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Abstract

The judgment of prior stimulus occurrence, generally referred to as item
recognition, is perhaps the most heavily studied of all memory skills. A skilled
recognition observer not only recovers high fidelity memory evidence, he or she is also
able to flexibly modify how much evidence is required for affirmative responding (the
decision criterion) depending upon whether the context calls for a cautious or liberal task
approach. The ability to adaptively adjust the decision criterion is a relatively
understudied recognition skill, and the goal of this thesis is to examine reinforcement
learning mechanisms contributing to recognition criterion adaptability. In Chapter 1, I
review a measurement model whose theoretical framework has been successfully applied
to recognition memory research (i.e., Signal Detection Theory). I also review major
findings in the recognition literature examining the adaptive flexibility of criteria.
Chapter 2 reports behavioral experiments that examine the sensitivity of decision criteria
to trial-by-trial feedback by manipulating feedback validity in a potentially covert
manner. Chapter 3 presents another series of behavioral experiments that used even
subtler feedback manipulations based on predictions from reinforcement learning and
category learning literatures. The findings suggested that feedback induced criterion
shifts may rely upon procedural learning mechanisms that are largely implicit. The data
also revealed that the magnitudes of induced criterion shifts were significantly correlated
with personality measures linked to reward seeking outside the laboratory. In Chapter 4
functional magnetic resonance imaging (fMRI) was used to explore possible

neurobiological links between brain regions traditionally linked to reinforcement

v



processing, and recognition decisions. Prominent activations in striatum tracked the
intrinsic goals of the subjects with greater activation for correct responding to old items
compared to correct responding to new items during standard recognition testing.
Furthermore, the pattern was amplified and reversed by the addition of extrinsic rewards.
Finally, activation in ventral striatum tracked individual differences in personality reward
seeking measures. Together, the findings further support the idea that a reinforcement
learning system contributes to recognition decision-making. In the final chapter, I review
the main implications arising from the research and suggest future research that could

bolster the current results and implications.
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1. General Introduction

1.1  Recognition Judgment in Episodic Memory

We frequently encounter situations that require making decisions about whether
or not we have encountered an item or person before. For example, among a group of
people you notice a woman who seems very familiar. You guessed that she might be
someone working in the same building with you, yet there is still a chance that she could
turn out to be a total stranger. Anyhow, you just decided you should say hello.

Although apparently simple, even a brief consideration suggests that recognition
judgments are often contingent upon a host of contextual factors that subjects actively
weigh in light of the perceived familiarity of a stimulus. For example, when
encountering the person above in an exotic and newly visited foreign land, you are
perhaps less likely to conclude the person is known than when encountering her
engendering an equal sensation of familiarity in the workplace.

Throughout the thesis I refer to the different standards that subjects use when
evaluating recognition information as different decision criteria and in the above example
the observer is assumed to use a stricter criterion overseas, requiring more recognition
information to conclude the person is in fact known. The distinction between recognition
information or evidence, and the standard applied to that evidence is formalized in a
simple decision model below. The goal of this thesis is to examine the decision criterion
during recognition judgments and in particular to examine the observers’ ability to

adaptively position the recognition decision criterion in light of environmental feedback.



In the following sections I review a simple decision model that has been successfully
applied to recognition memory research (viz., Signal Detection Theory). I then review a
set of studies that have spurred controversies regarding the characteristics of recognition
decision processes, specifically, the adaptive flexibility of decision criteria.
1.1.1 Recognition Memory and Signal Detection Theory

A well-established decision model called Signal Detection Theory (Egan, 1958;
Park, 1966; Murdock, 1963) was initially developed for characterizing perceptual
discrimination performance. In basic Signal Detection Theory, subjects are presented
with one of two possible classes of stimuli, target or lure, and required to render a binary
classification of each probe. The evidence underlying the decision is assumed to vary
continuously along a single dimension. The theory assumes that the evidence underlying
judgments is not only continuous, but also normally distributed for the two classes of
items. Figure 1A presents typical target and lure distributions with equal variance.
Correct responses for detection of targets and rejection of lures are conventionally labeled
as hits and correct rejections respectively. In contrast, failures to identify targets are
referred to as misses whereas the incorrect endorsement of lures are referred to as false

alarms (Swets, Green, Getty, & Swets, 1978).

Along similar lines, it was realized early on that recognition decisions could also
be characterized as a unidimensional signal detection process discussed above (Parks
1966; Banks 1970). Figure 1B presents the normal probability density distributions of
continuous amount of memory evidence values for new and old items in recognition

memory. Here the recognition relies on the continuous familiarity level that memory



items evoke. In recognition memory, it is assumed that the evidence underlying lure
items varies according to factors such as prior frequency of exposure, recency of
exposure, and similarity to other items stored in memory. As items are encoded during
study, memory evidence or “strength” is augmented yielding a target distribution falling
to the right of the lure distribution. Because the evidence distributions overlap, observers
must use a single evidence value to parse the continuum into the two required response
options. This value is referred to as the decision criterion and depicted in the Figure 1B
(criterion, c). If an item’s value falls above the criterion the item is categorized as “Old”,
whereas if it falls below, it is categorized as “New”. Overall, the recognition retrieval

process is a classification process in a broad sense.

criterion, €
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Figure 1: Examples of The Equal Variance Signal Detection Theory (SDT) Model of
A. Perceptual Discrimination and B. Old/New Recognition Memory



1.1.2 Sensitivity and Decision Criteria in Signal Detection Theory

The primary goal of Signal Detection Theory was to provide a way to estimate an
observers’ accuracy wholly independent of where they may have placed the decision
criterion. It is assumed that while the accuracy is more likely to be changed by
experimental conditions such as repetition of stimuli presentation rather than by intention
of an observer, criterion varies from one person to another as well as over time. From
this perspective, the variability of decision criteria across different observers or
experiments has been seen as a nuisance that could potentially cloud or distort estimates
of accuracy (e.g., Nelson & Narens, 1994). Indeed, several accuracy measures such as
proportion correct or corrected hit probability (Hit — False alarm) are not free from this
confound. For example, given that we consider the observers’ percentage of hits in a
perceptual signal detection behavior, say two subjects both showed 90% hit responses,
we might conclude that they are equally good at detection performance. However, if one
of the observers showed a 10% false alarm rate while the other showed a 40% false alarm
rate, it would be unreasonable to assume that they showed the same performance. As
reflected in a high false alarm rate, the outcome, the high rate of hit responses, of the
latter observer may result from his/her strong guessing tendency or willingness to say
“yes” rather than purely from high detection ability (see Swets, 1986 for more details).

Signal Detection Theory has been relatively more successful than other accuracy
estimates in circumventing this issue by developing an accuracy measure that is
potentially independent of shifts or difference in criteria. These two independent

estimates are, sensitivity and decision criterion (Macmillan & Creelman, 1991).



Sensitivity, termed d’, refers to ability to distinguish between stimuli (signal vs noise, old
item vs. new items). As depicted in Figure 1A, it indicates how far the signal and noise
distributions are from each other in units of standard deviation (see Appendix 1 for more
explanations and computational formulae). As the evidence distributions move further
apart, observers will become increasingly accurate in their reports. On the other hand,
decision criterion, termed c, is an observer's reference point on the evidence axis where a
detection response can be elicited when the information level (e.g., strength of a
perceptual stimulus, familiarity level of to-be-recognized item) exceeds that point. For
simple "Old/New" classification only a single criterion is used to divide the continuum.
In contrast, when asked to make confidence ratings, observers are assumed to employ
multiple criterion values to parse the continuum into the required number of confidence
ratings (Figure 2A).
d =125
0.9 "
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0 02 04 Cll.6 6.8 1
1 = Unsure 2 = Moderate 3 = Certain False alarms

Figure 2: Decision Criteria and The Receiver Operating Characteristic (ROC) of
The Equal Variance Signal Detection Model.



When the old and new item endorsement rates are cumulated from most to least
confident, a characteristic curve known as the receiver operating characteristic (ROC) is
traced out (Figure 2B). The ROC is a graph of the functional relationship between the
hits and false alarms. The ROC function is important because it specifies all of the old
and new item response rates that are permissible for a given level of accuracy (d') (i.e., d’
= 1.25 in Figure 2B) as a result of differently placed decision criteria (Swets, 1986).

This, in theory yields an accuracy curve that is independent of any expressed confidence
or criterion (i.e., criterion-free). More specifically, when one looks across different levels
of confidence or conditions designed to encourage lax or strict decision criteria, the signal
detection accuracy estimate, d’, is less likely to be influenced whereas other accuracy
measures tend to change values. In this way, Signal Detection Theory appears to come
the closest in providing a criterion-free measure of accuracy and appears to easily
characterize this relationship between confidence and response outcomes better than
previous estimates (Swets, 1986).

Since the criterion has often been treated as a nuisance the vast majority of
recognition studies using signal detection measures have been concerned with factors that
influence accuracy not criterion placement. Since the evidence reflects the amount of
information that a stimulus contains as a potential target, it is assumed that one's accuracy
can be increased via the manipulation (i.e., increase) of the strength level of evidence, for
example, by repeating the presentation of study items in a memory task (strengthening
the memory trace) or by using distinctive stimuli to be recognized, detected, or

discriminated. Indeed, in the long history of various memory studies using recognition



paradigms, researchers have heavily focused on the outcome or level of accuracy of a
task to indicate how good a person’s memory is. Recently neuroimaging studies that
explore the neural substrates of memory have also focused on the accuracy of
recognition.
1.1.3 Summary of Recognition Memory Process in Signal Detection Theory
To summarize, recognition performance is well characterized by a simple
decision model, Signal Detection Theory. This model characterizes performance in terms
of accuracy and decision criterion parameters, with the former representing the ability of
the observer to discriminate targets and lures, and the latter representing the position of
chosen threshold for responding “old” versus “new”. The primary goal of SDT and
previous decision models was to remove the influence of criterion differences, or
differences in “guessing” tendencies, from accuracy estimates, and research suggests that
the SDT model provides accuracy estimates that are more stable across criterion
differences than other models. Unfortunately, the vast majority of research using these
measures has treated criterion variability as a nuisance instead of a factor worthy of study
in its own right. Below I explain why the positioning of the criterion is just as important

as the accuracy of the observer in terms of environmental outcomes.
1.2 Flexibility of Recognition Decision Process — Criterion Shift

Although observers are assumed to have little strategic control over the
distributions of memory evidence once encoding process finishes, the placement of
decision criteria is often assumed to be under a high level of observer control, with

observers capable of shifting criterion positions in order to favor particular outcomes.



For example, an X-ray reader should be much more willing to make a false alarm (i.e.,
falsely recognizing a tumor when none is there) than a miss (failing to detect a tumor)
since a miss response can be fatal to the patient while a false alarm might be less critical.
Military personnel engaged in radar detection should understand that the cost of a missed
target is much higher than the cost of a false alarm. In the above examples, both of the
observers need to adopt a liberal standard to select information. In contrast, military
personnel deciding whether or not to go to war are cautious not to misinterpret false
information to provoke a war. Their misses may not cause great problems compared to
the cost of a false alarm; therefore, they need to adopt a conservative standard. In the
case of recognition decisions, if subjects are rewarded for detecting old items, yet face no
punishment for incorrectly endorsing new items, then it would be advantageous to rapidly
shift the old/new criterion to a more lax position increasing the correct “old” rate and
hence increase reward.

Furthermore, criterion placement can govern outcomes just as much, if not more
than the accuracy of the observer. In an evolutionary sense, outcomes are key and it is
irrelevant whether the correct response is obtained either due to high accuracy or a shifted
criterion. Thus an observer who is skilled at strategically positioning the criterion to
maximize high reward outcomes will often be successful, and may in fact be able to
compensate for a memory system with reduced accuracy or resolution. However, despite
its intuitive appeal and clear adaptive advantage, the extant evidence is highly mixed with
regard to the ability of subjects to adaptively reposition recognition decision criteria. |

review this evidence below, first beginning with the one manipulation that does appear to



reliably invoke adaptive memory criterion positioning, namely, explicit pre-test
instructions or warnings.
1.2.1 Explicit Pre-test Instruction and Criterion Shift

Several instruction methods yield adaptive memory criterion shifts when
presented prior to testing. These include instructing subjects to favor either high
confidence “old” or “new” responses (Azimian-Faridani & Wilding, 2006), providing
them with either veridical or misleading information about upcoming target-lure ratios
(Hirshman & Henzler, 1998; Rotello, Macmillan, Reeder, & Wong, 2005; Strack &
Forster, 1995), or informing them about differences in relative monetary payoffs for
certain outcomes (Van Zandt, 2000). In all cases, it is important to note that the shift
reflects an adjustment that occurs prior fo testing as a function of explicit instruction, and
that it reflects subject’s explicit understanding of test list characteristics or contingencies
that, in the long run, make one response option relatively more desirable or profitable
than another. Although subjects are capable of using explicit instruction it is also
noteworthy that there are also reports illustrating an apparently strong reluctance to shift
the criterion in response to information about the target-lure distributions (e.g., Morrell,
Gaitan, & Wixted, 2002; Stretch & Wixted, 1998).
1.2.2 Previous Findings That Suggest a Rigid or Inflexible Criterion

The efficacy of explicit instructions in inducing criterion shifts, however, stands
in marked contrast to the insensitivity of memory decision criteria to changes in testing
conditions that should also encourage adaptive criterion shifts. For example, in a series

of early studies Wallace and colleagues found similar hit rates regardless of whether or



not the test lists actually contained lures (Wallace, 1982; Wallace, Sawyer, & Robertson,
1978). This is striking from a signal detection perspective since one might predict that
when lures are entirely absent, observers would capitalize on the perceived high
proportion of targets and accordingly adjust the criterion downward in order to maximize
success rates. Somewhat similarly, Estes and Maddox (1995) found that the word
recognition criterion appeared to be insensitive to prominent changes in average target
density during continuous recognition testing, even when explicit feedback was used to
inform performance.

More recently, Verde and Rotello (2007) presented observers with test lists that
seamlessly abutted two blocks each containing either strongly or weakly encoded targets
intermixed with novel lures. If subjects spontaneously adjust the recognition decision
criterion then they should adjust the criterion either upward or downward depending on
the average strength of the probes in the two test halves. For example, when transitioning
from a strong target block to a weak target block, subjects should adjust the criterion
downward because signals exceeding their old/new criterion would suddenly become
increasingly rare, suggesting that they were too stringent in their chosen criterion (see
also Glanzer & Adams, 1990). Nonetheless, even though there were prominent changes
in the hit rates between the adjacent blocks, the false alarm rates remained fixed,
suggesting that observers’ criteria were insensitive to persistent changes in the average
strength of the items during testing. Similar extreme forms of criterion rigidity have been

observed when different strength levels were associated with different categories of items
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at test, with subjects failing to adopt different criteria for weak and strong categories of
items (see Morrell, Gaitan, & Wixted, 2002; Stretch & Wixted, 1998)

Taken as a whole, the above studies suggest that once testing begins, subjects do
not use systematic changes in average strength or target density to adaptively shift their
criterion. I refer to these systematic manipulations as “global” in that they relate to a
large portion of the test list or an entire class of items within the list. Whether subjects
are unaware of these manipulations, simply do not understand how they should adjust
their responses because of them, or are unwilling to expend the effort to capitalize upon
them, remains unclear. However, the above studies would suggest a strong limit on
subjects’ abilities to use global test list regularities as cues to more effectively reposition
recognition decision criteria.

1.2.3 Previous Findings That Suggest Self-induced, Strategic Criterion Shifts

Despite these findings suggesting extremely rigid criterion placement during the
course of testing, there are also studies that in contrast indicate that subjects can adjust
the criterion position on a trial-by-trial basis as a function of the semantic characteristics
of individual retrieval probes. For example, subjects appear to adopt a stringent criterion
for items that are personally distinctive and known (for example a picture of one’s
favorite coffee shop) versus those that may be perceptually similar but unknown (an
unknown coffee shop) (Dobbins & Kroll, 2005). Such shifts are in accord with the
subjective memory heuristic postulated by Brown, Lewis and Monk (1977) that assumes
that memory decisions are informed by subjective expectancies about the memorability

of encounters with personally unique and relevant stimuli (see also Benjamin & Bawa,
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2004; Benjamin, 2003). More specifically, the heuristic assumes that subjects expect to
recover vivid or strong recognition information for personally distinctive items, such as a
photograph of a loved one appearing in a face recognition test list, and hence apply a
stricter decision criterion to such items compared to unknown, personally non-distinctive
stimuli. Importantly, in all of these cases indicating trial-by-trial criterion adjustment, the
adjustments are in response to the differing semantic characteristics of the probes across
the trials, which govern subjects’ expectancies about the strength or richness of
recognition that should occur had each item been studied.
1.2.4 Summary of Findings about Recognition Criterion Shifts

In summarizing the work on verbal recognition criteria outlined above, it appears
that criterion shifts have been readily documented under only two circumstances. First,
when the semantic characteristics of each individual probe can be clearly used to estimate
memorability, then subjects appear capable of adjusting the criterion strategically.
Second, if subjects are provided with explicit instructions that make the preferred
response strategy clear at the outset of the test then criterion shifts are also obtained. In
both cases, subjects are likely able to explicitly state why they are responding cautiously
or liberally based on known characteristics of the test list construction (e.g., [ was told
almost all of the items would be old) or on semantic features of the individual probes
themselves (e.g., I would have remembered pictures of my friends had they been in the
study list). Conversely however, the data also suggest that subjects are unable to
capitalize either upon global changes in probe strength or density (or response rate

changes associated with these manipulations) in order to reposition their criteria
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adaptively. Given the clear importance of adaptive criterion shifts noted in section 1.2, it
is surprising that criterion positioning is not more responsive to changes in environmental
characteristics such as average target density or strength. Below I suggest that this
insensitivity likely reflects the fact that in typical recognition experiments, maintaining an
overly strict or lax criterion has no consequences for the observer and that in the absence
of such consequences it is difficult for observers to evaluate if their criterion is

inappropriately placed.
1.3  Feedback and Recognition Criterion Shift

In the present dissertation I assume that although subjects are insensitive to global
manipulations of probe strength or target density, recognition decisions should
nonetheless be highly sensitive to local, trial specific cues that inform current criterion
utility. The method used to behaviorally test this assumption consists of subtle and novel
feedback manipulations. For human behavior, when the outcome of response determines
reward, people attempt to maximize outcomes by replicating reinforced decisions
(reinforcement) and avoiding those leading to negative consequences (punishment)
(Montague & Berns, 2002; Skinner, 1938; Sutton & Barto, 1981; Thorndike, 1911).
Learning occurs when there is a tendency toward maintaining behavior previously
associated with reward, and is driven by trial-by-trial outcomes that strengthen the
association between a stimulus and a response. While cognitive research has clearly
demonstrated that this reinforcement process is not the only method of learning (cf.,
LeDoux, 1992 — emotional learning; Dweck, 1986, Adcock, 2006 — motivational

learning), it is certainly a key aspect of learning in many situations. This dissertation
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examines the novel hypothesis that reinforcement learning plays a major role in the way
subjects render recognition judgments. More specifically, it predicts that reinforcement
learning governs criterion placement during retrieval.

1.3.1 Recognition Memory Studies Using Feedback Manipulations

Previous research suggests that subjects can effectively use feedback to guide and
monitor performance in non-recognition memory domains (Bohil & Maddox, 2003;
Elliott, Frith, & Dolan, 1997; Maddox & Bohil, 2001; Papo, Baudonniere, Hugueville, &
Caverni, 2003; Pashler, Cepeda, Wixted, & Rohrer, 2005). Additionally, psychophysical
studies have proposed learning models in which subjects adjust criteria in response to
feedback after errors occur (Dorfman, 1986; Dorfman & Biderman, 1971; Kubovy &
Healy, 1977; Thomas, 1973). However, despite the prevalence of feedback
manipulations in non-memory domains, the use of feedback information to attempt to
influence memory decision criteria is surprisingly rare, and in fact only three recent
reports appear to do so (Verde & Rotello, 2007; Estes & Maddox, 1995, Rhodes &
Jacoby, 2007).

Verde and Rotello (2007) were able to induce a criterion change by providing
subjects with correct feedback on every trial, stopping intermittently and giving subjects
quartile performance summaries, and by globally reducing the average strength of targets
in the second compared to first half of the test (Experiment 4). Although these
researchers were able to induce a more liberal criterion, it is not clear which aspect of the
design was critical. The adjustment could have required the prominent change in average

target strength; the trial-by-trial feedback may be the necessary component; or the
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quartile performance summaries may have functioned in a manner similar to providing
explicit instructions to be wary of certain response types. In a continuous recognition
paradigm (i.e., Shepard, 1967), Estes and Maddox (1995) were also able to induce a
criterion shift during digit and letter string recognition memory by using feedback
coupled with a changing target probability. However, this manipulation was ineffective
for verbal recognition memory, which is the focus of the current investigation. Finally,
Rhodes and Jacoby (2007) demonstrated a criterion shift by pairing screen locations with
different target probabilities and providing feedback. Their data suggested that subjects
adopted different criteria for the two locations provided they explicitly realized that the
regions were associated with different ratios of targets to lures. Again however, this
manipulation required a prominent manipulation of the distribution of memoranda, in this
case the crossing of different target densities with different locations, coupled with
extensive feedback.

