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Memory is of immeasurable importance to the human experience. It has been
known for decades that memory for individual events is supported by the medial
temporal lobes (MTL), which include the hippocampus and adjacent cortex. Emerging
research suggests that by retrieving related prior experiences during new learning,
connections can also be formed among memories to create knowledge that spans events.
Such integration mechanisms might be further influenced by memory models stored in
medial prefrontal cortex (PFC), which serve to guide learning-phase retrieval and
integrate across related memories. In contrast, lateral PFC might maintain separate
representations for related events, consistent with its role in resolving interference.

This dissertation used functional magnetic resonance imaging (fMRI) in humans
to investigate the MTL and PFC mechanisms that link content across episodes. The first
experiment investigated the contributions of hippocampal subfields to this encoding

mechanism. Consistent with its hypothesized role in detecting inconsistencies and
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integrating across memories, integration signatures were isolated to the hippocampal CA,
subfield. The second experiment interrogated two aspects of offline processes that
promote integration. First, neural evidence for reinstatement of initially learned content
and enhanced hippocampal communication with content-specific visual regions during
rest was associated with a behavioral index of integration. Moreover, enhanced functional
connectivity between hippocampus and medial PFC both during and immediately
following learning of related information was associated with better integration. This
relationship was mirrored in hippocampal-medial PFC white matter integrity. The third
experiment interrogated the nature of the hippocampal and prefrontal representations that
underlie memory integration. Results revealed dissociable integration and separation
signatures in hippocampus and PFC, highlighting how neural representations of memory
elements can simultaneously promote integration across related events and protect from
interference. In line with computational theory, these effects were also modulated by the
manner in which events were experienced.

Taken together, these studies provide insight into the neural mechanisms
supporting the dynamic interactions among related memories. More broadly, this
dissertation represents an important shift in the scientific study of memory, from
exploring memory for individual events to investigating how memories may be derived

across experiences to support appropriate action in novel situations.
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BACKGROUND AND AIMS

1. Introduction

1.1. OVERVIEW

Memory is of immeasurable importance to the human experience. Accordingly,
how our brains capture, store, and recall information has long received attention from
psychologists and neuroscientists alike. Of particular relevance to the present dissertation
is episodic memory, or memory for specific events. Normal episodic memory function is
supported by the medial temporal lobe (MTL) region of the brain (Scoville, 1954;
Scoville and Milner, 1957; Eichenbaum et al., 1992), which includes the hippocampus
and immediately adjacent brain tissue (i.e., MTL cortex). It has been known for decades
that individuals who suffer damage to the MTL through injury or disease exhibit
profound memory impairments (Scoville, 1954; Scoville and Milner, 1957). However,
the inner workings of this complex neural circuit are only recently starting to be
unraveled. The research described here investigates the neural mechanisms of the MTL
and its interactions with prefrontal cortex (PFC) that enable memories for related events
to be combined across time.

Despite the discipline’s longstanding interest in the study of memory, the vast
majority of existing research has focused on MTL binding and prefrontal top-down
control processes that link information presented within individual events. While this
body of work has contributed much to our understanding of MTL and PFC memory
mechanisms, it largely overlooks an important aspect of real-world memories: they are

not isolated from one another. Rather, memories for related events are interactive,
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forming complex memory networks that in turn support a wide range of cognitive
abilities. This dissertation builds upon the current state of knowledge in the field to
characterize how memories go beyond representing direct experience to be maximally
adaptive and inform new behaviors. More broadly, this research represents an important
shift in the scientific study of memory, from exploring memory for individual events to
investigating how memories may be derived across experiences to support appropriate
action in novel situations.

Below, I briefly describe the MTL and prefrontal structures and computations
thought to be involved in the encoding and retrieval of individual events. I then review
the literature documenting the involvement of hippocampus and PFC in novel inferences
requiring consideration of multiple discrete events (Zeithamova et al., 2012b; Schlichting
and Preston, 2015). Finally, I discuss open questions and outline the specific aims of the
research presented in this dissertation.

1.2. THE MTL AND EVENT MEMORY

The MTL comprises the hippocampal formation and the adjacent perirhinal,
parahippocampal, and entorhinal cortices (abbreviated PRc, PHc, and ERc, respectively)
(Fig. 1). Its organization is hierarchical (Lavenex and Amaral, 2000), such that sensory
input from PRc and PHc converges on lateral and medial ERc, respectively (Eichenbaum
et al., 2007), which then send projections to the hippocampus. Both PRc and PHc have
extensive anatomical connections with sensory association areas. PRc receives its
primary input from unimodal visual areas in inferior temporal cortex thought to be

involved in processing object features (Suzuki and Amaral, 1994; Eichenbaum et al.,



2007). In contrast, PHc receives input from polymodal association areas, including visual
association cortex and posterior parietal cortex, which have been implicated in processing
of spatial information (Suzuki and Amaral, 1994; Eichenbaum et al., 2007). Thus, the
hippocampus receives converging information from ERc about both the “what” (e.g.,
stimulus features, from PRc) and “where” (e.g., spatial layout, from PHc) of an episode.
The hippocampus sits at the top of this hierarchy as a convergence area (Van Hoesen et
al., 1975; Amaral et al., 1987; Witter et al., 1989; Suzuki and Amaral, 1990; Witter and
Amaral, 1991), receiving simultaneous input about these different aspects of experience.
For this reason, the hippocampus has been implicated in binding disparate elements

within an episode into a single memory trace (Davachi, 2006; Diana et al., 2007).

perforant path mossy fibers

Schaffer collaterals
MTL cortex hippocampus
Figure 1. MTL Circuitry

Simplified depiction of MTL circuitry. Sensory information enters the hippocampus from ERc,
which receives inputs from both PRc and PHc. MTL cortex (red box) includes PRc, PHc and
ERc; hippocampus (blue box) comprises subfields DG, CA-CA,, and subiculum (Sub).

The hippocampus may be further broken down into subfields: the dentate gyrus
(DG), cornu ammonis (CA) fields 1-4 (for simplicity, the present discussion focuses on

CA, and CA;), and subiculum. Circuitry within the hippocampus follows a more or less



circular trajectory known as the trisynaptic pathway (Fig. 1). The majority of input to the
hippocampus is received from ERc, which projects to DG via the perforant path (Amaral
and Insausti, 1990; Lavenex and Amaral, 2000). DG is thought to be involved in pattern
separation, a process by which memory representations for similar events are created in a
sparse, orthogonalized manner (Treves and Rolls, 1994). This mechanism is thought to
protect from interference, allowing retrieval of specific details among highly overlapping
memories (McClelland et al., 1995; O’Reilly and Rudy, 2001; O’Reilly and Norman,
2002).

DG then projects to CA; via the mossy fibers. Theoretical and computational
models (Marr, 1971; McNaughton and Morris, 1987) suggest that CA, is critical for the
associative binding processes that link disparate elements experienced within an episode.
Consistent with these models, human neuroimaging studies have shown that a combined
dentate gyrus and CA,; (DG/CA,;) region is active during encoding of associative
information (Zeineh et al., 2003; Eldridge et al., 2005; Wolosin et al., 2012). This
function of CA; is thought to be due to its extensive network of recurrent collaterals, in
which CA; pyramidal neurons project to other cells in the region. Specifically, it is
hypothesized that the recurrent collaterals enable the hippocampus to code for
conjunctions among multiple stimuli and context that occur within a single event
(Eichenbaum et al., 1996), represented in the brain as patterns of activation distributed
throughout neocortex. These so-called conjunctive representations maintain information
about individual elements in an experience while also coding the relationships among

them (Eichenbaum et al., 1996). It is this representational scheme in CA, that is thought



to enable pattern completion, or retrieval of previously stored memory representations
from partial or degraded input (Mizumori et al., 1989; O’Reilly and Rudy, 2001; Lisman
and Grace, 2005; Bakker et al., 2008).

CA, receives input from CA; representing information retrieved from memory
(via the Schaffer collaterals), as well as direct projections from ERc representing current
sensory experience (as part of the monosynaptic pathway; Amaral and Insausti, 1990;
Duvernoy, 1998). The convergence of these distinct inputs on CA, is thought to enable
one of its important hypothesized functions: signaling the degree of mismatch between
current events and memory-based expectations (O’Reilly and Rudy, 2001; Lee et al.,
2004). One possible function of this signal is to switch hippocampal processing between
“encoding mode” and “retrieval mode” (Duncan et al., 2012). That is, when present
experience is consistent with expectations (i.e., a “match”), the hippocampus is biased to
retrieve prior experiences. In contrast, sensory input that violates expectations may
trigger new encoding, in which the novel content is either incorporated into an existing
memory trace (Shohamy and Wagner, 2008) or laid down in a new, pattern separated
representation (Hasselmo and Schnell, 1994).

CA, then projects to subiculum, the major output structure of the hippocampus.
Subiculum is thought to be primarily involved in episodic retrieval (Gabrieli et al., 1997;
Zeineh et al., 2003; Eldridge et al., 2005). However, other studies have shown that it is
modulated by stimulus novelty (Zeineh et al., 2000; Bakker et al., 2008), suggesting that
it may also contribute to encoding (Preston et al., 2010). CA, and subiculum both send

projections to ERc.



1.3. PREFRONTAL CONTRIBUTIONS TO MEMORY

The temporal lobes are densely anatomically connected with prefrontal regions
through white matter pathways including the uncinate fasiculus and fornix (Simons and
Spiers, 2003). Of particular relevance to this dissertation are the MTL connections with
the ventromedial and ventrolateral aspects of PFC in particular.

While much work has documented the role of medial PFC (MPFC) in domains
such as processing of value (McClure et al., 2004; De Araujo et al., 2005; Plassmann et
al., 2008; Boorman et al., 2009; Chib et al., 2009; Hare et al., 2009; Kumaran et al.,
2009) and emotion (Cacioppo et al., 1992; Cacioppo and Gardner, 1999; Barrett, 2006;
Wager et al., 2008; Etkin et al., 2011), its role in episodic memory has just recently
started to attract research attention (van Kesteren et al., 2010a, 2012; Roy et al., 2012;
Preston and Eichenbaum, 2013; Schlichting and Preston, 2015). Medial PFC (MPFC)
receives direct inputs from hippocampal area CA, (Rosene and Van Hoesen, 1977; Ferino
et al., 1987; Barbas and Blatt, 1995; Roberts et al., 2007; Navawongse and Eichenbaum,
2013) and projects back to hippocampus indirectly via the nucleus reuniens of the
thalamus (Vertes et al., 2007; Xu and Siidhof, 2013). These anatomical connections are
consistent with an important role of MPFC in MTL-based memory processes. Among
other impairments, damage to ventral aspects of MPFC has been associated with memory
distortions (Burgess and Shallice, 1996) and an inability to generalize across events
(Ghosh et al., 2014; Warren et al., 2014). Moreover, MPFC has been shown to be
engaged when strong memories are formed or used to guide encoding of new information

(Tse et al., 2011; Zeithamova et al., 2012a). Such findings have led to the hypothesis that



MPEC is involved in promoting memory integration, which will be discussed in detail
below.

In contrast to MPFC, ventrolateral PFC (i.e., inferior frontal gyrus [IFG]) receives
only indirect projections from hippocampus through the fornix via ERc (Barbas and
Blatt, 1995) and from posterior PHc (Roberts et al., 2007). Moreover, projections from
IFG back to hippocampus are scarce. Reciprocal connections between MTL cortex and
other areas of PFC (Rempel-Clower and Barbas, 2000) would, however, allow IFG to
indirectly influence MTL encoding and retrieval given the dense interconnectedness of
PFC regions (Roberts et al., 2007). Consistent with this notion, IFG engagement during
encoding has been shown to be predictive of subsequent memory (Wagner et al., 1998;
Uncapher and Rugg, 2005; Straube et al., 2009; Kuhl et al., 2012b). Moreover, patients
with lateral PFC damage show impairments in recalling episodic details such as source
information (Schacter et al., 1984; Shimamura et al., 1990; Simons et al., 2002). Thus,
one hypothesized role of this region is a control process that selects relevant features for
encoding and retrieval (Fletcher and Henson, 2001; Badre et al., 2005; Badre and
Wagner, 2007). Such a process is thought to result in distinct memory traces for specific
events, thereby resolving competition and protecting from interference (Paller and
Wagner, 2002; Raposo et al., 2009; Ranganath, 2010; Kuhl et al., 2012a; Preston and
Eichenbaum, 2013).

By engaging these distinct computations, the MTL-PFC circuit as a whole is
known to support the encoding and retrieval of individual event memories. Yet, the

episodic memory system in the real world is not tasked with simply encoding a series of



individual, isolated events. Rather, we make novel judgments that require simultaneous
consideration of a number of highly interrelated experiences, demonstrating the
importance of a memory system that takes advantage of commonalities across
experiences. I next review empirical work suggesting that both the hippocampus and PFC

are important for combining related memories across discrete episodes (Zeithamova et

al., 2012b).



2. Linking Memories Across Time!

2.1. PROSPECTIVE USE OF MEMORY

The function of the episodic memory system is not simply to form and store
memories for individual events, but rather to additionally code their relationships to one
another. These representations can go on to support judgments that require inference
based on knowledge acquired across multiple distinct experiences—as is often the case
for decisions in our everyday lives. For example, imagine you encounter an unfamiliar
woman leaving the house next door to walk her dog in a nearby park. Because the house
was recently sold, you might conclude that the woman and her dog are your new
neighbors. Several days later, you are in town and see the same dog again out for a walk,
this time with a man. From the knowledge acquired on these two separate occasions, you
may infer a relationship between the woman and man; for instance, you may deduce that
they are a couple and recently moved into the house next door with their dog.

Successful inference may thus depend on our ability to recall detailed information
from past events to determine the relationship among items experienced at different
times. A growing body of literature indicates that such flexibility to combine experiences
in novel ways to infer unobserved relationships between items or events crucially
depends on the hippocampus and PFC. The ability to infer a relationship between two

previously experienced events is complex, involving several distinct operations. While

1 Portions of this chapter were adapted from Zeithamova D*, Schlichting ML*, Preston AR (2012b) The
hippocampus and inferential reasoning: Building memories to navigate future decisions. Front Hum
Neurosci 6:70 and Schlichting ML, Preston AR (2015) Memory integration: neural mechanisms and
implications for behavior. Curr Opin Behav Sci 1:1-8. * Authors made equal contributions. D Zeithamova
contributed to the writing of the first review paper. AR Preston contributed to the writing of both review
papers.



some of these operations rely predominantly on brain structures outside the MTL such as
PFC, others necessitate hippocampal processing. For example, for successful inference to
ultimately take place, the arbitrary relations among previously unrelated elements within
an event must be encoded (e.g., individual dog—woman and dog—man associations
from the example above).

To extract new information about the relationship between these events, encoded
associations must be retrieved and then manipulated, recombined, and recoded based on
their content to support the inference itself (woman—man). The precise contribution of
hippocampus and PFC to each of these processes remains an area of active investigation.
Notably, while these operations are all requisite for inference, the relative role of the
hippocampus and PFC in these different processes—and the relative timing of each—
may depend on the particular demands of the task at hand.

An important factor contributing to success in a variety of inference tasks is the
nature of the underlying hippocampal memory representations. Decades of research have
characterized how the hippocampus builds rich, detailed records of individual events, or
episodic memories (Eichenbaum and Cohen, 2001; Squire et al., 2004; Eichenbaum et al.,
2007; Preston and Wagner, 2007). Hippocampal memory representations are well-suited
for the particular demands of inferential reasoning tasks. As described previously, the
hippocampus is thought to form conjunctive representations, which discretely code
multiple event elements in terms of their relationships to one another (Cohen and
Eichenbaum, 1993; O’Reilly and Rudy, 2001). Such conjunctive coding allows

hippocampal representations to be flexible, as relevant details of past events can be
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individually accessed as needed (i.e., through pattern completion) to support the types of
novel decisions required in inferential reasoning.

Here, I discuss the developing literature linking hippocampal memory processes
and representations to successful inference in a variety of tasks. By reviewing findings
from both human and animal research, I highlight the hippocampal and prefrontal
mechanisms that underlie mnemonic flexibility during both encoding and retrieval. I also
argue that inference provides a useful means of exploring the adaptive nature of memory,
whereby memory representations are used to successfully negotiate current behavior and
anticipate future decisions and actions.

2.2. INFERENCE TASKS

The novel expression of learned information has many forms, ranging from
generalization of conditioned responses to novel stimuli in animals (Pavlov, 1927) to
transfer of a learned task structure to new perceptual settings in humans (Kumaran et al.,
2009). Here, I focus specifically on the mechanisms supporting the novel application of
memory during inferential reasoning tasks that require judgments about the relationships
between items experienced across discrete episodes.

Several paradigms have been used to study the role of the hippocampus in
inferential reasoning (Fig. 2), of which the most widely used in both animal (e.g., Dusek
& Eichenbaum, 1997) and human research (e.g., Heckers, Zalesak, Weiss, Ditman, &
Titone, 2004) is the transitive inference task (Fig. 2A). In this task, participants learn a
set of overlapping premise relationships (e.g., A>B,B>C,C>D,D>E, E > F, where

A > B indicates A is reinforced over B) via trial and error. During this initial training
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phase, participants learn to select the correct (i.e., reinforced) item. Training typically
continues until a criterion level of performance on premise associations is reached.
Notably, multiple types of representations may support learning in this task. For
instance, knowledge of reinforcement histories alone may guide memory for the end
items of the hierarchy (A is always rewarded, while F is never rewarded) and individual
conditional associations may support memory for the inner pairs in the hierarchy (e.g., C
is rewarded in the context of D, but not in the context of B). Alternatively, all items may
be represented simultaneously as an ordered hierarchy of relationships (A >B >C>D >
E > F) that concisely represents trained associations as well as information about the
relationships between items that were not directly trained (e.g., B > D). To assess which
types of representations support performance as well as how they may depend on the
hippocampus, knowledge of the premise associations is tested together with novel,
untrained combinations of items during the critical test phase. Novel test trials include
inferential pairs with one degree of separation between items (e.g., B ? D, C 7 E), as well
as pairs with two degrees of separation (e.g., B ? E), depending on the total number of
items in the hierarchy. Novel non-inferential pairings consisting of the end items of the

hierarchy (A ? F) are also tested.
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Figure 2. Inference Tasks

(A) Transitive inference task with six elements. A set of overlapping training pairs forms an
ordered hierarchy of relationships. Participants learn each individual training pair via feedback-
based learning (e.g., A > B) and are then tested on novel inference and novel non-inference
judgments. Items in inferential probe trials may be separated by one element in the hierarchy
(e.g., B ? D, indicated as 1°) or two elements (e.g., B ? E, indicated as 2°). Novel non-inferential
probes test knowledge of the relationship between the end items of the hierarchy (A ? F). (B)
Acquired equivalence task. In stage one of training, participants are trained via feedback to
associate two faces (F, and F,) with a particular scene (S,). In stage two, participants learn to
select a second scene (S,) when cued with one of the faces (F,). Inference is then measured as the
proportion of trials on which participants choose S, when cued with F,. The schematic depicts
trained stimulus—response relationships (solid black arrows) and inferential relationships (dashed
black arrows). (C) Associative inference task. Participants learn an overlapping set of
associations (here, face—house associations), in which two stimuli (a man and a woman) are
associated with a common third item (a house). Novel inference trials evaluate knowledge for the
indirect relationship between items (who lives together in the same house).
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Critically, correct performance on the inferential test trials can only be achieved
by considering the overarching hierarchy of relationships because both items (e.g., B and
D) are reinforced at the same rate during training. In contrast, success on non-inferential
test trials involving the end items can be based solely on the reinforcement histories and
does not require reference to the hierarchical relationships. This difference in task
demands may be reflected by differing degrees of hippocampal recruitment for inferential
and non-inferential test probes. Specifically, hippocampal engagement may be unique to
inferential judgments that require reference to an ordered hierarchy of stimuli.

