the subjective value of a chosen option.

We considered the possibility that these results could be explained by a
relatively simple arousal signal. We assessed whether there was a consistent
relationship between firing rate and reaction time in this task. Previous studies
have showed that, in certain contexts, CGp activity increases with slower reaction
times (Hayden et al 2009), as tonic increases in firing rate in CGp are associated
with task disengagement (Raichle et al 2001). However, here, we did not observe
any consistent relationship across cells between firing rate and reaction time
(mean correlation coefficient=.011, p=.4), even when only examining significant
cells (p=0.3). Moreover, the bias toward higher firing rates during choice of
outlier options relative to the standard option was maintained while controlling

for reaction times, t(70)=3.36, p=0.001.
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Figure 8: Firing rates of CGp neurons track decision salience.
A. Histogram of regression coefficients for firing rates as a function of choice
salience for all neurons in the population. B. Average population response was
significantly higher for choosing high risk (versus low risk) and low juice (versus
high juice) options. Higher firing rates were associated with options more different
from the standard.

2.4 Discussion

Our data show that CGp neurons do not signal behavioral preferences
consistently across different decision contexts. The population of CGp neurons
responded with higher firing rates when monkeys chose the risky option, which
was preferred, and the delayed and social options, which were non-preferred.

Furthermore, firing rates increased as delay and risk increased, and as amount of
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juice associated with the social option decreased. These data demonstrate that
CGp does not track subjective value in a manner that is independent of the type
of decision being made. Instead, CGp neurons appear to encode variables that
sometimes covary with preference.

One such variable is decision salience: neurons tended to fire at higher
rates when the chosen option was more aberrant from the standard option
available on every trial. This type of outlier encoding may be useful for guiding
learning and memory (Pearce & Hall 1980), a function previously linked to CGp
(Cabeza & Nyberg 2000a; Maddock et al 2003; McCoy & Platt 2005).

Our lab previously showed that firing rates of neurons within CGp predict
preferences for chosen options in a risky choice task similar to the one used here
(McCoy and Platt, 2005). The present study replicates those previous results. By
contrast, our finding that the CGp population tends to respond more strongly
when monkeys choose the delayed but non-preferred option conflicts with a
recent fMRI paper which found that hemodynamic responses in human CGp vary
with subjective value in a delay discounting task (Kable & Glimcher 2007; Levy et
al 2011). The discrepancy between the present study and these earlier findings
may reflect species differences in neuronal processing, differences in task design
(i.e., the use of primary vs. monetary rewards), or discontinuities between the
BOLD signal and single unit firing (Logothetis et al 2001). Other studies have
suggested the BOLD signal in CGp is stronger during decisions concerning delay
than risk (Weber & Huettel 2008). Furthermore, Luhmann and colleagues

(Luhmann et al 2008) reported in a recent paper that activation of human CGp
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increased with choice of a delayed reward--an effect we confirmed on the level of
the single neuron. They hypothesized that such signals may be linked to self-
projected time rather than decision processing. Firing rate modulations observed
here, however, suggest that CGp activation may not indicate self-projection
specifically, but may instead reflect neural processing involved in tracking
salience.

Overall, our findings suggest that CGp signals decision salience or even
uncertainty more broadly (Behrens et al 2007; Critchley et al 2001). The
consistently higher firing rates we observed for the “outlier” options (risky,
delayed, social) may signal deviation from standard or predicted outcomes, a
variable important in attentional models of learning (Mackintosh 1975; Pearce &
Hall 1980). Such a signal would indicate when and how rapidly learning or
behavioral adjustment would occur, but would not provide information about
precisely what should be learned. Consistent with this idea, a previous study
found that firing rates of CGp neurons were higher when monkeys explored their
options than when they pursued a single source of reward (Pearson et al 2009), a
pattern consistent with the idea that CGp neurons signal decision salience. With
prominent connections to the medial temporal lobes, CGp is well-positioned

anatomically to provide an instructional signal to engage learning.
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3. Posterior cingulate cortex regulates learning
3.1 Introduction

Associative learning, the process by which arbitrary events are linked in
memory, relies on a broad network of brain regions, including the medial
temporal lobes (MTL) (Wirth et al 2003), striatum (Tremblay et al 1998), and
prefrontal cortex (Pasupathy & Miller 2005). Key to this process is the
monitoring of outcomes and performance. The neural mechanisms that detect
rewards and predict future outcomes has become increasingly well-understood:
dopamine neurons and their striatal and cortical targets contribute to outcome
monitoring processes that, in the aggregate, predict the motivational
consequences of stimuli and actions, compute the difference between these
expectations and actual outcomes, and use this reward prediction error to update
predictions (Fiorillo et al 2003; Schultz et al 1997; Schultz et al 1998).

Despite the elegance of this account, the mechanisms that regulate the
learning process to match environmental change remain poorly understood.
Some recent studies implicate the anterior cingulate (ACC) cortex in signaling
environmental volatility motivating learning (Behrens et al 2007). Here we
hypothesize that the posterior cingulate cortex (CGp)--a central node within the
default network that is strongly connected with the ACC—regulates learning.
Specifically we conjecture that CGp detects poor performance and changes in

environmental contingencies requiring adjustments in behavior and marshals
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neural resources, including attention and memory, to the learning process
(Pearson et al 2011).

CGp is a central node in the default mode network, a set of brain regions
with high baseline activity that is suppressed during task engagement (Gusnard
et al 2001; Hayden et al 2009; Raichle et al 2001; Shulman et al 1997). The
function of the default network remains hotly debated. It has been implicated in
processes as diverse as memory encoding (Daselaar et al 2004), memory retrieval
(Maddock et al 2001), emotion (Maddock et al 2003), temporal projection of the
self (Buckner & Carroll 2007; Spreng & Grady 2010), decision-making (Kable &
Glimcher 2007), mind-wandering (or stimulus-independent thought) (Mason et
al 2007), environmental awareness (Gilbert et al 2006), and general surveillance
(Gilbert et al 2007). Recent neurophysiological studies have extended these
patterns of tonic activation and task-related deactivation to firing rates of single
neurons and local field potentials in CGp in monkeys (Hayden et al 2009),
suggesting that these patterns are not unique to humans or to the technique of
neuroimaging.