It is important to note that in the two cases where feedback has been effective in
shifting word recognition decision criteria, this shift only occurred in conjunction with a
prominent manipulation of average strength or target probability coupled with extensive
feedback procedures. Based on the nature of the feedback provided in Verde and Rotello
(2007), and the findings of Rhodes and Jacoby (2007), it is likely that the feedback in
these paradigms functioned similarly to an explicit instruction condition, clearly warning
subjects to strategically favor or avoid certain classifications because of global changes in
the strength or probabilities of memory targets. For example in Verde and Rotello

(2007), not only was feedback provided on every trial, but the test was paused and
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performance summaries were given for every quartile of the test showing the total
number of correct and incorrect responses for that test segment. Somewhat similarly, in
Rhodes and Jacoby (2007) feedback was given on every trial and a running total of
correct responses was shown to subjects throughout. These authors also found that
additional manipulations that made the different target probabilities even more salient,
such as using different keys for the different presentation quadrants, strengthened the
effect. These effects, combined with post experiment questionnaires led Rhodes and
Jacoby (2007) to conclude that the effect heavily depended upon conscious awareness of
how the memoranda were being spatially manipulated.
1.3.2 Feedback-based Category Learning: Deterministic vs. Probabilistic
The current research examines the adaptive flexibility of recognition decision
criteria in light of both reinforcement learning and category learning research (Ashby,
Maddox, and Bohil, 2002; Ashby, Queller, & Berretty, 1999; for review see Ashby &
Maddox 2005), the latter of which often distinguishes between rule-based category
learning tasks, and those that are instead likely more implicit or procedural in nature.
During category learning, subjects learn to sort stimuli into categories by observing
feedback information over hundreds of trials and they can use this acquired category
information to make inferences for previously unobserved stimuli with relevant features
in order to react similarly and to facilitate decision making (Markman & Maddox, 2003).
Classification learning is a fundamental skill underlying categorization and concept
formation (Estes, 1994), and in many cases, category learning closely relies upon

feedback and environmental reinforcement.
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Rule-based category learning tasks, typically require observers to sort stimuli into
two mutually exclusive categories along a single dimension (e.g., fat versus thin
sinusoidal gratings) and can be easily learned through explicit trial-and-error reasoning.
Critically, there is no ambiguity about the relevant evidence dimension and observers can
easily state their chosen strategy. More critically, the stimuli are linearly separable,
meaning that provided the subject discovers the single correct value for splitting the
dimension, feedback will continuously and perfectly reinforce this discovered criterion
value (i.e., no errors will occur and hence all feedback will be positive). Rule-based
category learning is thought to rely in part on executive control and attention mechanisms
supported by prefrontal cortex (PFC) (Ashby, Isen, & Turken, 1999; Elliott, Rees, &
Dolan, 1999; Robinson, Heaton, Lehman, & Stilson, 1980), in conjunction with
mechanisms supported by the striatum, which is set of deep forebrain structures linked to
reward learning and motivation.

In contrast to rule-based category learning, information-integration and
probabilistic classification tasks have a much less direct link between stimulus attributes
and outcomes, at least from the observer’s subjective perspective. During information
integration tasks, the categories are usually not linearly separable, with stimuli
constructed from complex combinations of two or more continuous-valued feature
dimensions (Ashby & Gott, 1988). As the rule for combining relevant dimensions in
each category becomes increasingly mathematically complex (e.g., a nonlinear
combination of thickness and orientation of sinusoidal gratings), observers are

increasingly unable to explicitly state the rule governing their performance even when
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doing fairly well. Critically, this means that explicitly held rules at best only approximate
the actual category distinction, and this may dissuade subjects from using such rules since
they will often receive negative feedback when doing so. In other words, when a
category distinction depends upon a complex combination of features, the use of explicit
rules of the kinds subjects are likely to formulate, is discouraged by the tendency of these
simple rules to yield negative feedback outcomes.

Somewhat similarly, although probabilistic classification tasks do not use
complex multi-dimensional feature combinations, feedback is rendered probabilistically
such that the same classification of a particular stimulus does not guarantee the same
feedback outcome on every trial. More specifically, particular stimuli that belong to
category A in one trial might be also probabilistically associated with the other category
in the following trials (Figure 3). For example, in the “Weather” prediction task of
Figure 3, the relationship between a set of shape cues and their weather outcome is
probabilistic. Subjects are told that they are a weather forecaster and their goal is to
predict "sun" or "rain" given each cue or set of cues that appears on the screen. In this
figure, SUN card predicts the weather (sun) with 80% probability and the RAIN card
predicts the other outcome (rain) with 80% probability. Due to the probabilistic
relationship between cue and outcome, explicit strategies are not productive until enough
instances confirmed through cognitive feedback are accrued (i.e., Gluck, Shohamy, &

Myers, 2002; Meeter, Myers, Shohamy, Hopkins, & Gluck, 2006).
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Figure 3: Examples of Weather Prediction Task. Two Cards In The Weather Task and
The Likelihoods With Which They Predict The Outcomes, Rain and Sun.

As in the information-integration learning, this may dissuade the use of explicit
rules because the rules will be frequently disconfirmed by the feedback. During
probabilistic classification observers gradually acquire response tendencies that match the
probabilities of reinforcement for the stimuli (Sage, Anagnostaras, Mitchell, Bronstein,
De Salles, Masterman, & Knowlton, 2003). This so-called matching law refers to the
reliable tendency of animals to distribute responses probabilistically between response
options as a function of their prior probabilities of reinforcement (Herrnstein, 1970).
Several neuropsychological and neuroimaging findings suggest that learning during
information-integration and probabilistic learning tasks heavily relies upon the integrity
of the striatum (Knowlton, Squire, & Gluck, 1994), a structure linked to procedural and
habit learning (Aron, Shohamy, Clark, Myers, Gluck, & Poldrack, 2004; Knowlton,
Mangels, & Squire, 1996a; Poldrack, Clark, Pare-Blagoev, Shohamy, Creso Moyano,

Myers, & Gluck, 2001; Saint-Cyr, Taylor, & Lang, 1988; Seger & Cincotta, 2002).
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1.3.3 Similarities Between Recognition Decisions and Feedback-Based
Probabilistic Classification Learning

Before proceeding, it is important to note why one might think that recognition
classifications share important similarities to information integration and probabilistic
classification learning tasks. First, episodic information is generally assumed to be
multidimensional (Hintzman & Waters, 1970; Johnson, Hashtroudi, & Lindsay, 1993;
Yonelinas, 1994). This means that the category “old” may depend upon combinations of
different trace dimensions or memory attributes in ways that may be difficult to state in a
simple explicit rule. Second, as made apparent in the Signal Detection Model, any
decision criterion for responding “old” can only be probabilistically reinforced if
feedback is fully valid because the old and new evidence distributions are not linearly
separable (see Macmillan & Creelman, 1991). In other words, even optimal positioning
of the criterion, half way between the distributions (see Figure 1 above), will only yield
positive feedback outcomes on a proportion of the trials because the evidence evoked by
old and new items overlaps, often considerably. These two characteristics suggest that
recognition decision criteria might be easily influenced by the same mechanisms
governing learning in information-integration and/or probabilistic classification tasks.
Furthermore, recent evidence clearly demonstrates that classification tendencies are
heavily influenced by learned reinforcement contingencies. For example, the
manipulation of reinforcer ratios following visual pattern recognition (e.g., circle vs.
square) produces reliable and systematic changes in measured decision criteria

(Johnstone & Alsop, 2000) during perceptual a discrimination task.
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In the case of recognition, Unkelbach (2006) has demonstrated that the fluency
with which stimuli are identified can be learned as a cue for either strict or lax
recognition responding. For example, subjects typically demonstrate a more liberal
criterion for stimuli that are perceived more readily, through for example, higher stimulus
contrast. Thus typically, high contrast old and new items are more likely to be labeled
studied than low contrast old and new items. However, this tendency is not fixed. By
using test lists in which low contrast items were always studied and high contrast items
were lures, Unkelbach (2006) was able to reverse fluency effects on the tendency through

the use of feedback.

1.4  Conclusions of Review

Critically, there is not a single study in the recognition memory literature
demonstrating that subjects are able to adaptively adjust the decision criterion during
testing, unless there are also prominent manipulations of the memoranda coupled with
feedback conditions or stimulus properties that likely make subjects explicitly aware of
appropriate response strategies given these manipulations. If such conditions were
absolutely necessary, this would represent a severe limitation of memory criterion setting
and stand in stark contrast to the assumption of a highly flexible criterion that is fully
independent of the evidence to which it is applied (Macmillan & Creelman, 1991). Thus
looking at recognition work to date, one might be tempted to conclude that subjects are
unable to shift the decision criterion unless there is some combination of a prominent

manipulation of the distribution or characteristics of the memoranda, and procedures in
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place to make observers explicitly aware of this manipulation. On the other hand, by
analogy, there seem to be many similarities between the rendering of recognition
decisions, and classification in other domains, of which judgment is under influence of
feedback. If recognition decisions are governed by the same mechanisms governing
learning in information-integration and/or probabilistic classification tasks, then the
recognition decision criterion should be highly sensitive to feedback contingencies, even
if the stimuli remain unaltered and the subject is largely unaware of the nature of the
feedback contingencies. Based on these considerations I predicted and document a novel
type of potentially implicit criterion learning during recognition judgments.

1.5 Focus of This Thesis

1.5.1 Topic 1 — Adaptive Criterion Learning Based On Feedback
Contingencies

The primary goal of the current study was to determine whether, in the absence of
any alteration of the memoranda, subjects could nonetheless adaptively shift the decision
criterion in response to different feedback contingencies. Furthermore, I was interested if
the shift could be induced in the absence of awareness of the manipulation used to induce
it. If so, this would stand in marked contrast to prior successful instruction and feedback
manipulations, and might reflect a type of learning not previously considered relevant
during explicit recognition decisions. By manipulating the feedback contingencies that
provided subjects with trial specific information about appropriateness of the currently
held criterion placement, a series of current experiments in Chapter 2 and 3 would

potentially fill the gap mentioned above and demonstrate an adaptive criterion operating
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according to reinforcement learning principles. First, the questions addressed in the
Chapter 2 include:

1.) Do criterion shifts occur in the absence of explicit instruction and stimulus
manipulations?

2.) If shifts occur, are they maintained for extended periods in the absence of the
feedback manipulation used to induce them?

3.) If feedback induced criterion shifts are observed, are subjects aware of the
role of the feedback in producing the criterion shifts?

1.5.2 Topic 2 - Incremental Reinforcement Learning of Recognition

Criterion Placement

Even if the old/new decision criterion is influenced by feedback manipulations, it
need not be the case that the same type of incremental reinforcement learning that has
been heavily studied in the learning of novel stimulus categories is also affecting
recognition criterion placement (e.g., Squire, 1992; Gluck & Bower, 1988; Poldrack et
al., 2005). Although some evidence suggests that recognition criteria are reliably biased
by certain stimulus characteristics (Benjamin & Bawa, 2004; Dobbins & Kroll, 2005), the
potential role of learning in the acquisition of these biases just begun to be researched
(Han & Dobbins, in press; Rhodes & Jacoby, 2007; Unkelbach, 2006). If adaptive
criterion shifts can be observed using procedures that capture key aspects of information
integration and probabilistic classification learning paradigms, then this would suggest
that incremental reinforcement learning mechanisms not often considered important

during explicit recognition judgments may play a key role in criterion setting. This in
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turn suggests that adequate models of memory decision criteria may require multiple
constituent processes. The questions to be addressed in the Chapter 3 are:

4.) Are the learned criterion shifts observed when the biasing feedback
manipulation is delivered probabilistically?

5.) Are the criterion shifts induced by altering the availability of feedback for
certain response types (e.g., by withholding feedback for either false alarm or
miss responses)?

6.) Ifthe learning is implicit and linked to feedback processing, is the flexibility
of criterion position related to stable personality characteristics such as
sensitivity to environmental feedback?

In addition to these specific questions, the obtained data will also begin to

contribute to the building of theoretical links between implicit category learning and
explicit recognition retrieval domains by suggesting a mechanism by which recognition

decision criteria are influenced by incremental reinforcement learning processes.

1.5.3 Topic 3 — Neural Substrates of Reward and Reinforcement Processes
During Recognition Retrieval

Finally, in Chapter 4, an initial investigation of activation in striatal structures
known to participate in reward-processing and incremental reinforcement learning was
conducted during recognition testing using functional magnetic resonance imaging
(fMRI). The goal was to examine striatal regions during standard recognition tasks to
determine whether activations differed as a result of different decision outcomes. Several
questions were examined. First, do striatal responses differ as a function of recovery of
recognition information, or instead as a function of rendering a confident decision?
Whereas some studies suggest that the recovery of information promotes activity in

reward-processing regions, others instead emphasize the link between the responses and
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the anticipation of reward. The initial prediction was instead that during standard
recognition, “old” item responses would be associated with greater activation than “new”
item responses because subjects internally frame the task as a search for episodic
information. In contrast, if it were simply the recovery of high quality, high confidence
information that was key, then high confident “old” and “new” responses should yield
prominent striatal activation. Importantly, these potential activation differences were
predicted even though no extrinsic reward was available to the subjects and thus this
study differs appreciably from prior reward-processing research.

The second main question was whether striatal activation differences observed
under standard recognition could be altered by the addition of extrinsic rewards. If
recovery of episodic information always led to striatal responses then these would occur
regardless of whether “old” or “new” item classifications were linked to possible
extrinsic rewards. In contrast, if these responses were in anticipation of reward or
reflected the satisfying of goals, then they should be larger for the decision type that
potentially leads to rewarding outcomes. Thus the question addressed by the second part
of the study is whether the pattern of striatal response observed during intrinsic goals
could be altered or reversed by adding extrinsic reward to recognition judgments.
Finally, the issue of individual differences in motivation was examined by looking for
activation patterns that correlate with individual differences in reward seeking as indexed
by personality questionnaire. To the extent that subjects score high in the tendency to
seek reward outside the lab, striatal response differences between favored and non-

favored response options might be amplified. Previous neuroimaging research related to
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reward-processing and reinforcement learning will be reviewed in the Introduction of

Chapter 4.
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2 Investigating the Adaptability of Recognition Decision
Criteria

The primary question addressed in Chapter 2 is whether the recognition criterion
is sensitive to subtle manipulations in the validity of provided feedback. The logic
underlying the manipulations comes directly from reinforcement learning principles and
assumes that recognition decisions that yield greater reward ratios (i.e., the ratio of
positive to negative outcomes) become favored. Importantly, unlike prior work on
recognition decision criteria, the stimuli in the current series of studies are not
manipulated in order to induce criterion shifts, and subjects are not provided any explicit
instructions about response strategies that should be favored. Instead, in an attempt to
induce criterion shifts, a subtle biased feedback technique is used that selectively
misinformed subjects during errors of commission (false alarm) or errors of omission
(misses), whereas correct responses were always indicated as such. By falsely informing
subjects about certain types of errors, they were expected to favor the response type more
often leading to a positive outcome, or analogously to learn to avoid the response more
often associated with negative outcomes. Furthermore, because the manipulation was
restricted to errors, it was predicted to be largely transparent to the observers because
erroneous responses are usually rendered with high uncertainty and hence the subjects
should not question the validity of the feedback. This approach has parallels with studies
examining the matching law (Herrnstein, 1970) and animal learning theories suggesting a
link between reinforcement learning theory and memory performance (e.g., White &

Wixted, 1999). The matching law refers to the reliable tendency of animals to distribute
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responses probabilistically between response options as a function of their prior
probabilities of reinforcement and a wide range of animals do this, including species that
are clearly unlikely capable of forming explicit response strategies. Importantly, any
learning induced favoring of one response type over another would appear as a
measurable shift in the decision criterion within the Signal Detection framework (White
& Wixted, 1999). If the manipulation were effective, this would potentially suggest that
two learning or control mechanisms could influence recognition criterion placement.
One, as demonstrated by prior research using explicit biasing instructions, involves
subjects actively incorporating explicit knowledge about the structure of the test list (or
the payoffs of certain types of responses) in order to maximize a goal. The other
potential mechanism would instead involve incremental reinforcement learning achieved
through feedback, and is perhaps less explicit in nature. I discuss this possibility more

fully in the final chapter after presenting the experimental findings.
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2.1 Experiment 1A: Unbiased Feedback vs. Non-Feedback (OLD/NEW
Recognition)

2.1.1 Rationale

Before assessing the efficacy of the biased feedback manipulation, Experiment
1A was conducted to determine whether providing unbiased feedback during recognition
memory judgments would, in and of itself, appreciably affect accuracy. That is, the goal
of the experiment was to ensure that fully correct feedback did not influence accuracy
compared to when no feedback was present. The presence or absence of feedback was
manipulated within subjects in order to maximize sensitivity. As noted below, finding a
prominent influence of feedback on accuracy estimates would complicate matters
because the interpretation of criterion shifts is difficult when confounded with
concomitant changes in accuracy (Pastore, Crawley, Berens, & Skelly, 2003; Wixted &
Stretch, 2000).
2.1.2 Methods
2.1.2.1 Subjects

Sixteen Duke undergraduate students participated in return for course credit.
Informed consent was obtained as required by the human subjects review committee of
the university.
2.1.2.2 Materials and Procedure

A total of 480 nouns were drawn randomly for each subject from a pool of 1216
words total. From the list, four lists of 120 items (60 old, 60 new items for each cycle)

were constructed for use in four study/test cycles. The items in the pool were on average
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7.09 letters, and 2.34 syllables, with a Kucera-Francis corpus frequency of 8.85. The
subjects were tested individually, and computers were used for presentation of items and
collection of responses. The order of feedback blocks and non-feedback blocks was
randomized.

Prior to study, all subjects were instructed that they would be required to study a
list of items while counting the syllables of each word, following which they would be
immediately tested on their memory for the items. Subjects were not forewarned that
feedback would be present on half the blocks. After 10 practice trials used to familiarize
subjects with the key assignments, subjects pressed a key to begin the study proper. For
encoding, subjects were instructed to report the number of syllables for each serially
presented word. Each word appeared with a task cue "Counting syllables 1/2/3/more
than 4" underneath and subjects were given a limited amount of time (2 s) to perform the
task. If no response was entered within 2 s, a warning message asking for a quicker
response was presented along with a beep. There were 60 words in each study phase. In
each subsequent memory test, the studied items were intermixed with 60 new items and
presented serially for yes-no recognition judgments (“Is this OLD or NEW? 1=OLD
2=NEW?”) and confidence ratings (“Confidence? Unsure =1 2 3= Certain”) using pre-
assigned keys on the keyboard. Responses were self-paced. There were four study/test
blocks.

Two parameters derived from Signal Detection Theory were used to separately
assess accuracy and decision criterion, A, and c, throughout the thesis. A, is the area

under ROCs assuming normal evidence distributions, and provides a single value of
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accuracy even when the old and new item distributions do not share the same variance. c,
is a bias statistic that indicates the criterion location in the units of root-mean-square
(rms) standard deviation of the old and new item distributions, and thus can also be used
in cases where the distribution variances are thought to be unequal (see Macmillan &
Creelman, 1991). Positive values indicate strict criterion and negative means lax criterion

position (see Appendix 2 for more explanations and computational formulae).

Feedback Manipulation: Two of the four test blocks were accompanied by
feedback noting the accuracy of each memory response, with the order determined
randomly for each subject. Following the subject’s confidence report, feedback was
presented indicating the response was correct (“That is CORRECT”) or incorrect (“That
is INCORRECT”). These prompts were located directly beneath the test probe and were
bright orange and accompanied by a beep for incorrect responses. Feedback for correct
responses was in the same font color as the probes and did not have an accompanying
sound.

2.1.3 Results

Accuracy (A, ) and Decision Criteria (c,): The analyses employed the detection

theoretic estimates of accuracy and decision bias A, and c,. A contrast of A, across the
feedback (A, = 0.90) and no-feedback (A, = 0.90) conditions suggested overall accuracy
was unaffected by feedback (t(15) =.02, p > .98). Similarly, the estimate of response
bias, c,, also did not significantly differ across feedback (c, = .16) and no-feedback (c, =
.10) conditions (t(15) = 0.90, p > .37). The positive values of c, suggested that subjects

were on average, slightly conservative, whereas negative values of ¢, would have
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indicated liberal responding and a greater willingness to say “old” (Macmillan &
Creelman, 1991).
2.1.4 Discussion

Overall, the results suggest that neither recognition accuracy nor criterion location
differed significantly as a function of the presence or absence of performance feedback.
This is informative since there are at least two reasons why one might instead predict that
feedback would improve performance. First, subjects might benefit from feedback if it
were useful in determining which types of probe information were or were not diagnostic
of prior study. That is, if subjects sometimes believed that tangential probe
characteristics, such as word frequency or concreteness, were directly diagnostic of study
status, feedback might help to disavow these erroneous beliefs and thus improve
performance. Alternatively, one might suppose that in the absence of feedback subjects
may “hunt” for an appropriate old/new criterion location across trials. If the old/new
decision criterion varied in its position from trial to trial, feedback could help minimize
this criterion variance by informing subjects more quickly and directly about the
appropriateness of a chosen location. This would in turn elevate performance because
trial-to-trial changes in the criterion location reduce the observed accuracy of the
observer (Carterette, Friedman, & Wyman, 1966; Friedman, Carterette, & Nakatani,
1968; Treisman & Williams, 1984). Although plausible, neither of these hypotheses was
supported by the results.