A second task used to examine the role of the hippocampus in inference is the
acquired equivalence task (Fig. 2B) (Myers et al., 2003; Shohamy and Wagner, 2008). In
this task, participants learn a set of stimulus—response associations via feedback training,
such as learning to select Scene, when cued with Face,. In the first stage, the stimulus—
response relationships are organized such that two distinct cue stimuli are associated with
the same response (e.g., Face,—Scene,, Face,—Scene,). In the second training stage,
additional information is learned about one of those cue items (e.g., Face,—Scene,) that
can also be inferred to be true for the second, equivalent item (e.g., Face,). Thus, unlike
the transitive inference task, the overlapping associations in the acquired equivalence task
do not form a logical ordered hierarchy. Inference in the acquired equivalence task is
assessed by testing participants’ knowledge of novel, untrained associations (Face,—
Scene,) that can be inferred through transfer of learned associations (Face,—Scene,) to
the equivalent item. While premise pairs may be encoded as inflexible stimulus—response

associations, only representations that encode discrete event elements together with the
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relationships among them—such as conjunctive representations formed by the
hippocampus —are thought to support the acquired equivalence judgment.

Another commonly used inferential reasoning paradigm is the associative
inference task (Fig. 2C) (e.g., Bunsey and Eichenbaum, 1996; Preston et al., 2004;
Zeithamova and Preston, 2010; Zeithamova et al., 2012a; Schlichting and Preston, 2014;
Schlichting et al., 2014). In associative inference, stimuli are organized into groups of
three and presented to participants as overlapping pairs (e.g., AB, BC and XY, YZ, where
AB denotes a studied association between items A and B) using either feedback-based or
observational training. Inferential performance is then assessed by asking participants to
make judgments about the relationship between elements of overlapping pairs that were
not explicitly studied together (e.g., AC, XZ). As in other inferential tasks, the premise
associations could be encoded as unitized representations, such as an “AB” unit during
observational learning or an A—B stimulus-response association during feedback
training. However, like acquired equivalence judgments, associative inference would be
supported only by conjunctive hippocampal representations that enable flexible access to
individual event details. Because the associative inference task can employ observational
learning procedures, it provides an additional flexibility in research design. While
training in the transitive inference and acquired equivalence tasks is typically limited to a
small set of overlapping associations learned across multiple exposures, the associative
inference task can be performed using a larger number of associations and single-trial
learning procedures, wherein each trained association is only seen once during the

learning phase (Zeithamova and Preston, 2010; Schlichting and Preston, 2014;
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Schlichting et al., 2014). Such rapid acquisition of arbitrary information is characteristic
of the type of learning that occurs during daily episodic experiences and provides a
means for studying how inference is performed with limited direct experience.
2.3. CRITICAL ROLE FOR THE HIPPOCAMPUS IN INFERENTIAL REASONING

Converging evidence from animal and human research indicates that the
hippocampus is necessary for successful performance in inferential reasoning tasks. In a
series of animal lesion studies, Eichenbaum and colleagues trained rats on overlapping
odor—odor associations using both the associative inference (Bunsey and Eichenbaum,
1996) and transitive inference paradigms (Dusek and Eichenbaum, 1997). The
hippocampal system was damaged prior to training, either by lesion to the hippocampus
proper (Bunsey and Eichenbaum, 1996) or through disconnection of the hippocampus
from its cortical and subcortical pathways (Dusek and Eichenbaum, 1997). In both tasks,
hippocampal lesions impaired performance on inferential probe trials that tested
knowledge of the untrained relationship between stimuli, while acquisition of the trained

associations was unimpaired (Figs. 3A and 3B).
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Figure 3. Critical Role of Hippocampus in Inference

(A) Associative inference task. Left panel: mean number of errors to criterion on training of two
sets of overlapping associations (e.g., AB, BC). Right panel: Inference performance as measured
by a preference index for indirectly related item (e.g., selecting C when cued with A). White bars
denote sham operated control rats; blue bars denote rats with hippocampal lesion. Hippocampally
lesioned rats learn individual relationships between item pairs at a rate similar to control rats, but
fail on the inference test. Adapted from Bunsey and Eichenbaum (1996). (B) Transitive inference
task. Rats with lesions disconnecting the hippocampus from its subcortical (fornix, dark blue
bars) or cortical (entorhinal/perirhinal, light blue bars) target structures performed similarly to
sham operated control rats (white bars) on trained associations (BC, CD) and novel non-
inferential probe trials (AE). However, lesioned rats were severely impaired on inferential probe
trials (BD). Adapted from Dusek and Eichenbaum (1997). (C) Mean performance of control
participants (white bars), patients with hippocampal atrophy (blue bars) or Parkinson’s disease
patients (orange bars) in an acquired equivalence task. Patients with hippocampal atrophy reached
a criterion level of performance at a rate similar to control participants. In contrast, Parkinson’s
disease patients required more extensive training. However, at test, hippocampal patients were
severely impaired on inferential probe trials relative to both control participants and patients with
Parkinson’s disease. Adapted from Myers et al. (2003). (D) Post-training hippocampal lesions
(blue bars) impaired transitive inference judgments (BD) in mice, but enhanced performance on
novel non-inferential probe trials (AE) involving the end items of the hierarchy relative to sham
operated animals (white bars). Adapted from DeVito et al. (2010a).

Similar impairments in transitive inference have been observed in non-human

primates with lesions to the hippocampal system (Buckmaster et al., 2004). Notably, both
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lesioned rats (Dusek and Eichenbaum, 1997) and lesioned monkeys (Buckmaster et al.,
2004) performed perfectly on novel non-inferential test trials that probed knowledge
about the relationship between end items of the hierarchy (e.g., A ? F), suggesting that
making judgments about novel combinations of familiar items does not itself require
hippocampal processing. Rather, these findings indicate that the hippocampus plays an
essential role in judgments that require the flexible manipulation of learned relationships
among items when simple comparisons of reinforcement history do not suffice.

Evidence for an essential role of the hippocampus in the acquired equivalence
task is somewhat inconsistent across species. Rodent research has shown impaired
performance on a spatial variant of the acquired equivalence task in animals with lesions
to ERc but not in animals with hippocampal lesions (Coutureau et al., 2002). In contrast,
neuropsychological research in humans indicates that hippocampal lesions critically
impact performance in the acquired equivalence task (Myers et al., 2003). Patients with
hippocampal atrophy acquire stimulus—response associations at a rate similar to control
patients and demonstrate intact memory for these trained associations during the test
phase (Fig. 3C). However, these patients are impaired on inferential judgments testing
knowledge of the untrained, equivalent relationships between items. In contrast, as a
result of damage to the basal ganglia, Parkinson’s disease patients demonstrate slower
acquisition of the premise associations during the feedback-based learning phase, but
intact performance on both trained and inferential probes at test. This double dissociation
demonstrates the critical, specialized role of the hippocampus in decisions that require the

flexible application of learned knowledge to novel situations in humans.

18



These initial neuropsychological and animal lesion studies provide substantial
evidence for the critical role of the hippocampus in inference across a variety of
experimental paradigms. One finding common across these experiments is intact learning
of the explicitly trained associations despite hippocampal damage. This may suggest that
while the hippocampus is not required for the acquisition of individual premise
associations during encoding (when trained across multiple repetitions using feedback-
based learning procedures), it is essential for retrieving and recombining event elements
during inference tests. An alternate possibility is that hippocampal lesions induce changes
in encoding strategy, resulting in a different representational form for the trained
associations that does not allow for the flexible recombination of information during
inference itself (Bunsey and Eichenbaum, 1996; Frank et al., 2003). From these initial
lesion and neuropsychological studies alone, it is not possible to determine the precise
stage —encoding or retrieval —or the precise mechanism of hippocampal involvement in
inference, as hippocampal damage was present prior to the initial training phase.

More recent findings indicate that multiple hippocampal mechanisms contribute
to successful inference, including processes engaged during initial encoding, flexible
retrieval, and offline rest periods following encoding. I discuss these ideas by reviewing
evidence from functional magnetic resonance imaging (fMRI) studies in humans
demonstrating changes in hippocampal activation during different phases of inferential
reasoning tasks along with convergent findings from computational modeling and more

recent animal lesion studies.
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2.4.RETRIEVAL PROCESSES THAT SUPPORT INFERENTIAL REASONING

Inferential reasoning is traditionally thought of as a logical process in which novel
relationships are deduced from knowledge about premise relationships. In the example
with the man, woman, and dog, you have no direct knowledge about either the
relationship between the man and the woman or where the woman lives. When faced
with a misplaced piece of mail addressed to the house next door, you might retrieve
information acquired during two previous events—that “the woman in the house next
door owns the dog” and “the dog belongs to the man” —and recombine that knowledge to
conclude that “the man is my new neighbor.” In doing so, you determine that you can
deliver the mail to him the next time you see him in the neighborhood. In this way,
inferential reasoning is accomplished at the time of retrieval when faced with a novel
judgment.
2.4.1. Hippocampal Processes

While inferential reasoning itself has not been traditionally conceptualized as a
function of the hippocampus, recent research highlights a hippocampal role in several of
the processes contributing to this ability. In the example above, successful inference
requires the initial encoding of associations, retrieval of these associations through
individual elements when faced with a misplaced envelope, and subsequent
recombination of information to yield a solution. Such retrieval-based processes that
allow for the flexible use of previous experience are hypothesized to rely on conjunctive
representations in the hippocampus that code event details individually in terms of their

relationships to one another (Cohen and Eichenbaum, 1993; O’Reilly and Rudy, 2001).
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This discrete, relational coding allows event elements to be individually addressable and
retrievable from partial input through pattern completion (Marr, 1971; McClelland et al.,
1995). In inference tasks used in the laboratory, novel test probes (e.g., AC test trials in
associative inference) would trigger hippocampal pattern completion, leading to the
retrieval of previously encountered, overlapping memories (i.e., A was paired with B, B
was paired with C) that could then be recombined to support successful inferential
judgments (Fig. 4A).

Several human neuroimaging studies have provided evidence that the
hippocampus plays an important role in successful inference at the time of retrieval
(Heckers et al., 2004; Preston et al., 2004; Zalesak and Heckers, 2009). In one such study,
participants were trained on overlapping face—house associations (AB, BC) and non-
overlapping face—face associations (DE) in a modified version of the associative
inference paradigm (Preston et al., 2004). Participants were then tested on the learned
associations (AB, BC, DE) as well as novel face—face associations (AC) that required
mediation through explicitly learned common houses (Fig. SA). While a region in
posterior hippocampus was engaged for all associative retrieval trials, bilateral anterior
hippocampus was uniquely engaged during inferential (AC) memory probes. This pattern
of response was specific to the anterior hippocampus, providing support for its role in the

flexible use of memory at retrieval.
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A Retrieval-based inference B Integration at encoding

AB

Figure 4. Retrieval and Encoding Processes Supporting Inference

(A) Retrieval-based inference through recall and recombination of individual memories. When
encountering a novel inferential probe (e.g., AC), the individual elements may trigger
hippocampal pattern completion mechanisms, leading to the retrieval of the previously
encountered overlapping associations (AB, BC) that can be then recombined to answer novel
questions. In this example, when having to select which of the two men lives with the woman,
one can recall that the woman lives in the red house, and that the man on the left also lives in the
red house. Therefore, the woman lives with the man on the left. (B) Integration of overlapping
events during encoding. When encountering an event that overlaps with prior experience (e.g.,
experiencing BC after encountering AB), the overlapping element (B) may trigger hippocampal
pattern completion, reactivating the prior memory. The current experience may then be encoded
in the context of the reactivated memory to form an integrated (A-B-C) representation that
combines elements from both events. In this example, the prior memory for the woman living in
the red house may be reactivated when learning about the man living in the same house. The
current and reactivated experiences can then be combined to form a novel association that the
man and the woman live together.
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Figure 5. Retrieval Activation During Inference

(A) Bilateral anterior hippocampus demonstrated selective activation during novel inferential
probe trials (AC) at retrieval in an associative inference task. In contrast, a posterior region of the
hippocampus demonstrated equivalent activation during associative retrieval of overlapping
trained associations (AB, BC), non-overlapping trained associations (DE), and inferential probe
trials. Adapted from Preston et al. (2004). (B) During transitive inference, left hippocampal
activation demonstrated greater retrieval activation for novel inference trials relative to non-
inference trials, while right hippocampus showed increased activation during inference trials in
which items were separated by one element in the hierarchy (1°) compared with items separated
by two hierarchical elements (2°). Adapted from Zalesak and Heckers (2009).
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Hippocampal engagement during retrieval-based inference has also been observed
in transitive inference tasks (Heckers et al., 2004; Zalesak and Heckers, 2009). In one
such study, participants were presented with pairs of stimuli and trained to select the
rewarded item from each pair (e.g., A > B). Two sets of pairs were used: overlapping
pairs (A > B, B > C, C > D, D > E) forming an ordered hierarchy and non-overlapping
pairs (a > b, ¢ > d, e > f, g > h) with no hierarchical structure (Heckers et al., 2004).
Novel test probes consisting of the elements from overlapping pairs (e.g., A ? C, B 7 D)
produced greater hippocampal engagement than did novel test probes comprised of items
from non-overlapping associations (e.g., ¢ ? f). However, this study did not directly
address the role of hippocampus in inferential test trials, as there was no comparison
made between inferential probe trials requiring reference to the stimulus hierarchy (e.g.,
B ? D) and non-inferential probe trials containing the hierarchy’s end items (i.e., A ? E).

In a follow-up experiment (Zalesak and Heckers, 2009), participants were trained
on a six-element hierarchy and tested on inferential relationships between inner members
of the hierarchy (i.e., B ? D, C ? E, B 7 E) and non-inferential pairs including the end
items (e.g., A ? D, C ? F), which could be solved based solely on knowledge of the
reinforcement histories. Left hippocampus showed greater activation during retrieval of
inferential relative to non-inferential probe trials (Fig. SB). Additionally, the degree of
hippocampal activation during inferential probe trials was related to the relative distance
between items in the transitive hierarchy. Greater activation was observed in right
hippocampus for inferential judgments with one degree of separation between probe

items (i.e., B ? D, C ? E) relative to inferential judgments with two degrees of separation
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between probe items (i.e., B ? E), suggesting that hippocampal activation tracks the
degree of relational processing required for successful inference.

While these human fMRI studies demonstrate that the hippocampus is engaged
during inferential judgments, they cannot demonstrate whether such engagement is
necessary for successful performance. However, in a recent animal lesion study, selective
hippocampal damage induced after acquisition of overlapping memories severely
impaired performance on inference judgments in a transitive inference task, providing
direct evidence for the essential role of the hippocampus beyond the initial training phase
(Fig. 3D; DeVito, Kanter, & Eichenbaum, 2010). Interestingly, animals with
hippocampal lesions performed more accurately than did control animals on the non-
inferential probe trials involving end items. These data show that animals with
hippocampal lesions relied primarily upon the reinforcement histories of individual
stimulus elements (most salient for end items) rather than the relative contingencies of
reinforcement between items. Presumably, hippocampal lesions induced after encoding
specifically eliminated memory for the relationships between items that would be needed
for successful inferential performance, while leaving intact information about the
reinforcement patterns of individual stimuli.

2.4.2. Prefrontal Processes

Collectively, the above reviewed findings indicate that hippocampal memory
representations are accessed during inferential judgments. However, additional evidence
suggests that other areas—namely, regions of PFC—are recruited in concert with the

hippocampus in service of successful inference. For example, activation in the
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dorsolateral PFC and MPFC has been observed during transitive inference in humans
(Acuna et al., 2002b), and lesions to MPFC produce selective impairments on the critical
inference judgments in the transitive inference (DeVito et al., 2010b; Koscik and Tranel,
2012) and acquired equivalence tasks (Iordanova et al., 2007).

A number of human studies have implicated lateral aspects of the PFC in
particular in inferential reasoning (e.g., Bunge et al., 2009, 2005; Cho et al., 2010;
Christoff et al., 2001; Goel, 2007; Goel and Dolan, 2001). This region is generally
thought to be involved in resolving interference and selecting appropriate responses
among highly similar, competing alternatives (Badre and Wagner, 2005; Thompson-
Schill et al., 2005). To aid in this function, lateral PFC is thought to represent similar
events as distinct, pattern separated memory traces (Paller and Wagner, 2002; Jenkins
and Ranganath, 2010; Ranganath, 2010; Kuhl et al., 2012a), thereby facilitating later
retrieval of specific episodic details. Consistent with this idea, a number of studies have
shown that lateral PFC is recruited during recollection of details of prior events (Mitchell
and Johnson, 2009; Raposo et al., 2009). For example, one study showed engagement of
lateral PFC associated with retrieval of distinctive features of individual experiences that
were necessary for successful task performance. Interestingly, the researchers also
reported that greater activation in this region was associated with less evidence for
behavioral interference (Raposo et al., 2009), suggesting the important role of lateral PFC
in retrieving appropriate information among a set of highly interrelated memories.

Accordingly, one possible mechanism by which lateral PFC might contribute to

inference is by enabling formation and retrieval of memories for individual premise
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associations that underlie novel decisions. That is, lateral PFC may support retrieval,
manipulation, and recombination of individual event memories, thus enabling novel
inference via logical recombination (Fig. SA). This hypothesis has received support from
empirical work (Zeithamova and Preston, 2010) employing the associative inference task.
Specifically, the researchers demonstrated that while encoding activation in lateral
PFC—in particular, IFG—predicted subsequent memory for individual episodes (i.e.,
AB, BC), it did not significantly relate to later inference performance (i.e., AC
judgments). This suggests that lateral PFC is important for forming memory traces for
individual episodes, though it does not necessarily code the relationships among events.
Interestingly, however, the degree of IFG activation during the test phase itself tracked
performance on those inference judgments. Moreover, the researchers observed enhanced
functional coupling between IFG and MTL structures during inferential relative to direct
test trials, consistent with this region’s hypothesized role in recombining individual event
memories in service of novel decisions.