Beyond simple task-induced deactivation, neurons in CGp show tonic and
phasic changes in activity during rewarded behavior (Dean et al 2004), reward
delivery and reward omission (McCoy et al 2003), exploration of alternatives
(Pearson et al 2009), delays to reward (Heilbronner et al), and in response to
errors (Hayden et al 2008b). Further, microstimulation of CGp neurons causes
monkeys to treat a large reward as a small one and switch to an alternative option

on the subsequent trial (Hayden et al 2008b). Taken together, these observations
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suggest activity in CGp may provide an instantaneous estimate that the world has
changed and new patterns of behavior must be learned or engaged to improve
performance (Pearson et al 2011) — in other words, that CGp serves to govern
ongoing learning rate.

Neurological studies are consistent with this idea. Patients with
Alzheimer’s Disease (AD) display prominent hypometabolism in CGp
(Minoshima et al., 1997), often before symptoms become severe (Valla et al.,
2001). These patterns of activation may be related to abnormal connectivity
between CGp and the hippocampus (Zhou et al 2008). In fact, patients with mild
cognitive impairment (but not yet diagnosed with AD) who have CGp
hypometabolism are more likely to be diagnosed with AD in the future (Huang et
al., 2002). Critically, metabolic abnormalities in CGp predict symptom severity
(Yoshiura et al., 2002), including deficits in learning and orientation (Hirono et
al., 1998). Although many brain regions are affected in AD, hypometabolism in
CGp is consistent enough that it is used as a diagnostic tool for AD (e.g., Bonte et
al 2004). Even in the absence of hippocampal damage, which is strongly
associated with AD, lesions to the posterior cingulate region, including nearby
retrosplenial cortex, can lead to both retrograde and anterograde amnesia
(Valenstein et al 1987). Korsakoff’s syndrome, a memory disorder typically
resulting from thiamine deficiency, is also associated with posterior midline
dysfunction, in addition to the well-known atrophy of the mammillary bodies and

their connections to the medial temporal lobes (Joyce et al 1994).
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Anatomically, CGp lies at a nexus of pathways involved in information
storage and performance monitoring. CGp is strongly, reciprocally connected
with structures in the medial temporal lobe (MTL) known to be crucial for
learning and memory. In the macaque, these include afferent projections from
the entorhinal and perirhinal divisons of the parahippocampal gyrus (Vogt et al
1979), and efferent projections to parahippocampal areas TF and TH, as well to
entorhinal cortex (Yukie & Shibata 2009). Spontaneous activity in
parahippocampal cortex and CGp are well-correlated (Vincent et al., 2007).
These functional neuroanatomical connections endorse a role for CGp in learning
and memory, but leave its precise function unclear. Several studies have
implicated CGp in episodic memory retrieval, and a positron emission
tomography (PET) study of episodic long-term memory showed involvement in
spatial memory retrieval as well (Moscovitch et al 1995). Several other studies
have linked CGp to autobiographical memory recall, including names of familiar
people and listening to sentences containing autobiographical information (Fink
et al 1996; Maddock et al 2001; Piefke et al 2003). Importantly, blood flow to
CGp increases during associative learning, relative to periods when learning was
unnecessary (Molchan et al 1994).

CGp is also reciprocally interconnected with ACC, long known to be
involved in trial-to-trial performance monitoring and behavioral adjustment
(Hayden et al ; Holroyd & Coles 2002; Kerns et al 2004; Rushworth et al 2004;
Shima & Tanji 1998; Walton et al 2007). Learning is traditionally divided into

encoding, storage, and retrieval processes. Yet, recent work has shown that
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motivational state influences the fidelity of information storage in the MTL
(Adcock et al 2006; Shohamy & Adcock 2010), suggesting that the brain monitors
motivational level to govern the rate and fidelity of learning and memory. Given
the general hypothesized role of cingulate cortex in motivation and cognitive
control, we conjecture that CGp may regulate learning based on motivation and
performance, serving to bridge performance-monitoring processes in the ACC
with memory storage processes in the MTL.

To test this idea, we recorded from single CGp neurons in a variant on a
well-known paradigm, conditional visuo-motor learning (CVML), and
subsequently tested behavioral performance following inactivation of CGp with
the GABA. agonist muscimol. Previous studies reported that neurons in
hippocampus (Wirth et al 2003), striatum (Brasted & Wise 2004), and
supplementary and frontal eye fields (Chen & Wise 1995b) respond as monkeys
learn new scenes and recall appropriate responses to previously-learned ones (for
a review, see Suzuki 2007). Further, hippocampal firing rates track learning rate
for particular scenes, independent of behavioral response (Wirth et al 2003).
Consistent with our hypothesis, we found that firing rates of CGp neurons track
variables that guide learning, including errors, scene familiarity, and
motivational state. Silencing these signals with muscimol impaired learning in
low-motivational states but spared learning in high motivational states, and
spared recall of familiar associations as well. These findings endorse a role for

CGp in performance monitoring to regulate learning rate, and rule out
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previously-hypothesized contributions to memory recall (Cabeza & Nyberg

2000Db).

3.2 Results
3.2.1 Visuo-motor learning varied with novelty and value

Monkeys learned to associate photographs of specific scenes with either
left (and slightly upward) or right (and slightly downward) gaze shifts. Monkeys
saw a total of 754 scenes (560 by Monkey L; 194 by Monkey B), not including
reference scenes. 430 of these (four a day) were introduced at the start of the
day’s session; 324 (an additional four) were introduced midway through the day’s
session. We manipulated motivational state by varying the size of rewards
available for particular scenes. Half of scenes were high-value, meaning a correct
response resulted in a large juice reward. Correct responses for the other half
were low-value, resulting in a small reward. An incorrect gaze shift response
always resulted in reward omission.