The null effect of veridical feedback on the accuracy data in Experiment 1A

indicates that any criterion changes observed in the feedback manipulations used in the
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following experiments will be easily interpretable. Had the feedback resulted in
prominent differences in accuracy, its utility for examining criterion effects would have
been potentially reduced since there is some degree of uncertainty as to what constitutes
the appropriate criterion measure when accuracy also changes (see Pastore et al. 2003).
More generally, because both accuracy changes and criterion shifts affect the observed
response proportions, there is a high degree of indeterminacy in the data when both
change simultaneously. Hence when studying criterion changes, it is preferable to use

manipulations that leave accuracy relatively unaffected.
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2.2. Experiment 1B: Biased Feedback Procedure (OLD/NEW
Recognition: Two-Step Classification)

2.2.1 Rationale

To examine the potential for feedback to induce criterion shifts independent of
manipulations of stimulus characteristics and explicit instructions, Experiment 1B subtly
manipulated decision/outcome contingencies in an attempt to encourage either misses or
false-alarms in the context of feedback that was otherwise generally correct. For
example, if a subject receives biased feedback indicating that he or she is in fact correct
during miss trials, then adopting an even a stricter criterion is potentially desirable since
further movement in this direction will yield an even greater ratio of positive, relative to
negative, outcomes if the remaining feedback for the three other response types remains
accurate. That is, movement in the strict direction will reduce the correct negative
feedback linked with false alarms without the usual opposing cost in negative feedback
that would occur for misses, because the latter are falsely indicated as correct. In
contrast, movement in a more lax direction would be discouraged by the presence of
accurate feedback correctly identifying false alarms. The remaining two correct response
types, hits and correct rejections, are always correctly identified during the biased
feedback procedure. Restricting the biasing feedback to errors also has the added
advantage of helping to ensure the manipulation remained transparent to observers, since
they do not receive feedback that is inconsistent with their most confident responses,
which overwhelmingly are confined to correct responses. Instead, because the

manipulation is confined to errors, which tend to be of low confidence, subjects have
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little basis to view the feedback as suspect or unreliable. Overall then, the prediction
motivating the biased feedback procedure was that subjects would increasingly learn to
favor the response option that led to a greater net increase in positive outcomes (or net
decrease in negative outcomes) and to do so without awareness that the feedback was
purposely skewed. The same logic applies to applying biased feedback to false alarms,
which should induce a lax drift if subjects learn to favor the response type associated with
greater net positive outcomes. To our knowledge, this is the first time that this type of
feedback has been used to try to induce biased responding during recognition, or for that
matter any cognitive or perceptual discrimination.

The potentially tacit nature of the biased feedback manipulation stands in contrast
to the use of explicit instructions to influence criterion positioning and I consider the
potential for these two approaches to rely on different mechanisms in the General
Discussion. Finally, because the actual biased feedback manipulation only occurs on a
minority of trials (errors of one or the other type) any demonstration of a shift would
suggest that subjects are quite sensitive to changes in the response-outcome
contingencies. This would offer a clear contrast to the insensitivity of recognition criteria
to global list manipulations discussed in the introduction.

2.2.2 Methods
2.2.2.1 Subjects

Thirty Duke undergraduates participated in return for partial course credit.
Informed consent was obtained as required by the human subjects review committee of

Duke University. The subjects were randomly assigned to two groups in which the nature
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of the feedback was differently adjusted across separate tests. One subject was removed
for extraordinarily low accuracy (d’ <.5) and another for unreliable signal detection
parameter estimates.
2.2.2.2 Materials and Procedure

Using the same item pool as Experiment 1A, a total of 600 nouns were randomly
drawn for each subject. From this, three lists of 200 items (100 studied- and 100 lure-
items) were constructed for use in three sequential study/test cycles. The study period
was identical for all cycles, and for both groups of observers. What differed was the
nature of the biased feedback delivered during each test. The assignment of items to
targets or lures was randomized and the order of test items was also randomized for each
subject and cycle. Subjects were not warned of the feedback prior to the beginning of
test 1. The orienting task during study, and response requirements during test, were
identical to Experiment 1A. Again, reporting was self-paced.

Feedback Manipulation: After reporting the “Old/New” judgment and confidence,

accuracy feedback was immediately presented. Again the feedback for incorrect
response was bright orange and accompanied by a beep. Feedback for correct responses
was in the same font color as the probes and did not have a sound. The nature of the
feedback across the three sequential tests was manipulated between groups. For half the
subjects, the first test selectively encouraged lax responding by giving false positive
feedback "That is CORRECT" for the incorrect “old” classification of new items (false
alarms). All other response types (i.e., hits, misses and correct rejections) were correctly

identified by the feedback. I refer to this as the lax (L) feedback condition. In the second

36



block, this group received feedback that was correct for all response types (N - neutral
condition). Finally, in the third and final test, these subjects’ miss responses received
false positive feedback (S - strict condition). Thus, the order of manipulation was
feedback encouraging lax, neutral, and then strict (LNS Group) responding. This order
was reversed for the other half of the subjects (strict, neutral, and lax - SNL Group).
2.2.3 Results

Accuracy (A, ): ANOVA for A, with factors of Group (lax-neutral-strict or strict-
neurtral-lax) and Test (First, Second or Third) yielded a significant main effect only of
Test (F(2,54)=5.01, Mse = .01, p<.05). In general, A, decreased across tests. Post-hoc
Tukey’s HSD comparisons demonstrated that accuracy was similar and higher in the first
and second, compared to the final tests (p <.005). Importantly, there was no evidence for
an interaction between Group and Test (p > .30). Thus, although performance generally
declined, the groups displayed similar accuracy within each separate test (see Table 1).
Given this, contrasts of criterion across the groups for each separate test are not
confounded with notable accuracy differences.

Decision Criteria (c,): To analyze the effects of the feedback manipulation, I

focused on the old/new decision criterion (Table 1) using a two-way ANOVA with
factors of Group (Lax-Neutral-Strict or Strict-Neutral-Lax) and Test (First, Second or
Third). For the omnibus and post-hoc analyses, one subject was excluded due to an
extreme estimate of old item standard deviation (> 4 for one of the three tests) that likely

rendered the criterion estimates for this subject unreliable.
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Table 1: Experiment 1B Unequal Variance Accuracy and Decision Criterion
Estimates Across Groups and Tests

LAX-NEUTRAL-STRICT STRICT-NEUTRAL-LAX

TEST1 TEST2 TEST3 TEST1 TEST2 TEST3

Hit 78 (.11) .81 (.09) .74 (.12) 60 (.19) .65 (.13) .71 (.11)
False Alarm .21 (.13) .24 (.12) .23 (.13) 14 (.08) .19 (.08) .29 (.07)
A, .85 (.08) .86 (.06) .82 (.07) 78 (12) 81 (.07) .77 (.08)
Go  1.34 (.67) 1.35 (.67) 1.42 (.86) 1.72 (.80) 1.33 (.37) 1.12 (.21)
c, Overall .02 (.31) -.06 (.24) .06 (.29) 39 (.35) .27 (.29) .05 (.24)

Note: Values in parentheses indicate standard deviations.
oo1d: Estimated standard deviations of old item distribution.
C, Overall: Criteria for the overall “Old/New” response.

The analysis revealed a main effect of Group (F(1,27) = 6.25, MSe = 1.18, p <
.05) with the SNL group demonstrating a generally more conservative criterion (mean c,
=.24) that the LNS group (mean ¢, = .01). There was also a main effect of Test
suggesting that the criterion generally became more lax across the three sequential tests
(F(2,54) = 6.06, MSe = .18, p <.005). Finally, there was a significant Group by Test
interaction (F(2,54) = 10.83, MSe = .31, p <.001) indicating that the group differences in
criterion were non-uniform across the tests (Table 1). Simple t-tests across the groups for
each test demonstrated that the criterion was significantly more conservative in the SNL
group during Test 1 (t(27) = 3.07, p <.005), and it remained so in the second test in
which all feedback was fully correct (i.e., neutral condition) (t(27) = 3.36, p <.005).
However, the overall “Old/New” criterion did not differ for the groups in the final test, in

which the biasing manipulation was reversed (t(27) < 1, ns).
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2.2.4 Discussion

Overall, the analysis of the accuracy and old/new criterion estimates suggested
that the manipulation differentially altered the location of the overall recognition criterion
across the two groups without producing notable differences in accuracy across the
groups. Importantly, the induced relative difference in criterion across the groups that
occurred during the first test was carried over into the second test despite the complete
removal of the biasing manipulation and the substitution of entirely correct feedback. It
is important to emphasize that this means that the response tendency or preference
acquired during Test 1 survived an intermediate study period and was expressed in Test 2
even though no longer fully supported by the feedback procedure. This suggests a
durable form of learning that is inconsistent with an explicit strategy because an explicit
strategy would have presumably been abandoned in Test 2 as soon as the feedback
indicated it was no longer working or necessary.

The current procedure did not produce a significant criterion difference across the
groups in Test 3 suggesting that the reversal of the feedback conditions effectively
eliminated the relative differences in response preferences acquired in Test 1 and
sustained during Test 2. Examining Table 1 however, suggests that the changes in
criterion across tests within each group were dissimilar. More specifically, although the
SNL group demonstrated a large shift in the criterion between Test 2 and Test 3 (.27 to
.05), the LNS group displayed a much more modest change (-.06 to .06), although this
change in the LNS group was statistically reliable (t(14) = 2.63, p <.05). However,

interpreting these differences in the relative size of the criterion changes is complicated
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because as noted above, accuracy of the groups also generally declined in transition from
Test 2 and Test 3. Under such situations criterion estimates can be artificially masked or
enhanced (Pastore et al., 2003) and thus comparisons of criterion (or criterion change)
across conditions in which accuracy also changes should generally be avoided. This is not
a concern when comparing criteria across the groups for each individual test. The reason
for the overall decline in performance is not clear however; it may reflect either gradual
fatigue or increased interference as the number of encountered words becomes fairly
large. In Experiment 1C the number of trials per test was reduced in hopes of preventing
this general decline in accuracy. Because clearly disproportionate differences in the
criterion change rates were not observed in Experiment 1C (see below), and accuracy
remained similar across tests, I do not consider the differences noted above further.

In their entirety, the results of Experiment 1B yielded four important results: 1)
the false feedback manipulation clearly shifted the relative position of the old/new
criterion across the groups; 2) the relative shift in the group’s criterion was sustained
during the intermediate test, even though the manipulation was removed and feedback
was unbiased (Test 2); 3) reversing the feedback manipulation eliminated or lessened the
relative criterion difference across the groups (Test 3). Finally, it should be noted that the
criterion shifts are occurring despite the fact that the manipulation only occurs, at least
initially, on a minority of trials. That is, because it is restricted to misses and false
alarms, it is a fairly subtle manipulation; nonetheless, the group differences were

prominent.
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2.3 Experiment 1C: Biased Feedback Procedure (OLD/NEW
Recognition: One-Step Classification)

2.3.1 Rationale

Experiment 1B demonstrated considerable lability in the location of the
“Old/New” decision criterion as a function of the biased feedback manipulation. During
the test, subjects first classified each item as old or new, and only following this did they
report confidence. Although this two-step procedure is common, some researchers have
suggested that it induces a secondary response/rating demand not present when
confidence and classification are instead indicated via a single response on each trial
(Galvin, Podd, Drga, & Whitmore, 2003). Under a one-step procedure subjects jointly
indicate not only whether they believe the item to be old or new, but also their
confidence. Experiment 1C used this one-step response procedure to verify that the
old/new criterion lability observed in Experiment 1B remained under this different
response format.

The second goal of Experiment 1C was to see if the criterion shifts demonstrated
during test 1 in Experiment 1B could be completely reversed across the subject groups.
More specifically, in Experiment 1B, by the final test, there was no apparent difference
the overall c, estimates of the two groups. I reasoned that this occurred because the
reversed feedback contingencies on Test 3 had to overcome the previously acquired
criterion locations established in Test 1 and maintained throughout Test 2; however, a
stronger case for a labile decision criterion could be made if a crossover of ¢, values was

observed for the groups. To encourage this, the neutral feedback condition of the second
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test was replaced with one encouraging the same bias as the final test. This procedure
provides more opportunity to learn the reversed contingencies of biased feedback during
the last two test runs. Thus the group starting with feedback encouraging lax responding
on test 1 received two additional subsequent tests encouraging strict responding (lax,
strict, strict - LSS). The reverse order was administered to the second group (strict, lax,
lax - SLL).

Additionally, Experiment 1C introduced a post experiment questionnaire to
determine if subjects were generally aware that the feedback was not entirely accurate,
and if so, to determine if they were aware of the manner in which the feedback was
inaccurate. Again, the number of test trials in Experiment 1C was also considerably
reduced in comparison to Experiment 1B to lessen fatigue and interference, and perhaps
prevent the general decline in accuracy observed in Experiment 1B.

2.3.2 Methods
2.3.2.1 Subjects

Thirty-four Duke undergraduates participated in return for partial course credit
and two separate groups of 17 of were included in the analyses. Informed consent was
obtained in accordance with the human subjects review committee of Duke University.
Subjects were randomly assigned to separate feedback conditions that differed in the
order of the feedback manipulation across tests. Five subjects were removed and
replaced for a combination of poor performance (d’ <.5) and indicating that they were

potentially aware of the manipulation on a post-experiment questionnaire. One additional
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subject was removed who had extreme old item standard deviations estimates (> 4 for
two of the three tests) which likely rendered his or her ¢, estimates unreliable.
2.3.2.2 Materials and Procedure

A total of 360 nouns were drawn randomly for each subject from the same item
pool as Experiment 1 and 2. From this, three lists of 120 items (60 old, 60 new items for
each cycle) were constructed for use in three sequential study/test cycles. During testing
the items were presented in the center of the screen located above a one-step response cue
"Is this OLD or NEW? NEW: Sure — Probably — Guess | Guess — Probably — Sure:
OLD”. There were six pre-specified keys on the keyboard with red identifying stickers.
For half the subjects, the location of OLD and NEW buttons was counterbalanced with
the presentation of a cue “Is this NEW or OLD? OLD: Sure — Probably — Guess | Guess
— Probably — Sure: NEW”. Responding was self-paced. Other than these changes, the
procedures were identical to Experiment 1B.
2.3.3 Results

Accuracy (A,): A two-way ANOVA for A, with factors of Group (lax-strict-strict
or strict-lax-lax) and Test (First, Second or Third) yielded no significant effects (Table 2).

Decision Criteria (c,): For the “Old/New” criterion, the ANOVA yielded a main

effect of Group (F(1,31) =4.45, MSe = .67, p < .05) with the LSS group (mean ¢, = .20)
being generally more conservative than the SLL group (mean c, = .04). There was no
main effect of Test (p < .45), however, the interaction between Group and Test was again
significant (F(2,62) = 15.85, MSe = .59, p <.001) indicating that the relative group

differences in criterion changed across the tests. Post-hoc t-tests demonstrated that
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although the difference was in the right direction, the criteria did not significantly differ
during Test 1 (p <.12). However, the SLL group was significantly more liberal than the
LSS group during Test 2 (t(31) =2.87, p <.05) in which the feedback contingencies were
reversed and remained so during Test 3 (t(31) = 3.51, p <.01). These relative criterion
differences were observed in subjects that the post-test questionnaire indicated were
unaware of any abnormalities or systematic inaccuracies in the feedback. Subjects were
classified as aware if they indicated in any manner that they believed the feedback to be
inaccurate or skewed, in response to the question “Did you find the feedback to your

“OLD” or “NEW” answer helpful? If not, please specifically explain why.”

Table 2: Experiment 1C Accuracy and Decision Criterion Across Groups and Tests

LAX-STRICT-STRICT STRICT-LAX-LAX
TEST1 TEST?2 TEST3 TEST1 TEST?2 TEST3
Hit .78 (.08) .70 (.13) .68 (.16) 72 (.15) .77 (.11) .81 (.12)
False Alarm .20 (.10) .13 (.08) .14 (.08) A5 (.09) .22 (.13) .26 (.15)
A, .86 (.06) .85 (.05) .81 (.11) .86 (.09) .85 (.10) .86 (.09)
Cold 1.22 (.33) 1.23 (.58) 1.56 (1.08) 1.42 (.33) 1.15 (.60) 1.05 (.41)
C,Overall .05 (.24) .29 (31) .26 (.29) .19 (.26) .00 (.24) -.09 (.28)

Note: Values in parentheses indicate standard deviations.

Not only did the subjects who were included in the analysis indicate being
unaware of the manipulation, those who instead reported that there was something odd or
otherwise inconsistent about the feedback appeared to respond in a qualitatively different
manner than those who instead reported being unaware. More specifically, a total of five

subjects were removed and replaced in Experiment 1C. One subject misunderstood the
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task and the remaining four reported they felt the feedback was inaccurate for a particular
response type. Interestingly, by the last test, these feedback aware subjects showed
abnormally decreased accuracy (mean d’ = 0.22) and abnormally rapid reaction times
(mean RT 555 ms). This suggests these subjects noticed the manipulation and chose to
respond by simply pressing the key that never led to an “InCorrect” feedback outcome.
Since they were not actually processing the memoranda, their accuracy fell to near
chance and their reaction times were unreasonably rapid.
2.3.4 Discussion

Experiment 1C reinforced the findings of Experiment 1B. For the overall
“Old/New” criterion, the c, estimate of criterion was clearly and systematically affected
by the biased feedback manipulation despite the different response procedure. This
adaptive decision criterion shift occurred without a concomitant change in accuracy
across groups as estimated by A,. Although numerically consistent with a full crossover
of ¢, scores, the groups did not significantly differ in criterion on the first test. This
might reflect the differences in test list length used in the two studies with Experiment 1B
having a list length of 200 and Experiment 1C a length of 120. Given that the effect is a
learning phenomenon, group differences may be more robust following longer test lists
and hence more exposure to the biasing feedback. Nonetheless, the data demonstrate that
both response formats (two-step and one-step) are influenced by the false-feedback
procedure in the predicted manner, and the post-experiment questionnaire data further
suggest that subjects are at least, at basic self-report level, unaware of the biased nature of

the experimental manipulation.
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2.4  Brief Summary of Experiment 14, 1B, and 1C

In summary, the current study demonstrates that independent of the actual
strength or quality of memory evidence available for the test items, subjects are easily
and durably influenced by subtle differences in the validity of error-related feedback
during recognition, leading to prominent and sustained shifts in the measured decision
criterion. The subjects report being unaware of the biased nature of the manipulation
inducing the shift, and the response tendency is maintained for some period even when
the manipulation is removed. This is the first time such a feedback procedure has been
shown to be effective in criterion learning during explicit recognition. Whether this
learning-based shift is related to more explicit instruction-based manipulations of
criterion, or instead reflects a more implicit form of classification or response
reinforcement learning is unclear, although several aspects of the current data suggest the
latter. If correct, then this in turn suggests that criterion shifts achieved through explicit
instruction and those achieved through this type of biased feedback learning may rely
upon at least partially different neural substrates. Regardless, the data converge with
prior reports demonstrating that subjects are quite sensitive to trial specific information
that is relevant for assessing the suitability of currently held memory decision criteria.
Whereas other studies have relied upon the semantic characteristics of the stimuli
themselves to induce criterion changes (Benjamin, 2003; Dobbins & Kroll, 2005), the
current research demonstrates that differential reinforcement can lead subjects to prefer
one memory judgment over the other even when that characteristics of the memoranda

remain unaltered. A major goal of the experiments in Chapter 3 was to bring the
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feedback procedures more in line with category learning paradigms that are likely
governed by procedural learning, which in turn, would further suggest that explicit

strategies play a negligible role in the biased feedback induced criterion shifts.
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3 Investigating the Mechanisms Underlying the Feedback-
Based Recognition Criterion Shift: Reinforcement
Learning of Criterion Placement

In this chapter, I propose that potentially implicit reward learning mechanisms
contribute to the adaptive positioning of explicit recognition decision criteria. As noted
above, although most researchers assume that criteria should be flexible and adaptive,
there are few testable process models of the learning mechanisms that might contribute to
criterion adaptability (however see Estes & Maddox, 1995, Unkelbach, 2006). Although
the vast majority of successful manipulations of decision criteria involve explicit
instructions forewarning subjects about the relative preponderance of old and new items
(Hirshman, 1998; Rotello ef al., 2005; Strack & Forster, 1995), or explicit warnings to
avoid either errors of omission or commission at all costs (Azimian-Faridani & Wilding,
2006), it is less clear whether the old/new decision criterion is also influenced by the
same type of incremental reinforcement learning that has been heavily studied in the
learning of novel stimulus categories (e.g., Squire, 1992; Gluck & Bower, 1988; Poldrack
et al., 2005). Indeed, the potential role of feedback learning in the acquisition of these
biases has just begun to be researched (Han & Dobbins, in press; Rhodes & Jacoby,
2007; Unkelbach, 2006).