Despite this evidence that both MTL and lateral PFC are engaged during
inference decisions, the specific role of each region is yet to be determined. One
possibility is that the hippocampus supports memory for directly experienced
associations, while PFC is important for retrieving, manipulating and recombining
individual event memories to allow for relational reasoning (Robin and Holyoak, 1995;
Christoff et al., 2001). Some evidence for this view comes from a non-mnemonic
inferential reasoning task in which all premise relationships were concurrently displayed

along with the probe judgment (Wendelken and Bunge, 2010). In this study, the
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hippocampus was similarly engaged during both probe trials requiring consideration of a
single premise relationship and probe trials requiring inference across multiple premise
relationships. However, lateral PFC was preferentially engaged during inferential
judgments.

In this non-mnemonic inference task, the hippocampus may be processing
individual relationships among premise elements, an operation required for both probe
trial types. Only those probe trials requiring inference across multiple premises
necessitate manipulation and recombination through prefrontal processing to support
inference. An alternative possibility is that hippocampus may also contribute to the actual
manipulation of relational information (Hannula et al., 2006; Hannula and Ranganath,
2008), creating novel combinations of elements extending beyond prior experience.
Findings demonstrating hippocampal engagement unique to inferential judgments (Fig.
5A; Preston et al., 2004) may reflect such processes. While the respective contributions
of the hippocampus and PFC during inferential reasoning remains an active area of study,
there is substantial evidence suggesting that these regions form a network for relational
processing (DeVito et al., 2010b; Ranganath, 2010) that is engaged during successful
inference.

2.5. ENCODING PROCESSES THAT SUPPORT INFERENTIAL REASONING
2.5.1. Hippocampal Processes

Initial studies of inference primarily focused on the role of hippocampus in

flexible retrieval processes in which novel probes (e.g., B ? D in transitive inference)

trigger recall of directly experienced memories (B > C, C > D), with successful inference
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(B > D) being supported by flexible recombination of recalled memories. This focus on
retrieval-based processes describes how memories are recombined or modified after they
are initially encoded.

However, more recent neuroimaging studies support the notion that hippocampal
encoding plays an equally important role in successful inference. In one of the first
human neuroimaging studies on inference, Nagode and Pardo (2002) used positron
emission tomography (PET) to examine the relationship between hippocampal encoding
activation and successful transitive inference. Greater hippocampal activation was
observed during the intermediate relative to initial stages of training, suggesting
experience-dependent changes in hippocampal recruitment during encoding. In a second
experiment, participants were first trained on non-overlapping portions of the transitive
hierarchy (A > B, C > D, E > F, G > H) followed by training on the “bridging,” or
overlapping, pairs (B > C, D > E, F > G) that connected the initially learned associations.
Hippocampal activation was greater during training of the bridging pairs relative to
training on the non-overlapping pairs in the hierarchy.

A similar pattern of findings was shown by Greene and colleagues, who scanned
participants during both training and test phases of the transitive inference task using
fMRI (Greene et al., 2006). During the latter part of the learning phase, left hippocampal
activation was greater for inner training pairs (B > C, C > D) relative to outer training
pairs (A > B, D > E), with this difference in activation correlating with individual
differences in inferential performance (Fig. 6A). Greater test-phase activation was also

observed in hippocampus for inferential test probes (B ? D) among participants who were
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successful at inference (“performers”) relative to unsuccessful participants (“non-
performers”), suggesting that the way in which associations are initially encoded relates
to the ability to later use them flexibly. Together, the results of these neuroimaging

studies demonstrate a contribution of hippocampal encoding processes to novel

inferential judgments.
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Figure 6. Encoding Activation in Reasoning Tasks

(A) Left hippocampal activation increased across training block for inner pairs in the transitive
hierarchy (B > C) relative to outer pairs (A > B), but only for those participants who were
successful on the inferential test. Adapted from Greene et al. (2006). (B) In an associative
inference task, right hippocampal activation during encoding of overlapping associations (BC)
was greater for trials in which the corresponding inference judgment (AC) was later correct
relative to trials on which the inference judgment was later incorrect. Hippocampal activation
during initially acquired associations (AB) was not related to subsequent inferential performance.
Adapted from Zeithamova and Preston (2010). (C) Activation in left and right hippocampus
during the training phase of an acquired equivalence task was correlated with individual
differences in inference performance. Specifically, increases in bilateral hippocampal activation
from the early to late portion of the training phase were associated with superior performance on
inferential probe trials. Adapted from Shohamy and Wagner (2008).

Animal research is also consistent with the idea that hippocampal encoding

processes are important for successful inference. As previously discussed, hippocampal
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damage that occurs after initial learning eliminates memory representations that code the
relationships among elements in a transitive hierarchy, while leaving intact information
about the reinforcement histories of individual items (DeVito et al., 2010a). Presumably,
animals with post-training lesions demonstrate significant impairments on inference tests
due to loss of the representations of critical relationships among event elements formed
by the hippocampus during encoding. Recent animal research indicates that hippocampal
lesions performed prior to learning produce even greater deficits in inferential
performance than do post-training lesions (Van der Jeugd et al., 2009), highlighting the
critical role of hippocampus during the encoding process.

While the above described human neuroimaging and animal lesion studies
established the importance of the hippocampal encoding processes in successful
inference, the precise mechanisms by which the hippocampus contributes to performance
cannot be determined from these data alone. Two hippocampal encoding mechanisms
have been proposed to underlie subsequent inference: (1) elemental encoding of
individual premise associations (McClelland et al., 1995) and (2) integrative encoding.
As previously expressed, elemental encoding is critical for successful inference and refers
to the initial encoding of experience such that memories can be later accessed through
individual event details. Such conjunctive representations formed by hippocampus during
encoding are essential for retrieval-based inference processes, as they enable access to
necessary details when faced with a novel judgment about items not directly experienced

together.
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In addition to the flexible, elemental encoding of individual associations,
additional evidence suggests that the hippocampus may also support inferential
judgments by dynamically integrating newly encountered information into existing
memory networks at the time of learning—a process termed integrative encoding
(Shohamy and Wagner, 2008; Zeithamova and Preston, 2010). According to this
hypothesis, the hippocampus not only forms relationships among elements within an
individual experience, but also links elements across discrete experiences. During
integrative encoding, new experiences are not encoded in isolation, but in the context of
internally generated memory representations of prior overlapping events (Fig. 4B).
Through reactivation of previous experience (Eichenbaum, 2000; O’Reilly and Rudy,
2001; Shohamy and Wagner, 2008; Nadel et al., 2012), hippocampal processing may
allow for integration of information across distinct experiences (McKenzie and
Eichenbaum, 2011; Nadel and Hardt, 2011; Nadel et al., 2012) in anticipation of future
use. This constructive, or prospective, nature of memory (Klein et al., 2002; Buckner,
2010; Addis and Schacter, 2012) dates back to Tolman’s concept of a “cognitive map”
(Tolman, 1948) and has been proposed as a key mechanism underlying successful
inferential reasoning (O’Reilly and Rudy, 2001; Shohamy and Wagner, 2008;
Zeithamova and Preston, 2010; Zeithamova et al., 2012a). As related memories have
already been integrated during encoding, this mechanism—in contrast to flexible
recombination at retrieval —predicts that inference judgments may not require any

additional processing during test.
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For example, let us return to the scenario with your new neighbors, the woman,
man, and dog. When you initially see the woman walking her dog in the park near your
house, you form a memory for the event that represents the relationship among the
woman, the dog, and the park. Upon seeing the dog a second time with the man, the
familiar element (the dog) may serve as a cue for hippocampal pattern completion,
leading to the reactivation of your prior experience with the woman and dog. The new
event (the man walking the dog in town) is then encoded in the presence of the
reactivated information about your first experience with the dog. In this way, a link
between the woman, the man, the dog, and the house next door can be formed during
encoding, despite the fact that you have never seen the woman with the man (Fig. 7).
Therefore, when you receive the misplaced piece of mail addressed to the house next
door, no new recombination of information is required; rather, you can directly retrieve
your memory that the woman and man are your new neighbors and determine that you
can deliver the mail to either of them when you see them around the neighborhood.
Importantly, elemental encoding of individual associations and integrative encoding are
not mutually exclusive. For example, integration of new information into an existing
memory depends on elemental encoding of the initial memory such that it can be
reactivated when the overlapping element (the dog) is encountered again in the second

episode.
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Figure 7. Schematic Depiction of Memory Integration

Example overlapping events that might lead to integration and their associated neural codes. One
day while walking in the park, you encounter a woman and her dog (initial experience, top panel).
Connections are formed among a group of simultaneously activated neurons, coding the woman—
dog association (blue network). A few days later, you encounter the same dog in town, this time
with a man (overlapping event, bottom panel). The dog (overlapping element) triggers
reactivation of your initial experience in the park (woman—dog association). Such reactivation
enables connections to be formed among neural representations of the woman, dog, and man,
linking the related events across time (overlapping blue and yellow networks). The resulting
integrated memories are hypothesized to support novel judgments that require consideration of
both events; here, for instance, you may infer a relationship between the woman and the man
despite never having seen them together.

Electrophysiological studies in rodents have shown hippocampal-mediated replay
of prior event sequences in new spatial contexts (Karlsson and Frank, 2009) and
sequential activation of hippocampal place cells for never-experienced spatial trajectories
that represent a shortcut through a well-learned environment (Gupta et al., 2010).
Furthermore, in environments with overlapping elements, individual hippocampal
neurons demonstrate experience-dependent generalized firing patterns that respond in
multiple similar locations (Singer et al., 2010; McKenzie et al., 2013) or to the

overlapping features themselves (Wood et al., 1999). Such generalized firing patterns

34



suggest that hippocampal neurons develop representations that code the similarities
between events. By representing features common to multiple events similarly,
hippocampal codes can capture regularities shared across different experiences and, in
doing so, may act as “nodes” that link distinct behavioral episodes (Fig. 7) (Eichenbaum
et al., 1999).

Behavioral work in humans suggests that reactivating related memories
immediately prior to a new learning experience increases the likelihood that new content
will be integrated into existing memories (Hupbach et al., 2007). Using neuroimaging,
researchers have also related the degree of reactivation of prior experience during
encoding of new overlapping events to evidence for integration (Kuhl et al., 2010;
Zeithamova et al., 2012a). In one study, the evidence for hippocampus-mediated
reactivation of prior memories was associated with greater retention of the reactivated
information (Kuhl et al., 2010), demonstrating that reactivating memories during new
learning helps reduce forgetting of past events. In an associative inference paradigm,
another study demonstrated that reactivation of existing knowledge during new learning
of overlapping associations was associated with superior inference performance,
suggesting that a similar mechanism might underlie successful inferential reasoning
(Zeithamova et al., 2012a).

The notion that related events are integrated during encoding is consistent with
the symbolic distance effect, which refers to increased accuracy and decreased reaction
time for judgments comparing items farther apart in a stimulus hierarchy. The symbolic

distance effect is often (Frank et al., 2005; Zalesak and Heckers, 2009), although not
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universally (Moses et al., 2006), observed in transitive inference tasks. Integration during
encoding would promote the formation of a single hierarchical representation of
overlapping stimuli (A > B > C > D > E > F) rather than the formation of representations
of each individual pair (A > B,B > C,C > D, D > E, E > F). If the transitive inference
task was solved by retrieval and recombination of individual learned relationships at test,
it should be easier to infer the relationship between items with one degree of separation
(e.g., B 7 D) than between items with two degrees of separation (e.g., B ? E), as the
former requires retrieval of just two representations (B > C and C > D) while the latter
requires retrieval of three (B > C,C > D, and D > E). A single hierarchical representation
has the advantage of directly encoding the relationships between distant stimuli along
with the directly learned relationships, making indirectly learned relationships readily
available at the time of test. In contrast to the retrieval-based mechanism, this
representational structure would predict that inferences about items far apart in the
hierarchy (e.g., B > E) would be easier than inferences for items that are close together
(e.g., B > D) because their relative positions in the hierarchy are more distinct.

Recent neuroimaging studies provide more direct evidence for an integrative
encoding process in the hippocampus in the acquired equivalence (Shohamy and Wagner,
2008) and associative inference paradigms (Zeithamova and Preston, 2010; Zeithamova
et al., 2012a). In the acquired equivalence task, increases in hippocampal activation
across the learning phase were associated with individual differences in inferential
performance, even when accounting for performance differences on trained associations

(Fig. 6C). Moreover, no difference in test-phase activation between inferential and
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trained probes was observed, and reaction times for inferential probe trials and trained
associations at test did not differ for successful participants (Shohamy and Wagner,
2008). These findings suggest that performance in the acquired equivalence task is
dependent upon the formation of the inferential relationships during encoding that are
immediately available when probed with novel combinations of items at test.

Hippocampal encoding activation also predicted success in two studies that
employed the associative inference task (Zeithamova and Preston, 2010; Zeithamova et
al., 2012a). In one study, changes in hippocampal and MPFC activation over learning
were related to performance on inference judgments across participants, even when
accounting for premise pair memory (Zeithamova et al., 2012a). In a second study,
interrogation of trial-by-trial neural engagement revealed that hippocampal activation
during encoding of overlapping associations (BC), but not initially acquired associations
(AB), differentiated between subsequently correct and incorrect inferential judgments
(AC; Fig. 6B) (Zeithamova et al., 2012a). Importantly, while both hippocampal and
lateral PFC responses were implicated in successful inference performance at the time of
test, this pattern of encoding activation was observed in MTL and MPFC (for a more in-
depth discussion of MPFC and inference, see below). Thus, these findings highlight the
importance of a hippocampal encoding mechanism whereby overlapping experiences are
integrated into a network of related memories as they are learned.

It is noteworthy that a contradiction exists among neuroimaging studies of
inferential reasoning: while several studies have demonstrated enhanced hippocampal

engagement during inferential reasoning probes (Heckers et al., 2004; Preston et al.,
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2004; Zalesak and Heckers, 2009; Wendelken and Bunge, 2010; Zeithamova and Preston,
2010), others have failed to find evidence for retrieval-based hippocampal processing
during inference itself, instead linking inferential ability primarily to encoding processes
(Nagode and Pardo, 2002; Shohamy and Wagner, 2008). While it is important to not
over-interpret the null test-phase findings in these studies, several possible explanations
may be worth exploring in future research to help make sense of these apparent empirical
contradictions. For example, the number of training trials during the learning phase of
inference tasks may have a major influence on the type of hippocampal representation
recruited in service of successful inference. In many cases, a limited set of overlapping
associations (e.g., five in transitive inference) are trained across many repetitions (e.g.,
Nagode & Pardo, 2002). In other cases, a large number of overlapping associations are
learned in a single exposure (Zeithamova and Preston, 2010; Schlichting et al., 2014) or
relatively few repetitions (Preston et al., 2004; Zeithamova et al., 2012a). Integrative
encoding may fully support inference during learning of a limited set of experiences
across many repetitions, as there are multiple opportunities to build and strengthen the
links between different trained associations as they are learned. In contrast, such
hippocampus-mediated integration may not be sufficient in tasks that utilize large
stimulus sets and single trial learning procedures, leading to the additional recruitment of
retrieval-based hippocampal mechanisms. For example, both an integrative encoding
signature and increased retrieval activation for inferential probes were observed in a
single trial associative inference task (Zeithamova and Preston, 2010), suggesting that

both processes may be recruited in a single task. Other task demands may similarly
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influence when one hippocampal mechanism—integration during encoding or
recombination at retrieval—is favored over another, including feedback-based vs.
observation learning and interleaved vs. blocked presentation of training associations (see
Chapter 7). Understanding how the dynamics of the task influence the recruitment of the
hippocampus at different stages of learning may provide key insights into computational
properties of the hippocampus and its functional role in inferential reasoning.
2.5.2. Prefrontal Processes

Recent work has highlighted the importance of MPFC in encoding of events that
relate to prior knowledge (Fig. 8) (van Kesteren et al., 2012). One possible explanation
for this region’s involvement in encoding-phase memory updating lies in its pattern of
anatomical connectivity. As described previously, MPFC is directly connected to the
hippocampus, receiving inputs primarily from the anterior portion of CA, (Barbas and
Blatt, 1995; Cavada et al., 2000). MPFC also has extensive connections with a diverse set
of sensory, limbic, and subcortical structures (Cavada et al., 2000), suggesting that it
might be important for combining across episodic memories, represented in the brain
across distributed cortical and subcortical networks. Consistent with this idea, recent
studies have observed encoding-phase engagement of MPFC during inference tasks
(Zeithamova et al., 2012a), perhaps reflecting the importance of this region for memory

integration during encoding.
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Figure 8. Proposed Roles of Human MPFC and Hippocampus in Memory Integration

Locations and hypothesized functions of regions critical for memory integration in the human
brain. Green, medial prefrontal cortex; purple, hippocampus. Here, I intentionally provide a broad
definition of MPFC due to high variability in the precise location of effects reported across
studies. For instance, I include anterior cingulate cortex, which has been implicated in memory
integration (Wang et al., 2012) and the formation of memory models (Roy et al., 2012). Inset,
cross section through the hippocampus (purple) highlighting area CA, (dark purple portion).
Approximate hippocampal subfield boundaries are indicated with thin dashed lines. Location of
cross section along hippocampal axis is indicated with a thick dashed line. MPFC, medial
prefrontal cortex; CA;, Cornu ammonis field 1; DG/CA,;, dentate gyrus and Cornu ammonis
fields 2 and 3; SUB, subiculum.

As mentioned previously, existing work in rodents (Iordanova et al., 2007;
DeVito et al., 2010b) and humans (Koscik and Tranel, 2012) with brain damage also
suggest the critical role of MPFC in inference. For instance, using a transitive inference
paradigm, DeVito and colleagues (DeVito et al., 2010b) found that rodents with lesions
to MPFC were selectively impaired on inference trials; interestingly, they performed just
as well as did control animals on non-inferential judgments. While these studies
demonstrate the critical role of MPFC in inference, the specific task phase and

mechanism by which MPFC supports inference is unknown from these data alone.
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MPFC and Memory Schemas

The notion that the hippocampus and MPFC contribute to inferential reasoning by
integrating new experiences into existing memory networks to form links between
distinct events is conceptually related to an emerging body of literature on the role of the
hippocampus in the formation of schemas. Schemas are knowledge frameworks that
capture regular patterns in the environment by abstracting information across experiences
(Bartlett, 1932) and represent features common to multiple different events while dis-
carding idiosyncratic details. For example, a “restaurant schema” may contain commonly
experienced elements such as sitting at a table, ordering from a menu, and paying the bill,
but not one-time elements such as the waiter spilling water on you.