Overall, both monkeys performed well above chance, demonstrating their
ability to encode and recall motor associations in conjunction with the scenes
(see Figure 9C for each subject’s performance). All three major scene types
resulted in above-chance (0.5) performance (p<.0000001 in all cases). Overall,
high-value scenes were better learned than low-value scenes across all three
scene types (p<0.000001 in all three cases, Table 2). As can be seen in Figure 9D-

E, performance on new scenes began roughly at chance (50%) and improved as
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the session progressed. Performance on reference scenes, present in every

session, was generally high throughout.

Table 2: Performance on all scene types

Reference scenes High Value Low Value
Saccade Left .97 .84
Saccade Right .99 .87
New scenes (start) High Value Low Value
Saccade Left .66 .64
Saccade Right .67 .53
New scenes (middle) High Value Low Value
Saccade Left .65 .60
Saccade Right .62 .54
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Figure 9: Conditional visuo-motor association task and behavioral
performance.

A. Trial structure. Trials began with a fixation period, followed by scene
display, another fixation period, and then the choice. Monkeys made choices by
shifting gaze to one of two eccentric targets. They learned that particular
photographs (scenes) were associated with a correct direction of eye movement. B.
Trial types: Scenes could be high value or low value, with correct eye movement
assigned to left or right. Some scenes were reference (viewed every day), some were
new scenes introduced at the start of the day, and some were new scenes
introduced midway through the session. C. Behavioral performance by subject and
scene type. Performance was highest on reference scenes, viewed every day. D, E,
F: Averaged performance across all scenes within type, by trial number within
session. Performance on new scenes introduced at the start of the session (D), new
scenes introduced midway through the session (E), reference scenes (F).

3.2.2 CGp neurons dynamically encode errors

We recorded responses of 141 neurons in CGp in two monkeys (107 in
Monkey L, 34 in Monkey B) as they performed the conditional visuo-motor
learning task (CVML). Because previous studies have demonstrated reward-
related responses in CGp, we first examined the post-reward epoch for signals
relevant to learning (Hayden et al 2008a; McCoy et al 2003). Figure 10 shows the
average response of an example neuron, aligned to the end of the trial, separated
by outcome type. This neuron showed a clear, phasic enhancement following
errors, followed by sustained firing until the beginning of the next trial,
t(1154)=16.3, p<.000001. During the post-reward period, errors elicited an
average of 11.4 sp/s greater firing rate than correct responses. This pattern also
characterized the average population response (Figure 10B; t(140)=3.89,

p<.0001).
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Figure 10: Error signals in CGp.
A. Error signal in single CGp cell. Dotted line represents beginning of
reward (or omission). B. Error signal in population of CGp cells (n=141). C.
Error signal in population of CGp cells divided by scene type. Red dotted
line indicates incorrect, first half new only. D. Error signal in population of
CGp cells divided by scene value.

To learn more about this error signal, we next examined the influence of

task parameters on its magnitude. We found that the error signal in CGp varies

with stimulus novelty and thus the need for new learning. Errors on newer scenes

elicited higher firing rates than errors on familiar reference scenes (t(140)=2.19,
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p=.03). To control for the possibility that this difference may be due to large-scale
firing rate changes over the course of the session (tracking learning rate, see
below), we compared firing rates between new scenes introduced in the first half
only (thereby excluding those introduced midway through the session) and
reference scenes, and the trend, while not significant, was in the same direction
(t(140)=1.66, p=.1).

Motivational state also modulated error signals, with the missed
possibility of a lower reward inducing a higher firing rate than the missed
possibility of a high reward (Figure 10D, t(140)=-2.0, p<.05). Nonetheless, the
amount of juice received on correct trials did not have a significant effect on
firing rate in the population (p>.9), ruling out the possibility that the error signal
merely reflected reward size.

For low-value scenes, we examined whether the error signal also varied
according to behavioral performance. To standardize our analysis for neurons
studied with different numbers of trials, we only included scenes introduced at
the start of the session, and we arbitrarily limited our analyses to the first 40
completed trials within scene. We observed a negative correlation between firing
rate on error trials (post-reward epoch, normalized with respect to pre-saccade
epoch for across-cell comparison) and overall performance (r=-.17, p=.006),
meaning lower-performance scenes resulted in stronger error signals. We

observed no such effect for high-value scenes (p>.05).
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3.2.3 CGp tracks learning rate over the course of the session

We observed that neurons seemed to adjust their firing rates over the
course of the session, and that firing rates within a particular scene varied with
behavioral performance. This led us to conjecture that CGp firing might perhaps
vary with learning rate. This was especially noticeable for certain neurons that
seemed to adjust their firing rates dramatically in response to the addition of new
scenes midway through the session (Figures 11A and 11B). To quantify this effect,
we estimated behavioral learning rate. We first fit performance on new scenes
with a 6th-order polynomial, essentially smoothing session performance. We then
took the first derivative of that polynomial, estimating change in performance
over the course of many trials. Again, we examined firing in the post-reward
epoch. During this time window, 73 cells (52%) had firing rates that were
modulated by performance on that trial (corrected for multiple comparisons), 55
of these (75%) firing at higher rates following errors. At the same time, the
activity of 70 neurons (50%) was significantly modulated by learning rate,
although there was no trend for direction of correlation (p>.5). For many neurons
(n=39; 28%) firing rate was significantly modulated by both performance and

learning rate.
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Figure 11: CGp encodes learning rate.
A. Firing rate over the course of the session for a single cell, by trial number.
Vertical dotted line indicates trial at which second-half scenes were added. Gray
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line is smoothed performance. B. Firing rate for a different single neuron over the
course of the session. C. Results of regressing learning rate (along with trial-specific
performance) on firing rate during the post-reward epoch. Gray = p<.05 corrected for
multiple comparisons. D. Regression coefficient for performance from the post-
reward epoch E. Learning rate results from the scene epoch. F. Trial-specific
performance from the scene epoch.