In the following studies the feedback manipulations were brought more in line
with those used during information integration and probabilistic classification learning
paradigms thought to rely upon procedural learning mechanisms. Critically, these

procedures discourage the use of explicit rules of the type subjects appear capable of
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formulating. Given this, and the extant neurophysiological, patient and functional
imaging research, it is generally thought that these procedures capitalize on striatal
learning mechanisms that do not require explicit rule formulation and awareness of the
response contingencies. To the extent the current criterion studies more closely
approximate the key features of these designs, the case that the observed learning relies
upon a similar mechanism is strengthened. .

In Experiments 1B and 1C, the feedback used to shift the criteria was
deterministic. During the procedure different groups of subjects obtained feedback that
was misleading regarding certain types of errors whereas correct responses were always
indicated as such. This procedure shifted the relative criteria of the two groups and post-
test questionnaires suggested that subjects were largely unaware of the biased nature of
the feedback. Based on this, it was suggested that the shift might have occurred via
implicit procedural learning mechanisms. However, one drawback to this procedure is
that it yielded a situation in which for each subject group, one type of response never
received negative feedback. For example, subjects receiving false feedback encouraging
misses were always positively reinforced for “no” responses, because correct rejections
were validly indicated as correct responses and misses were falsely indicated as correct
responses. This aspect of the prior design is more in keeping with rule-based category
learning tasks in that subjects may have become explicitly aware that “no” responses
never received negative outcomes and attempted to capitalize on this when responding. It
is important to note that this arguably appears not to have occurred given the responses to

the post-test questionnaires in Experiment 1C. Additionally, accuracy was in line with
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that obtained in Experiment 1A and this would not have occurred had the subjects simply
opted to always respond with the key that never yielded negative feedback, since doing
so would drive performance down to chance. Nonetheless, a stronger case could be made
that the current criterion effects rely on procedural learning mechanisms if the procedures
more closely matched category-learning tasks that are more solidly associated with
striatally supported reinforcement learning.

To bring the biased feedback procedures more in line with implicit or procedural
category learning designs, the current designs used a probabilistic false-feedback
procedure in Experiment 2A and a selective withholding of feedback procedure in
Experiment 2B. Furthermore, in Experiment 2C the relationship between the observed
criterion learning and personality factors related to reward sensitivity outside the
laboratory environment were also examined. As in Experiments 1B and 1C the general
expectation was that subjects would learn to favor the response option that was more
often linked to a positive outcome (“correct” feedback indications) or would learn to
avoid the response option that more often led to negative outcomes (“incorrect” feedback
indications). Also consistent with Experiments 1B and 1C, the active manipulation was
confined to error trials in order to avoid arousing suspicions on the part of the participants
that the feedback was somehow purposely skewed or inaccurate. As in the prior
experiments, correct responses were always indicated as such. In Experiment 2A the
false feedback manipulation of Experiment 1B was used, however, false-feedback was

given probabilistically such that only a random portion of errors received the
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manipulation. This avoids the situation where one response type never yields negative
outcomes and indeed it actively discourages extreme biases as discussed below.

In Experiment 2B a different approach was taken to shift the balance of positive
to negative outcomes for each response type. Here, instead of falsely giving positive
feedback for one class of error, the procedure simply omitted feedback altogether for one
class of error. Ifit is the relative preponderance of positive to negative outcomes for each
response type that governs reinforcement learning, it was predicted that this simple
manipulation would also serve to shift recognition criterion. These two manipulations
avoid the situation where a subject is always given positive feedback for a particular
response option which was a characteristic of Experiments 1B and 1C and which is also
occurs for rule-based category learning tasks once the participants discover the correct
rule.

Finally, Experiment 2C looks at individual differences in the sensitivity to
environmental outcomes. Unlike the ability to utilize explicit instructions or rules to
govern response tendencies, procedural learning phenomena critically depend upon
changes induced by positive and negative feedback outcomes. Given this, the
adaptability of individual subjects' criteria might be linked to individual differences in
trait sensitivity to environmental reward and punishment. Experiment 2C examined this
possibility by measuring trait sensitivity to environmental reward and punishment via
questionnaire, and correlating these scores with subjects’ sensitivity to the biased

feedback manipulation.
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3.1 Experiment 2A: Criterion Learning Based On the Probabilistic
Biased Feedback Procedure

3.1.1 Rationale

The goal of Experiment 2A was to determine if a probabilistic version of the
false-feedback procedure would induce criterion shifts. Half of the subjects were given
false positive feedback "That is CORRECT" for approximately 70 percent of their
incorrect "Old" classifications of new items (false alarms). All other response types (i.c.,
hit, miss, correct rejection) and approximately 30 percent of the false alarms were
correctly identified by the feedback. This is referred to as the Lax condition (L). For the
other half of subjects, approximately 70 percent of miss responses received false positive
feedback during the first two tests (S - Strict condition) with the remaining response
outcomes correctly identified by the feedback. Each group received the same
manipulation (L or S) on two successive study/test cycles. Following this, two additional
study/test cycles were given with no feedback whatsoever during testing (N - no
feedback). This allowed us to measure the durability of the criterion learning induced in
the first two study/test cycles. Thus there were two groups of subjects, one receiving
LLNN feedback conditions and the other SSNN.
3.1.2 Methods
3.1.2.1 Subjects

Thirty Duke undergraduates participated in return for partial course credit and two
separate groups of 17 of were included in the analyses. Informed consent was obtained in

accordance with the human subjects review committee of Duke University. Subjects were
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randomly assigned to separate feedback conditions that differed in the order of the
feedback manipulation across tests. One additional subject was removed and replaced for
a combination of poor performance (d’ <.5) and indicating that they were potentially
aware of the manipulation on a post-experiment questionnaire.

3.1.2.2 Materials and Procedure

Using the same item pool as Experiments 1A-1C, a total of 800 nouns were
randomly drawn for each subject. From this, four lists of 200 items (100 studied- and 100
lure-items) were constructed for use in four sequential study/test cycles. The study
period was identical for all cycles, and for both groups of observers. What differed was
the nature of the biased feedback probabilistically delivered during each test. The
assignment of items to targets or lures was randomized and the order of test items was
also randomized for each subject and cycle.

Prior to study, all subjects were instructed that they would be required to study a
list of items while counting the syllables of each word, following which they would be
immediately tested on their memory for the items. Subjects were not forewarned that
feedback would be present for the first two test cycles. After 10 practice trials, subjects
pressed a key to begin the study proper. For encoding, subjects reported the number of
syllables for each serially presented word. Each word appeared with a task cue
"Counting syllables 1/2/3/more than 4" underneath and subjects were given a limited
amount of time (2 s) to perform the task. If no response was entered within 2 s, a

warning message asking for a quicker response was presented along with a beep.
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In each subsequent memory test, the studied items were intermixed with lure
items and presented serially for yes-no recognition judgments (“Is this OLD or NEW?
1=OLD 2=NEW”) immediately followed by confidence ratings (“Confidence? Unsure =1
2 3= Certain”) using pre-assigned keys on the keyboard. Responses were self-paced.
There were four study/test blocks with the first two receiving the biased feedback
manipulation. There was no feedback during the final two tests. The perceptual
characteristics of feedback were the same as in the Experiment 1A-1C. During the first
two of four tests, one group of subjects probabilistically received biased feedback
following false alarms on approximately 70% of the trials, with the remaining trial types
receiving accurate feedback. The other group of subjects received the complementary
manipulation, receiving the probabilistic biased feedback following misses. Presentation
of the biased feedback was determined via random number generator following the
commission of the relevant error type. Critically, because the biased feedback was
probabilistic, this means that both response types (“old” and “new”) received both
positive and negative feedback. It was only the relative occurrence of the two types of
feedback that differed across “old” and “new” responses for each group.

3.1.3 Results

Accuracy (A,): ANOVA for A, with factors of Group (Lax-Lax-No feedback-No

feedback SS or Strict-Strict-No feedback-No feedback [SSNN]) and Test (First, Second,

Third or Fourth) yielded no significant effects.
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Table 3: Experiment 2A Accuracy and Decision Criterion Estimates Across Groups
and Tests

Strict-Strict-No FB-No FB

TEST1 TEST2 TEST3 TEST4
Hit 71 (100 .68 (13) .67 (17) 63 (17)
False Alarm .15 (.08) .17 (08) .20 (11) 20  (.09)
Az 83 (.10) .84 (.08 .81 (10) .79  (.08)

Gold 235 (2.55) 136 (1.13) 1.23 (.69) 121 (47)

Ca 18  (21) .20 (28 .15 (32) 23 (.31)

c 26 (31) .26 (300 .20 (.36) 26 (.35

Lax-Lax-No FB-No FB

TEST1 TEST2 TEST3 TEST4
Hit 76 (07) .78 (07) .78 (.08) 74  (.08)
False Alarm .20 (.07) .26 (.10) .31 (17) 29  (.13)
Az 85 (.04) .81 (.08 .79 (10) 81  (.08)

Gold 1.50 (66) 153 (.83) 1.03 (53) 152 (1.32)

Ca 06 (200 -0.04 (.16) -0.10 (30) .01 (.21)

c 06 (21) -0.07 (.24) -0.12 (32) -0.02 (.25)

Note: Values in parentheses indicate standard deviations. FB = feedback
o,o1¢: Estimated standard deviations of old item distribution.

Decision Criteria (c,): The estimates for the old/new decision criterion were

subjected to a two-way ANOV A with factors of Group (LLNN or SSNN) and Test (First,
Second, Third or Fourth). The analysis revealed a main effect of Group (F(1,28) =9.18,
MSe = 1.28, p <.01) with the SSNN group demonstrating a generally more conservative
criterion (mean ¢, = .19) than the LLNN group (mean c, = -.02). There was no main
effect of Test (p > .19) and importantly, no evidence for an interaction between Group

and Test (p > .55) indicating that the difference in criterion placement across the groups
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remained reliable even when the biased feedback manipulation was no longer provided in
cycle 3 and 4. This was further supported by the partial but direct analysis of criteria
between test 2 and 3, and test 2 and 4 with no evidence for an interaction between Group
and Test revealed (Fs < 1). Additionally, simple pair-wise comparisons across groups for
each test demonstrated that the criterion was significantly more conservative in the SSNN
group than the LLNN group beginning at the second test (t(28) =2.91, p <.01), and it
remained so in the third and final tests in which no feedback was presented (t(28) = 2.16,
p <.05, and t(28) = 2.30, p < .05, respectively).
3.1.4 Discussion

The analysis of the accuracy and criterion statistics suggested that the
probabilistic feedback manipulation effectively altered the relative location of the
decision criterion across the two groups. Thus the bias is acquired even when there is no
clear deterministic relationship between feedback outcomes and response types.
Furthermore, the shifted criteria were sustained in the final two tests even though the
manipulation was removed and no feedback given. This stands in contrast to recent work
demonstrating different criteria for items appearing in different spatial locations (Rhodes
and Jacoby, 2007). In this research different screen locations were associated with
different target probabilities, and in combination with feedback, the researchers were able
to induce two different criteria for responding to items presented to the left and right
sides of the screen. However, the researchers concluded that the effect likely required
that subjects explicitly realize that the target probabilities were vastly different across

locations, and furthermore, when feedback was removed, the effect was eliminated. In
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contrast, the current induced criterion shifts appear to be fairly durable as emphasized by
the fact that even in the absence of supporting feedback, the criterion learning
demonstrated in test 4 had survived two intervening prior study episodes and a test
episode before expression. Thus probabilistic differences in the reinforcement of
different memory decisions lead to prominent and durable shifts of the measured

recognition criterion.
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3.2  Experiment 2B: Criterion Learning Based On Net Feedback
Outcomes

3.2.1 Rationale

In Experiment 2A the validity of feedback outcomes to errors was manipulated in
order to change the net incentive for the different response types. If subjects are
acquiring response tendencies based on the relative levels of reinforcing outcomes for
“old” and “new” responses, then it should be also possible to induce shifts by simply
altering the availability of feedback for certain responses types. Thus whereas
Experiment 2A induced a greater net tendency for certain response types to lead to
positive relative to negative outcomes via false-feedback, Experiment 2B attempted this
by withholding feedback on a portion of trials for a given response type. For half of the
subjects, the first two tests selectively encouraged lax responding by eliminating the
negative feedback for the incorrect "old" classification of new items (false alarms).
During these trials a neutral display was shown following the response neither indicating
that the response was correct or incorrect. All other response types were correctly
identified by the feedback (/ax condition). Thus from the subjects’ perspective, some
proportion of “old” responses simply failed to elicit any feedback, either positive or
negative. For the other half of subjects, their miss responses received no feedback (strict
condition). If this manipulation were effective, it would suggest that the net relationship
between the response type and positive and negative outcomes guides criterion
placement. As with Experiment 2A all feedback was eliminated during tests 3 and 4. The

orders of the criterion manipulation were identical to Experiment 2A (LLNN or SSNN).
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3.2.2 Methods

3.2.2.1 Subjects

Thirty-four Duke undergraduate students participated in return for course credits.
Informed consent was obtained as required by the human subjects review committee of
the university. Subjects were randomly assigned to separate feedback conditions that
differed in the order of the feedback manipulation across tests.
3.2.2.2 Materials and Procedure

A total of 800 nouns were randomly drawn for each subject. From this, four lists
of 200 items (100 studied- and 100 lure-items) were constructed for use in four sequential
study/test cycles. The study period was identical for all cycles, and for both groups of
observers. Subjects were not forewarned that feedback would be present during testing.
What differed was the nature of the feedback probabilistically delivered during each test.
More specifically, during the first two of four tests, the procedure omitted correct,
negative feedback for one or the other type of error (miss or false alarm). The
assignment of items to targets or lures was randomized and the order of test items was
also randomized for each subject and cycle. The study periods were the same as in
Experiment 2A.

3.2.3 Results

Accuracy (A,): ANOVA for A, with factors of Group (Lax-Lax-No feedback-No

feedback [LLNN] or Strict-Strict-No feedback-No feedback [SSNN]) and Test (First,

Second, Third or Fourth) yielded a significant main effect only of Test (F(3,96)=6.29,
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MSe = .02, p<.001). Importantly, there was no evidence for an interaction between
Group and Test (p > .30). Thus although performance generally declined, the groups

displayed similar accuracy during each test (Table 4).

Table 4: Experiment 2B Accuracy and Decision Criterion Estimates Across Groups
and Tests

Strict-Strict-No FB-No FB

TEST1 TEST2 TEST3 TEST4
Hit 63 (17) 59 (17) 59 (15 59 (.16)
False Alarm 16 (.09) .16 (09) .21 (11 55 (13)
Az 78 (1) 77 09y .75 (07) g4 (09)
Gold 191 (1.54) 201 (1.83) 137 (40) 135 (48)
G 29 (32) 33 (32 30 (37 29 (38
c 33 (35 .40 (38 31 (39 33 (4)

Lax-Lax-No FB-No FB

TEST1 TEST2 TEST3 TEST4
Hit 73 (100 .74 (13) .77 (100 g (12
False Alarm 26  (.13) .33 (16) .34 (19 33 (16)
Az 82 (06) .77 (07) .79 (08) 74 (.08)

Goid 131 (40) 122 (46) 121 (39 123 (33)

Ca 04 (31) -008 (38 -0.15 (37 901 (39

c 04 (33) -009 (40) -0.15 (38 oo (:30)

Note: Values in parentheses indicate standard deviations. FB = feedback
o,o1¢: Estimated standard deviations of old item distribution.

Decision Criteria (c,): A two-way ANOVA with factors of Group and Test

revealed a main effect of Group (F(1,32) =10.78, MSe =4.21, p <.01) with the SSNN
group demonstrating a generally more conservative criterion (mean c, = .30) than the

LLNN group (mean ¢, =-.05). The analyses did not yield a main effect of Test (p > .22)
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and, there was no interaction between Group and Test (p > .09) indicating that the
difference in criterion placement across the groups remained relatively stable across tests
(the third and last tests). This was also supported by the separate Group by Test analyses
of criteria between Test 2 and 3, and Test 2 and 4 showing no evidence for an interaction
between Group and Test. Simple pair-wise comparisons demonstrated that the criterion
was significantly more conservative in the SSNN group than the LLNN group in the Test
1 (t(32) =2.30, p <.05) and Test 2 (t(32) = 3.45, p <.01), and it remained so in the third
and final tests in which no feedback was given (t(32) = 3.49, p < .01, and t(32) = 2.38, p
<.05, respectively).
3.2.4 Discussion

These results extend the findings of Experiment 2A and demonstrate that the
selective withholding of a certain type of negative feedback can bias the subjects towards
favoring a given response type. In the current design this means that the subjects were
willing to increasingly incur the neutral feedback outcomes associated with one response
type, in order to increasingly avoid the negative outcomes sometimes associated with the
alternative response type. Again, this criterion learning appears very persistent, surviving
for two additional tests during which feedback was completely absent. To our
knowledge, this is the first demonstration that the selective availability of feedback can
be used to govern memory decision criterion placement. Additionally, it suggests that
receiving no feedback regarding a recognition judgment is less averse than receiving
feedback indicating that a judgment is incorrect. More generally however, the

mechanisms underlying the efficacy of the withholding technique and the probabilistic

61



biased feedback technique are presumably the same. Both procedures shift the balance of
positive to negative outcomes across the two response types or memory decisions leading
subjects to gradually favor one at the expense of the other. This effect occurs without
notably disrupting accuracy and continues to be expressed even when feedback is wholly

removed.
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3.3  Experiment 2C: Criterion Learning and Personality Characteristics
Lined to Reinforcement

3.3.1 Rationale

Experiments 2A and 2B indicate that observers are sensitive to the probabilistic
relationship between positive and negative outcomes and memory classifications or
decisions, however, there appears to be considerable individual variability in the
sensitivity to this manipulation. For example, Table 5 depicts means, standard deviations,
and range for criterion placement, indicating a relatively broad range of individual
variations in the magnitudes of the shifts in Experiment 2A. This individual variability
could reflect different sensitivities, on the part of the subjects, to the positive and negative
outcomes that are assumed to motivate or trigger the criterion shifts. In other words,
subjects who find the positive and negative feedback less salient or who are less reactive
to these minor rewards and punishments may show less adaptation in the placement of
their recognition criterion. This possibility is closely linked with an often cited
neurobiologically inspired model of motivation referred to as Reinforcement Sensitivity

Theory (RST) (Gray, 1970; Gray, 1982).

Table 5: Experiment 2A — Mean, Standard Deviation, Range for Criterion
Placement for Each Test (Test 1, Test 2) of Each Group (LLNN, SSNN)

Mean SD Range (Min-Max)

LLNN
Test1 .06 .20 -0.23-0.56
Test2 -.04 .16 -0.31-0.22
SSNNV
Test1 .18 .21 -0.25-0.43
Test2 .20 .28 -0.14-0.61
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The basic RST model holds that individuals have tonic differences in both their
sensitivity to punishing outcomes and their sensitivity to rewarding outcomes. These
differences are thought to depend on separate neurobiological systems globally referred
to as the Behavioral Inhibition System (BIS) and Behavioral Activation System (BAS),
respectively. Whereas the former is tentatively linked with a septo-hippocampal circuit
and thought to regulate inhibitory behavior in the face of potential punishment, the latter
is thought to depend upon dopaminergic striatal pathways and regulates behavior linked
to potential gains in reward (Gray, 1982, 1990). This division is closely linked with early
ideas separating approach from avoidance systems. For example, as early as 1923
Tolman suggested that animal behavior seemed to be governed by general response
tendencies towards "tending to continue and get more" (i.e., approaching a desired
outcome) or "tending to remove" of stimulus (i.e., avoiding an undesired outcome) (see
also Amodio, Shah, Sigelman, Brazy, & Harmon-Jones, 2004; Shah, Higgins, &
Friedman, 1998; Tolman, 1923).