Schemas guide behavior by providing a set of expectations for a given experience.
Like integrated memory representations, schemas also contain information derived from
multiple events that may support inferential decisions. Specifically, schemas represent
relationships among elements commonly associated with certain types of situations,
despite the fact that these elements have not necessarily been experienced together.
Moreover, encoding new events in the context of a reactivated schema may provide an
additional mechanism for inferential reasoning. For example, a person may come to your
table at the end of your meal and inquire about the quality of the food and service. In the
absence of an introduction, you may infer that this person is the owner or manager of the
restaurant because your restaurant schema contains information about who is likely to ask

for feedback about your dining experience.
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Like the integrative encoding processes discussed in the previous section,
schemas build knowledge representations from multiple individual events and may thus
involve neural mechanisms similar to the hypothesized integrative encoding processes
that support inference. Prior reports have implicated hippocampal-MPFC interactions in
the generation (van Kesteren et al., 2010a) and use of schemas during inference
(Kumaran et al., 2009). For instance, one neuroimaging study in humans (Kumaran et al.,
2009) revealed that the degree of hippocampal-MPFC functional coupling tracked
schema formation and inference. Schema-dependent speeded learning has also been
observed in rodent research, which demonstrated that reactivation of an existing task
schema (in this case, a familiar spatial layout) allowed for rapid acquisition of new
flavor—place associations in a single trial (Tse et al., 2007, 2011). Without an existing
schema, such associative learning required repeated training across multiple weeks.
Importantly, rats with hippocampal lesions failed to show facilitated learning of new
information in the presence of reactivated schemas, highlighting a critical role for this
region in the rapid incorporation of new information into existing knowledge
frameworks.

A recent model (van Kesteren et al., 2012) suggests that when new information
can be integrated into existing schemas, MPFC may guide online predictions based on the
established knowledge. The hippocampus is then though to mediate detection of
associative mismatches between current experience and retrieved content (Shohamy and
Wagner, 2008), perhaps through CA, processes (Duncan et al., 2012). This model

suggests that hippocampal-MPFC interactions would be maximal during encoding of
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events that relate to prior experience (i.., as in learning BC after learning AB in the
associative inference task), reflecting the reorganization and updating of existing schemas
with new content. In contrast to the interference resolution in lateral PFC (e.g., IFG)
thought to be accomplished by maintaining separate memory traces, MPFC may resolve
interference among memories by aiding in the formation of infegrated representations.

Work in the domains of schemas and inferential reasoning has been carried out in
isolation from one another. While direct evidence linking schema formation and updating
to integrative encoding processes observed in inference tasks is lacking, the striking
similarities between these two literatures suggest that investigating the commonalities
between these research areas might reveal further neural similarities. For example, one
recent fMRI study (Zeithamova et al., 2012a) has shown that functional connectivity
between hippocampus and MPFC increases across learning of events overlapping with
prior experiences in the associative inference task, suggesting a role for these regions in
updating existing memories with new information during encoding. In addition, changes
in activation across the encoding phase in both MPFC and hippocampus were linked
specifically to subsequent inference success across participants. These results suggest that
inference may rely on encoding processes mediated by the hippocampal-MPFC network.
That is, in addition to forming schemas, these regions may also aid in the formation of
integrated networks of episodic experiences that span multiple events, thereby facilitating
novel decisions.

While one important characteristic of schemas is the loss of idiosyncratic details

that code the differences among events, it remains unknown whether the same is true of
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integrated memory representations. Anecdotal evidence from the acquired equivalence
paradigm suggests that some event details may also be lost during integration, as
participants failed to recognize inferential probe trials as novel pairings of stimuli
(Shohamy and Wagner, 2008). This finding suggests that details about directly
experienced events may sometimes be lost in favor of an abstracted, generalized
framework that codes consistencies among distinct stimulus-response relationships.
However, whether a similar loss of detailed event information is typical in other inference
paradigms, especially those that utilize rapid acquisition procedures (e.g., single-trial
learning), is not known. More research is needed to understand how the processes that
support inference are related to those implicated in the formation and use of schemas.
Consideration of how task dynamics influence the type of representational structure
formed may provide important insights into how the hippocampus codes overlapping
event information and interacts with MPFC to support mnemonic flexibility.
2.5.3. Factors Promoting Integration at Encoding

A number of studies have investigated the various factors that influence
integration. For instance, while there is evidence that integration can occur in the absence
of conscious awareness (Shohamy and Wagner, 2008; Wimmer and Shohamy, 2012;
Henke et al., 2013; Munnelly and Dymond, 2014), studies have shown that integration
may be facilitated when subjects become aware of the task structure (either via
instructional manipulations or spontaneously) (Kumaran and Melo, 2013). In fact, one
experiment (Kumaran and Melo, 2013) demonstrated that such knowledge specifically

benefitted judgments that spanned episodes with no effect on memory for the individual
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episodes themselves, suggesting that integration does not necessarily emerge with
learning of the underlying experiences. One possibility is that awareness constrains
prefrontal control processes, which in turn biases hippocampal reactivation during
learning toward task-relevant memories, allowing for integration across events.

As described previously, it has been hypothesized that being reminded of related
memories prior to a new learning experience also increases the likelihood of integration,
as the reactivated memories become labile and readily updated. Consistent with this idea,
behavioral work in humans (Hupbach et al., 2007) found more intrusions from a second
learned list (List 2) when recalling the initial list (List 1) if participants had been
reminded of List 1 before encoding List 2. This finding was recently replicated in rodents
using “lists” of ordered feeder locations (Jones et al., 2012), with animals who learned
two lists in the same relative to different spatial contexts producing more intrusions.
These findings are consistent with the proposal that integration occurs via reactivation of
prior memories; here, this work further highlights that reminding the learner of the
original encoding context may encourage integration.

Other factors hypothesized to impact integration include (1) the nature of the
underlying memory representations—with more distributed as opposed to localized
representations proposed to promote integration (Schiller and Phelps, 2011); and (2) the
degree of competition between new content and prior memories (i.e., whether or not the
two memories can coexist), with integration preferentially occurring in cases when

competition is minimal (Hupbach, 2011).
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2.6. OFFLINE MECHANISMS OF MEMORY INTEGRATION

Numerous empirical studies (Tambini et al., 2010; Jadhav et al., 2012; Deuker et
al., 2013; Staresina et al., 2013) and theoretical accounts (Marr, 1970; McClelland et al.,
1995) highlight the importance of offline processes—such as reinstatement of recent
experience and enhanced interregional communication—for episodic memory. It has
been proposed that through hippocampal-neocortical interactions (McClelland et al.,
1995; Nadel et al., 2000), memories are reactivated during periods of sleep and awake
rest. Such reactivation (or replay) is thought to support the strengthening and transfer of
memory traces from the hippocampus to neocortical regions for long-term storage, a
process termed consolidation.

These mechanisms may also support the integration of memories across
experiences. Recent theories suggest that hippocampus-mediated replay of event
sequences during sleep (Hoffman and McNaughton, 2002; Ji and Wilson, 2007) provides
a potential mechanism for constructing networks of related memories that anticipate
future decisions and actions (Diekelmann and Born, 2010; Sara, 2010; Lewis and
Durrant, 2011)—a process referred to as prospective consolidation (Buckner, 2010).
Such theories propose that by reactivating memories during sleep, representations are
recombined and recoded, resulting in rich networks of related memories that extend
beyond initially encoded events. According to this view, stored memories are not
veridical representations of events, but rather derived representations formed in
anticipation of future use. Sleep-based replay of hippocampal memory traces, therefore,

could enhance performance on inference tasks that tap knowledge about the relationship
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between overlapping events experienced at different times (Ellenbogen et al., 2007;
Werchan and Gémez, 2013). Consistent with this notion, one study (Ellenbogen et al.,
2007) using a transitive inference paradigm demonstrated that participants who slept
following acquisition of the premise relationships performed better on inferential
judgments involving two degrees of separation (B ? E) relative to a comparison group
who remained awake.

While these findings provide speculative evidence that sleep may facilitate
inference, it is worth noting that the observed improvements were not specific to
inferential judgments; that is, the researchers also observed improvements on the novel
but non-inferential judgments containing the end elements (A ? F). Therefore, the
question of whether sleep enhances memory integration specifically or whether it
contributes to improved inferential judgments by simply consolidating memories for
individual premise associations is yet to be determined.

In addition to sleep-based mechanisms that might contribute to inference, recent
reports have also highlighted the importance of offline processes that occur during
periods of awake rest for memories of individual episodes. The mnemonic consequences
of reactivation of recent experience has been demonstrated during awake rest using
neurophysiological techniques in rodents (Jadhav et al., 2012) and, more recently, in
humans using pattern information analysis of fMRI data (Deuker et al., 2013; Staresina et
al., 2013). For instance, more delay period reactivation was observed for stimuli that
were remembered relative to those that were forgotten in a subsequent test (Staresina et

al., 2013). Moreover, studies have shown that the degree of hippocampal-neocortical
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functional coupling during rest periods following learning relates to later memory for the
learned content (Tambini et al., 2010). Yet, how these mechanisms relate to integrated
memories that span events remains to be determined (see Chapter 6).

The schema literature provides reason to believe that offline neural activity may
also affect more complex memory structures, as prior work has demonstrated schema-
dependent activation that persists during offline periods following encoding. For
example, one study has shown increased hippocampal-MPFC functional coupling during
encoding conditions that necessitate schema reorganization and updating; interestingly,
this pattern persisted during the post-encoding rest period (van Kesteren et al., 2010a).
These findings are consistent with the idea that neural patterns evoked during encoding
are reactivated during offline rest periods, potentially reflecting early-phase consolidation
mechanisms. While the precise effect of these rest-phase processes for memory
integration is yet to be determined, it may be the case that memory reactivation and
increased interregional coupling may strengthen connections among related memories,
thereby further promoting the formation of schemas and perhaps, integrated memory
representations.
2.7.NEGATIVE CONSEQUENCES OF INTEGRATION

While the focus of this dissertation is primarily on the positive effects of memory
integration, a few noteworthy studies have highlighted its negative behavioral
consequences. For example, integration may lead to false memories (i.e., through
overgeneralization) (Warren et al., 2014), and memory misattributions (Hupbach et al.,

2007; Jones et al., 2012; Gershman et al., 2013; St. Jacques et al., 2013). Interestingly,
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patients with ventral MPFC lesions show reduced false memories relative to healthy
control participants for words that were never seen but are thematically related to a
studied word list (Warren et al., 2014), consistent with the notion that ventral MPFC
constructs generalized memory representations.

Integration may also explain the phenomenon of memory misattribution, in which
an episodic experience is incorrectly attributed to a different encoding context than the
one in which it occurred (e.g., as measured by intrusions). Misattributions may occur
when prior knowledge is reactivated and updated with the current experience to the
detriment of memory accuracy. One fMRI study (Gershman et al., 2013) used neural
decoding to quantify the neural reinstatement of the context associated with prior
memories (List 1) during new learning (List 2). Results showed that greater evidence for
reactivation of the List 1 context was associated with more misattributions of List 2
words to List 1. Another study (St. Jacques et al., 2013) showed that when participants
reactivated a prior experience during new encoding, ventral MPFC and hippocampal
engagement was associated with later memory misattributions, consistent with a role for
these regions in linking experiences across time.

2.8. HIPPOCAMPAL REPRESENTATIONS UNDERLYING MEMORY INTEGRATION

Initial research suggests that one way in which the hippocampus supports
inferential reasoning is by integrating information across multiple experiences to
establish links between related events, either during new learning experiences or offline
through replay of related experiences during sleep and rest. However, intriguing

questions remain regarding the precise nature of the underlying hippocampal
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representations. Several theoretical and computational frameworks have proposed
alternate accounts of the properties of memory representations that can support inference.

One hypothesized representational structure supporting inference across
experiences is one in which new events are incorporated into existing memory traces to
be parsimoniously represented in a single, composite memory representation (Fig. 9A).
For instance, consider the simplified example of two events that share a common element
(AB, BC) as in the associative inference paradigm. When a new event occurs that
contains an element overlapping with a previous event (e.g., BC after encoding AB), the
overlapping element (B) can trigger pattern completion of the previously encoded
memory (AB). According to this hypothesized representational structure, elements from
the new, overlapping event (in this case, C) would be encoded into the existing,
reactivated memory (AB) to form a single integrated representation that combines the
two experiences (ABC). Because these integrated representations directly code the novel
relationship between A and C along with the original experiences, this representational
format provides a basis for the inferential use of memory, but has a notable cost in that
details of the individual experiences may not be preserved (e.g., the knowledge that A
and C were presented in two different temporal contexts).

The influential cognitive map theory (Tolman, 1948; O’Keefe and Nadel, 1978)—
which first sparked interest in the inferential function of the hippocampus—implicitly
assumes such integrated representations. In the context of this theoretical spatial
framework, memory traces for newly learned individual events (i.e., recently traveled

routes) are combined with memories of previously traveled routes to allow for the
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creation of an integrated map of the environment, including information about paths not
traveled. As a cognitive map of an environment becomes established, it can be
reactivated when an animal enters the same environment at a later point and updated with
new experiences in that environment. When familiar routes to a goal are blocked, the
cognitive map will enable navigation to the goal via an alternate route because
information about this novel (i.e., never before traveled) route is included in a single

representational structure of the environment.
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Figure 9. Hippocampal Representations Underlying Inference

Schematic depiction of alternative accounts of hippocampal representation in an associative
inference task. Representations of overlapping events (AB, BC) are shown using a simplified
two-layer architecture. The bottom layer contains units for each event element; the top layer
contains hypothesized patterns of hippocampal representation. (A) Single integrated
representation for overlapping events. According to this hypothesized structure, new, overlapping
event elements (C) are encoded into an existing, reactivated memory (AB) to form a single
composite representation for the two related associations. (B) Pattern separated representations of
individual events. In this view, a new event (BC) with partial overlap to a previous memory (AB)
would recruit a distinct hippocampal representation that preserves the details of each individual
experience. Links between the common element (B) and each of the individual experiences could
be used to mediate inference at encoding or retrieval. (C) Relational representation of overlapping
events. In this framework, separate representations are maintained for overlapping events (AB,
BC) and direct links between those events (at the level of the hippocampus) code their
relationship to one another.

In the context of non-spatial inference tasks, there is some evidence to support
this hypothesized representational structure. For example, one study showed that

successful participants perform as quickly on inferential judgments as on explicitly
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trained associations (Shohamy and Wagner, 2008), suggesting similar representations for
both directly learned and inferential associations. Moreover, informal assessment
suggested that the majority of participants in this study failed to recognize the inferential
probes as novel combinations of items, perhaps indicating that some contextual details of
original experiences were lost. Returning to the dog-walking example, you may
remember that the woman and man are a couple with a dog, but may not remember
specific details about how you first encountered them. Future studies may provide a more
detailed account of the circumstances under which memory for original experience may
become degraded.

The loss of experiential detail is a significant downside to the single, composite
representational structure linking elements of discrete events. Other computational
perspectives propose a different representational structure for hippocampus, with pattern
separation processes preserving distinct individual experiences and recurrent connections
between the element and event representations allowing inference across experiences
(Fig. 9B; Kumaran & McClelland, 2012; McClelland et al., 1995). In our simplified
example, this representational structure would predict that a new event partially
overlapping with a previous event (i.e., BC) would recruit a different hippocampal
representation to make it distinct from the originally experienced event (AB). The two
events would be linked through their individual connections to the shared event element
(B). Because of the recurrent connections between individual element and event
representations (ascribed to ERc and hippocampus, respectively), such a hypothesized

structure allows for preservation of event details while also supporting inferential
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judgments about the relationship between experiences. For example, when presented with
a novel inferential probe (AC), each individual element (A and C) may serve as a partial
cue leading to the reactivation of the originally experienced events (AB and BC).
Activation of the common item (B) in both cases would lead to successful inference.

Results showing unique hippocampal responses during inferential retrieval
(Preston et al., 2004; Zalesak and Heckers, 2009; Zeithamova and Preston, 2010) might
reflect the use of such pattern separated inputs to support performance. This
representational structure can also explain recruitment of the hippocampus during
encoding of overlapping events (Shohamy and Wagner, 2008; Zeithamova and Preston,
2010), which potentially reflects changes in the weights linking common elements to the
individually experienced events. It is important to note that even such pattern-separated
representations would be expected to change over time and become more generalized.
Reactivation of these memory representations during the consolidation process or during
offline replay would result in more frequent reactivation of common elements and
strengthening of their connections to event representations. In contrast, idiosyncratic
elements unique to individual events would be reactivated less frequently and gradually
lose their connections to event representations (Lewis and Durrant, 2011). This process
would lead to the gradual loss of episodic details in favor of abstracted representations
that capture regularities across experiences.

An alternate view that combines elements of both of these frameworks stems from
relational memory theory (Cohen and Eichenbaum, 1993). Relational memory theory

proposes that the hippocampus maintains representations of individual events while also
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directly encoding relationships between separate experiences (Eichenbaum et al., 1999).
In my symbolic representation of this theory, different hippocampal units are recruited to
represent individual events, but a lateral connection exists at the second level, linking the
representations of overlapping events together (Fig. 9C). Both pattern separation and
pattern completion at the level of the hippocampus would contribute to the formation of
such networks of related memories. For example, a new overlapping event (BC) would
recruit a hippocampal representation distinct from the originally experienced event (AB).
Simultaneously, the overlapping element (B) serves as a partial cue that reactivates the
prior event (AB). Based on a Hebbian learning rule, the connection between the two
hippocampal memory traces would be strengthened and an explicit link between the
overlapping events would be formed. Like the representational structure above, such
relational networks would support mnemonic inference while simultaneously preserving
memory for individual experiences.

It remains for empirical research to test the predictions stemming from these
alternate theories of hippocampal representation. Doing so will afford a more complete
understanding of the computational properties of the hippocampus underlying inferential
reasoning, and whether or not the same representational format is used across all

inference paradigms, training procedures, and individuals.
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3. Summary of the Specific Aims

Extensive evidence indicates that MTL and PFC play important roles in
inferential judgments that require consideration of the relationship among multiple
events. The hippocampus is thought to build flexible memory representations that provide
details not only about individual event elements, but also about the relationships between
different events. This information may then be combined across time, either as new
memories are formed or during the reasoning judgment itself by MPFC and IFG,
respectively. This research highlights the function of memory as more than simple
recordkeeping. The MTL does not merely enable the retrospective use of memory; rather,
hippocampal function is “intrinsically prospective” (Klein et al., 2002), aimed at
constructing representations that can be used to successfully negotiate future judgments
and actions.

The research in this dissertation builds upon these initial findings to further our
understanding of the mechanisms by which MTL and PFC contribute to the generation
and stabilization of memory traces that span episodes. I employed the associative
inference paradigm, which prior work in my lab has shown to provide a valid model of
overlapping event encoding (Preston et al., 2004; Zeithamova and Preston, 2010;
Zeithamova et al., 2012a), in combination with both standard- and high-resolution fMRI
(hr-fMRI). In the first study, high-resolution imaging restricted to the MTL region
allowed me to test specific predictions made by neurobiological and computational
models regarding the contribution of distinct hippocampal subfields to overlapping event

encoding. Standard resolution imaging of the whole brain was employed in the second
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experiment, which investigates how the MTL works cooperatively with PFC and other
neocortical regions during and immediately following encoding of events that relate to
prior knowledge. The dissertation culminates in a hr-fMRI study of the whole brain,
providing a level of detail and scope not previously possible. In this study, I interrogate
how neural representations of individual memory elements change as a function of
learning in MTL and PFC subregions.