We next asked whether these signals were unique to the post-reward
period, so we examined the time window when the scene was displayed. During
the scene-viewing epoch, 67 cells (48%) had firing rates that were significantly
modulated by learning rate. Unlike the post-reward epoch, firing rates of only 13
(9%) cells encoded performance on the current trial. Thus, the error signal was
not dramatically prepotent—it only occurred after the reward or lack thereof was
revealed. The learning rate signal, on the other hand, is present during both

epochs, persisting throughout the trial.

3.2.4 Reversible inactivation of CGp impairs learning of low-value
scenes

In order to test whether the signals described above were necessary for
learning and memory or only correlated with it, we reversibly inactivated CGp
with the GABA4 agonist muscimol. For reference scenes, a three-way ANOVA
with treament (muscimol or saline), motivational state (low vs. high value scene),
and target location as factors revealed a main effect of motivational state
(performance high value scenes > performance low value scenes, F(1, 56)=36.41,
P<0.000001), but no other significant main effects or interactions (Figure 12).

Thus, once scenes were learned, CGp inactivation had no effect.
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We next analyzed performance on new scenes. Here, we restricted our
analysis to scenes introduced at the start of the day, as there were too many days
when second-half scenes were either not introduced or had too few trials to
analyze. For these scenes, we also observed a main effect of motivational state
(F(1, 56)=8.56, p=.005), but in addition, there was a significant interaction
between treatment and scene value (F(1, 56)=4.25, p=.04). Post-hoc tests
revealed that there was a strong effect of muscimol on performance in low
motivational states (repeated-measures t-test, t(15)=3.56, p=.003), but no effect
on performance on high-value scenes (t(15)=0.5, p=.6). Thus, CGp inactivation
strongly impaired learning of low-value scenes, while leaving learning of high-

value scenes and performance on previously learned reference scenes intact.
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Figure 12: CGp inactivation abolishes learning in low motivational states.
A. Performance on new scenes. B. Performance on reference scenes. C.
Averaged performance on low-value scenes by injection type, across trial number
within session. The gray line indicates chance (50%). Yellow lines indicate 95%
confidence intervals.

3.3 Discussion

Here, we demonstrate that CGp signals are crucial for performance on an
associative learning task. We found that slow changes in CGp activity covary with
changes in learning rate and that inactivation of CGp impairs learning, especially

when motivation levels are low. Inactivation does not affect trials with highly
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familiar stimuli, for which learning has produced asymptotic levels of
performance. These findings suggest that CGp contributes to learning by
regulating active learning processes, rather than facilitating long-term memory
recall, maintaining long-term memory stores, or signaling spatial associations.

We also found that CGp carries a strong, long-lasting error signal,
consistent with the idea that it monitors recent outcomes in order to drive
subsequent learning. Like the learning signal, this error signal is stronger on
novel scenes, consistent with the idea that CGp preferentially regulates memory-
encoding processes but not storage or retrieval processes. Performance on
reference scenes, which were fully learned prior to the start of recording, was
unaffected by inactivation. These results demonstrate that CGp inactivation
produces anterograde, but not retrograde amnesia. An enormous body of
literature has indicated that different brain regions subserve recall of previously-
learned items and new learning (Anderson et al 2000; Cabeza & Nyberg 2000b;
Sakai & Miyashita 1991). Thus, it should not be surprising that new learning can
be impaired while retrieval remains intact.

Pronounced error signals found in CGp suggest this area serves to monitor
performance and enhance learning rates following failures to learn. Consistent
with this idea, CGp inactivation specifically impairs learning for low-value
images, or, those particular ones that need the boost that CGp, presumably, could
provide. This idea also explains why error signals are greatest on low value trials
— again, these are the ones that demand the additional learning CGp can

motivate. Modulation of the error signal by motivational state suggest that CGp
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enhances learning when the size of the reward is not sufficient to do so, perhaps
when performance has been particularly low. These results confirm the general
outlines of, and extend, our previous integrative theory of CGp function (Pearson
et al). Moreover, they support the hypothesized link between default mode
activity and learning processes.

This is the first study of CGp inactivation in primates, and only the second
in which neural activity was functionally altered (Hayden et al 2008b). Hayden
and colleagues found that post-reward microstimulation during a gambling task
induced behavioral switching, simulating a win-stay, lose-shift strategy (Hayden
et al 2008a). These earlier results are roughly consistent with the inactivation
results from the present study. There, higher firing rates were associated with a
losing outcome and necessary behavioral adjustments. Here, higher firing rates
also followed more negative outcomes, both errors and low-value scenes within
errors, perhaps reflecting the need to improve performance. This type of
monitoring function has long been associated with ACC activity (Botvinick et al
2004; MacDonald et al 2000). Here, we extend that function to CGp. In contrast
to ACC, CGp appears to monitor performance over longer times scales, lasting
hundreds of trials.

Consistent with reported BOLD activity (Daselaar et al 2004; Menon et al
2001; Weissman et al 2006), higher CGp firing rates are associated with lower
performance. Our data suggest that CGp, and perhaps the default network more
broadly, is particularly concerned with learning new information (as opposed to

retrieving old associations). In a recent paper, we proposed that CGp, as part of
77



the default network, contributes to environmental change detection and
subsequent modifications of behavior (Pearson et al). Here we demonstrate that
this may be particularly true when poor performance, rather than external
factors, motivate changes in behavior.

Lastly, previous studies have shown that CGp is among the first and most
extensively damaged area in AD (Hirono et al 1998). This is not surprising given
the strong anatomical connections between CGp and the MTL (Yukie & Shibata
2009), and the memory losses associated with AD (Zhou et al 2008). Despite this
evidence, the functional role of this area in memory and learning has remained
unclear. Previous studies of posterior cingulate cortex have linked this brain
region to reward representation (McCoy et al 2003), risk sensitivity (McCoy &
Platt 2005), decision salience (Heilbronner et al), and exploratory behavior
(Hayden et al 2008b; Pearson et al 2009). Our current findings confirm and
extend these earlier results, and suggest a specific link between CGp dysfunction
and the symptoms of early AD, as well as a possible therapeutic target for the

early stages of this disease.