Within the field of personality theory there are currently many ongoing debates
regarding the dimensionality and interdependence of traits linked to reward and
punishment sensitivity and these lie outside the scope of this thesis. However, to the
extent that existing personality scales capture individual differences in the sensitivity or
reactivity to environmental rewards and punishments then these scales may be sensitive
to the wide differences observers display in response to the biased feedback
manipulations used in the current research. To measure individual differences in general

sensitivity to inhibit action that leads to anxiety-provoking negative consequences
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(behavioral inhibition system - BIS) or in the tendency to actively seek rewarding
outcomes (behavioral activation system - BAS) the BIS-BAS self-report questionnaire
(Carver & White, 1994) was used to see if subscale scores correlated with the level of
feedback-induced criterion learning across participants. The instrument has four
subscales, one of which targets BIS and the three aspects of BAS (Reward
Responsiveness, Drive, and Fun Seeking). Examples of items from each of the subscales
are presented in Appendix 3. A Likert-type 4 point scale was used to respond to each
question.

Responses in Experiment 2C were made with two levels of confidence
("Confidence? 1= Unsure 2=Certain") and the design used a probabilistic biased feedback
procedure similar to Experiment 2A. However, the probabilistic delivery of biased
feedback was limited to a subset of errors, namely, “Certain” incorrect endorsements
following "Old" responses (i.e., high confidence false alarms). All other responses
received correct feedback. There were two motivations underlying the restriction of the
procedure to high confidence errors of endorsement. First, at least in terms of updating
general knowledge beliefs, it has been demonstrated that feedback to errors of high
confidence yield more durable corrections than feedback to errors of low confidence.
(Butterfield & Metcalfe, 2001). This so called “hypercorrection effect” makes sense in
light of reward processing models that stress prediction error (Schultz & Dickinson,
2000) and which implicate striatal brain regions thought to support procedural and

reinforcement learning.
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The second purpose of restricting the biased feedback to only high confidence
commission errors was to verify that subjects were using this information to change the
old/new decision or response tendency and not simply to inform confidence. More
specifically, within Signal Detection Theory confidence reports are governed by
additional criteria placed along the decision axis (Figure 4). These criteria are typically
assumed to be equivalent to the criterion that separates the old/new category distinction.
Under such a framework, one might expect that individual criteria, such as a high
confidence old criterion, could be moved without affecting the position of the old/new
criterion (Figure 4A). Thus from a Signal Detection perspective there is no a priori
reason to predict that restricting the biased feedback procedure to the high confidence old
criterion should lead to concomitant changes in the position of the old/new criterion. In
contrast, if subjects are using environmental information to inform them more generally
about the category distinction between old and new items, then the old/new criterion
should shift despite restricting feedback to the high confidence false alarms (Figure 4B).
In the following study, a single group of observers were encouraged to become lax by
administering the biased feedback following high confidence false alarms. In order to
estimate each observer’s initial criterion position, an initial test was given with no
feedback. Following this, a second test was given using the restrictive biased feedback
procedure. Finally, the subjects were tested with feedback removed in order to examine

the durability of any induced criterion shift.
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“NEW” ‘oLD”

HIGH" TLOW SLOW' | "HIGH"

“CORRECT”
(Biased Feedback to
high cenfidence FAR)

Figure 4: Illustration of The Possible Movement of The Confidence Criteria As A
Function of Biased Feedback Manipulation.

3.3.2 Methods
3.3.2.1 Subjects

Seventeen Duke undergraduates participated in return for partial course credit.
Informed consent was obtained in accordance with the human subjects review committee
of Duke University. No subject indicated that they were potentially aware of the
manipulation on a post-experiment questionnaire.
3.3.2.2 Materials and Procedure

Three lists of 200 items (100 studied- and 100 lure- items) were constructed.
During study, subjects rated items for the number of syllables, following which they were

immediately given a forewarned memory test for the items. Subjects were not
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forewarned that feedback would be present during testing. In each memory test, the
studied and lure items were randomly intermixed and presented serially for recognition
judgments (“Is this OLD or NEW? 1=OLD 2=NEW?”). Following the old/new response,
the subject then rated their confidence on a two-point scale (“Confidence? Unsure =1 2=
Certain”). Feedback, if given, immediately followed the confidence rating. The
perceptual characteristics of feedback were the same as in Experiment 2A. The biased
feedback was probabilistically given only in Test 2 by being limited to high confidence
false alarms while all other responses received correct feedback. Approximately 8% of
the total false alarm trials received biased feedback. There was no feedback during the
first and final tests. All responses during testing were self-paced. After the recognition
test, subjects were given the BIS-BAS self-report questionnaire.
3.3.3 Results

Accuracy (A,): A one-way ANOVA for A, with factors of Test (First, Second or
Third) yielded a significant main effect (F(2,30) = 13.58, MSe = .03, p <.001) (Table 6).
Simple t-tests showed that the first test block was more accurate than the second (t(15) =
4.94, p <.01) and the third test (t(15) = 6.70, p <.01). There was no difference between
the second and the third tests.

Decision Criteria (c,): An ANOVA on the old/new criterion estimate (c) revealed

a significant main effect of Test (1,2,3) (F(2,30) = 6.74, MSe = .10, p <.005),
demonstrating that the old/new decision criterion was affected by the feedback
manipulation, even though false feedback was restricted solely to high confidence errors.

This demonstrates that subjects used the feedback to generally inform them about the
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old/new category distinction, as opposed to simply shifting their criterion for high
confidence endorsements. Post hoc pair-wise comparisons demonstrated that the old/new
criterion was significantly more liberal in Test 2 (t(15) =2.43 , p <.05) and Test 3 (t(15)
=3.57,p <.01) compared to Test 1. There was no difference between Test 2 and Test 3
(p = .29), suggesting that the induced liberal criterion shift persisted when the feedback

was removed in Test 3.

Table 6: Experiment 2C and Control Experiment Accuracy and Decision Criterion
Across Tests

Exp 2C. No Feedback-LAX-No Feedback

TEST1 TEST?2 TEST3
Hit .76 (.09) .76 (.08) .75 (.07)
False Alarm .23 (.08) 32 (.10) .34 (.12)
A, .85 (.06) .78 (.08) .78 (.08)
Ca Most Conf .67 (.29) 44 (.58) .53 (.50)
C, Overall .02 (.21) -.09 (.20) -.13 (.21)
Ca Least Conf -.90 (.46) -.84 (.52) -1.11 (.55)

Correct Feedback- Correct Feedback- Correct Feedback

Hit 69 (.10) 68 (.12) .66 (.12)
False Alarm 25 (.09) 23 (.10) 25 (.08)
¢, Overall .08 (.12) 13 (.22) .06 (.25)

Note: Values in parentheses indicate standard deviations.

Correlation with Personality Scale (BIS-BAS): Correlation analyses were

performed in order to examine the relationship between criterion learning in response to

feedback, and self-reported general sensitivity to positive/negative environmental
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outcomes outside the laboratory. BIS-BAS subscale scores for each subject were
summed and correlated with two measures of criterion flexibility. The first simply
indicated the difference between c, for the first minus the second test. If subjects are
highly sensitive to the feedback contingency, then this difference score will tend to be
large as the old/new criterion moves increasingly leftward (viz. lax). The second
measure simply used false alarm rates across tests 1 and 2, as an alternate measure of
criterion position (Benjamin & Bawa, 2004; Morrell et al., 2002), again focusing on the
change across the tests. If subjects are highly sensitive to the feedback then false alarms
will be larger in test 2 than test 1, and again, this difference score will tend to be large.

It is worth noting that false alarm may be a less problematic estimate of criterion
across conditions in which the accuracy also changes. When accuracy changes across
two conditions, ¢ or ¢, also must change because of the way they are calculated (Pastore
et al., 2003). More specifically, c or c, represents the distance of the criterion from the
midway position where old and new item distributions overlap. Thus changes in the
evidence distributions that result in accuracy changes will also influence the criterion. By
contrast, using false alarm rate as a measure of criterion is based on the assumption that
the new item distribution does not change. For example, previous studies showed that
false alarm rates remain constant across prominent changes in hit rates when target
strength is directly manipulated (e.g., Verde & Rotello, 2007; Morrell, et al., 2004). This
suggests that false alarm rates may be a more appropriate measure of criterion since they
do not change in the face of procedures directly manipulating the memorability of old

items (viz., a change in accuracy). This issue was not a problem in the earlier analyses
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above because the analyses were restricted to comparisons of conditions in which the two
groups always had the same accuracy. Here however the focus was on the comparisons
across tests within subjects, which do not have the same accuracy scores as indicated by
A, analysis above.

The BIS subscale scores showed positive correlation tendency with the old/new c,
change score (r = .42; p =.11), and was significantly correlated with the false alarm rate
change score (r =.50; p <.05). These findings indicate that subjects who self-report
being more sensitive to negative outcomes in life, demonstrated more pronounced shifts
of the criterion in response to the biased feedback procedure. Thus one component of the
induced criterion movement is the tendency to avoid negative outcomes linked to the
non-manipulated incorrect response category (in this case “no” responses) and this
tendency is moderated by self-reported sensitivity to negative outcomes outside the
laboratory. Additionally, although the BAS Reward Responsiveness component only
showed a modest trend towards positive correlation with the c, change score (r=.38;p =
.15), it was significantly positively correlated with the false alarm rate change score (r =
.55; p <.05) (Table 7). The other two BAS subscale (Drive, Fun-Seeking) failed to show
correlations (r = .05, r = 07, ns, ¢, and false alarm with Drive; r =-.42, r = -.45, ns, c,and
false alarm with Fun-Seeking). These correlation data suggest that a second factor
driving the bias feedback induced shifts is the approach or seeking of rewarding feedback
outcomes. Finally, correlation between the initial placement of each subject’s criterion

(ca, FAR in the first block) and BIS-BAS scales did not reach significance. This
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demonstrates that although the lability of the criterion shifts was correlated with

personality variables, the initial starting point of the criteria in Test 1 was not.

Table 7: Experiment 2C Correlation Analyses Between BIS-BAS Personality Index
and Changes of Decision Criterion (Test 1 — Test 2) and Raw False Alarm Rates
Across Tests (Test 2 — Test 1)

BIS BAS Reward Responsiveness
C, Overall Diff. BL1-BL2 42 (p =.11) 38 (p =.15)
FAR Overall Diff. BL2-BL1 .50 (p < .05) .55 (p < .05)

FAR: False alarm

3.3.4 Discussion

Overall, the results demonstrate two key findings. First, the degree of criterion
learning displayed by subjects was influenced by stable personality differences reflecting
sensitivity to positive and negative outcomes outside the laboratory. This appears to be
the first study linking memory decision criterion flexibility or positioning to stable
personality characteristics (cf. Benjamin et al., unpublished data). Furthermore, the
finding suggests that there should be a fairly large range of reward reactivity or
sensitivity across typical subjects and that this may serve to regulate how effective these
or similar reinforcement procedures are during testing. This further links the criterion
shifts to reward-based learning mechanisms and a natural prediction arising from this
finding is that performance in category learning tasks might also be subject to similar
personality dependencies. That is, those subjects who score highest on BIS and BAS
subscales may acquire the category distinctions quicker in probabilistic classification and

information integration tasks. Second, the induced shifts were observed in the old/new
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criterion despite the fact that the false-feedback manipulation was restricted to high
confidence errors. It is important to note that this means that the BIS and BAS
correlations reported above occurred with respect to a criterion that was not directly
targeted by the feedback manipulation. Overall, this suggests that subjects are using the
feedback to learn about the appropriateness of old/new distinction more broadly, and not
simply the appropriateness of high confidence following an old report.

Correct feedback in recognition judgments: One concern that might arise from the

current design is that the old/new criterion might simply shift as a function of test or
fatigue; that is, it might simply become more lax naturally across the three tests. To rule
this out a separate group of 18 subjects were examined. These subjects were exposed to
entirely correct feedback across three separate recognition tests each immediately
preceded by a 100 item study list with the syllable counting encoding task (100 studied —
and 100 lure-items each). There was no evidence that the old/new decision criterion c,
shifted during the course of testing (F <.18, p =.83). This absence of criterion movement
in this control group, coupled with the fact that the criterion appeared to move coincident
with the application of the biasing feedback in the manipulation group above, strongly
suggests that it is unlikely that the criterion changes noted above are passive and
unrelated to the feedback manipulation. The mean criterion positions for this separate

experiment are also included in Table 6.
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3.4  Brief Summary of Experiment 2A, 2B, and 2C

The current findings represent a test of feedback induced criterion shifts using
procedures that more closely resemble those seen in complex category learning tasks.
The manipulations in Experiments 2A, 2B, and 2C removed the fixed or deterministic
relationship between certain response types and positive outcomes that was characteristic
of the versions of the task used in Experiments 1B and 1C. In these previous studies, the
response subjected to biased feedback always yielded positive outcomes which is
somewhat similar to rule based category learning tasks where the discovery of the
appropriate rule results in perfect performance. The correspondence is not perfect
because the response not receiving biased feedback received both positive and negative
feedback for the groups whereas once the rule is discovered in rule-based category
learning all responses are usually correct. Nonetheless, the goal of Experiments 2A-2C
was to make the relationship between responses and outcomes even more opaque by
rendering biased feedback probabilistically in Experiment 2A and withholding feedback
for a subset of responses in Experiment 2B. Both manipulations yielded prominent shifts
of the measured recognition criterion. Experiment 2C used a combination of
probabilistic biased feedback and restricted this to only a subset of errors, namely high
confidence false alarms. Thus the relationship between response types and outcomes was
relatively opaque and indeed no subject in this design reported being aware of anything
odd or unusual about the nature of the feedback. Despite these more subtle
manipulations, all three experiments demonstrated clear criterion learning and in all cases

the induced shifts remained for a considerable durations in the absence of any
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environmental support (viz., the no feedback tests). Experiment 2C additionally
demonstrated that, even when feedback manipulations were restricted to high confidence
errors, shifts were observed in the overall old/new category criterion and this suggests
that the learning that is evinced is with respect to the categorical distinction the subjects
are making with respect to the memoranda. If instead the learning were specific to each
confidence criterion then only the high confidence criterion would have been affected.
Finally, sensitivity to the biased feedback manipulation was correlated with stable
personality characteristics linked to reward reactivity outside the laboratory. Taken as a
whole, these findings suggest a key role for incremental reward learning governing the

expression of episodic information.

75



4 fMRI Investigation of Reward and Reinforcement
Processes During Episodic Retrieval

Chapters 2 and 3 suggested that recognition criterion placement was influenced
by reinforcement learning mechanisms during retrieval. More specifically, biased
feedback altered the tendency of observers to use one or the other recognition
classification even though subjects reported being unaware of the biased feedback
contingencies. Furthermore, individual differences in reward reactivity were
significantly correlated with the levels of criterion adaptation in response to the feedback
manipulations.

These findings are arguably surprising since traditional episodic memory research
has not suggested a significant role for incremental reinforcement learning during
memory judgment. Indeed, the standard systems approach to memory (Schacter &
Tulving, 1994; Squire, 2004; Tulving, 1985) holds that procedural learning and episodic
learning are supported by two independent neural systems, each with different operating
characteristics and conscious correlates. The current findings however suggest that
reinforcement learning mechanisms may somehow gate or regulate the expression of
episodic memory retrieval by rendering subjects more or less cautious in the translation
of evidence into overt decisions or responses. These findings naturally lead to the more
basic question of how neural connections between reinforcement learning and episodic

systems might mediate recognition decisions.

To begin to address this question, Chapter 4 closely examines activation in striatal

regions traditionally associated with reinforcement processes during both standard

76



recognition and recognition paired with extrinsic monetary rewards. As outlined below,
the basic question was whether regions previously linked with reward processing and
reinforcement learning were coactive during certain types of recognition outcomes, and
whether these patterns of coactivation were influenced by individual differences in
reward reactivity and manipulation of extrinsic rewards. To our knowledge, this is the
first attempt to catalogue and manipulate the involvement of reward processing regions
during recognition retrieval. Before addressing the more specific hypotheses addressed
by the experiment, I review research linked to the striatal regions that will be the focus of

the fMRI analyses.
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4.1 Experiment 3: Neural Substrates of Reward and Reinforcement
Processes During Recognition Retrieval

4.1.1 Introduction

Given the findings of countless computational and animal learning studies there is
little doubt that a vast array of animal behaviors are influenced by operant conditioning or
instrumental learning mechanisms (Montague & Berns, 2002; Skinner, 1938; Sutton &
Barto, 1981; Thorndike, 1911). The primary characteristic of this reinforcement learning
is the incremental acquisition of context or cue-induced adaptive behaviors as a function
of reinforcement history, and single-unit neurophysiology and recent functional imaging
research has implicated the midbrain dopaminergic region and its targets in striatal and
ventromedial PFC regions as key areas supporting this learning (e.g., Delgado, Nystrom,
Fissell, Noll, & Fiez, 2000; Knutson, Fong, Adams, Varner, & Hommer, 2001b; Schultz,

Dayan, & Montague, 1997; Schultz & Dickinson, 2000).

Traditionally, learning theorists have drawn a distinction between primary and
secondary reinforcers. Primary reinforcers are appetitive stimuli and their reward value
has been presumably been established via evolutionary pressures. In contrast to primary
reinforcers, secondary reinforcers are not directly consumed, but have acquired reward
characteristics because they signal access to primary reinforcers. Another way to
characterize this difference is as the difference between analogue versus symbolic reward
cues. Recent functional imaging research suggests that in humans, both types of
reinforcers activate midbrain and striatal regions. For example, primary reinforcers such

as foods (Berns, McClure, Pagnoni, & Montague, 2001; O'Doherty, Deichmann,
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Critchley, & Dolan, 2002), beautiful faces (Ahron, Etcoff, Ariely, Chabris, O'Connor, &
Breiter, 2001) or pictures of social/sexual partners (Knutson & Cooper, 2005) induce
reward circuit activation. Similarly, secondary reinforcers such as monetary gain also
elicit activity in these regions (Breiter, Ahron, Kahneman, Dale, & Shizgal, 2001;
Delgado, Locke, Stenger, & Fiez, 2003; Delgado et al., 2000; Delgado, Stenger, & Fiez,
2004; Knutson, Adams, Fong, & Hommer, 2001a; Knutson & Cooper, 2005; Knutson et
al., 2001b; Koch, Chandragiri, Rizvi, Petrides, & Francis, 2000; O'Doherty, Kringelbach,

Rolls, Hornak, & Andrews, 2001).

Critically however, activation in these regions can also be triggered by more
abstract reward cues such as cooperation in social interaction (Decety, Jackson,
Sommerville, Chaminade, & Meltzoff, 2004). For example, in a recent fMRI study by
Decety and collegues (2004) participants played a computer game (i.e., pattern
completion) either in cooperation with or in competition against another person. The task
also included independence trials. The cooperation conditions led to greater behavioral
performance in task completion compared to competition or independence trials.
Furthermore, the direct contrast of neural response during cooperation versus
independence trials yielded prominent activation in reward related regions (e.g.,
orbitofrontal cortex) in the absence of extrinsic reward. From these results, the authors
suggested that the reward value stems from the satisfaction of reaching a goal through

interaction.
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Interestingly, choosing a punishment to defectors in reciprocity game also elicits
reward related activation (de Quervain et al., 2004). More specifically, in a PET study
researchers investigated brain activation associated with anticipation of revenge in the
context of trust game, in which subjects invested money in trustees. After the money is
quadrupled as a result of investment, trustees had a chance either to return part of the
investment to subjects, or investor, or to defect by returning nothing. Critically, investors
could decide to punish defectors by taking their money. The researchers found that
administering punishment to defector activates the reward related areas such as striatum
(e.g., caudate) and this activation was still found even when the punishment carried a

personal cost.

Overall, these findings indicate that certain internal cognitive states elicit
activation in regions associated with reward processing, perhaps functioning as
conditioned or secondary ‘reinforcers’, even in the absence of direct feedback signaling
reward. In many instances, what appears to be critical is the subjects’ belief that there is
a contingency between his or her actions and the presence or absence of future reward.
The novel idea advanced in the current study is that decisions about one’s memory may
lead to activation in reward processing areas since subjects might be expected to value
“old” conclusions depending upon intrinsic goals, extrinsic reward contingencies, and
personality characteristics. If correct, then this would represent a critical initial step in
investigating the potential for reinforcement learning to influence the recognition

decision criterion because it would suggest that these areas are highly active during
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recognition tasks. These predictions will be further elaborated after considering

neuroscientific research on the neural substrates of reward processing.