To investigate the mechanisms by which MTL and PFC aid in the formation of
memories that span experiences, this dissertation incorporates both standard univariate
analyses as well as a number of advanced imaging analysis methods, including
multivoxel pattern analysis (MVPA; Haxby et al., 2001; Norman et al., 2006), neural
pattern similarity analysis (NPSA; Kriegeskorte et al., 2008a) and functional connectivity
analyses.

3.1. AIM 1: ISOLATE SUBFIELD CONTRIBUTIONS TO INTEGRATIVE ENCODING

The first study in this dissertation used hr-fMRI and NPSA to investigate
hippocampal subfield contributions to integrative encoding and inferential reasoning
(Schlichting et al., 2014). Participants encoded overlapping AB and BC pairs and were
tested on both directly learned and inferential associations during fMRI scanning. The
hippocampus is a heterogeneous structure, with a number of distinct subfields thought to
support different functions based on their diverse cellular makeup and anatomical
connectivity (Manns and Eichenbaum, 2006). One possibility is that CA,, a region
thought to be critical for binding elements within events (Marr, 1971), also plays a role in

cross-episode binding. An alternative candidate is area CA,, a region implicated in
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updating memories when new information deviates from existing knowledge (Lisman
and Grace, 2005). While prior work has demonstrated hippocampal engagement during
overlapping event encoding (Zeithamova and Preston, 2010), this study is the first to test
anatomically-inspired hypotheses about subfield contributions to memory integration and
inference.
3.2. AM 2: IDENTIFY MTL-NEOCORTICAL MECHANISMS SUPPORTING INTERACTIONS
AMONG MEMORIES

The second experiment investigated how the MTL works with neocortical regions
to link distinct episodes (Schlichting and Preston, 2014, under review). Recent empirical
studies have shown that the MPFC is critical for successful inference (DeVito et al.,
2010b). Furthermore, prior studies suggest that this region may be most involved during
and immediately following the encoding of overlapping events (van Kesteren et al.,
2012), forming memory-based predictions and enabling updating during the new
encoding itself (Shohamy and Wagner, 2008). In this study, participants with strong
memories for AB pairs encoded overlapping BC associations in a single exposure during
scanning. fMRI data were also be collected during rest periods following encoding. The
goal of this experiment was to investigate how MTL-neocortical interactions support
memory updating during both online (learning) and offline (rest) periods.
3.3. AIM 3: INVESTIGATE LEARNING-RELATED CHANGES IN NEURAL
REPRESENTATIONS

The third experiment used hr-fMRI of the whole brain to investigate the nature of

the neural representations in MTL and PFC that underlie inference (Schlichting et al., in
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preparation). One perspective suggests that in regions supporting integration, memories
for related experiences recruit overlapping populations of neurons (Eichenbaum et al.,
1999). Accordingly, while increased neural similarity has recently been demonstrated for
items directly experienced together (Schapiro et al., 2012), this view would predict that
representations should also become more similar for items indirectly related across
events. In contrast, regions supporting inferential reasoning via recombination of
individual event memories might develop more dissimilar representations for indirectly
related items, thus making related memory traces less susceptible to interference
(McClelland et al., 1995; O’Reilly and Rudy, 2001). Participants viewed single A, B and
C items during fMRI scanning before and after overlapping event encoding to assess how
the neural representations of individual items change with experience. The goal of this
study was to identify the learning conditions and brain regions that support a) memory
integration, as indexed by neural patterns for indirectly related (A and C) items becoming
more similar following learning; and b) memory for individual events, as indexed by A

and C item representations becoming more dissimilar as a result of learning.
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EXPERIMENTS
4. Experiment 1: Hippocampal Subfield Contributions to Memory

Integration and Inference?

4.1. RATIONALE

As described previously, memory integration may rely on dynamic interactions
between old memories and new information during encoding. It has been suggested that
related memories are retrieved during new experiences containing overlapping content,
which may in turn impact the way the new information is encoded (Bartlett, 1932;
Tolman, 1948; O’Keefe and Nadel, 1978; Cohen and Eichenbaum, 1993). Specifically, it
has been proposed that encountering a new event that shares content with a previous
experience would lead to the reactivation of the existing memory through pattern
completion mechanisms supported by the hippocampus (McClelland et al., 1995;
Eichenbaum, 2000; O’Reilly and Rudy, 2001). This learning-phase memory retrieval
would allow new, externally available information to be encoded in relation to these
internally generated (i.e., reactivated) memories, thereby facilitating subsequent inference
about the relationships among memories.

Despite the everyday importance of behaviors like inference, the underlying
neural substrates are not well understood. One open question is the role of specific
hippocampal subfields in encoding experiences containing elements that overlap with

prior memories. Hippocampal subfields differ in cellular organization, anatomical

2 This chapter was adapted from Schlichting ML, Zeithamova D, Preston AR (2014) CA1 subfield
contributions to memory integration and inference. Hippocampus 24:1248-1260. D Zeithamova and AR
Preston supervised the project and contributed to writing the paper.
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connectivity and hypothesized mnemonic functionality (Manns and Eichenbaum, 2006).
Even in the face of these important known differences, the degree to which specific
hippocampal subfields contribute to encoding and retrieval operations that support
inference has not been studied in either animals or humans. However, based on their
hypothesized functions, one might posit that the CA fields in particular have special
significance when experiencing events that overlap with prior knowledge.

Theoretical and computational models (Marr, 1971; McNaughton and Morris,
1987) attribute binding of elements within individual episodes to area CA;. This is
thought to occur via “context fields” that respond preferentially to temporally contiguous
stimuli or events (Wallenstein et al., 1998). Simulation experiments demonstrate that the
development of CA; context fields during the learning phase of an associative inference
task are critical for inference performance (Wallenstein et al., 1998). These data suggest
that in addition to supporting within-episode binding, this CA; mechanism may also
enable novel inference across related experiences.

On the other hand, CA, has also been implicated in relating information across
individual episodes. In particular, CA, is hypothesized to serve as a comparator, signaling
when new experiences deviate from memory-based expectations (Lisman and Grace,
2005; Chen et al., 2011; Duncan et al., 2012). Differences between reactivated memories
and current events may trigger a specialized encoding process, leading to the formation of
links between current experience and existing knowledge (Shohamy and Wagner, 2008;

Wang and Morris, 2010; van Kesteren et al., 2012). Thus, a primary aim of this study is
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to assess the contributions of areas CA, and CA, to encoding new content that relates to
existing memories.

I employed an associative inference task (Preston et al., 2004; Zeithamova and
Preston, 2010) in combination with hr-fMRI and neural pattern similarity analysis
(NPSA; Kriegeskorte et al., 2008a). During study phases (Fig. 10A), participants were
first presented with a series of AB object pairs (e.g., clipboard-truck) followed by the
corresponding BC object pairs (e.g., truck-binoculars), where the B item (truck) was
common to both associations. After each study phase, participants completed a two-
alternative forced choice test of both the directly learned (AB, BC) and inference (AC;
e.g., clipboard-binoculars) associations (Fig. 10B).

I first sought to isolate hippocampal subfields whose encoding activation
predicted subsequent inference success, and interrogate whether such activation was
unique to overlapping event encoding. Second, I examined whether inference was
supported by reactivation of encoding patterns engaged during overlapping event
encoding using NPSA. Specifically, I assessed the following prediction: test-phase
inference may be facilitated when connections among memories are formed during study
of overlapping associations. Moreover, the degree to which the neural patterns evoked
during overlapping event encoding are reinstated during inference should relate to
behavioral performance (Fig. 11A). In the context of the present task, learning
overlapping BC associations provides a unique opportunity to engage a memory
integration process, whereby prior AB memories are retrieved and connected with current

experience (Fig. 11B). I reasoned that the same neural signatures might be reinstated
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during successful inference judgments. That is, for subfields supporting this specialized,
BC-specific learning mechanism, AC test patterns should be more similar to the neural
patterns evoked during BC learning than to those evoked during the encoding of initial
AB associations (Fig. 11B, bidirectional arrows). I also predicted that as inferences made
via this study-phase process would be facilitated, the overall difference in pattern
similarity may be driven specifically by fast inference judgments.

The results of this study are reported in Schlichting et al., 2014.
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Figure 10. Experiment 1: Memory Task

(A) Participants learned overlapping pairs of objects during the study phases. AB (e.g., clipboard-
truck) pairs were presented first. BC (e.g., truck-binoculars) pairs were learned later and included
familiar items from the AB pairs (i.e., the truck in this example). (B) During test phases,
participants were presented with three objects. The top item served as the cue; the bottom items
were the two choices. A direct test trial is shown on the left, in which the participants were
required to select truck when cued with clipboard. In the inference example (right), the participant
should choose the binoculars, as both the clipboard and binoculars were paired with the truck
during learning. For both direct and inference test trials, familiar items that were members of a
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different triad from the same study scan served as foils. Correct choices are circled for illustrative
purposes only (not shown to participants).
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Figure 11. Experiment 1: Neural Pattern Similarity Analysis Rationale

(A) Average patterns of activation associated with specific trial types were extracted for each
anatomical ROI. Here I depict the cross-participant analysis, which was estimated irrespective of
memory performance. Trials were modeled according to event type (AB, BC for study phase; AC
for test phase) using a general linear model (GLM). Parameter estimates associated with
conditions of interest were then extracted for each voxel within the ROI (example ROI shown in
yellow). The intensity in each cell in the grayscale matrix schematic represents the parameter
estimate for a single voxel in the brain. The similarity of two patterns is then determined by
computing a Pearson correlation between the two matrices. (B) Predictions for NPSA when
existing memories are retrieved and linked to current experience during overlapping event
encoding. Example AB study, BC study, and inference test screens are shown; simplified
hypothetical mean patterns of activation associated with each trial type are depicted next to the
corresponding condition. The neural representation evoked during BC learning contains A, B, and
C information. This pattern can be later reinstated to make the novel AC inference judgment.
Reinstatement of study patterns evoked during overlapping event encoding would be reflected by
a higher correlation between BC-AC study-test (thick blue arrow) than between AB-AC study-
test (thin green arrow).

4.2. HYPOTHESES
In line with prior work (Preston et al., 2004; Zeithamova and Preston, 2010;

Zeithamova et al., 2012a), I predicted that encoding of overlapping events (BC pairs)
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would provide a unique opportunity for reactivation and integration of prior memories
(AB pairs) with new experiences.

Hypothesis 1: CA, engagement during overlapping event encoding will predict
subsequent inference. As CA, novelty detection mechanisms are thought to trigger a
memory integration process, encoding activation in this region will be more predictive of
subsequent inference success during BC relative to AB study.

Hypothesis 2: Regions supporting learning-phase memory integration will be re-
engaged during successful inference. NPSA will be used to isolate regions supporting
memory integration. Within participant, there will be greater study-test pattern similarity
for BC relative to AB study trial types, particularly when the corresponding AC inference
judgments are correct. As integration during encoding should result in facilitated
inferences, this difference will be driven by those inference judgments that were made
quickly.

Hypothesis 3: Degree of study-test similarity will predict inference performance
across participants. Greater study-test pattern similarity will be associated with superior
inference across participants. This relationship will be observed for BC, but not AB,
study trial types.

4.3. METHODS
4.3.1. Participants

Twenty-five right-handed volunteers from the Stanford University community

participated in this study. Participants were in good general health and were screened for

contraindications to MRI. Consent was obtained in accordance with an experimental
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protocol approved by Stanford University and The University of Texas at Austin
Institutional Review Boards. Participants received monetary compensation for their
involvement in the study. Data from four participants were excluded for the following
reasons: failure to achieve above chance accuracy on directly learned associations (3
participants) and loss of anatomical data (1 participant). Data from the remaining 21
participants (12 females, ages 18-31, median = 22 years) were used for all reported
analyses.
4.3.2. Behavioral Methods
Materials

Stimuli consisted of 360 grayscale images of common objects organized into 144
overlapping pairs (72 AB pairs and 72 BC pairs, forming a total of 72 ABC triads; Fig.
10A) and 72 non-overlapping pairs (XY). Overlapping pairs were those for which two
objects (A and C) were each associated with a third overlapping object (B). Non-
overlapping XY pairs consisted of two unique objects not paired with any other items. To
control for the viewing order and pair type of the object stimuli, participants were
assigned to one of six randomization groups.
Procedures

Participants completed an associative inference task (Preston et al., 2004) during
fMRI scanning. The task consisted of six alternating study and test phases; both study
and test phases were scanned. During study phases, participants intentionally encoded
object pairs (AB, BC, XY) and single objects (X) (Fig. 10A). Participants saw each pair

only once during study, requiring rapid acquisition of associative information. During the
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test phases, participants were assessed on their memory for associations learned during
the immediately preceding study phase. Memory for both the directly learned (AB, BC,
XY) and inference (AC) associations was tested using a two-alternative forced choice
procedure (Fig. 10B).

Study materials were presented in a mixed fMRI design in which stimuli were
blocked by type. Study scans consisted of four cycles during which each of four
condition blocks (AB, BC, X, XY) was presented exactly once. Condition blocks were
presented such that AB blocks immediately preceded BC blocks and X blocks
immediately preceded XY blocks; the order was counterbalanced both within and across
participants. Each condition block consisted of 12 study trials lasting a total of 72 s. For
each trial, stimuli (a pair of images or a single object) were presented on the screen for 3
seconds with a 1 second response period, during which time participants made a
judgment of learning (1, will remember; 2, may remember; 3, will forget). These
responses were collected solely to ensure participants’ attention during the study task and
were not considered in the data analysis. Trial onsets were jittered within each condition
block. Between study trials, participants completed a variable number of 2 s baseline
trials (range 0-3 baseline trials) in which a single digit ranging from 1 to 8 was presented
on the screen; participants indicated with a button press whether the digit was odd or
even (Stark and Squire, 2001). Baseline task blocks (12 s) were also presented at the
beginning and end of each study phase scan and in between each condition block.

An event-related test scan occurred after each study scan. Tested materials

included directly learned object pairs (AB, BC, XY) and inference associations (AC) that
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were viewed during the immediately preceding study phase. Each test trial lasted 4 s
during which time 3 objects were presented on the screen (Fig. 10B): a cue object at the
top (e.g., object A from triad 1, denoted A,) with two options at the bottom (the correct
stimulus from the same triad, denoted B,, and a studied stimulus from a different triad,
e.g., B,). Participants indicated which of these two choice objects was associated with the
cue object by pressing a button. For inference (AC) judgments, participants were told that
the relationship between the cue (e.g., A,) and the correct choice (C,) was mediated
through their common association with a third item (B,). For both direct and inference
test trials, incorrect choices were familiar objects from a different triad in the same study
scan. The order of test trials was pseudo-random such that the inference test trial for a
given triad was presented before the corresponding direct test trials (i.e., A,C, was tested
prior to testing A,B, and B,C,) to prevent additional learning of the direct associations
during the test phases. Odd/even digit baseline trials (range 0-5) were intermixed with
test trials. For both study and test phases, the order of conditions was determined by a
sequencing program to optimize the efficiency of event-related fMRI design (Dale,
1999). Because study and test phases were presented in alternation, participants were
aware during learning that they would be tested on both direct and inference associations.
4.3.3. Imaging Methods
MR Data Acquisition

Imaging data were acquired on a 3.0 T GE Signa MRI system (GE Medical
Systems). Functional images were acquired using gradient echo spiral in/out pulse

sequence (TR =2 s; TE = 30 ms; 2 shot; flip angle = 61; 128 x 128 matrix; 2 X 2 x 2 mm
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voxels; 14 oblique axial slices oriented parallel to the main axis of the hippocampus)
(Glover and Law, 2001). While the slices were prescribed to cover hippocampus proper
in all participants, I did not achieve full coverage of the parahippocampal gyrus in the
majority of participants. Thus, the analyses reported here are restricted to hippocampal
subfields. A T2-weighted inplane structural image was acquired in the same prescription
as the functional images (TR =3 s, TE = 68 ms, 512 x 512 matrix, 0.43 x 0.43 mm in-
plane resolution). To delineate anatomical regions of interest, I also acquired a high-
resolution T2-weighted coronal structural image (TR = 3 s, TE = 68 ms, 512 x 512
matrix, 0.43 x 0.43 mm in-plane resolution, 30 3-mm thick slices). A T1-weighted 3D
SPGR structural volume (256 x 256 x 156 matrix, 0.86 x 0.86 x 1 mm) was also collected
to facilitate coregistration of the inplane and coronal images. Foam padding was used to
minimize head motion.

To obtain a field map for correction of magnetic field heterogeneity, the first
volume of each functional scan was collected with an echo time 2 ms longer than all
subsequent volumes. For each slice, the map was calculated from the phase of the first
two time frames and applied as a first order correction during reconstruction of the
functional images. In this way, blurring and geometric distortion were minimized on a
per-slice basis. In addition, correction for off-resonance due to breathing was applied on a
per-volume basis using phase navigation (Pfeuffer et al., 2002). This initial volume was
then discarded as well as the following five volumes of each scan (for a total of six

discarded volumes, or 12 s) to allow for T1 stabilization.