3.4 Methods

3.4.1 Surgical and behavioral procedures.

All procedures were approved by the Duke University Institutional Animal
Care and Use Committee and were designed and conducted in compliance with
the National Institutes of Health Guide for the Care and Use of Animals. Two

adult male rhesus macaques (Macaca mulatta) served as subjects. Both animals
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were implanted with a small head-holding prosthesis using standard techniques.
Six weeks later, they were habituated to laboratory conditions and trained to
perform oculomotor tasks for liquid reward. A second procedure was then
performed to place a plastic recording chamber (Crist Instruments) over CGp.
Animals received analgesics and antibiotics after all surgeries. Throughout both
behavioral and physiological recording sessions, the chamber was kept sterile
with regular antibiotic washes and sealed with sterile caps.

Horizontal and vertical eye positions were sampled at 1000 Hz by an
infrared eye-monitoring camera system (Eyelink 1000). Stimuli were controlled
by a computer running Matlab with the Psychophysics Toolbox (Brainard 1997)
and the Eyelink Toolbox (Cornelissen et al 2002). Targets were small colored
rectangles displayed on a computer placed directly in front of the animal and
centered on his eyes. Scenes were emotionally neutral photographs of nature and
architectural locations, never including monkeys, humans, or other animals. A
solenoid valve controlled the duration of juice delivery. Reward amounts used
were 0 msec of solenoid open time (incorrect, 0 mL juice), 150 msec (correct, low
value, 0.2 mL juice), and 250 msec (correct, high value, 0.33 mL juice).

Each trial began when a single yellow square appeared at the center of the
screen. When the monkey had successfully fixated his gaze on this target, a
fixation epoch began. The fixation epoch was set at 800 msec (monkey L) or 300
msec (monkey B; shorter durations were used with subject B to keep
performance levels approximately the same for the two subjects). Following the

fixation epoch, a photograph (“scene”) was displayed on the computer screen,
79



centered at the location of the monkey’s gaze (center of the screen). The monkey
was required to maintain fixation on the center square during scene presentation.
When the scene appeared on the screen, 2 gray targets also appeared. These were
located in the upper left and lower right portions of the screen, outside of the
boundaries of the photograph. When the scene was extinguished, the monkey
was required to maintain fixation for another 400 (monkey L) or 700 (monkey B)
msec (delay period). At the end of the delay period, the central fixation point was
turned off, and the monkey was permitted to shift his gaze eccentrically to one of
the 2 available gray targets. Photographs were chosen randomly from the
database. They gave no cues about value or direction independent of learning
(e.g., a greener photograph did not indicate a leftward movement).

Once the monkey had fixated on an eccentric target, the chosen target
became red, and a 250 msec delay began. Following the delay, all targets were
extinguished, and the reward was delivered. The monkey was not required to
maintain fixation through the reward period.

All neurophysiological sessions included at least two types of scenes:
reference and new. Reference scenes were present every day, and their saccade
and reward contingencies did not change from day to day. There were 4 reference
scenes corresponding to each pair of high and low value and left vs right
saccades. At the end of each recording session, new scenes were ‘retired’ and were
never used again. Four new scenes were presented at the start of the day (first
half scenes). After 400 or 500 trials (determined by general number of trials

performed by the monkey in recent history), we introduced another set of 4 new
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images; these were interleaved with the earlier ones. Scenes were selected
randomly on each trial. Thus, any scene could follow any other scene, including
itself. See Figure 9B for an overview of scene types.

Monkeys did not repeat scenes following errors. Because of relatively high
rates of breaking fixation early (aborted trials), Monkey L was always required to
repeat a scene if he had not successfully completed a given trial; Monkey B was
required to do this on 14 sessions to improve performance. Within type, scenes
were always presented at identical rates; meaning, the monkey could not “solve”
the task by choosing one side far more than the other. However, across sessions,
we used slightly different scene type rates. For 40 sessions (23 in Monkey B, 17in
Monkey L), scene types were distributed as follows: 50/50 reference/new for the
first set of trials, 33/33/33 reference/first half new/second half new in the second
set. For 85 sessions (71 in Monkey L; 14 in Monkey B), scene types were
distributed as follows: 33/66 reference/first half new for the first 400 trials,
.17/.33/.5 reference/first half new/second half new. These adjustments were

made solely to encourage learning of new scenes.

3.4.2 Microelectrode recording techniques

Single electrodes (Frederick Haer) were lowered with a hydraulic
microdrive (Kopf Instruments) until the waveform(s) of one to three neurons was
isolated using sorting software (SortClient, Plexon, Inc). Neurons were chosen for
recording solely on the basis of isolation, and not on any task-related properties.

We approached CGp through a standard recording grid (Crist Instruments). CGp
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was identified either by structural magnetic resonance images taken before the
experiment (Monkey L) or by ultrasound and detailed stereotactic map generated
in earlier recording studies (Monkey B). We confirmed that electrodes were in
CGp using stereotactic measurements, as well as by listening for characteristic
sounds of white and gray matter during recording. Recordings were made
between the positions of 3 mm posterior and 3 mm anterior to the interaural
plane, with the vast majority occurring 1 mm posterior to 2 mm anterior.

Recordings were made 1-2 mm lateral from the midline.

3.4.3 Neuronal analyses

We focused on two epochs during the course of the task. The post-reward
epoch is the 700 msec period beginning 350 msec following the possible onset of
reward. The scene epoch is the 500 msec while the scene is on the computer
monitor. Where identified, we used a 400 msec pre-saccade epoch that began

500 msec prior to saccade completion.