4.1.1.1 Reward processing brain regions

The current study focused entirely on the striatum which has been heavily
implicated in reinforcement learning and the processing of reward (Apicella, Ljungberg,
Scarnati, & Schultz, 1991; Breiter et al., 2001; Delgado et al., 2000; Knutson, Westdorp,
Kaiser, & Hommer, 2000) (Figure 5). The striatum consists of multiple feedback loops
that are modulated by dopaminergic neurons in the midbrain, and is typically can be
subdivided into dorsal and ventral regions. More specifically, the striatum receives
dopaminergic inputs from the substantia nigra (Alexander, DeLong, & Strick, 1986) and
ventral tegmental area (Robbins & Everitt, 1996), and also receives signals from the
amygdala, hippocampal formation, and prefrontal cortex (Robbins & Everitt, 1996). It
sends information back to the prefrontal cortex by way of the globus pallidus, and the
thalamus, forming a frontal-striatal-thalamic loop (Alexander et al., 1986; Robbins &
Everitt, 1996). Dorsal striatum is primarily composed of caudate nucleus and putamen,

and ventral striatum is primarily nucleus accumbens.
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Figure 5: Regions Related to Reward Process. Adapted from Hyman, Malenka, &
Nestler (2006)

Dorsal striatum

Substantial evidence from primate studies implicates the caudate in reward tasks
linked to the expectation or receipt of primary reinforcers (Apicella et al., 1991;
Kawagoe, Takikawa, & Hikosaka, 1998; Lauwereyns, Takikawa, Kawagoe, Kobayashi,
Koizumi, Coe, Sakagami, & Hikosaka, 2002). For example, in a non-human primate
study by Kawagoe et al. (1998), the researchers recorded neuronal activation during a
visually-guided saccade task in monkeys and found that the initially preferred direction of
neurons in the caudate nucleus changed as a function of which direction was rewarded
(Kawagoe et al., 1998). More specifically, these neurons tended to demonstrate a
preferred saccade direction when all four directions were equally rewarded. However,
when only one of the four cardinal directions was rewarded in a given block, the neurons
became selective for that direction regardless of their directional selectivity when all four

locations were rewarded. Behaviorally, this reward-based selectivity was associated with
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a decreased latency and increased velocity of saccades to the rewarded versus non-
rewarded locations. Kawagoe et al. (1998) suggested that this reflected a neuronal
signature of motivation. Alternatively, it could be argued to reflect a reward induced
response bias such that less cue information would be required to select the rewarded
versus non-rewarded location, although this was not directly investigated. Regardless,
the findings demonstrate caudate activity that predicts whether the animal is making a
response to a rewarded versus a non-rewarded location, and this activity appears highly
plastic as a function of recent reinforcement contingencies.

Later evidence for the interpretation of caudate activity in terms of learned
responses biases was provided by Lauwereyns et al. (2002) who were able to isolate cue
processing activity from target presentation and response. These researchers capitalized
on the fact that caudate neurons tend to demonstrate preferred directions in the
contralateral hemisphere. During blocks in which this direction was associated with
reward on half of the trials, these neurons demonstrated increased responses prior to the
appearance of targets whereas this pre-target activity was muted when the ipsilateral
direction was instead linked to reward. Based on these findings Lauwereyns et al. (2002)
suggested that the caudate biases responding in advance of the target presentation as a
function of prior reward histories, which in effect would yield a different baseline for
executing the reward-linked versus non-reward linked responses.

In functional imaging studies of humans, numerous studies have demonstrated
prominent responses in the dorsal striatum associated with the delivery of monetary

reward (Delgado et al., 2003; Delgado et al., 2000; Elliott, Friston, & Dolan, 2000;
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Knutson et al., 2001a; Knutson et al., 2001b) and the anticipation of rewards (Elliott et
al., 2000; Knutson et al., 2000, 2001a, b). Furthermore, supporting the non-human
primate work noted above, these activations appear to track the anticipation of
behaviorally linked rewards. For example, recent fMRI work also suggests that it is the
perceived contingency between behavior and reward that is critical for participation of
the caudate. In an oddball task paradigm, Tricomi et al. (2004) found that the caudate
nucleus was robustly activated when subjects believed that their button presses
determined the subsequent availability of reward whereas randomly presented rewards or
time-locked anticipation of reward was not enough to drive the activation in isolation.
Overall, caudate activation appears to anticipate the future possibility of reward when
observers perceive that their actions influence the future likelihood of rewarding
outcomes.

Ventral striatum

Activity in the ventral striatum has been associated with various facets of reward-
related behavior, from direct hedonic signaling to the regulation of motivational states.
The latter interpretation may be particularly relevant to the findings of Experiment 2C,
which demonstrated a relationship between personality characteristics related to reward
reactivity and sensitivity to biasing feedback. More specifically, subjects who self-
reported going to greater behavioral lengths to acquire rewards or avoid negative
outcomes, demonstrated greater criterion learning in the biased feedback procedure.

Below I briefly review findings loosely linked with the two viewpoints regarding ventral
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striatal function, while acknowledging at the outset that the distinction between
registering hedonic value and motivational incentive is tenuous at present.

A stream of studies have stressed that ventral striatum activation is sensitive to the
hedonic value of reward. For example, in a historical brain stimulation study in animals,
rats constantly pressed levers to receive the stimulation in the dopamine neurons that
innervate ventral striatum (e.g., nucleus accumbens) (Olds & Milner, 1954; see also
Kiyatkin & Gratton, 1994). In an fMRI study with human subjects, Knutson and
colleagues found that self-reported affective ratings (e.g., happiness) during incentive
task were correlated with ventral striatum activation (Knutson et al., 2001a). Similarly,
using PET, Drevets and colleagues (2001) found that participants’ emotional response
correlated positively with the magnitude of dopamine release following amphetamine
administration in ventral striatum regions. Specifically, the researchers obtained PET
measures of dopamine concentrations following amphetamine injection in the dorsal and
ventral striatum, two primary target regions of dopamine release, and found that
measured dopamine concentrations showed positive correlations with the associated
euphoric response in human subjects measured by the Profile of Mood States (POMS) in
the anteroventral striatum. Partially supporting this hedonic account in ventral striatum,
patient studies also demonstrated that the dysfunction of the ventral striatum region is
associated with reduced motivation or anhedonia (Goldstein & Volkow, 2002; Wise,
1982) as assessed by reduced performance compared to healthy control group even in the

presence of reward feedback (e.g., Steele, Kumar, & Ebmeier, 2007).
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Another stream of studies using delayed monetary incentive tasks with human
subjects have suggested motivation-related function based on prominent activation of
ventral striatum (i.e., nucleus accumbens) during incentive anticipation. For example,
several fMRI studies documented activation in the ventral striatum in the anticipation of
monetary rewards (Breiter et al., 2001; Elliott et al., 2000; Knutson et al., 2001a; Knutson
et al., 2001b), and the response appears to increase with the expected magnitude of
subsequent rewards (Knutson et al., 2005).

Recently, Cohen and colleagues (2005) clearly demonstrated that activation in the
ventral striatum (e.g., nucleus accumbens), in response to reward during a monetary
incentive task, was modulated by individual differences in reward-seeking motivational
states. The researchers measured the personality trait extraversion using a Big 5
Personality Inventory and regarded it as a construct linked to motivation to obtain future
rewards using. Extraversion has been characterized by individual variability in social
engagement and life satisfaction (Ashton, Lee, & Paunonen, 2002), and is highly
conceptually related to motivation constructs such as Behavioral Activation System
(BAS) (Smillie & Jackson, 2005) discussed in Chapter 3. Given that individual
differences in extraversion predicted the responsiveness to rewards during task in
orbitofrontal, amygdala, and nucleus accumbens, the researchers suggested that
personality of reward-seeking modulates the activations in reward related areas such as
ventral striatum.

Overall, it is not clear that findings in the ventral striatum clearly point to either a

hedonic- or motivation-related functional interpretation. Indeed the two may not be
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conceptually separable since the level of pleasure elicited by stimuli presumably
regulates the lengths to which one will go in order to obtain or interact with those same
stimuli. Regardless, the data do suggest that relatively stable subject traits or conditions
may mediate the response of ventral striatum in the face of potential rewards.
4.1.1.2 Episodic memory retrieval and coactivation in reward regions

The goal of the current fMRI study was to examine striatal brain regions during
episodic recognition to examine activity across different judgments and outcomes. There
are several reasons why one might expect this region to track retrieval judgments. One
prediction is that striatal activity might reflect whether or not subjects were successful in
recovering episodic content, and in the case of recognition this would lead to greater
activity for “old” relative to “new” reports. The logic underlying this prediction is that
retrieval of episodic information or recollection may act as a secondary reinforcer
because it unambiguously signals solution to a memory challenge. Given that over the
lifetime of the observer, successful episodic retrieval has frequently been critical for
obtaining rewards and avoiding negative outcomes, it could be the case that successful
retrieval itself has come to elicit reinforcing or positively valenced characteristics. If this
holds true, then correct “old” reports, particularly those of high confidence, should elicit
greater reward-related activation than correct “new” reports, since the former likely

involve successful retrieval and the latter do not.

In contrast to the retrieval specific hypothesis, one might instead predict that
activation in reward related processing regions would be elicited whenever subjects are

confident of their responses, regardless of whether “old” or “new”. This prediction is
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based on the assumption that high confidence responses are usually predictive of success
and potential rewards, and the idea falls more in line with the Signal Detection model of
performance (e.g., Figure 2A above). Under Signal Detection Theory, the utility of
recovered evidence does not differ as a function of whether it falls to the left or right of
the decision criterion. An extremely low evidence value is just as informative as an
extremely high value in terms predicting a successful outcome since the relative positions
of the old and new item distributions is arbitrary in the detection framework. More
specifically, although it is typical for researchers to associate high values with increased
“familiarity” or “strength”, one could just as easily reverse the position of the
distributions and associate high values with increased perceived “novelty” and low
values with an absence of perceived novelty. Thus regardless of the ordering of the
distributions, the information hypotheses would predict greater activation in reward-
processing regions for high confidence responses relative to guesses, because the former

are usually predictive of success and potential rewards.

Finally, one might instead predict that striatal activation during recognition would
be observed since it may reflect a goal dependent and contextually specific response to
potential reward. Specifically, subjects might be expected to value “old” conclusions
since they would assume that the primary goal in a recognition memory task is to
maximize the detection of studied items. As noted above, striatal regions may
demonstrate goal dependent activation. For example, it is the perceived contingency
between actions and goal attainment that governs striatal recruitment (Tricomi, Delgado,

& Fiez, 2004; Zink, Pagnoni, Martin, Dhamala, & Berns, 2003). Along similar lines,
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when participating in an oddball detection task, observers presumably assume the goal is
to maximize the detection of oddball items and indeed striatal regions often demonstrate
greater activity for the detection of the rare “targets” relative to the rejection of the
equally rare “novels” despite the fact that both are typically equally salient (e.g., Strobel,
Debener, Sorger, Peters, Kranczioch, Hoechstetter, Engel, Brocke, & Goebel, 2007).
Therefore, under this goal-dependent account, striatal activation is elicited when the

outcome is relevant and matched to goal orientation.

If the goal-dependent hypothesis holds true, the observed activation would depend
heavily upon the subjects’ interpretation of the goals of the retrieval task. During
standard recognition paradigms, this goal-dependent hypothesis makes the same
prediction as the retrieval specific account above, namely that “old” responses should
yield greater striatal activity than “new” responses. However, if the subjects’ goals
dictate activation levels then striatal activity will track whether new items or old items are
at the center of the subjects efforts. More specifically, as outlined in the methods below,
and analogous to the caudate neurophysiology work reviewed in section 4.1.1.1 (e.g.,
Kawagoe et al., 1994; Lauwereyns et al., 2002), one should be able to use extrinsic
reward manipulations to shift the goal of the observers from maximizing the detection of
old items to maximizing the detection of new items. By contrast, if the retrieval specific
hypothesis is correct, then striatal activity will be unchanged and will still be greater for

old than new judgments.
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Aside from examining the above hypothesis, the other goal of Experiment 3 was
to examine whether detected striatal activations were modulated by individual differences
in reward reactivity as measured by BIS-BAS questionnaire. Given the correlation
between this instrument and criterion learning in Experiment 2C, and the functional
imaging research linking ventral striatum activation with tonic motivational states in
section 4.1.1.1, I was interested in whether observed striatal activation would be
conditional upon subjects’ self reported reward seeking or punishment avoidance

tendencies.

Before turning to the experiment rationale and procedures, it is important to note
that recent neuroimaging data are not inconsistent with the above hypotheses and several
reports have documented activation in reward related regions during episodic retrieval,
although these activations were generally not considered in any detail. For example,
Eldridge et al (2000) revealed striatal activation (i.e., caudate) during 'Remember’
responses relative to 'Know' responses that potentially indexed recollective versus
familiarity based memory endorsements (Eldridge, Knowlton, Furmanski, Bookheimer,
& Engel, 2000). Likewise, several studies that investigated retrieval tasks thought to
heavily rely upon recollection, and have demonstrated activation in the dorsal striatum
for successful versus unsuccessful responding (e.g., Achim & Lepage, 2005; Burianova
& Grady, 2007; e.g., Clemens von Zerssen, Mecklinger, Opitz, & Yves von Cramon,
2001; Rekkas & Constable, 2005; Vilberg & Rugg, 2007) Although these findings
suggest coactivation of striatal regions during retrieval paradigms, they are largely moot

when it comes to the predictions above since typically, successful retrieval, goal

90



orientation, and confidence levels are confounded across the relevant contrasts. Critically
however, none of these studies have employed reward feedback manipulations, which
suggests that reliable striatal activation does not depend the delivery, or expected

delivery, of monetary reward.

4.1.1.3 Focus of fMRI Study

The current neuroimaging study is an initial investigation aimed at systematically
examining striatal regions for evidence of differential activation during episodic retrieval
judgments. Three primary hypotheses are examined. The retrieval specific hypothesis is
that striatal activation should track perceived recollection or retrieval. Thus this
hypothesis predicts greater activation during “old” versus “new” reports regardless of
which is emphasized as critical based on the context. The confidence-based hypothesis
predicts that activation will not follow the different judgment types, but will instead be
linked to the level of confidence accompanying report. Thus high confidence responses
should yield greater activity than low confidence responses regardless of whether it is an
“old” or “new” report. Finally, the goal dependent account predicts that striatal
activation during recognition will critically depend upon which response type is
emphasized as important by the design. In typical recognition tests it is the detection of
old items that is assumed to be the primary goal of the subjects, however, the current
design crosses standard recognition with extrinsic reward manipulations designed to shift
the goal from the detection of old items to the detection of new items. Finally, striatal
responses are also examined in light of subjects’ scores on reward reactivity. The

proposed neuroimaging study serves as a first step in linking memory outcomes to reward
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processing neurobiological networks and will potentially lay the groundwork for
explaining how reward and feedback interact with memory decision criteria as shown in
Experiments 1 and 2.
4.1.2 Methods
4.1.2.1 Subjects

20 native English-speaking volunteers participated. Participants were 11 females
and 9 males, with a mean age of 24 years (age range 20-33 years). One subject was
excluded from analysis for failure to complete the experiment. Informed consent was
obtained in compliance with the Institutional Review Board of Duke University Medical
Center. The participants were paid $20 for each hour of participation and maximum $80
for their performance (see below).
4.1.2.2 Materials

For the recognition testing, 500 nouns were drawn randomly from the same word
pool as Experiment 1s and 2s. From this list, four lists of 100 items (50 old, 50 new
items for each cycle) were constructed for use in two study and four memory test scans.
100 additional items were selected and presented as new items during a post-scan
recognition test. The items in the pool were on average 7.09 letters, and 2.34 syllables,
with a Kucera-Francis corpus frequency of 8.85. During scanning, stimuli were back-
projected onto a viewing mirror. All responses were made with the left hand using an

optical button box with four available keys.
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4.1.2.3 Procedure

In total, there were 6 sequential scans. During the first four scans, recognition
memory was examined. There was one encoding period preceding recognition scans 1
and 2, and another encoding period preceding recognition scans 3 and 4. Following these
recognition scans, subjects engaged in two non-memory incentive guessing scans, and
finally, a post-scan surprise recognition test, followed by completion of the BIS/BAS
questionnaire. The design is illustrated in Figure 6 and described below. Importantly, no
mention of the potential for reward was made until after the first two recognition scans
were completed. Therefore, any activation observed in striatal regions is task intrinsic.
That is, subjects were not being rewarded, nor did they expect reward, based on the
outcome of the individual recognition trials in scans 1 and 2. The comparison of these
intrinsic responses in scans 1 and 2 to those observed when external reward contingencies
are added in scans 3 and 4 forms a major part of the analyses. The study periods were not
scanned.

Encoding phase: During encoding, subjects rated words (i.e., pickle) using a

moderately shallow encoding task as in Experiment 1s and 2s, in which they counted the
number of syllables present for each word. Each encoding phase had 100 trials to support
two subsequent, scanned test phases. Each word appeared with a task cue "Counting
syllables 1/2/3/more than 4" underneath and subjects were given a limited amount of time
(2 s) to perform the task. If no response was entered within 2 s, a warning message
asking for a quicker response was presented. Responses during encoding were self-

paced.
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l. Scans 1 & 2 — No Mention of Reward

ENCODING 1 RETRIEVAL 1 RETRIEVAL 2

Encoding Task: Is this Old/New? Is this Old/New?
MONITOR Counting syllables (Did you see this word before?)

BMW > MONITOR APPLE
iPOD ) ]
. HighOLD — LowOLD — LowNEW - HighNEW
No Reward No Reward No Reward No Reward
HITresponse CRresponse HITresponse CRresponse

Il. Scans 3 & 4 - Rewarded Recognition

ENCODING 2 RETRIEVAL 3 RETRIEVAL 4

Encoding Task: Is this Old/New? Is this Old/New?
MONITOR Counting syllables (Did you see this word before?)

BMW MONITOR APPLE
iPOD , ,
. HighOLD — LowOLD — LowNEW - HighNEW
Rewarding No Reward No Reward Rewardin
HITresponse CRresponse HITresponse CRresponse

lll. Scans 5 & 6 = Non-memory Incentive Task

Incentive Guessing task 1 & 2

“PICK EXACT “PICK ANY
TARGET LOCATION NONTARGET LOCATION

15 15

LOW CHANCE (25%)  HIGH CHANCE (75%)

Figure 6: Experimental Design
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Retrieval phase I - Standard Old/New item recognition (First 2 scans): During

recognition scans subjects were presented with old words from the previous encoding list
intermixed with new words. Subjects made memory judgments about each presented item
using four response options cued beneath each stimulus probe (High confident Old - Low
confident Old - Low confident New - High confident New). Responses were made with
an optical response button box. There were a total of 100 test items (50 old items + 50
new items) in each test scan. Test trials were interspersed with 25 fixation trials as
determined by an optimal sequencing program (Wager & Nichols, 2003). In addition,
there were 20 active control trials, in which subjects were presented a randomly chosen
number (1~4) and instructed to press the corresponding key. The memoranda and
response prompt appeared simultaneously for 3.5 seconds followed by 0.5 second blank
interval before the next trial (SOA of 4s). Again, during scans 1 and 2 there was no
mention of any potential reward whatsoever. Thus, any activation occurring in the
reward-related regions at this stage arguably reflects intrinsically rewarding task
characteristics during episodic retrieval judgments.

Retrieval phase II - Old/New item recognition with Extrinsic Reward: Of the four

recognition memory scans, scans 3 and 4 comprised potentially rewarded recognition
performance. The test items were encoded in the interim prior to scan 3. The potential
for monetary reward in scans 3 and 4 was only divulged after completion of scans 1 and 2
and the encoding of the study items for scans 3 and 4. This prevented reward

contamination of the first two recognition scans and of the study period preceding scans 3
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and 4. Instructions were provided on screen and questions answered via intercom before
proceeding with the 2nd phase. In each scan a different judgment was associated with the
potential for extrinsic reward and punishment. More specifically, subjects were informed
that correct responding of a given type (e.g., "old" response to old item - Aif) would
potentially receive 1 dollar whereas an erroneous response of the same type (e.g., "old"
response to new item — false alarm) would be penalized 1 dollar. The reason for using
potential losses was to prevent subjects from simply responding "old" on every trial and
hence maximizing the payout without performing the memory task. The item type to be
rewarded differed across the two scans with one scan emphasizing reward for the
detection of old items (“Old” responses), the other emphasizing reward for the detection
of new items (“New” responses). I refer to the scan in which “Old” responses potentially
yielded reward as the Reward-Hit condition, and the other scan in which “New”
responses potentially yielded reward as the Reward-CR (Correct rejection) condition.

The second key manipulation during these two scans was whether feedback did or
did not follow responding. On some trials the subjects received immediate feedback
indicating the accuracy of their response and a running total of reward accrued, whereas
other trials did not include reward information after responding. The purpose of the no-
feedback condition was to see if the recognition judgments continued to evoke reward
activation even in the absence of external feedback. Subjects were told that they would
also get the same payouts based on their performance for these trials even if no reward
information was presented the screen. The presence of feedback for the targeted response

type (old or new) was probabilistically determined based on the subjects’ responses
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during each scan. For example, if hits were reward-linked during the scan, then "old"
responses were followed by feedback 50 percent of the time and "new" responses never
yielded feedback. Subjects were forewarned that no-feedback trials would occur on
many occasions and they would still either win or lose money on these trials, provided
the item occurring on that trial was from the current target type for that scan (Prompt
"OLD ITEMS EARN MONEY"). Subjects were also informed that one of the two scans
would be randomly chosen in order to determine the actual payout at the end of the
experiment. It was explained to the subjects that this was done in order to keep the
maximum payout at a reasonable level.