68



JMRI Preprocessing

Data were preprocessed and analyzed using SPMS5 (Wellcome Department of
Imaging Neuroscience, University College London, London, UK) and custom Matlab
(MathWorks, MA) routines. Functional images were corrected to account for differences
in slice acquisition times by interpolating the voxel time series using sinc interpolation
and resampling the time series using the middle slice as a reference point. Functional
images were then realigned to the first volume to correct for motion. The inplane and
SPGR images were registered to the mean functional image created during the
realignment step. Timeseries data were high-pass filtered with a 128 s cutoff and
converted to percent signal.
4.3.4. Data Analysis

Both neural pattern similarity and univariate analyses were performed under the
assumptions of the general linear models (GLM). With the exception of group-level
GLMs, all analyses were done in the native space of each participant. For all GLMs
described below, regressor functions were constructed by modeling stimulus-related
activation as a stick function convolved with a canonical hemodynamic response
function. Study and test scans were modeled in separate GLMs for all analyses. X items
and XY pairs served no purpose for the current study and thus were treated as events of
no interest in all models. Additionally, test trials for which no response was generated in

the 4 s time window were excluded from all performance-based analyses.
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Participant-Level Univariate Analysis

If existing knowledge is retrieved and linked to new experiences during learning,
it is necessarily the case that this must occur during the second, overlapping associations
(i.e., BC) in the present paradigm. Thus, to examine the role of hippocampal subfields in
this process, 1 searched for regions whose encoding activation is more predictive of
subsequent inference success during BC than AB study trials (Zeithamova and Preston,
2010). AB and BC study trials were sorted according to later success on the
corresponding inference judgment; study events were then modeled separately according
to trial type (AB, BC) and subsequent inference (inference correct, inference incorrect) to
generate one model per participant. This resulted in four regressors of interest: AB-
inference correct, AB-inference incorrect, BC-inference correct and BC-inference
incorrect study trials. I tested the study trial type by inference interaction (BC > AB x
inference correct > inference incorrect) to isolate those regions whose activation was
more predictive of subsequent inference during BC than AB study trials.
Spatial Normalization

A custom template was generated using Advanced Normalization Tools (ANTS)
(http://picsl.upenn.edu/software/ants/; Avants et al., 2011). The T2-weighted inplane (i.e.,
oblique axial) images from a subset of ten participants with canonical hippocampi were
selected for template generation. After template generation, each participant’s inplane
image was normalized to the group template image as follows. To maximize alignment of
hippocampi across participants, a bilateral hippocampal ROI was delineated by hand on

each participant’s inplane image as well as on the group template. Hippocampal ROIs
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were used as labels to guide the spatial normalization from each participant’s inplane
image to the group inplane template.
Group-Level Univariate Analysis

The contrast images representing the study trial type by inference interaction from
the participant-level GLMs were transformed to template space for group-level univariate
analyses. Specifically, the transformations calculated for each participant’s inplane image
during the previously described spatial normalization step were applied to each
participant’s statistics image. The normalized contrast images were then smoothed with a
2.5 mm FWHM Gaussian kernel and submitted to a group-level GLM. As I anticipated
more neural evidence for this specialized encoding process among participants with good
relative to poor inference ability, I was interested in those regions for which the
interaction term was significantly modulated by AC performance across participants. The
group analysis was masked with a generous hippocampus ROI that was created by
inflating the group template ROI with a 2 mm radius sphere. An uncorrected voxelwise
threshold of p < 0.025 was applied to all group statistic images. Correction for multiple
comparisons was performed using small volume correction to established the cluster size
corresponding to a cluster-corrected threshold of p < 0.05. This was carried out using
3dClustSim, part of AFNI (Cox, 1996). 3dClustSim uses a Monte Carlo simulation
approach to take into account the size and shape of the volume as well as the smoothness
of the data in determining a critical cluster size. Simulations were performed separately
for the right and left hippocampus ROIs. Cluster sizes that occurred with a probability of

less than 0.05 across 5000 simulations were considered statistically significant. This
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procedure yielded a critical cluster size of 13 voxels for both the left and right
hippocampus.
Neural Pattern Similarity Analysis

NPSA was used to examine the similarity between patterns of activation evoked
during study with those evoked during inferential test trials for each of the five
anatomical regions of interest (ROIs): anterior hippocampus, CA,, a combined dentate
gyrus/CA,; region (DG/CA,;), subiculum, and posterior hippocampus. ROIs were
manually segmented on the high-resolution T2-weighted coronal images using
established guidelines (Amaral and Insausti, 1990; Insausti et al., 1998; Pruessner et al.,
2000, 2002; Zeineh et al., 2000, 2003; Preston et al., 2010), registered to the SPGR and
downsampled to functional resolution. Anterior and posterior hippocampal ROIs were
defined as those portions of the hippocampus for which subfields could not be reliably
delineated. All voxels within a given anatomical region were included in the analysis
(i.e., no voxel selection was performed).

Activation patterns were generated at the individual participant level under the
assumptions of the GLM. Three sets of GLMs were performed for the purposes of the
neural pattern similarity analyses: one based on AC performance (performance-based
analysis), one based on response time (RT) on the AC correct triads (RT-based analysis),
and one based on event type, irrespective of performance (cross-participant analysis).

For all three NPS analyses, voxelwise parameter estimates were extracted for each
participant, condition of interest, and region, resulting in a vector of parameter estimates

(one per voxel) associated with each condition in each hippocampal subfield ROI. The
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resulting study and test patterns were then used to address my hypotheses about the
nature of the neural signatures re-engaged during the inference test. In all analyses,
Pearson correlations were computed to assess the similarity between study and inference
test patterns. Correlation coefficients were then Fisher transformed to more closely
conform to the assumptions of normality underlying standard statistical tests.
Performance-Based Analysis

The performance-based analysis was carried out to address how study-test pattern
similarity related to inference ability within each participant. I hypothesized that study-
test similarity measures would show an interaction between study trial type and inference
success, such that BC-AC similarity would be more predictive of performance within
participant than would AB-AC similarity. I also anticipated greater study-test pattern
similarity for BC than AB study trials, particularly for triads on which the AC inference
was correct. I limited this analysis to those triads for which both corresponding direct
associations (AB and BC) were correctly remembered, henceforth referred to as “direct
correct triads.” This was done to investigate the processes involved specifically in
inference, i.e., those processes that go above and beyond individual pair encoding.

Study and test trials associated with direct correct triads were split based on
inference performance (AC correct or AC incorrect). For the study-phase GLMs,
regressors were constructed representing the following conditions of interest (all limited
to direct correct triads): AB trials for which AC was later correct; AB trials for which AC
was later incorrect; BC trials for which AC was later correct; and BC trials for which AC

was later incorrect. AB and BC study trials for which one or both of the corresponding
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direct test trials were incorrect (i.e., direct incorrect triads) were modeled as events of no
interest. For the test-phase GLMs, AC trials were first limited to those for which the
corresponding direct pairs were correct and then further split based on AC performance.
This resulted in two regressors of interest: AC correct test trials and AC incorrect test
trials, both limited to direct correct triads. Direct incorrect AC test trials, AB test trials,
and BC test trials were modeled as regressors of no interest.

Voxelwise parameter estimates were extracted for each participant, ROI and
condition of interest. The following measures of neural similarity between study and test
patterns were then calculated using Pearson correlation and Fisher transformed: AB-AC
study-test similarity for AC correct triads; AB-AC study-test similarity for AC incorrect
triads; BC-AC study-test similarity for AC correct triads; BC-AC study-test similarity for
AC incorrect triads. I then performed a 2 x 2 repeated measures analysis of variance of
study-test pattern similarity with study trial type (AB, BC) and inference success (AC
correct, AC incorrect) as factors for each region. For regions demonstrating significant
interactions, follow-up comparisons were performed using paired t-tests. Pattern
similarity measures for this analysis were also compared across ROIs using a 5 x 4
repeated measures ANOVA, with region (anterior hippocampus, CA,, DG/CA,;,
subiculum, posterior hippocampus) and condition (AB-AC correct, AB-AC incorrect,
BC-AC correct, BC-AC incorrect) as factors.

RT-Based Analysis
The RT-based models were constructed to further interrogate those regions

showing a significant study trial type x inference success interaction from the
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performance-based analysis described above. I hypothesized that in regions supporting
subsequent inference, this interaction would be driven by the fast inferences. That is, I
predicted that BC-AC study-test pattern similarity would be higher than AB-AC study-
test pattern similarity for fast inference judgments, while there should be no difference
for slow inferences. Moreover, BC-AC study-test pattern similarity would be higher for
fast than for slow inference judgments, reflecting the speed advantage associated with
linking new and old memories during the study phase.

Regressors were constructed for these GLMs as previously described in the
performance-based analysis with a single exception: for each participant, study and test
trials associated with AC correct triads were further split by median response time (RT)
on the critical AC inference judgment. For the study scans, this resulted in GLMs with
the following four conditions of interest: AB study trials for which AC was later correct,
fast RT; AB study trials for which AC was later correct, slow RT; BC study trials for
which AC was later correct, fast RT; BC study trials for which AC was later correct, slow
RT (all limited to direct correct triads). AB and BC study trials associated with AC
incorrect triads were modeled as regressors of no interest, regardless of RT. GLMs for the
test phases included regressors for two conditions of interest: AC correct test trials, fast
RT; and AC correct test trials, slow RT. AC incorrect trials were modeled as a separate
regressor regardless of RT that was not considered for this analysis. Additional regressors
of no interest for study- and test-phase GLMs were identical to those described in the

performance-based GLMs above.
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After extracting patterns associated with each condition of interest and ROI for
every participant, I computed four pattern similarity values: AB-AC study-test similarity
for fast AC correct triads; AB-AC study-test similarity for slow AC correct triads; BC-
AC study-test similarity for fast AC correct triads; BC-AC study-test similarity for slow
AC correct triads. Comparisons of interest were then performed using paired t-tests.
Cross-Participant Analysis

The cross-participant GLMs were used to explore individual differences in the
relationship between study-test pattern similarity and inference ability. Events were
modeled irrespective of performance to avoid introducing bias into the across-participant
correlations. Thus, all trials were included in this analysis. AB study trials and BC study
trials were the conditions of interest for the study phase (modeled irrespective of
subsequent memory). For the test scans, AC trials served as the single regressor of
interest; AB and BC test trials were modeled as regressors of no interest.

I then compared the distributed activation patterns associated with AC test to
those evoked during AB and BC encoding. These calculations were performed separately
for each participant, resulting in AB-AC study-test and BC-AC study-test similarity
measures, computed irrespective of performance. These study-test pattern similarity
measures (Fisher’s z) were then related to AC inference performance (proportion correct)
using Pearson correlation. For those ROIs demonstrating significant relationships
between pattern similarity and performance, AB-AC and BC-AC correlations with
inference performance were compared using the Hotelling-Williams test (Hotelling,

1940; Williams, 1959).
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Study-Test Lag Calculations

In the present task, it is necessarily the case that BC study pairs were presented
closer in time to the AC test trials than were the AB study pairs. To ensure that any
observed differences between BC and AB study-test pattern similarity were not simply
due to differences in study-test temporal distance, I calculated mean lag in seconds
between study and test trials separately for each study trial type (AB, BC) and inference
performance (AC correct, AC incorrect) for each participant. As in the performance-
based pattern similarity analysis described above, I limited my comparisons to direct
correct triads. This resulted in an average lag for AB-AC correct, AB-AC incorrect, BC-
AC correct, and BC-AC incorrect trial types, which I compared using both a 2 x 2
repeated measures ANOVA with study type and inference performance as factors and
follow-up paired t-tests.
4.4. RESULTS
4.4.1. Behavioral Results

Performance on both directly learned AB and BC pairs (range: 63.8%-97.1%
correct; mean + SEM = 79.2% + 2.5% correct; t,, = 11.49, p < 0.001) and inference
associations (AC; 43.1%-93.8%; 65.2 + 3.4%, t,, = 4.48, p = 0.002) was above chance.
Memory for AB pairs was significantly higher than memory for BC pairs (AB: 63.9%-
972%; 81.6% + 2.5%; BC: 59.4%-96.9%; 76.8% + 2.7%; t,, = 442, p = 0.003). There
were large individual differences in accuracy for inference judgments, which allowed me
to determine how hippocampal activation related to inference performance across

participants.
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4.4.2. Imaging Results
Univariate Results

I conducted a univariate analysis to investigate the relationship between
hippocampal encoding activation and later inference. Importantly, links between related
memories can only be formed in the present task during the second, overlapping (i.e.,
BC) experience. Thus, I reasoned that in subfields supporting this mechanism, trial-by-
trial encoding responses should be more predictive of subsequent inference during study
of BC than AB pairs (Zeithamova and Preston, 2010). To test the hypothesis that CA,
supports this process, I interrogated the study trial type by inference interaction (i.e., BC
> AB x inference correct > inference incorrect) across the hippocampus. I was
specifically interested in those regions for which the interaction term was significantly
modulated by AC performance. Significant activation was observed exclusively in right
CA, (Fig. 12), consistent with this region’s hypothesized role in detecting novelty and
integrating current experience with prior memories. This cluster was located in the

hippocampal body.
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Anterior

Figure 12. Experiment 1: Univariate Results

Results from the univariate analysis demonstrating relationship between CA, processes during
overlapping event encoding and subsequent inference success. Right CA; was the only
hippocampal region to demonstrate a signature consistent with study-phase retrieval of prior
memories in service of later inference. This region showed greater subsequent inference effects
for BC relative to AB study trials as a function of AC performance. Inset, sagittal view showing
location of cluster along anterior-posterior extent of hippocampus. Significant activation was
restricted to the hippocampal body. Activation map has been transformed to the space of a single
participant’s T2 coronal image for visualization purposes. Cluster is significant after correction
for multiple comparisons (voxel threshold: p < 0.025, uncorrected; cluster size threshold: p <
0.05).

Neural Pattern Similarity Results

I employed a multivariate approach to directly compare neural engagement during
study and test. I predicted that the degree to which study-phase patterns are reinstated
during tests of novel inference would be related to speed or accuracy of the inference
decision. The following analyses were designed to test various aspects of this prediction.
Performance-Based Analysis

To examine how patterns of hippocampal activation evoked during AB and BC
study were later reinstated during inference judgments, I directly compared BC-AC and
AB-AC study-test pattern similarities as a function of inference success. Because BC

study trials presented a unique opportunity to retrieve existing, related memories, I
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hypothesized that the degree to which BC study patterns were reinstated during inference
would uniquely relate to performance, with greater BC-AC study-test similarity for
correct relative to incorrect inferences. I anticipated a smaller difference for AB-AC
study-test similarity measures. Moreover, I predicted that in cases of correct inference,
AC test patterns would be more similar to BC study than to AB study patterns.

Parameter estimates associated with each condition were extracted for every voxel
within the anatomically defined hippocampal subfield ROlIs, resulting in average patterns
of distributed activation for AB study, BC study, and AC inference trials, all for which
AC was either correct or incorrect (for a total of six conditions). Importantly, this analysis
was limited to only those triads for which the corresponding AB and BC pairs were both
remembered. Study-test pattern similarities were then computed for each participant as a
function of study trial type and inference performance. Within each hippocampal
subfield, I tested the following predictions: (1) that there would be a significant study
trial type x inference interaction and (2) that this interaction would be driven by greater
BC-AC than AB-AC study-test similarity when AC was correct. Because these statistical
tests were performed on all five hippocampal subfields, Bonferroni correction was
performed to yield a critical p-value of 0.01 (corrected p < 0.05).

Results consistent with memory retrieval during overlapping BC study were
found exclusively in CA,. I observed the predicted study trial type x inference interaction
in only this region (F,,, = 12.26, p = 0.002) (Fig. 13A). Moreover, consistent with the
second prediction, a follow-up paired t-test revealed that these effects were driven by

significantly greater BC-AC than AB-AC study-test pattern similarity for AC correct
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triads (t,, = 3.69, one-tailed p < 0.001). Pattern similarity also differentiated correct from
incorrect inference performance for BC (t,, = 3.33, p = 0.003) but not AB (t,, =0.25,p =
0.81) study trial types. Main effects of study trial type (F,,, = 540, p = 0.03) and
inference performance (F,,, = 443, p = 0.05) did not reach the corrected significance
threshold in this region.

No other ROI showed evidence of an integrative encoding signature (all other
study trial type x inference interactions p > 0.33; Figs. 14A-14D, top charts). However, I
did observe a main effect of inference performance that survived Bonferroni correction in
anterior hippocampus, subiculum, and posterior hippocampus (all F, ,, > 12.87,p < 0.01),
demonstrating greater study-test similarity for correct vs. incorrect trials. There were no
significant main effects of study trial type at the corrected threshold (all F,,, < 6.86, all p
>0.01).

To verify the specificity of the integrative encoding signature to CA,,I performed
a 5 x 4 repeated measures ANOVA with region and condition (AB-AC correct, AB-AC
incorrect, BC-AC correct, BC-AC incorrect) as factors. The region x condition
interaction was significant (F,,, = 4.80, p < 0.001), indicating that the relationship
between pattern similarity and subsequent inference differed significantly across

hippocampal subfields.
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Figure 13. Experiment 1: CA, Pattern Similarity Results

Results from neural pattern similarity analysis demonstrating an encoding signature specific to
overlapping events in bilateral CA,. (A) Performance-based analysis. Study-test pattern similarity
limited to triads for which both direct memory judgments (AB, BC) were correct. Trials were
split based on whether the corresponding inference (AC) judgment was later correct (dark bars) or
incorrect (light bars). AB-AC study-test pattern similarity is shown in green; BC-AC study-test
pattern similarity is shown in blue. (B) RT-based analysis. Study-test pattern similarity for direct
correct and AC inference correct triads. Trials were further split based on median reaction time
into fast (dark gray bars) and slow (light gray bars) inference judgments. Bars depicting AB-AC
study-test pattern similarity are outlined in green; bars for BC-AC pattern similarity are outlined
in blue. For both (a) and (b), asterisks (*) denote significant follow-up paired t-tests (p < 0.05);
tensor product symbol (®) denotes significant interaction (p < 0.01). Error bars denote across-
participant SEM. (C) Cross-participant analysis. Scatterplots depict continuous relationship
between study-test pattern similarity (AB-AC study-test, green; BC-AC study-test, blue) and
inference performance. Best-fit lines and statistics on plots were calculated using Pearson
correlation. Significant correlation at p < 0.005 denoted with bold type.
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Figure 14. Experiment 1: Other Hippocampal ROI Pattern Similarity Results

Neural pattern similarity results in anterior hippocampus (A), DG/CA,; (B), subiculum (C), and
posterior hippocampus (D). None of these regions showed evidence of a specialized BC encoding
mechanism. Data are presented as in Figure 13A and C. Top charts, performance based analysis.
Significant main effects of inference performance were observed in anterior hippocampus,
subiculum, and posterior hippocampus (all p < 0.01; not marked on charts). Bottom scatterplots,
cross-participant analysis depicting continuous relationship between study-test pattern similarity
and inference performance. All correlations were non-significant at the critical p threshold of
0.005. HPC, hippocampus.

RT-Based Analysis
I reasoned that test-phase reinstatement of neural patterns engaged during
encoding would be associated with facilitated inference. Here, I hypothesized that
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specifically for fast inferences, AC test patterns would more closely reflect BC than AB
study patterns in regions identified above as important for integrative encoding.
Moreover, I predicted that evidence for reinstatement of hippocampal patterns evoked
during BC study would be greater for fast compared with slow inferences. In this
analysis, study and test trials associated with correct inference judgments were median
split based on AC test RT. As in the performance-based analysis described above, all
study and test trials were limited to only those triads for which AB and BC were both
correct. Parameter estimates associated with the conditions of interest were extracted for
every voxel in CA, for each participant. I then computed study-test pattern similarity as
described previously.

Consistent with my predictions, I observed greater BC-AC than AB-AC study-test
pattern similarity for fast (t,, = 2.58, one-tailed p = 0.009) but not slow (t,, = 0.68, p =
0.50; Fig. 13B) inferences. I also found higher BC-AC study-test pattern similarity for
fast relative to slow AC correct triads (t,, = 2.13, one-tailed p = 0.02). This difference
was not observed for AB study measures (t,, = -0.67, p = 0.51). Together, these results
suggest that the observed study trial type x inference interaction was driven specifically
by the fast inferences, i.e., those likely facilitated by retrieval during learning. Notably,
this effect was found only for BC study trials, which provide a unique opportunity for
memory retrieval and integration.