3.4.4 Reversible inactivation

We injected 4 ug of muscimol (Sigma/Aldrich), a GABA agonist, per site (5
ug/ul dissolved in saline vehicle), with 1-4 sites per behavioral session. For all but
2 saline-muscimol pairs, there were 4 sites. We injected slowly (.2 ul/2 min) to
avoid irreversible damage. Both monkeys from the recording phase of the
experiment underwent reversible inactivation of CGp tissue. Inactivation
experiments did not begin until the recording phase was completed. We used a

variant of an ABBA design. The order of muscimol/vehicle injections was:
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Monkey L—-VMMVMVVMVM; Monkey B—MVVMMYV. With this design, vehicle
sessions were equally likely to occur before and after paired muscimol sessions.
Each muscimol session was paired with a vehicle session pre-hoc, to allow for
pair sample statistical comparisons. Furthermore, because muscimol effects may
extend up to 24 hours beyond injection (Chowdhury & DeAngelis 2008;
Hikosaka & Wurtz 1985), we waited at least 40 hours between any two injection
days (whether vehicle or muscimol). Within animal, injections were performed
unilaterally (monkey L: left; monkey B: right). Paired muscimol and vehicle

injections always matched on side and number of sites.
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4. General Conclusions
4.1 Overview

Deciding and learning are two of the fundamental processes of animal
cognition. From the Aplysia learning to avoid stimuli paired with pain to a world
leader deciding whether to go to war, learning new information and making
choices based on this knowledge are essential to our survival and reproductive
success. In this thesis, I have considered, in detail, the role of a specific brain
region, CGp, in learning and decision-making processes. In doing so, I have
highlighted common theories of CGp function and identified those that are most
and least consistent with the available data. In this concluding section, I will
review the findings of this thesis in light of previous work, emphasizing plausible

functions as well as open questions for future work.

4.2 Subjective valuation in CGp

Previous studies suggested that CGp, along with a variety of other cortical
and striatal regions, may be responsible for encoding subjective value (Kable &
Glimcher 2007; McCoy & Platt 2005). I directly tested this hypothesis by
examining the firing rates of single CGp neurons as monkeys performed a
complex decision-making task. During this task, monkeys made decisions varying
on dimensions of risk, delay to reward, amount of reward, and social cues.
Subjective value was inferred using econometric methods applied to each day’s

revealed preferences. Replicating prior results (McCoy & Platt 2005), we found
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that CGp neurons encoded positive subjective value during the risk component of
the task. However, during the delay and social/juice reward tradeoff conditions,
subjective value encoding was more likely to be negative (Heilbronner et al 2011).
Single neurons were most likely to show this pattern as well, although encoding
was quite heterogeneous. Despite the heterogeneity, this firing pattern is in any
case inconsistent with the hypothesis that CGp neurons encode subjective value.
Indeed, downstream neurons could not interpret choice outcomes without far
more information about task context. Thus, we can conclusively say that CGp
does not encode subjective value. This was an important prevailing hypothesis of
CGp function, so testing it, even if the results are decidedly negative, is of vital
importance for understanding this brain region.

These results highlight a particular difficulty in the study of value signals
in the brain. A great many parameters may co-vary with subjective value within a
given task, including rarity, salience, prediction errors, attention, and
associability, and only when dissociated is it possible to determine whether
subjective value is the most parsimonious interpretation of the neural data (Litt
et al 2011). Thus, we should take care to interpret subjective value correlations in
any brain area where they are observed with caution. While converging evidence
across methods and tasks is important, alone it is not enough to establish a
neural basis for subjective value. Instead, the possible confounds discussed must
be directly controlled.

Given that my data disconfirm the subjective value hypothesis, I looked to

the significant neural effects I did observe during this decision-making task for
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clues to a more plausible function. In doing so, one clear pattern emerged: I saw
that firing rates were consistently higher when monkeys chose a nonstandard,
outlier option. That is, one particular reward option, the standard option, was
available on every choice trial. This non-salient option was never delayed, was
never risky, and was never associated with any social rewards. The other option,
the outlier, changed from block to block. It could be risky, delayed, or associated
with social/juice reward tradeoff. The more different from the standard option
the outlier was, the higher CGp firing rates were. Thus, more different or unusual
options yielded higher firing rates across all task contexts. I have assigned this
pattern of firing the term “decision salience.”

This study was not designed to distinguish among the varieties of potential
salience and attention signals, and consequently did not shed light on the
function of this signal. In order to design such a task, I considered what functions
a decision salience signal may have. Without distinguishing between positive and
negative outcomes, it cannot help determine which choice is best, or assess how
good an outcome is. Instead, it seems better-designed to guide learning from
unusual or aberrant events. With that in mind, I directly investigated the role of

CGp in learning and memory processes.

4.3 Associative learning in CGp

4.3.1 Summary: Recordings

Monkeys performed a simple conditional visuo-motor learning task in

which photographic stimuli were paired with arbitrary, rewarded eye movement
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directions. During this task, CGp neurons encoded a variety of signals relevant to
learning. For example, CGp neurons increased their firing when the monkey
committed an error, failing to choose the rewarded eye movement. This error
signal was modulated by novelty, with higher firing rates for newer scenes versus
highly familiar reference scenes. The error signal was also modulated by value:
scenes that were inherently low-value generated a larger signal than scenes that
were inherently high-value. Within these low-value scenes, those that monkeys
were struggling with (low performance across a long series of trials) generated
higher firing rates than higher-performance scenes. In addition, we observed
slow changes in firing rates as monkeys learned new scenes, consistent with
learning rate. Thus, it seemed that CGp encoded variables at the intersection of
learning and motivation. However, with a number of firing patterns relevant to
learning, it became increasingly clear that a functional manipulation of activity

was necessary in order to determine causation, rather than correlation.