The order of Reward-Hit and Reward-CR scans was counterbalanced across
subjects. The trial structure was similar to phase 1, except that the reward information
was displayed right after subjects responded until the blank period (.5s) was initiated. As
shown in Figure 7, outcome and reward information were indicated using text and screen
coloring during feedback trials. When subjects responded during no-feedback trials a
series of X's appeared on the background where the reward information was typically
displayed, and the background turned gray instead of red or green (Figure 3). As in scans
1 and 2, the stimulus onset asynchrony (SOA) of remained at 4s. Additionally, passive

fixations and active control trials were presented and sequencing was as in phase 1.
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CORRECT +1.00 §

TOTAL = 275
Is this Old/New?
HighOLD .LowOLD LowNEW - HighNEW XXXX
APPLE .
Memory stimulus on screen FEEDBACK Blank
Until response or 3500ms ~ 500ms

Figure 7: Trial Structure of Recognition Scan With Reward

Monetary incentive guessing task (2 scans): In the final phase a simple incentive

guessing task was examined to verify that activations could be elicited in striatal regions.
Subjects were presented with four boxes on the screen indicating possible locations
where a target (a ‘$”) could subsequently appear. There were two guessing conditions.
First, for the "Pick target location" condition, subjects received a reward only if they
guessed correctly the one of four locations where the target would appear. Thus, the
chance to obtain a reward (a dollar) was 25%. This is termed the low anticipation
condition since subjects were more likely than not to miss obtaining the reward. The
other condition was the high anticipation condition where instead the prompt read "Pick
non-target location". In this condition subjects were rewarded if they picked a location in
which the target did not subsequently appear. Since the success rate was on average

75%, this constituted the condition in which there was high anticipation of reward. The
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final factor I manipulated was the feedback availability. On half the trials subjects
received a background (red or green) and payout indication of their response correctness,
on the other of the trials the screen display turned gray with no payout information.
Again, subjects were informed beforehand of the existence of no-feedback trials and were
aware that they could receive payouts regardless of whether the trial specific feedback
was present.

The trial structure was similar to that in the recognition memory scans (Cue/Probe
presentation for 3.5 s, immediate reward presentation following response with a blank .5
$)(SOA of 4s). There were a total of 80 guessing trials (40 low anticipation + 40 hi
anticipation conditions) in each test scan. Test trials were interspersed with 20 fixation
trials as determined by an optimal sequencing program. The reward was always a dollar
and there was no punishment for incorrect guesses. As with the rewarded recognition
scans, subjects were informed that only one of the two scans would be selected for payout
at the completion of the experiment. The recognition scan and incentive guessing scan
selected for payment were determined by coin toss following the experiment and subjects
received either the payout tallied from the selected scan or a maximum of 40 dollars
(total maximum payout is 40 for participation and 80 for performance = 120 possible).

Post-scan recognition task and Self-report personality questionnaire: Following

scanning and outside the scanner prior to payment, subjects were given a recognition test
for new items encoded in two rewarded recognition scans. The key question addressed
was whether the reward conditions affected the quality of encoding of the new items

during testing. There were 100 target items consisting of all of the new items from the
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two scans. The test used the same recognition test format as the one during scanning
except there was no reward. Finally, the BIS/BAS personality inventory was given
before completing the experiment (for instrument description see Experiment 2C).

4.1.3 fMRI Data Acquisition

Scanning was performed on a 3T General Electric (Waukesha, WI) scanner using
a standard head coil. Functional data were acquired by using a gradient echo echo-planar
pulse sequence (TR =2000, TE = 31 msec, 34 axial slices parallel to the AC—PC plane
with near-isotropic voxels of 3.75 * 3.75 * 3.8 mm, no gap, interleaved collection).
Before functional data collection, four dummy volumes were discarded to allow for
equilibration effects. Participants’ head motion was minimized by using foam padding.
High-resolution T1-weighted anatomical images (3-D spoiled gradient recalled
acquisition [SPGR]) were acquired for visualization.
4.1.4 fMRI Data Preprocessing and Analyses

Analyses focused solely on the memory retrieval scans since a programming error
was present for some of the subjects on the final incentive guessing task which limited
the number of available trials and power of the contrasts. Data were processed using
SPM2 (Wellcome Department of Cognitive Neurology, London). Slice acquisition timing
was corrected by resampling all slices in time relative to the middle slice collected,
followed by rigid body motion correction across all scans. Functional data were spatially
normalized to a canonical echo-planar imaging (EPI) template using a 12-parameter
affine and nonlinear cosine transformation, with volumes then resampled into 2 mm

cubes and spatially smoothed with an 8-mm fullwidth at half-maximum isotropic
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Gaussian kernel. Each scanning session was rescaled such that the mean global signal
was 100 across the volumes. For the analyses, volumes were treated as a temporally
correlated time series and modeled by convolving a canonical hemodynamic response
function (HRF) and its temporal derivative with a delta function marking each trial onset.
The resulting functions were used as covariates in a general linear model, along with a
basis set of cosine functions that were used to high-pass filter the data and a covariate
representing session effects. The least squares parameter estimates of the best-fitting
synthetic HRF for each condition of interest (averaged across scans) were used in pair-
wise contrasts and stored as a separate image for each subject. These difference images
were then tested against the null hypothesis of no difference between contrast conditions
using one-tailed t tests. The data were statistically analyzed treating subjects as a random
effect. Unless stated otherwise, effects were considered significant if they exceeded an
uncorrected threshold of p <.001 and consisted of five or more contiguous voxels.

Functional regions of interest (ROIs) were extracted using the MarsBar Toolbox
(Brett, Anton, Valabregue, & Poline, 2002) using coordinates obtained from the SPM
contrast maps. Percent signal averages, using peristimulus time averaging, were obtained
for the significant voxels within an 8-mm radius of each of the SPM-identified maxima
and further analyzed using off-line statistical software. The implicit baseline response of
each voxel reflects the constant term in the least squares linear model describing that
voxel’s response during the session, and the activation of each voxel was scaled such that
the constant was equivalent to 100 for each session. Thus, departures from this value

reflect percentage changes relative to a baseline or constant activation level for the
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sessions. To determine if the responses were significantly different across trial
conditions, the mean peak response (time point 3 to 4; 4 to 6s) of the reconstructed time
course were compared for each response trial. Time courses from No-Reward conditions

were averaged across scans 1 and 2.

4.1.4.1 fMRI Analyses focus and research hypotheses
1.) Intrinsic Reward-Related Activation (Scan 1 and 2)

To determine if certain retrieval outcomes might be intrinsically rewarding, I
primarily focused on the first two recognition scans without extrinsic reward and
feedback. The most common contrast in studies of recognition is the comparison of
correct responses to old items (hits) versus new items (correct rejections). This contrast
is thought to isolate retrieval success because some proportion of hit responses must be
based on recollection, whereas the correct rejection of new items should never be
accompanied by recollection. If correct, then hits should yield increased activation in the
striatal reward regions compared to correct rejections. As noted above this outcome
would support the both the retrieval specific and goal dependent hypotheses.

The information dependent hypothesis predicts was that reward-related activation
would be driven by the recovery of information, regardless of whether such information
indicated the judged item was old or new. Under the account it is the recovery of
information indicating a solution that triggers striatal response. Since an extremely low
familiarity signal (i.e., high novelty) is as useful as a high familiarity signal for
determining the status of an item, both outcomes would yield striatal responses and hence

hits and correct rejections would not differ in response, but both would be elevated
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compared to active baseline. Additionally, high confidence reports should elicit more
activation compared to low confidence reports since reaching a confident response
requires sufficient diagnostic information.

2.) Extrinsic Reward-Related Activation (Scan 3 and 4)

If it is a matter of how the subjects have framed the goal and subjects typically
interpret the goal of standard recognition tasks as the recovery of episodic content or the
detection of old items, then one should be able to amplify or reverse the goal orientation
simply by manipulating extrinsic reward contingencies (i.e., hit-reward vs. correct
rejection-reward). In contrast, if it is specific to recollection, perhaps via close
interconnectivity between hippocampus and striatal regions, then one might predict that
regardless of the external contingencies, hits will always yield more activation than
correct rejections. In order to address this goal dependent hypothesis, extrinsic reward
contingencies were added to scans 3 and 4, linking either the detection of old items or the
rejection of new items with the possibility of obtaining monetary rewards.

3.) Individual Differences in Reward Reactivity

The final research hypothesis centered on individual differences in reward
reactivity as defined by BAS Reward Responsiveness scores and BIS. A recent fMRI
study revealed that the variability of reward sensitivity was closely linked to individual
differences in neural responses to pictures of primary reinforcers such as appetizing foods
(Beaver, Lawrence, Ditzhuijzen, DAvis, Woods, & Calder, 2006). If the recollection acts
a secondary reinforcer, then the retrieval related contrasts such as hits > CRs might be

mediated by individual variations in reward reactivity as indexed by the BIS/BAS
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questionnaire. Similar predictions possibly hold if the observed activations in the
old/new contrast are influenced by extrinsic reward in scans 3 and 4.
4.1.5 Results
4.1.5.1 Behavioral Results

Hit and correct rejection rates for each memory phase are listed in Table 8. A
one-way ANOVA with a factor of Scans (No-Reward, Reward-Hit, Reward-CR) did not
yield a significant main effect with hit rates (F(2,36) =2.72, MSe = .04, p = .08), correct
rejection rates (F(2,36) = .13, MSe =.001, p = .88), or criterion estimates (F(2,36) = 1.32,
MSe = .09, p =.28). During the rewarded recognition scans, subjects maintained a
consistent success rate for recognition, regardless of reward condition. Paired
comparisons for the performance during hit rewarded scan and correct rejection rewarded
scan confirmed this showing that they were not different in overall hit rates (t(18) = 1.18,
p = .25), correct rejection rates (t(18) = .43, p =.67), or criterion estimates (t(18) =.77, p
= .45). Hit rates during post-scan recognition test are also listed in Table 1. There was
no difference in subsequent hit rates for items drawn from hit reward scan and from CR

reward scans.
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Table 8: Behavioral Performance During fMRI Study

HIT CR Criterion ¢
M SD M SD M SD
No Reward .70 (.11) .73 (.10) .04 (.26)
HIT Reward .61 (.18) 73 (.13) .19 (.38)
CR Reward .66 (.11) 72 (.14) .10 (.35)
Post-Scan
From HIT Reward .80 (.07)
From CR Reward .85 (.10)

4.1.5.2 fMRI Results
1. Intrinsic Reward-Related Activation (Scan 1 and 2)

Numerous regions displayed a significant activation during the retrieval success
contrast (HITs>CRs) (Table 9; Figure 8A). Consistent with prior recognition research
(e.g., Clemens von Zerssen et al., 2001) and work on incentive processing (e.g., Delgado
et al., 2004), activation was observed in the sub-lobar striatal regions localized more
specifically to the bilateral caudate in dorsal striatum (left caudate peak at [-8, 8, 6]; right
at [8, -2, 20]; Figure 8B & C). The resulting maps also included left/right dorsolateral,
ventrolateral, frontopolar, and medial PFC regions. In addition, left lateral parietal, and
precuneus areas were also more active during hits compared to correct rejections.
Among these, the focus will be primarily on striatal responses because of their prior

association with reward processing and reinforcement learning.
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Table 9: Retrieval Success Responses Showing Increases for Hits Versus Correct

Rejections During Retrieval Without Rewards

Regions Lat. BA X y z Vox. Z score
Hits > Correct rejections

Frontopolar L 10 -40 52 4 94 4.56
L 10 -32 48 4 149 4.23
L 10 -30 58 4 71 4.20
L 10 -18 58 8 137 3.53
Medial frontal gyrus L 6/8/32 -6 26 46 100 3.64
L 6/9 -6 34 42 248 3.44
6/8/9 -34 10 48 270 3.30
9 -40 14 38 194 3.21
Inferior/Middle frontal L 45/46 -46 26 20 185 3.61
Anterior cingulate L/R 24/32 0 32 22 77 3.29
Posterior cingulate L 29/30 -4 -50 16 128 3.23
Superior parietal lobe L 7 -32 -80 46 156 4.21
7 -44 -60 50 197 4.10
-32 -66 58 151 3.68
-34 -64 50 94 3.49
Precuneus L 31/7 -12 -52 36 184 3.72
Temporal lobe L 20/21 -58 -40 -16 267 3.35
Occipital lobe R 31/7 10 -68 30 116 3.20
L 18 -18 -78 -12 248 3.59
Caudate R 8 -2 20 283 3.86
R 8 14 22 187 3.73
L -6 -2 20 311 3.62
L -8 8 6 178 3.56
R 6 10 10 194 3.20

L = Left, R = Right, BA = Brodmann area
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Figure 8: Activations During Hits Trials Versus Correct Rejection Trials and Time
Courses From Dorsal Striatum (Caudates) ROIs Across Scans

In the dorsal striatum regions, the hemodynamic response was specific to hit
trials; the confident rejection of new items did not yield a prominent response even
though the subjects had a high likelihood of being correct (Table 10). If simply eliciting
a confident response based on the recovery of highly diagnostic information activates
reward circuits, then there should have been comparable neural response to correct

rejection trials because these were also informative to make a correct response.
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Table 10: Probability of Being Correct for High and Low Confidence "Old" and
"New'" Responses

Hit Correct Rejection
High Low High Low
M SD M SD M SD M SD

Average Runl & 2 .37 (.15) 33 (.9) 30 (.13) 43 (.10)

To directly test the information hypothesis, a whole brain analysis was conducted
comparing high versus low confidence correct responses collapsed across response
category (“old” or “new”). The resulting map included frontopolar, superior middle
frontal, anterior cingulate, and left parietal lobe and occipital cortex. However, the
confidence contrast did not yield any significant activation in the dorsal striatum regions
even at a lower threshold, .01. The absence of confidence differences rules out the
possibility that the dorsal striatal activation during retrieval is a direct indicator of the
amount of information and this justifies collapsing the high and low confidence trials to
increase the power in the rest of analyses. The inspection of erroneous responses, such as
false alarms, also supports this idea. Incorrect “old” responses, even though low in
number and hence noisier than correct trials, also elicited the prominent dorsal striatal
responses as revealed by null finding when directly contrasting hit and false alarm trials.
Paired comparison of the mean peak response of hits and false alarm did not reveal
difference in the left caudate ( t(18) = .45, p = .66) and in the right caudate ( t(18) = .64, p
=.53) (Figure 8).

In summary, simply solving a problem or reaching confident decisions did not

drive dorsal striatal activation. Instead, the findings suggested that the subjects
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interpreted the task goals in such a manner that the detection of old items was the desired
outcome, which in turn potentially led to reward-related activation. Although the current
findings appear to rule out the information hypothesis, they do not distinguish between
the retrieval specific and the goal-dependent hypotheses because, in the current standard
recognition task, detecting studied items itself is the primary goal. However, as with
several reports in the prior literature, the findings clearly demonstrate that observing
activation in the caudate does not require providing subjects with feedback or extrinsic
reward. This means that the internal state of the observer is sufficient to trigger
activation in reward related processing regions and this is a notable departure from
animal research designs.

2. Extrinsic Reward-Related Activation (Scan 3 and 4)

The extracted responses from the dorsal striatum were further scrutinized to see if
response profiles during extrinsic reward conditions provided further clues to the region’s
function. More specifically, in scan 3 and 4 I examined if dorsal striatum activation
showed goal-dependent activations as a function of extrinsic monetary reward. First, in
the hit-reward recognition scan the activation differences (HITs> CRs) in caudate ROIs
were amplified with hits now garnering considerably more activation compared to correct
rejections compared to the case in scans 1 and 2 when no extrinsic reward was present
(Figure 8B & C). A two-way ANOVA with factors of Reward Run (No-reward run, Hit-
reward run) and Response type (Hits, CRs) revealed significant Run by Response Type
interaction (F(1,14) =5.03, MSe =.08, p < .05, left; F(1,14) =27.45, MSe =21, p <.001,

right), showing an increase in old item response across no-reward and hit-reward runs.
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This suggests that it is the execution of the decision or response that is associated with
either extrinsic reward or observer goals (i.e., “OLD” response) that drives the dorsal
striatum response. This was further confirmed by the CR-reward scan where the pattern
of response fully reversed compared to the rewarded-Hit scan. Here correct rejections
yielded prominent responses compared to hits (t(14) = 3.57, p < .01, left; t(14) =5.92, p <
.05, right), and this pattern was different than the hit-reward scan as revealed by a
significant Run by Response Type interactions (F(1,14) = 11.38, MSe =.42, p < .01, left
caudate; F(1,14) =53.90, MSe =1.02, p <.001, right caudate). These findings support
the goal-dependent account and are consistent with the animal studies that demonstrated
activation changes in the caudate as a function of reward contingencies (i.e., Kawagoe et
al., 1994).

Importantly, the current findings do not appear consistent with the idea that signal
changes in dorsal striatum simply reflect the response to salient stimulus or information
(i.e., feedback presentation), for example, indicating attention to reward outcomes. Trials
that did not explicitly receive reward during the rewarded recognition scans also elicited
the same general pattern in the caudate (light blue and orange lines in Figure 8), showing
an amplified hit response across no-reward and hit reward runs (F(1,14) = 12.16, MSe
=.06, p <.01, left; F(1,14) = 33.56, MSe =.18, p <.001, right) in the absence of feedback.
Furthermore, the pattern was also fully reversed in the CR-reward scan as revealed by a
significant Run by Response Type interaction (F(1,14) =27.86, MSe =.30, p <.001, left;
F(1,14) =38.08, MSe = .59, p < .01, right). Taken as a whole, the current findings

suggest that it is not the receipt of reward per se but the execution of retrieval response
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associated with observers’ goals and orientation that is necessary for the activation in the
dorsal striatum during recognition judgments.

Critically, the findings suggest that the responses of the dorsal striatum during the
first memory scan are not direct indicators of the receiving explicit reward since no
reward was provided. Importantly, these findings suggest that the differential response of
the regions during the no-reward condition likely reflects an intrinsic reward response
established by the subjects’ goal orientation or mental set. Specifically, it appears that
that subjects interpret the task as one directed at the retrieval of episodic information,
which if successful, triggers processing in reward related circuitry. In contrast, during
scans 3 and 4, the availability of extrinsic rewards seems to focus the goals of the
observers leading them to favor old or new judgments, depending upon which has the
potential for reward. Overall, these findings demonstrate that understanding the response
of dorsal striatum during recognition requires understanding of the goals of the observers.
3. Individual Differences in Reward Reactivity

The question addressed next is whether these reward regions activated during
episodic retrieval are mediated by personality, specifically individual differences in
reward reactivity. Simple regression analysis demonstrated that BAS Reward
Responsiveness scores significantly predicted the differential activation to retrieval
judgments (hits vs. CRs) in several regions including medial frontopolar, anterior
cingulate, ventral striatum, cuneus, middle temporal lobe, and lingual gyrus (Table 11)
during scans 1 and 2 in which no extrinsic reward was present or expected. It is

noteworthy that the striatal activation is more ventrally located in regions where neural
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responses have been more heavily linked with the encoding of reward anticipation in
non-human primates and rodents, and with motivational and hedonic responses in human
imaging studies as reviewed in the introduction. Specifically, bilateral ventral striatal
BOLD response during hit response relative to correct rejection were correlated with the
summed score of the BAS reward seeking subscale (Figure 9A & B, r=.76, p <.001,
left; r = .73, p <.001, right), suggesting that subjects who report a general tendency to
seek out reward outside of the laboratory show increased differential responses to hits

and CRs in the ventral striatum.

Table 11: Summary of Retrieval Success Activation During No-Reward Recognition
Scan That Correlated With BAS Reward Responsiveness Personality Scale

Regions Lat. BA X y z Vox. Z score
Hits > Correct & BAS correlation
Frontopolar L 10 -8 54 16 167 3.87
Anterior cingulate R 32 18 40 12 122 3.85
Posterior cingulate L 23/31 -4 -60 22 84 3.92
Temporal lobe R 39 46 -62 28 109 3.63
R 22/39 54 -52 6 202 4.10
R 21/22 66 -50 6 72 3.86
Occipital lobe L 18/19 -28 -76 -4 123 3.85
L 19 -12 -94 30 181 3.59
R 18 24 -84 18 201 3.56
R 19 16 -94 26 193 3.34
L 18/19 -18 -88 18 161 3.93
Ventral striatum L -6 12 -8 108 3.79
R 4 12 -8 126 3.57

L = Left, R = Right, BA = Brodmann area
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Figure 9: Activation In the Ventral Striatum During Hit Trials versus Correct
Rejection Trials and Correlation With BAS-Reward Responsiveness

Because the hits>CR contrast confounds the response to hits with the response to
correct rejections, this finding was further examined by considering each trial outcome in
isolation. A closer investigation looking at hits and CRs trials in isolation revealed that
the parameter estimates for hits trials were significantly correlated with the BAS subscale

scores (r=.64, p < .01, left; r = .54, p < .05, right) whereas those for the CRs were not (r

113



=.15, p=.55, left; r = .09, p = .73, right). Moreover, the parameter estimates for the
incorrect “old” responses (false alarms) were also correlated with BAS Reward
Responsiveness subscale (r = .47, p < .05, left; r = .49, p < .05, right). These findings
suggest that a reward reactive disposition is linked with a heightened ventral striatum
response for the desired detection of old items during recognition without the need for
extrinsic feedback. These correlations were not present for other BIS and BAS measures
(Drive, Fun-Seeking) and were also absent for the BAS-reward seeking during the
extrinsic reward scans 3 and 4.