Cross-Participant Analysis
I also anticipated that the degree to which hippocampal patterns evoked during

BC learning were reactivated during inference test trials would relate to individual
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differences in inference ability. Specifically, BC-AC study-test similarity should be
positively related to inference performance across participants, while there should be no
relationship between AB-AC study-test similarity and inference success. To test this
prediction, parameter estimates were extracted for each event type (AB study, BC study,
AC inference test trials). I did not limit this analysis to particular trials in the experiment
(e.g., based on subsequent memory); all study and test trials were included to avoid
introducing bias into the across-participant correlations. As I performed two correlations
in each of five hippocampal subfield ROIs, my Bonferroni-corrected critical p-value was
0.005.

I related BC-AC and AB-AC study-test pattern similarity in hippocampal
subfields to inference performance across participants using Pearson correlation. Again,
only CA, showed results consistent with test-phase reinstatement of overlapping
encoding patterns (Fig. 13C). I observed a significant positive relationship between BC-
AC study-test pattern similarity and AC performance across participants in this region (r
= 0.62, p = 0.003). In contrast, there was no relationship between AB-AC study-test
pattern similarity and AC performance (r = 0.03, p = 0.89). A follow-up direct
comparison between these two correlation values revealed that they were significantly
different from one another (Hotelling-Williams test; t,, = 3.73, p < 0.01). No significant
relationship was observed between study-test pattern similarity (BC-AC or AB-AC) and
inference performance in any other hippocampal subfield (all r < 0.43, p > 0.05) (Figs.

14A-D, bottom scatterplots).
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Study-Test Lag Results

In the current task design, AB study trials are by definition presented before BC
study trials. Therefore, the temporal lag between AB study trials and AC test trials is
necessarily longer than the lag between BC study trials and AC test trials. To address the
possibility that observed pattern similarity differences might simply reflect discrepancies
in intervening time between study and test among my conditions of interest, I performed
a control study-test lag analysis. I calculated the average lag in seconds between study
and test trials for each participant and condition included in the performance-based
analysis (not considering the lag between the study run and the test run). The results
demonstrated that pattern similarity did not track with this temporal distance measure.
Specifically, despite the large differences in pattern similarity as a function of
performance (see Figs. 13A and 14A-14D, top charts), study-test lags did not differ
between AC correct and AC incorrect trials (F,,, = 0.61, p = 0.44). In contrast, large
differences in average study-test lag for BC and AB study trial types, dictated by the task
design, did not substantially impact the similarity measures in any subfield.
4.5. DISCUSSION

Prevailing views suggest that novel inference relies on the ability to link distinct
events across time (Cohen and Eichenbaum, 1993). One process that might support this
ability is retrieval of related content during new learning. It has been speculated that
overlapping events elicit associative novelty signals (Shohamy and Wagner, 2008; van
Kesteren et al., 2012) in CA, (Wang and Morris, 2010; Duncan et al., 2012; Larkin et al.,

2014), which in turn enable new experiences to be encoded into existing memory traces.
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This data provide converging evidence from both univariate and multivariate approaches
in support of this idea. I found evidence of a specialized encoding mechanism engaged
during learning of overlapping events that supports later inference exclusively in right
CA,. Moreover, I used neural pattern similarity analysis to demonstrate that CA, study
patterns were reinstated during the inference test, particularly when inference judgments
were fast and accurate.

In the present paradigm, events that overlap with prior memories (i.e., BC pairs)
provide the unique opportunity to combine current and previous experiences. Thus, I
reasoned that associative novelty signals would be possible only during BC study trials.
Moreover, such signatures may be associated with superior inference performance on a
trial-by-trial basis. The present findings are consistent with the hypothesized role of CA,
in associative novelty detection. That is, CA, was the only region to demonstrate a
greater subsequent inference effect during encoding of new events that partially
overlapped with prior experiences (BC pairs) relative to the initially experienced events
themselves (AB pairs). I underscore that this signature was observed only in the right
hemisphere. Interestingly, this converges with a previous standard-resolution study using
this paradigm (Zeithamova and Preston, 2010), in which this unique encoding signature
related to subsequent inference was also specific to right hippocampus. Right-lateralized
hippocampal effects have also been reported in studies of prospection (Addis et al., 2007,
2011; Weiler et al., 2010a, 2010b; Martin et al., 2011), which require similar cognitive

processes —recombining prior experiences —in service of imagining future scenarios.
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Using neural pattern similarity analysis, I also showed that CA, is similarly
engaged during overlapping event encoding and successful subsequent inferences. This
relationship held across participants, with greater BC, but not AB, study-test pattern
similarity relating to superior inference performance. Moreover, this was driven by those
inference decisions that were made quickly. Interestingly, these results were also found
exclusively in CA,, consistent with hypotheses regarding this area’s special role in
comparing prior memories with current experience.

On a mechanistic level, the present neural pattern similarity analysis findings
might reflect test-phase reinstatement of memory representations evoked during BC study
trials (Zeithamova et al., 2012a). In other words, A, B, and C information is represented
in the brain during BC learning and later reactivated during inference to answer the novel
AC questions. This interpretation comes with the caveat that the present findings do not
provide evidence for reinstatement of specific items at any point in time, as all pattern
similarity measures were pooled across multiple trials. Accordingly, a more likely
interpretation of the present findings is that similarity of BC encoding patterns with AC
inference within CA, reflects processes common to BC study and AC test that do not
occur during initial AB study. Two likely candidates for such processes are retrieval (i.e.,
recalling task-relevant memories) and memory-based comparison (i.e., signaling
deviations between stored memories and current experience). Critically, if the present
results do reflect engagement of such processes, they are processes associated with
important behavioral benefits in inference speed and accuracy. Thus, regardless of

whether these findings reflect reinstatement of integrated memories or engagement of
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common cognitive processes, the present data demonstrate that CA, plays a unique and
specialized role in encoding mechanisms that support the extension of memory beyond
direct experience.

Existing research suggests that there are at least two general mechanisms that may
work in a complementary fashion to support flexible memory behaviors such as inference
(Zeithamova et al., 2012b). First, information acquired at different times may be
combined to make novel inferences during the inferential judgment itself. Under this
hypothesized mechanism, individual pattern-separated memory representations are
retrieved, manipulated and recombined to address novel questions. This intuitive
explanation has received support from a number of fMRI studies (Acuna et al., 2002a;
Heckers et al., 2004; Preston et al., 2004; Zalesak and Heckers, 2009; Zeithamova and
Preston, 2010), generally on the basis of greater activation in medial temporal and
prefrontal regions during inferential judgments requiring consideration of multiple
memories relative to memory judgments about single events. In the present paradigm,
this framework might suggest that AB memories are retrieved and separately
strengthened during BC study, thus leading to better inference.

However, recent work suggests that in some cases, effortful retrieval-based
inference can be bypassed through engagement of a different mechanism that operates
solely during encoding. In this process, alternatively known as retrieval-mediated
learning (Holland, 1981; Hall, 1996; lordanova et al., 2011; Zeithamova et al., 2012a) or
integrative encoding (Shohamy and Wagner, 2008; Zeithamova and Preston, 2010), it has

been suggested that existing memory networks are updated with new information while
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that new content is being experienced. By initially encoding new information into
existing memories, this process is thought to result in hippocampal memory traces that
bridge temporally disparate events. Importantly, integrated memories code the
relationships among elements in our environment—even those relationships we have not
experienced firsthand. Such integrated representations would thus support inferences
directly, requiring no further recombination of knowledge during the inference judgment
itself. In the present study, an integrative encoding framework would predict that retrieval
of AB information during BC study would lead to the formation of an integrated ABC
memory representation, thus enabling direct extraction of the novel AC association.

The present data are compatible with both of these accounts. However, I argue
that taken in the context of prior work, the results presented here more likely reflect
engagement of an integrative encoding mechanism. Recent evidence implicates
hippocampal encoding processes in the integration of related memories during learning
(Shohamy and Wagner, 2008; Zeithamova and Preston, 2010; Zeithamova et al., 2012a).
For example, one study demonstrated that hippocampal activation specifically during
overlapping event encoding was predictive of inference success (Zeithamova and
Preston, 2010). Moreover, another study (Shohamy and Wagner, 2008) provided
behavioral evidence consistent with the idea that memories are integrated during learning,
enabling direct extraction of inferential information at test. The authors showed that in
successful participants, inference judgments were just as fast as retrieval of directly
learned associations. These findings suggest that inferential trials required minimal extra

processing during test, presumably because the link between indirectly related items was
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already established during encoding. While these studies suggest an integrative encoding
process supported by the hippocampus, no study to date has localized this signature to a
particular hippocampal subfield. Thus, through the combined use of univariate and
multivariate analysis approaches, the present work represents the first empirical evidence
highlighting the role of CA, in memory integration and inference.

Notably, these results are not readily explained by either memory strength or
temporal context accounts. It is true that BC study trials are closer in time to AC test
trials than are AB study trials, which might influence the neural pattern similarity
analysis in a number of ways. One possible consequence of this design is that BC
memories may be stronger (i.e., easier to retrieve) because they were encoded more
recently than were AB memories. However, I found significantly better memory for AB
than BC associations, suggesting that BC memories are actually weaker by comparison.
This finding rules out a memory strength account. A second possible consequence relates
to differences in temporal context. That is, neural patterns evoked during AC test may
more closely reflect BC than AB study patterns simply because BC information was
encoded in a more similar temporal context. To this point, it is important to note that
study and test phase data were collected in separate scans, thus minimizing the effects of
low-level factors such as high within-scan temporal autocorrelation. Nevertheless, it is
conceivable that differences in trial timing could give rise to greater BC-AC than AB-AC
study-test similarity due to higher-level factors like cognitive context. To rule out this
possibility, I performed a control study-test lag analysis. I demonstrate that the present

pattern similarity results do not track with the temporal distance between study and test,
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rendering an account based purely on lag improbable. While these factors may certainly
contribute to my pattern similarity measures, they cannot fully explain my findings. Thus,
I believe that the pattern similarity data reported here reflect the true engagement of a
common neural state during BC study and AC test.

Interestingly, the memory integration signatures observed in CA, in the present
study converge with studies of rodent hippocampus. First, recent work has implicated
CA, processes in both detecting novelty in the environment as well as enabling memory
updating via increases in plasticity (Larkin et al., 2014). This finding is consistent with an
interpretation of the present results as reflecting CA-mediated integration of new content
into existing memories during study. Additional work has highlighted the importance of
CA, for nodal coding, in which shared content is represented by the same population of
neurons across distinct events (Wood et al., 2000; Singer et al., 2010; McKenzie et al.,
2013). For instance, one study demonstrated that while the firing patterns of some CA,
cells reflected individual episode representations, others fired similarly across different
types of episodes that shared content (i.e., a common spatial location) (Wood et al.,
2000). Another study showed that in environments with overlapping elements (related
locations), a subset of CA, and CA, neurons responded similarly to the related locations
both within and across environments (Singer et al., 2010). Together, these studies suggest
that hippocampal neurons in the CA fields can develop generalized firing patterns that
encode similarities across episodes. Consistent with this idea, recent work demonstrated
that some CA, neurons respond similarly to multiple spatial sequence locations learned in

a single environment, further evidence that this region may code for “nodes,” or
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commonalities across experiences (McKenzie et al., 2013). My results are consistent with
such a nodal coding scheme, in which integrated memories representing shared B
elements across AB and BC learning episodes are formed in CA, during learning.
Moreover, the data presented here build upon the existing animal literature to
demonstrate the potential behavioral significance of nodal coding—specifically, that
integrated memories may support novel judgments, allowing for rapid and appropriate
action in the absence of direct experience.

The present results suggest that area CA, plays a specialized role during the
encoding of overlapping information. Utilizing new methodologies—hr-fMRI in
combination with neural pattern similarity analysis—I provide a direct comparison of the
neural states engaged during study of overlapping events and subsequent inference test.
These methods allowed me to take advantage of distributed patterns of hippocampal
activation reflecting important content and process, thereby suggesting a mechanistic
account of the hippocampal subfield contributions to overlapping event encoding. More
broadly, these data are consistent with the notion from the animal literature that CA,
signals deviations of current events from memory-based expectations, allowing for the
construction of memory representations that code the relationships among multiple
experiences. The formation of such integrated memory representations supports flexible
judgments like novel inference, reflecting the extension of memory beyond direct
observation. Moreover, the present results reinforce the idea that encoding and retrieval

do not occur in isolation, but rather are highly interactive processes.

93



S. Experiment 2A: Memory Reactivation During Rest Supports

Upcoming Learning of Related Content?

5.1. RATIONALE

The importance of offline processes for memory has been underscored by both
empirical (Tambini et al., 2010; Jadhav et al., 2012; Deuker et al., 2013; Staresina et al.,
2013) and theoretical (Marr, 1970; McClelland et al., 1995) work. The functional
significance of early consolidation signatures for memory —such as reactivation of recent
experience—has been demonstrated during awake rest using neurophysiological
techniques in rodents (Jadhav et al., 2012) and, more recently, in humans using pattern
information analysis of fMRI data (Deuker et al., 2013; Staresina et al., 2013). For
instance, more delay period reactivation was observed for stimuli that were remembered
relative to those that were forgotten in a subsequent test (Staresina et al., 2013).
Moreover, studies have shown that the degree of hippocampal-neocortical functional
coupling during rest periods following learning relates to later memory for the learned
content (Tambini et al., 2010).

This existing body of work demonstrates that rest-phase neural signatures relate to
memory for prior experiences. Yet, one important quality of memory is that it is
inherently prospective (Buckner, 2010); that is, memories are formed for maximal utility
in future situations. While research shows that rest-phase reactivation impacts memory

for the reactivated content itself (Deuker et al., 2013; Staresina et al., 2013), how this

3 This chapter was adapted from Schlichting ML, Preston AR (2014) Memory reactivation during rest
supports upcoming learning of related content. Proc Natl Acad Sci U S A 111:15845-15850. AR Preston
supervised the project and contributed to writing the paper.
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mechanism might be prospectively advantageous remains unknown. In the present study,
I turn my attention to this question: How does spontaneous reactivation of established
memories and enhanced hippocampal-neocortical connectivity during rest affect learning
during subsequent related episodes?

A number of theories underscore the highly interactive nature of episodic
memories (van Kesteren et al., 2012; Preston and Eichenbaum, 2013). One prominent
view, interference theory, highlights that existing knowledge may impair learning of
related content. A host of studies confirm this intuition; that is, people often have worse
memory for information that is related to their existing memories relative to unrelated
information, a phenomenon termed proactive interference (Whitely, 1927; Underwood,
1949; Postman, 1962). However, this impairment is not universally observed, even in the
classic literature; on the contrary, prior knowledge can also be beneficial to new learning
under some circumstances (Bransford and Johnson, 1972). For example, one study
showed a memory advantage for new responses paired with well-learned old stimuli (i.e.,
stimuli previously learned with a different response), a phenomenon known as associative
facilitation (Underwood, 1949). Such facilitation may also extend to novel judgments that
require the simultaneous consideration of multiple memories (e.g., inferences).

While these data and others (Tse et al., 2007) suggest that strong prior knowledge
may facilitate new learning, the neural mechanisms supporting such associative
facilitation are not well understood. One possible explanation stems from integrative
encoding, which describes how new memories are created in relation to existing

knowledge (Shohamy and Wagner, 2008; Schlichting and Preston, 2015).
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Mechanistically, it has been proposed that when newly encountered content overlaps with
one’s stored memory representations, the neural patterns associated with that pre-existing
knowledge may be reactivated in the brain during new learning (Kuhl et al., 2010;
Wimmer and Shohamy, 2012; Zeithamova et al., 2012a). New episodes may then be
encoded in the context of these internally generated representations, connecting these
related memories. A recent fMRI study suggests that reactivation of existing knowledge
during encoding of new, overlapping events may strengthen pre-existing memory traces,
making the prior knowledge itself less susceptible to interference (Kuhl et al., 2010).
Reactivation during learning has also been shown to support novel judgments that span
experiences (Zeithamova et al., 2012a), consistent with the notion that this mechanism
enables the linking of related memories (Schlichting et al., 2014). However, the potential
impact of encoding-phase reactivation on the new learning itself has not been addressed.
That is, although reactivation has been shown to strengthen both established memories
and the connections among discrete experiences, it is as yet undetermined whether this
process also facilitates memory formation for the new, related events through integration.

I propose that the degree to which memory processes are engaged during offline
periods influences whether prior knowledge interferes with or facilitates new encoding.
Importantly, interference theory and integrative encoding make opposing predictions for
the impact of rest-phase processes on subsequent learning of related events. Both
perspectives might predict that memories are strengthened during offline periods; and
that stronger memories are more likely to be reactivated during learning of new, related

events. However, these perspectives diverge in their predictions for the consequences of
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that reactivation on new learning. While interference theory would suggest that rest-phase
strengthening of the initially acquired information might lead to more “competition” and
thus worse memory for new, related content (Ratcliff et al., 1990), integrative encoding
predicts the opposite. Because stronger memories are more readily reinstated, they are
also more likely to be “updated” with new information during subsequent experiences.
For this reason, more engagement of rest-phase memory processing might facilitate both
the later encoding of related events and novel judgments that span episodes. I sought to
adjudicate between these perspectives by investigating the impact of offline reactivation
and functional coupling on subsequent encoding of distinct but related experiences.

I employed an associative inference task (Preston et al., 2004; Zeithamova and
Preston, 2010; Zeithamova et al., 2012a; Schlichting et al., 2014) that mirrors classic
interference paradigms (Underwood, 1949; Postman, 1962), in which adult participants
with prior knowledge encoded new, overlapping pairs. I first trained participants on a set
of face-object (AB) associations across four study-test repetitions (Fig. 15). I then
collected fMRI data while participants engaged in passive rest and encoding of both new
overlapping (BC) object-object pairs and non-overlapping (i.e., unrelated; XY) object-
object pairs in a single exposure. Importantly, the order of BC and XY learning was
counterbalanced across participants. After scanning, participants completed a cued recall
test for studied associations (BC and XY) and a surprise test of inferential (AC)

relationships. The AC inference test required participants to recall the A,,.. item that was

face

indirectly related to the C,,., cue through their common association with B .., indexing

each individual’s ability to combine remembered associations across episodes. This
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paradigm enables investigation of the neural mechanisms that modulate how existing
memories (AB) impact future learning (BC) and inference (AC), thus improving our
fundamental understanding of the interactive nature of real-world memory.

The results of this study are reported in Schlichting and Preston, 2014.