4.3.2 Summary: Reversible inactivation

In order to functionally manipulate neural activity, I reversibly inactivated
CGp with muscimol during the same associative learning task described above,
using saline injections as a control. Muscimol reversibly inhibits activity in a
region but leaves fibers of passage undisturbed. Performance on highly familiar
reference scenes was unaffected by muscimol injections. New high-value scenes
were also well-learned despite CGp inactivation. However, during sessions in

which muscimol was injected into CGp, monkeys were unable to learn new, low-
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value scenes. These results represent only the second functional manipulation of
CGp activity (Hayden et al 2008b), and the first inactivation of this area. It
suggests that CGp is necessary for associative learning in low motivational states,
and that at least some of the signals identified in the recording phase in this
project are causative rather than simply correlative.

CGp is prominently dysregulated early in the progression AD, losing blood
flow as part of the host of neurological changes that come with this disease
(Minoshima et al 1997). Early CGp hypometabolism also predicts later symptom
severity (Yoshiura et al 2002). The behavioral deficit observed following
reversible inactivation of CGp has intriguing ties to the learning and memory

deficits observed in AD.

4.4 What have we learned about CGp function?

Together with the recording results from the learning experiment, the
behavioral deficits observed following reversible inactivation raise a number of
questions. Why were low-value scenes exclusively affected? Why do they induce
higher firing rates? One possibility is that other brain regions, perhaps even other
portions of CGp, were able to compensate for the lost CGp function. That is, the
high-value scenes have a more substantial “safety net” in case of CGp
dysfunction. While possible, if this were the case, we would expect to see a slight
decrement in learning for high-value scenes; instead, we saw no change
whatsoever. This “safety net” hypothesis would be consistent with value

signaling—CGp is not the only brain region with reward information, so others
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would presumably compensate if CGp were inactivated. However, in combination
with the larger error signal for low-value scenes as well as the results from the
subjective valuation experiment, we can rule out the hypothesis that CGp signals
pure motivation or value—after all, high-value scenes were well-learned even
following muscimol inactivation.

A second possibility is that CGp is preferentially engaged in low-value
scene learning because those scenes are poorly learned overall. That is, CGp may
be involved in signaling what is unknown or unlearned. This seems consistent
with the decision salience signal found in the subjective valuation experiment
described above—odder or stranger options would also be more unknown, in a
certain sense. Thus, CGp would be part of a system that sits at the intersection of
performance monitoring and learning, signaling the need to learn based on poor
performance.

A third and related possibility is that, in this context, low-value scenes may
preferentially engage the default network. The default network, an
interconnected set of brain regions that increase their responses during periods
of rest and decrease their responses during task performance, includes the whole
of CGp (Raichle et al 2001). How consistent are these results with the patterns of
the default network? Somewhat. There was no period of “rest” to establish the
canonical default function. Nevertheless, there are particular patterns often
observed in the default network that are consistent with preferential engagement
with low-value scenes. For example, increased activity in the default network is

associated with reduced working memory performance (Hayden et al 2009) and
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lapses in attention (Weissman et al 2006). Thus, low-value scenes may only be
processed with the help of the default network, as they are relatively low priority.
This interpretation suggests that the function of the default network is not related
to being on or off task, but instead, about engaging in relatively low-priority,
background functions. For example, mind-wandering, one of the proposed
functions of the default network, is not useless, but it is also not urgent or task-
relevant.

Collectively, the results presented here suggest that CGp is involved in
performance and environment monitoring for learning, potentially including

motivating behavior surrounding low-priority or background processes.

4.5 Neuroanatomical perspectives on CGp function

CGp is one of the most extensively connected brain regions, with
connections to such disparate areas as MTL, striatum, vmPFC, LIP, and ACC. We
can better understand the results presented here by their relationships with

functions of strongly connected brain regions.

4.5.1 ACC and CGp

Within the cingulate cortex, some of the densest connections are between
CGp (BA 23 and 31) and dorsal ACC (BA 24c and 24b). Fortunately, dACC has
been extensively studied using single unit recordings, human neuroimaging, and
EEG.

The dACC, like CGp, has an error signal (Amiez et al 2005; Holroyd et al
2004; Yeung et al 2004), with greater activity following errors than following
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correct trials. Neuroscientists have invested considerable time in determining the
precise nature of this error signal. In part, this is due to the simultaneous
presence of the conflict signal in dACC (see Botvinick et al 2004). In
neuroimaging studies, this region increases its activity when responses are in
conflict, as in the possible font color and word in the Stroop task (Kerns et al
2004; van Veen & Carter 2005). Those invested in the conflict model of dACC
function assert that the error signal is simply a conflict between the expected or
desired outcome (reward) and the events of the world (no outcome). Thus, the
supposed error signal is simply delayed conflict. However, conflict signals have
not been consistently observed at the level of the single neuron (only in EEG and
neuroimaging studies), whereas error signals have. In contrast, Alexander and
Brown (Alexander & Brown 2011) have suggested that ACC activity is most easily
explained by subsets of neuron representing the probability of particular action-
outcome pairings. This would seem to explain why the conflict signal is not
observable on the level of the single neuron, but aggregate activity increases with
higher conflict. Thus, like the CGp signal, the enhancement in activity following
an error in dACC is far more than a simple error signal.

One major difference between the CGp error signal and the dACC
error/conflict signal is the relationship to future performance. During a Stroop
task, higher ACC activity during an incongruent trial is associated with a faster
response time on the next trial, if that trial is incongruent. This may be due to an
increase in top-down control regulated by ACC. Thus, higher ACC activity during

the error signal results in improved performance, assuming trial types match
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(Frank et al 2005). In contrast, higher CGp activity seemed to be more closely
linked to lower performance. Intriguingly, ACC receives substantial dopaminergic
input, whereas the paucity of DA receptors in CGp suggests that DA does not
have a significant influence on CGp activity. The dACC error/conflict signal may

be more tightly related to the DA reward prediction error signal.