An alternate view of the above correlation findings might be that the high reward-
reactivity subjects simply performed better than low reward-reactivity subjects, hence
they elicited greater hit-related activation in these regions. This interpretation is
inconsistent with the observed correlations during false alarms, nonetheless, it was
further assessed by examining the correlation between the activation and recognition
accuracy estimated using the signal detection measure, d’. The analyses between ventral
striatum ROIs responses and individual accuracy scores did not reveal a significant
correlation (r =-.04, p = .87, left; r -.05, p = .83, right), showing that the correlation
between BAS scores and activation to hits is unlikely to reflect individual differences in
ability. Overall, the pattern of ventral striatum activation appears to reflect the subjects’
motivation to seek out old items during retrieval and not just their ability to do well at the

task.
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4.1.6 Discussion

Understanding the specific manner in which internal cognitive states are linked to
reinforcement processes is presumably critical for understanding goal directed human
behaviors. As noted in the introduction, there are several possible reasons that one’s
decisions about memory may lead to activation in reward processing areas. For example,
successful episodic retrieval has frequently been critical for obtaining rewards and
avoiding negative outcomes. Thus, it could be the case that successful retrieval itself
could elicit reinforcing or positively valenced characteristics. In contrast to this retrieval
specific hypothesis, information account predicts that the high confidence in a subset of
both “old” and “new” retrieval judgments would elicit the activation in reward regions
since these are equally informative in terms of predicting successful outcomes. Finally,
under the goal-dependent account, activation in reward regions would depend heavily
upon the subjects’ interpretation of the goals of the retrieval task. Specifically, subjects
might be expected to value “old” conclusions since they would typically assume that
detecting studied items is the primary goal in a recognition task. If this were true, the
activation in reward processing regions should be higher for the outcome satisfying the
goal and lower for the one not satisfying the goal.

Using fMRI, the current preliminary findings demonstrated that striatal regions
that have traditionally been implicated in reward processing (e.g., caudate in dorsal
striatum) were differentially activated depending on episodic recognition outcomes.
Critically, these activations appeared to track the intrinsic goals of the subjects with

greater activation for correct responding to old items compared to correct responding to
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new items during standard recognition testing. Furthermore, this pattern was altered by
the addition of extrinsic rewards (i.e., money), and was amplified when extrinsic reward
was linked to old items and reversed when it was instead linked to new items. In this
way, the current finding clearly supports the idea that dorsal striatal brain activation
during episodic recognition is goal-dependent and contextually specific, with higher
activation for the outcome satisfying the observers’ goal.

A potential question is why the striatal activation is amplified in hit-reward
relative to no-reward conditions if the goal under both conditions is to maximize
detection of old items. This activation difference may arguably reflect that the goal is
more ambiguous and subject determined in the no-reward condition. Some subjects may
be more motivated to maximize all responses whereas others may instead be focusing on
the recovery of old item information. This would lead to a muted responses across the
hits>CR contrast, relative to when extrinsic reward is used to clarify the goals of the task
to the subjects. So whereas on average most observers adopt a goal of retrieval old item
information in the no-reward scans, presumably all subjects adopt this goal in the hit-
reward scan, amplifying the signal difference between hits and CR responses.

Finally, activation in ventral striatum, a region linked with motivation, tracked
individual differences in a personality measure of self-reported reward seeking, but only
when no extrinsic rewards were present. Overall, by identifying activations in reward
related neural substrates during recognition the current study has identified a potential
neural substrate for the feedback manipulations examined in Chapters 2 and 3 to

influence recognition criteria.
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5 General Discussion

5.1 The Flexible Nature of Episodic Recognition Decision Criteria

In Chapters 2 and 3, the lability of recognition decision criteria during the course
of testing was explored by testing criterion sensitivity to local feedback information.
More specifically, I used a novel, biased feedback technique designed to tacitly
encourage certain errors by indicating they were correct choices. Biased feedback during
retrieval yielded prominent, durable, and adaptive criterion shifts, with observers
typically reporting they were unaware of the manipulation. The criterion shift occurred in
the absence of any change in the nature of the test stimuli such as target density or
strength manipulation. These findings suggest that observers actively seek information
about the utility of current criterion position during testing to maximize positive

outcomes and adaptively adjust their criterion.

As noted in the introduction, although pre-test instructions are effective in
inducing criterion shifts during recognition memory, there is considerable evidence of
rigidity in criterion placement once testing sessions begin. In studies demonstrating this
rigidity, large and prominent changes in the density of targets, the level of memory
evidence associated with prominent categories of items, or the average strength of targets,
have failed to induce criterion shifts (e.g., Morrell et al., 2004; Stretch & Wixted, 1998;
Wallace, 1982; Verde & Rotello, 2007). This suggests a key distinction between
providing subjects with explicit instructions that guide response strategies, and subjects’

abilities to inductively use memory-linked list regularities during testing in order to adopt
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adaptive criterion strategies. Furthermore, on the rare occasions in which criterion shifts
were induced during testing, these shifts have required large systematic manipulations of
the memory stimuli coupled with feedback that likely led subjects to become explicitly
aware of the stimulus manipulations (e.g., Estes & Maddox, 1995; Rhodes & Jacoby,
2007; Verde & Rotello, 2007).

Critically then, there exist no demonstrated cases of criterion shifts in the absence
of prominent manipulations of the test materials and likely explicit awareness of those
manipulations. This is important because typical characterizations of signal detection
theory assume a highly flexible and adaptive criterion that should be adjustable even
without prominent changes in the underlying evidence. Such a criterion would allow the
subject to take advantage of changing environmental contingencies in order to capitalize,
for example, on changing reward contingencies (Curran, Debuse, & Leynes, 2007;
Macmillan & Creelman, 1991). Using a biased feedback technique that provides subjects
with trial specific information about appropriateness of the currently held criterion
placement, the current experiments fill this gap by demonstrating an adaptive criterion
that subjects learn to flexibly adjust independent of the nature of the available underlying

memory evidence upon which the criterion operates.

5.2 Feedback-Based Reinforcement Learning Contributions to Episodic
Recognition Criteria

Aside from demonstrating a flexible or adaptive criterion during testing that
operates independently of stimulus evidence, the studies in Chapter 2 provide initial

evidence that the induced criterion change may reflect a type of implicit learning, perhaps
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analogous to that which occurs during probabilistic classification learning paradigms
(Gluck & Bower, 1988b; Knowlton et al., 1994). Supporting this implicit learning
interpretation, the feedback questionnaire data in Experiment 1C, 2A, and 2C indicated
that subjects included in the analyses reported being unaware of anything odd or skewed
about the feedback, and those excluded for reporting anomalies in the feedback also
displayed qualitatively different response patterns from the unaware group. The latter
appeared to adopt a response strategy similar to “maximizing” strategies sometimes
observed in studies of the matching law (Herrnstein, 1970). However, it must also be
noted that these subjects may have decided to respond in this manner simply to end the
testing session as quickly as possible, and not necessarily to maximize positive feedback
outcomes. Indeed, the aware group showed extraordinarily low accuracy (d’ <.5)
indicating this behavioral pattern.

A second line of evidence suggesting an implicit mechanism in Chapter 2 was the
demonstration that the shifted criterion was preserved when the biased feedback reverted
to fully correct (Test 2, Experiment 1B). More specifically, in Experiment 1B, subjects
received fully correct feedback after the first test that successfully induced a between
group criterion difference, and this criterion difference remained during this second test
despite the fact that all of the feedback was now correct. Thus the subjects underwent an
intervening study period and a subsequent test with fully correct feedback, yet still
displayed different response criteria across the groups. If the subjects were using an
explicit strategy and monitoring the feedback for the utility of this strategy, it would seem

more likely that it would have been quickly abandoned during the second test when the
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fully correct feedback should have alerted them to its inapplicability. Partially supporting
this interpretation, Rhodes and Jacoby (2007) demonstrated that removal of feedback, for
subjects aware of their manipulation of target probabilities, eliminated the criterion shifts
induced by this manipulation. Thus the shift in criterion depended upon continued
support of an explicit strategy provided via the feedback.

A fundamental role for this incremental reinforcement learning in declarative
memory has been rarely investigated in humans, although Wixted and Gaitan (2002)
presented a framework for thinking about how reinforcement histories might govern
recognition behavior. The current findings in Chapter 3 (Exp. 2A-2C) using a
probabilistic biased feedback procedure represent a direct test of this idea by showing a
key role for probabilistic feedback-decision relationships during explicit recognition
judgments. Furthermore, the data begin to highlight some of the characteristics of this
feedback-induced criterion learning. First, the learning of probabilistic relationships
between types of episodic judgments and environmental outcomes modulates the
recognition decision criterion. Second, these learned criterion shifts remained for
considerable durations in the absence of any environmental support (viz., the no feedback
tests). Third, even when feedback manipulations were restricted to high confidence
errors, shifts were observed in the overall old/new category criterion. Finally, sensitivity
to the biased feedback manipulation was related to stable personality characteristics
linked to reward processing outside the laboratory. To our knowledge, this is the first
time that a stable personality characteristic has been shown to predict the sensitivity of

subjects to this form of feedback induced criterion learning.
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Taken as a whole, these findings suggest a key role for incremental reward
learning governing the expression of episodic information. Given that such learning does
not require explicit rule use, and indeed is prevalent in species likely unable to formulate
such rules, the current findings further suggest this learning is largely implicit. If implicit
and explicit influences rely upon different neural substrates and map differently onto
capacity limited executive control processes, then a host of interesting predictions arise.
For example, one would predict that taxing working memory during testing would impair
the use of explicit strategies to regulate one’s criterion, but might have little effect on the
efficacy of the sorts of feedback manipulations used here. Similarly unique predictions
could be made for various patient populations, particularly those with damage to frontal
or striatal regions (see Knowlton, Mangels, & Squire, 1996b), and for studies of
development where one might expect a delayed ability to use explicit instructions to
regulate memory criteria compared to an early ability to benefit from feedback during
testing.

5.3 Striatal Involvement In Reward and Reinforcement Processes
During Recognition Retrieval

Chapter 2 and 3 suggest that reinforcement learning mechanisms that govern the
development of preferences and habits in a wide array of domains also play a key role in
governing explicit recognition judgments. The findings naturally lead to the more basic
question of how neurobiological links between reinforcement process and episodic
systems might mediate recognition decisions. Recently, focusing on the encoding phase,

a few neuroimaging studies have linked reward and memory. For example, subjects are
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more likely to remember items that followed cues that signal high-value reward for
successful memorizing compared to when items were preceded by low- value reward
cues (Adcock, Thangavel, Whitfield-Gabrieli, Knutson, & Gabrieli, 2006). This
behavioral facilitation was associated with increased correlation between hippocampus
and ventral tegmental area (VTA) activation, suggesting reward anticipation related
mesolimbic activation prior to encoding mediates declarative memory formation. The
resulting map also revealed the striatal activation.

Similarly, incidentally learned high-value reward cues were also found to evoke
subsequent recollection or source memory retrieval more often than memory for neutral
cues (Wittman, Schott, Guderian, Frey, Heinze, & Duzel, 2005). In particular, pictures of
objects that predicted high-monetary rewards for a secondary motor task were later
remembered better and associated with greater activation in reward-related brain areas at
encoding, compared to non-reward-predicting pictures. Schott et al. (2006) also
demonstrated that there are functional connections between hippocampus and reward
areas (i.e., midbrain dopaminergic neurons) during successful episodic encoding (Schott,
Seidenbecher, Fenker, Lauer, Bunzeck, Bernstein, Tischmeyer, Gundelfinger, Heinze, &
Duzel, 2006; Schott, Sellner, Lauer, Habib, Frey, Guderian, Heinze, & Duzel, 2004).

Focusing on the retrieval, the current fMRI study demonstrated striatal
recruitment during recognition judgments that tracks the predictions of several animal
and human findings associated with reward in non-memory domains. Critically, dorsal
striatal activation appeared to track the intrinsic goals of the subjects with greater

activation for correct responding to old items compared to correct responding to new
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items during standard recognition testing. Furthermore, this pattern was altered by the
addition of extrinsic rewards, and was amplified when extrinsic reward was linked to old
items and reversed when it was instead linked to new items. Finally, a reward reactive
disposition was linked with a heightened ventral striatum response for the desired
detection of old items during recognition. Overall, the current fMRI study provides key
initial findings linking striatal responses with recognition judgments, and based on these
findings, the plausible prediction would be that striatal regions will be also crucial for the

type of reinforcement based criterion learning documented in Chapter 2 and 3.
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5.4 Conclusion and Future Directions

Overall, the current study demonstrates that independent of the actual strength of
memory evidence evoked by the test items, subjects are easily and durably influenced by
subtle differences in the global validity or availability of performance feedback during
recognition, leading to prominent and sustained shifts in the measured decision criterion.
Several aspects of the current data suggest an implicit form of classification or response
learning underlies the criterion shifts and future work contrasting the neural substrates
upon which criterion shifts achieved through explicit instruction versus those achieved
through reinforcement learning is warranted. The current findings indicate that the
criterion learning is similar to probabilistic classification learning, which is thought to
heavily depend upon the basal ganglia (i.e., striatum) midbrain regions. This naturally
calls into a question whether patients with striatal dysfunction (i.e., Parkinson's disease,
or Huntington's disease) will be insensitive to these types of feedback manipulations
during memory judgments. Although memory abnormalities have been suggested in this
population (Parkinson's) the mechanisms remains unclear (Locascio, Corkin, &
Growdon, 2003). A failure of criterion learning mechanisms discussed here may be a
contributor to this population’s difficulties. In contrast, the elderly are not thought to have
prominent difficulty with reward based procedural learning and this suggests that unlike
their impaired memory accuracy, their ability to flexibly adjust the decision criterion
during these types of biased feedback manipulations may be largely intact. Interestingly,
elderly populations sometimes demonstrate difficulty with explicit rule maintenance and

executive control. Overall, this would lead to the prediction that healthy elderly subjects
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would show relatively intact biased feedback criterion effects with an impaired ability to
shift the criterion in response to explicit instructions. In contrast, a relatively younger
cohort of Parkinson's patients might show the opposite pattern, with difficulty using
feedback learning to adjust recognition criteria with intact abilities to use explicit
instruction to do so. Thus the biased feedback procedure and the interim findings
discussed here may serve as important stepping stones for neuropsychological patient
research and/or work in the elderly. Additionally, a developmental approach may also
prove fruitful given the lagging development of cognitive control networks in the young
compared with networks critical for reward processing and reinforcement learning.

With regard to criterion learning itself, the characteristics of learning can be
further explored. For example, does the learning transfer between different types of
memory stimuli? If we bias the feedback for word stimuli, would the shifted criterion
also be observed for pictures intermixed in the test list? Similarly the current data have
shown that the effect transfers from high-confidence reports to the general old/new
criterion. This naturally leads to the question of whether the magnitude of learning is the
same following false-feedback to high confidence errors versus false feedback to low
confidence error responses when matched for the frequency of false feedback. This
would be interesting given that hypercorrection effect and prediction error are relevant to

this type of learning.
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Appendix 1

Sensitivity (d"): Sensitivity means the ability to distinguish between stimuli (signal
vs. noise, old item vs. lures). It is the distance between the means of two distributions
divided by the standard deviation of the lure distribution, scaled in z units with common
variances. As in most statistical analyses, the evidence is assumed to exist in normal
distribution with equal variance for the simpler explanations. With the help of tables that
relate the area under the normal curve distribution to z-scores and the ordinate, the
distance can be measured (Macmillan and Creelman, 1991). For example, if one’s
sensitivity (d") is equal to 1, this means that his/her mean of signal evidence distribution
is located (displaced) 1 standard deviation higher than the mean of noise distribution.
This difference reflects the dicriminability or sensitivity, which is the subject’s ability to
separate an old item from new items (or the ability to discriminate a target from lures).
The larger the distance, the more sensitively people make distinction. A completely
insensitive observer will have completely overlapped distributions, which means d’ will
be 0 while the completely sensitive observer who can discriminate all target items from
any lures will have completely separated distributions, which means d’ will be £ co. d' is
calculated using the z score of hit and false alarm proportions,

d’' = z(Hit) — z(False alarm).

The sensitivity decided in terms of the distance between the two distributions can
be differed by the manipulation of strength of evidence on the continuous scale. The
amount of evidence triggered by the presentation of items is familiarity. Mostly, it is
assumed that only old item distribution can be shifted on the familiarity axis by the
manipulation of item strength. For example, the repeated exposure to the item in the
study phase will increase the mean of the old item’s familiarity and will shift the old item
distribution toward the right on the familiarity axis compared to the single exposed old
item distribution. On the contrary, the new item distribution would not be shifted by the
strength manipulation.

c (¢’): ¢ denotes the position of the decision criterion relative to the half-way point
between the new and the old distributions. This criterion measure reflects the level of
strength-of-evidence, but 0 is always the midway position where two distributions
overlap. A value bigger than 0 means a higher position of criterion representing a
conservative tendency whereas a value smaller than 0 means a liberal response tendency.

¢ = -1/2*[z(hit)+z(false alarm)]
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Appendix 2

Visual and statistical inspections of the shape of Receiver Operating
Characteristic curves (ROCs) indicate that the recognition data in the present
experiment do not follow the equal variance signal detection (UEVSD) model
assumption. A, and ¢, were employed since assuming UEVSD model renders it
invalid to use the equal variance signal detection measures of accuracy/bias such as d’
or c, although they resulted in a similar pattern of results. A, is the area under ROCs
assuming normal evidence distributions, and provides a single value of accuracy even
when the old and new item distributions do not share the same variance. c, is a bias
statistic that indicates the criterion location in the units of root-mean-square (rms)
standard deviation of the old and new item distributions, and thus can also be used in
cases where the distribution variances are thought to be unequal (see Macmillan &
Creelman, 1991). Positive values indicate strict criterion and negative means lax
criterion position. To provide an estimate of the relative variance difference for the
old and new items distributions, I individually fit the unequal variance signal
detection (UEVSD) model to each subject’s data using Excel’s Solver routine by
minimizing the sum of squared errors of prediction for old and new response
proportions at each criterion level. During fitting, each subject’s new item distribution
standard deviation was fixed to one, and the Solver algorithm proceeded to adjust the
distance between the distributions (d), the 5 decision criteria, and the standard
deviation of the old item distribution in order to minimize the sum of squared errors of
prediction. Importantly, unlike a linear regression, this method assumes error in both
old and new item response proportions (for details see Yonelinas, Dobbins,
Szymanski, Dhaliwal, & King, 1996). Following the fit, the obtained variance
estimates were used to calculate A, and c, using the following formulas:

Hou

\/1+G(;21d
—/2s

(14572 (1+5)
where @ indicates the transformation of the value by the unit normal distribution
function, and .4 and oyq denote distance between the distributions and estimated
standard deviations of old item distribution, respectively. s denotes the new-to-
old variance ratio. H and F denote hit and false alarm rates, respectively, and z

the inverse of the unit normal distribution function (for details see Macmillan and
Creelman, 1991).

I. A,=®

I c, [2(H)+ z(F)].
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Appendix 3

BIS-BAS (Carver & White, 1994)
For each of the following statements, please indicate how much you agree with
the statement. Please provide a rating from 1 to 4, using the following scale:

1 2 3 4
Strongly disagree Strongly agree
______1.If | think something unpleasant is going to happen | usually get pretty
“‘worked up”.
2.1 worry about making mistakes.
___ 3. Criticism or scolding hurts me quite a bit.
4. | feel pretty worried or upset when | think or know somebody is angry
at me.
5. Even if something bad is about to happen to me, | rarely experience fear
Or nervousness.
6. | feel worried when | think | have done something poorly.
______T7.1have very few fears compared to my friends.
8. When | get something | want, | feel excited and energized.
9. When I’'m doing well at something, | love to keep at it.
. 10. When good things happen to me, it affects me strongly.
_____11. It would excite me to win a contest.
_____12. When | see an opportunity for something | like, | get excited right away.
_____13. When | want something, | usually go all-out to get it.
______14.1 go out of my way to get things | want.
_____15.If | see a chance to get something | want, | move on it right away.
_____16. When | go after something | use a “no holds barred” approach.
7. 1 will often do things for no other reason than that they might be fun.
____18. | crave excitement and new sensations.
_19. I'm always willing to try something new if | think it will be fun.

20. | often act on the spur of the moment.
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