4.5.2 CGp and MTL

Like ACC, MTL has been extensively studied, far moreso than CGp. Thus,
we can assess the likely communication patterns between these two areas.
Although the hippocampus (as part of MTL) has been better studied as a circuit
for declarative learning, perhaps through the dual mechanisms of long-term
potentiation and depression, it also has intriguing reward-related functions.
During a delayed response task, a small percentage of neurons in monkey
hippocampus changed firing after errors; another set changed firing in response
to a reward (Watanabe & Niki 1985). Within an associative learning task, a much
larger population of hippocampal neurons differentiated errors from correct
trials (Wirth et al 2009), just as CGp neurons did. It seems plausible that this
error signal is shared between CGp and MTL, although it is difficult to determine

the direction of causation.

4.6 Relationship to human learning and decision-making

One may wonder to what extent the tasks used here can generalize to
relevant aspects of human learning and decision-making. One way to investigate
this is to consider whether such tasks are abnormal in psychiatric and
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neurological patients. As reviewed in the Introduction to this thesis, a variety of
psychiatric and neurological conditions, including drug addiction, pathological
gambling, mood and anxiety disorders, and AD, are associated with abnormal
associative learning and decision-making in tasks similar to the ones utilized
here.

Given the variety of pathologies associated with deficits in learning and
decision-making, it may be surprising that CGp is not more strongly associated
with disease states (with the notable exceptions of AD and schizophrenia),
particularly mood and anxiety disorders. However, a close reading of the
available literature suggests a different interpretation. CGp activity is often
aberrant in patients with mental disorders. Intense sadness in healthy subjects is
associated with decreased rCBF to CGp, and depression remission in patients
while on fluoxetine treatment is associated with an increase in CGp blood flow
(Mayberg et al 1999). Relative to healthy controls, CGp in depression patients is
hypoactive (Pizzagalli et al 2002). Children and adolescents with bipolar disorder
have smaller CGp volumes (Kaur et al 2005). Relative to healthy combat
veterans, combat veterans with PTSD experience increased blood flow to CGp
when exposed to potentially traumatic images (Bremner et al 1999b). Women
with PTSD following childhood sexual abuse show a similar increase in CGp
activation (Bremner et al 1999a). CGp may also be hyperactive in patients with
obsessive-compulsive disorder (Maltby et al 2005). With these results in mind, I
would argue that a thorough review of the psychiatric literature suggests

significant CGp involvement in a variety of mental disorders.
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With no agreed-upon function, it is particularly difficult to explain and
contextualize CGp dysfunction in psychiatric conditions. In fact, these results fit
more closely with a much older model of CGp function, in which CGp (along with
the rest of cingulate) is part of the limbic system for emotion response and
regulation (Maclean 1952; Papez 1995). Thus, I suggest that CGp’s absence from
much of the mood and anxiety disorder literature is historical in nature, rather
than reflecting true brain states. A thorough understanding of CGp function in
learning and valuation processes therefore has the potential to advance our

perspectives on mental disorders.

4.7 Caveats

All neurophysiological studies suffer from inherent limitations, and these
are no exception. I likely have oversampled tonically active cells as well as large
pyramidal cells, to the detriment of interneurons. In addition, in the recording
studies described here, it is difficult to establish causation. Although I was able to
use reversible inactivation to show that CGp is necessary for learning in low
motivational states, it remains to be seen which of the many learning signals I
observed underlies the loss of function.

One major weakness of the subjective value study is the difficulty in
proving a null hypothesis (in this case, that CGp does not encode subjective
value). I argue that, while proving a null is essentially impossible, the particular
pattern of significant results observed here provide extremely strong support

against the hypothesis that CGp encodes subjective value. That is, the subjective
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value hypothesis makes particular predictions: firing rates should increase with
chosen value, regardless of task parameters or context. Instead, we observed
neurons both increasing their firing rates with subjective value in one context and
decreasing in another. Both of these effects are significant, often within the same
neuron. Thus, these results are probably not a problem of statistical power, a

common source of error when supporting a null hypothesis.

4.8 Future Directions

In this thesis, I probed the function of CGp during a more traditional
associative learning and memory task. This task relies on an intact MTL, so the
results highlight the relationship between these two areas. Although I have
hypothesized a functional connection between MTL and CGp, we have very little
direct evidence in support of these ideas. Ideally, manipulation of CGp activity
would affect learning signals in MTL. If not, the hypotheses presented here would
surely need to be revisited.

The default network also poses a specific set of challenges for cognitive
neuroscientists. Again and again, we have witnessed unique, phasic signals in
brain regions assigned to the default network. How useful is the concept of the
default network, when each brain region has a unique contribution? The default
network does appear as a unit quite often in the cognitive neuroscience literature,
with extremely consistent patterns of activation for such disparate cognitive
processes as autobiographical memory recall, semantic content, and prospective

thought. Future studies will determine to what extent these are linked brain
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regions, and perhaps whether the default network has been overstated as a
unitary system. This may require a re-evaluation of the various proposed
functions of the default network, in order to determine which cognitive processes
engage CGp versus other nodes within the network.

Finally, these results point to important future directions for AD patients.
AD is characterized by severe deficits in cognition, including anterograde and
retrograde amnesia, working memory problems, and decision-making
difficulties. CGp hypometabolism is unlikely to account for all or even most of
these symptoms. Based on the inactivation results presented here, we can infer
that the retrograde amnesia common in AD is probably not due to CGp
dysfunction, but anterograde amnesia may be, in part, attributable to CGp.
Importantly, high-value scenes were not affected by muscimol inactivation. Thus,
learning and memory in AD patients should be probed in high and low
motivational states. Results from these types of studies may influence future

behavioral and pharmaceutical interventions.

4.9 Final Thoughts

CGp is a nexus of widespread neuroanatomical connections, but also of
proposed functions and disease involvement. In this thesis, I have argued that
CGp does not encode subjective value as previously thought, but instead signals
variables relevant to learning in low motivational states. Progress in
understanding CGp function also promises to yield rewards for the study of

neurological and psychiatric disease. In particular, as we come closer to
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establishing the functions of CGp, we advance toward untangling the neurological

tangle that is AD.
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