BC study
BC study (x1) XY study (x1)

AB study (x4) AB cued recall test (x4)

u .k, l .l, l
HARP  BRAD PITT HARP 2722 HARP  BRAD PITT

3.5s stim, 0.5s ITI Self-paced 1s feedback

CANDLE  HARP

3.5s stim, 8.5s ITI 3.5s stim, 8.5s ITI

fMRI scanning

| e
Delay AB BC XY BC/XY AC
Post-encoding Cued recall
rests tests

Figure 15. Experiment 2A: Memory Task

Participants encoded 60 initial associations (AB pairs; HARP—BRAD PITT) in four alternating
study-test repetitions during the pre-training phase (blue). A stimuli were famous faces to
facilitate memory and allow for a cued recall test. After a delay of approximately 5 to 20 minutes,
participants were scanned during passive rest (yellow, left). Participants then studied new
overlapping (BC pairs; CANDLE—HARP; orange) and non-overlapping (XY pairs;
CLIPBOARD —BELL; green) associations (60 each) in a single exposure during a total of four
slow event-related scans (two each BC and XY, denoted by dark dividing lines). BC and XY
study blocks were each followed by post-encoding rest scans (yellow, middle and right); order of
BC vs. XY encoding scans was counterbalanced across participants. After scanning, memory for
BC, XY (intermixed; orange/green) was tested via cued recall, followed by a surprise AC
inference test (CANDLE—BRAD PITT; pink).

5.2. HYPOTHESES

Interference theory predicts that more reactivation of the AB memory and greater
hippocampal-neocortical connectivity during rest following AB learning should be
associated with stronger AB memories and will thus lead to impaired BC learning.

Conversely, integrative encoding predicts that the same rest-phase mechanisms should be
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associated with better BC learning. I hypothesized that following initial learning, offline
mechanisms —specifically, reactivation of prior knowledge and enhanced interregional
communication—would strengthen memories representing the reactivated (AB) content.
This process will in turn support later learning of related information (BC), as stronger
initial memories are more readily retrieved and available for integration during encoding.

Hypothesis 1: Rest-phase processes following initial learning will support
upcoming encoding of related content. Integrative encoding posits that existing memories
must be reinstated during new learning experiences to enable connections to be formed
across episodes. As stronger memories are easier to reinstate during learning, rest-phase
strengthening will facilitate subsequent encoding of related information. More evidence
for reactivation of prior knowledge and enhanced hippocampal-neocortical connectivity
during post-AB rest will be associated with superior learning of overlapping BC pairs
when controlling for performance on non-overlapping XY pairs.

Hypothesis 2: Related knowledge will be reinstated to support learning during
new experiences. AB pairs consisted of a face paired with an object; thus, face (stimulus
A) information will be reinstated during encoding of overlapping BC object-object
associations to support memory. This will be manifested as engagement of face-sensitive
areas that is predictive of subsequent memory for BC, but not XY pairs.

Hypothesis 3: Evidence for offline mechanisms following initial learning will
predict neural engagement during subsequent encoding. Across participants, more post-
AB reactivation and connectivity will be associated with greater fMRI activation during

the new learning itself.
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5.3. METHODS
5.3.1. Participants

Forty-eight right-handed volunteers (27 females; ages 20-33, mean + SEM = 24.6
+ 0.5 years) participated in the experiment. Consent was obtained in accordance with an
experimental protocol approved by the Institutional Review Board at the University of
Texas at Austin. Participants received monetary compensation for their involvement in
the study. Data from a total of 13 participants were excluded for the following reasons:
hardware malfunction (N = 5), handedness concerns (N = 1), and low memory
performance (N = 7). Low memory performance was defined as either (a) failure to
subsequently recall more than 10% of BC and XY associations studied in the scanner (N
= 6) or (b) failure to reach near-perfect performance on initial AB associations (< 80%
cued recall accuracy; N = 1). Data from the remaining 35 participants were included in all
analyses (21 females; ages 20-30, 24.1 + 0.5 years).
5.3.2. Behavioral Methods
Materials

Stimuli consisted of 60 grayscale images of famous faces (30 male and 30 female)
and 240 grayscale images of common objects organized into 60 triads (denoted ABC)
and 60 pairs (denoted XY) (Fig. 15). All images were presented with verbal labels. ABC
triads consisted of one face and two objects and were presented as overlapping AB and
BC pairs, with the B item shared between pairs. That is, AB pairs always consisted of one
famous face (A) paired with one object (B); the same object (B) was then paired with a

different object (C) to form a BC pair. Non-overlapping XY pairs consisted of two
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objects. All items were unique to their triad or pair, such that a single face or object
image was a member of only one ABC triad or one XY pair. Four randomization groups
were created to control for the organization of images into triads and pairs and viewing
order. Objects were randomly assigned to item type (B, C, X or Y), which determined
both whether it belonged to a triad or pair and during which phase(s) it served as a recall
cue (see below). An equal number of BC pairs associated with male and female faces (A)
were presented within each of two BC encoding scans; no other constraints in item
assignment or trial order were imposed. As described below, the order of BC encoding
versus XY encoding was counterbalanced across participants.
Procedures
Memory Task

Participants completed a modified version of the associative inference task (Fig.
15) (Preston et al., 2004; Zeithamova and Preston, 2010; Zeithamova et al., 2012a;
Schlichting et al., 2014). Prior to scanning, participants were trained to near-perfect
performance on all 60 AB (face-object) pairs (Fig. 15, blue). The goal of the pre-training
phase was to create established memories for the AB pairs, such that overlapping BC
information could then be encoded in relation to strong existing memories. The AB pre-
training phase consisted of 4 study-test alternations. During the study phase, participants
viewed each AB pair once (Fig. 15, blue; 3.5 s stimulus, 0.5 s ITI). A items (faces) were
always shown on the right; B items (objects) were always on the left. Participants were

encouraged to construct a visual or verbal story linking the items to aid memory but were
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not required to make any explicit response. Each study phase in the pre-training portion
of the experiment lasted 4 minutes.

Following each study phase, participants completed a self-paced cued recall test
(Fig. 15, blue). The B item (object) was presented on the left side of the screen next to an
empty box. Participants were asked to say aloud the name of the face that was paired with
it. After either a verbal response had been produced or the trial was “passed,” participants
viewed a feedback display in which the correct image appeared in place of the empty
box. Including the feedback displays, each pair was viewed a total of 8 times during the
pre-training phase.

After completing the initial AB pair pre-training, participants were transferred to
the scanner after a delay (for more details see Section 5.4.3. Delay and Encoding Order
Analyses). Importantly, at no time were participants made aware by the experimenter of
the relationship between the pre-training phase and subsequent study and test tasks. That
is, participants were not told that they would be learning overlapping associations in the
scanner or that their memory for AB associations would later be probed via the AC
inference test. Thus, while participants became aware of the overlap between the AB and
BC pairs after the fact (all 35 reported awareness of this structure in a post-experiment
questionnaire), there was no such expectation established prior to scanning. Once in the
scanner, fMRI data was collected during 6 minutes of passive rest (Fig. 15, yellow).
During this time, a white fixation cross was displayed on a black screen. Participants
were instructed to think about whatever they liked while remaining awake and alert with

their eyes open.
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Following the initial post-AB rest scan, participants were scanned during
encoding of overlapping BC (Fig. 15, orange) and non-overlapping XY pairs (Fig. 15,
green). Pairs were segregated by type into separate scans. There were a total of four slow
event-related scans (2 BC scans and 2 XY scans; 3.5 seconds stimulus, 8.5 seconds ITI).
Participants were encouraged to construct a visual or verbal story while they encoded the
new associations; no explicit responses were required. Each pair was presented just once,
requiring rapid acquisition of associative information. C and Y objects were on the left; B
and X objects were on the right. BC study scans always occurred in immediate
succession, as did XY study scans. Encoding order of BC and XY scans was
counterbalanced across participants. That is, for half of the participants, all BC pairs
(scans 1 and 2) were learned before XY pairs (scans 3 and 4); for the other half, the order
was reversed. Each study scan was 6 minutes long. Post-encoding rest scans were
acquired immediately following BC (e.g., after study scan 2) and XY (e.g., after study
scan 4) learning (Fig. 15, yellow). These scans were identical to the post-AB encoding
rest scan described previously.

After the final rest scan, participants were taken out of the scanner to complete a
cued recall test on BC and XY pairs (Fig. 15, orange/green). C and Y items, presented on
the left, served as probes. BC and XY test trials were randomly intermixed. Following
completion of the BC/XY test, the structure of the inferential (AC) associations was
explained to participants. That is, participants were told that A and C items both paired
with the same B item were indirectly related. Only two participants reported that they

anticipated this inference test, even though all participants became aware of the overlap
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between the AB and BC associations during the BC study phase. They then completed a
cued recall test on these surprise inference associations. The same items (C) served as
probes, but this time participants were asked to name the indirectly related item (A,
always a face). No feedback was provided during post-scanning BC/XY or AC inference
tests to prevent additional learning of the directly learned (BC/XY) associations.

Participants had the opportunity to practice the memory task before beginning the
experiment. The practice included only non-overlapping face-object associations using
different stimuli from the main the experiment.
Visual Localizer Task

After the memory task, participants completed a blocked design functional
localizer during fMRI scanning to obtain neural patterns associated with viewing
different types of visual stimuli. Participants viewed blocks of faces, objects, and
scrambled objects while performing a 1-back task. For each image, they pressed one of
two buttons on a keypad to indicate whether the picture was new or a repeat of the
immediately preceding picture. Responses were collected solely to ensure attention to the
task and were not considered as part of the analysis. The images used in the localizer task
were different from those used in the memory task. There were four blocks of each
stimulus type per run, plus additional interleaved blocks of passive fixation. Blocks were
18 seconds long, yielding a total run length of 5 minutes. Three localizer scans were
collected. Participants had the opportunity to practice the visual localizer task before

beginning the experiment.
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5.3.3. Imaging Methods
MR Data Acquisition

Imaging data were acquired on a 3.0T GE Signa MRI system (GE Medical
Systems). All functional data were collected in 33, 3-mm thick oblique axial slices using
an EPI sequence (TR = 2000 ms, TE = 30.5 ms, flip angle = 73; 64 x 64 matrix, 3.75 x
375 mm in-plane resolution, bottom-up interleaved acquisition, 0.6 mm gap). T2-
weighted structural images were acquired in the same prescription as the functional
images for the memory (TR = 3200 ms, TE = 68 ms, 512 x 512 matrix, 0.46 x 0.46 mm
in-plane resolution) and visual localizer (TR = 3200 ms, TE = 68 ms, 256 x 256 matrix,
0.94 x 0.94 mm in-plane resolution) tasks. A T1-weighted 3D SPGR structural volume
(256 x 256 x 172 matrix, 1 x 1 x 1.3 mm voxels) was also collected to facilitate image
coregistration and for automated parcellation using Freesurfer
(http://surfer nmr.mgh.harvard.edu/) (Desikan et al., 2006).
JMRI Preprocessing

Functional data were preprocessed using FSL version 5.0.2 (FMRIB’s Software
Library, http://www .fmrib.ox.ac.uk/fsl). The first 4 volumes of all functional scans were
discarded to allow for T1 stabilization. Motion correction was performed within each
functional scan using MCFLIRT by aligning all images in the run to the middle volume
in the timeseries. Coregistration of functional data across runs was performed by
calculating and applying the affine transformation from each run to a reference run using
FLIRT, part of FSL. The 3D SPGR structural volume was registered to the functional

reference run using the EPI registration utility (part of FLIRT) and then resampled to
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functional space. Brain extraction was performed on all structural and functional images
using BET. With the exception of the group-level general linear models (GLMs), all
analyses were done in the native functional space of each participant.

5.3.4. Data Analysis

Behavioral Data

Cued recall responses were hand scored. Responses were scored as correct if the
participant produced the correct label or, for famous faces, if they provided a unique and
accurate description of the person (e.g., by naming a film in which the actor was
featured). I used this liberal criterion for recall because I found that participants would
often recall a stimulus in great detail despite an inability to remember the specific verbal
label. This type of recall performance was true for virtually only the A, stimuli, and was
particularly common early in the initial AB pair pre-training. For example, instead of
recalling Daniel Radcliffe, the participant may state “the guy who plays Harry Potter.”
This criterion has been employed in prior studies using a similar stimulus set and
paradigm (Kuhl et al., 2011). A proportion correct was calculated for each participant,
pair type (for AB, BC, XY and AC) and repetition (for AB only).

To investigate the relationship between memory for the initial AB pairs and
performance on overlapping BC pairs and AC inferences, I also sorted triads according
when the AB pair was initially learned. I hypothesized that memory for those AB pairs
learned early in the pre-training phase (e.g., that were correctly recalled on the first and
all subsequent test blocks) may have stronger memory traces than for those learned late in

pre-training (e.g., correctly recalled only on the final test block). An integrative encoding
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perspective predicts that stronger AB memories would support BC learning and AC
inference. Thus, we would expect higher BC and AC performance when the
corresponding AB pairs were learned early relative to when they were learned late.
Interestingly, interference theory might make the opposite prediction, with better BC and
AC performance for later-learned AB pairs, as these weaker memories are less likely to
interfere.

Accordingly, I sorted BC and AC test trials according to the AB test block on
which the corresponding AB pair was correctly recalled for the first time. Due to the
small number of participants (N = 16) who had any pairs that were first recalled on the
fourth and final test block, I collapsed across pairs whose first recall occurred during
blocks 3 and 4 for this analysis (referred to hereafter as Block 1 AB pairs, Block 2 AB
pairs, and Block 3/4 AB pairs). To be considered in this analysis, the AB pairs also had to
be correctly recalled on all subsequent test blocks. That is, a Block 1 AB pair was
correctly recalled on blocks 1-4; a Block 2 AB pair was correctly recalled on blocks 2-4;
and a Block 3/4 AB pair was either correctly recalled either on blocks 3 and 4 or only on
block 4. I then assessed BC and AC performance as a function of AB acquisition time
using a repeated measures ANOVA. All but three participants who had no Block 3/4 AB
pairs were included in this analysis (N = 32).

Regions of Interest
Anatomical Region of Interest Definition
The hippocampus and MTL cortex (ERc, PRc, and PHc) were delineated by hand

on the 1 mm MNI template brain and reverse-normalized to each individual’s functional
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space using Advanced Normalization Tools (ANTS) (Avants et al., 2011). Specifically, a
non-linear transformation was calculated from the MNI template brain to each
participant’s 3D SPGR volume. This warp was then concatenated with the SPGR to
functional space transformation calculated using FLIRT. After applying the
transformation using ANTS, the anatomical MTL ROIs were aligned to each participant’s
functional data.
Functional Region of Interest Definition

Functional data from the localizer task were used to define face-sensitive voxels
within the fusiform gyrus (i.e., fusiform face area, FFA). Analysis of fMRI data from the
localizer task was carried out using FEAT (fMRI Expert Analysis Tool) version 6.00,
part of FSL. The following pre-statistics processing was applied: grand-mean intensity
normalization of the entire 4D dataset by a single multiplicative factor; high-pass
temporal filtering (Gaussian-weighted least-squares straight line fitting, with sigma = 64
s); and spatial smoothing (5 mm FWHM). FILM prewhitening was used. Stimulus
presentation blocks were modeled as events of 18 s duration, with one regressor for each
stimulus type (face, object, scrambled object, passive fixation). Stimulus regressors were
convolved with the canonical (double-gamma) HRF. Motion parameters calculated
during the motion correction step and their temporal derivatives were added as additional
confound regressors. Two measures of framewise data quality were also calculated to
identify volumes that may be adversely impacted by motion artifacts: framewise
displacement (FD) and DVARS (Power et al., 2012). FD measures the overall change in

head position from one time point to the next, and is calculated by summing the absolute
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values of the derivatives of the six motion parameters calculated during the realignment
step. DVARS measures the overall change in image intensity from one time point to the
next. This index is calculated as the root mean square of the derivatives of the
timecourses across all voxels in the brain. Both FD and DVARS were added to the model
as regressors of no interest (Schonberg et al., 2014). Additional regressors were created
for each time point in which motion exceeded a threshold of both 0.5 mm for FD and
0.5% change in BOLD signal for DVARS (plus one time point before and two time
points after) (Power et al., 2012). Temporal filtering was then applied to the model.

After modeling functional data within each run, the resulting statistical images
were combined across localizer runs for each participant using fixed effects. As data were
already coregistered across runs, no additional registration or spatial normalization was
necessary. Face-selective regions were defined for each participant as those voxels
responding more to faces than objects and scrambled objects. The procedure for FFA
definition was as follows: I created 14 mm spheres centered at each participant’s peak
voxel (i.e., the maximum z-statistic from the face > objects + scrambled objects contrast
image) located within the posterior half of their Freesurfer-defined fusiform gyrus. This
sphere was then masked with fusiform gyrus to restrict FFA to gray matter voxels. This
method was used to ensure FFAs of approximately the same size across participants. This
procedure was carried out separately for the left and right hemispheres; lateralized ROIs
were then summed to create a bilateral FFA (ROI size range: 205-336 voxels, mean +
SEM = 288.7 £ 5.7 voxels). As ROI definition took place in the native functional space

of each participant, no realignment or resampling was necessary.
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Post-AB Pattern Classification Analysis

MVPA was carried out using sparse multinomial logistic regression (SMLR) with
a penalty term of 10 implemented in PYMVPA (Hanke et al., 2009). The bilateral FFA
mask described above was used for the main pattern classification analysis. In a follow
up analysis, I also interrogated reactivation within the posterior half of the fusiform gyrus
defined on each participant (as above). By looking at this larger activation pattern, I was
able to increase my statistical power. For each participant, a classifier was trained to
differentiate patterns of activation associated with face, object, scrambled object, and
passive fixation blocks using data from the visual localizer task. Following training, the
classifier trained on localizer data from FFA was able to predict the visual content
associated with new, unlabeled activation patterns from the same participant’s brain with
high accuracy (range: 70.4%-96.1%, mean + SEM: 84.4% =+ 1.1% correct). Similar
results were found for the posterior fusiform gyrus ROI (74.8%-95.6%, 87.4% + 0.7%
correct).

The goal of the MVPA approach in the present study was to detect reactivation of
previously encoded content (i.e., face information) during offline rest periods. To test the
hypothesis that face information would be reactivated following the AB pair pre-training
phase, I applied the trained classifier to each volume of the post-AB rest scan, while the
participant was viewing a fixation cross. The classifier estimates were extracted for each
volume, yielding reactivation timecourses specific to each stimulus category for each

participant.
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A sliding window analysis was used to determine how the relationship between
reactivation and BC memory performance changed across the duration of the post-AB
rest scan. For each 60-TR window in the rest scan, a reactivation index was calculated for
each participant as the average face evidence across the window. While I focus primarily
on face evidence (Figs. 17 and 18, top left), this measure was also calculated for the
remaining stimulus categories, for which I did not see any relationship to behavior (see
Fig. 18, top right). This index was then related to BC performance across participants
using partial correlation (controlling for XY performance; see below for further
justification as to why partial correlation was used for the primary analyses). This
resulted in a partial correlation value (r) that was Fisher transformed (z) and assigned to
the middle TR of the window. I defined 95% confidence intervals on the partial
correlation statistic for each window using a bootstrapping procedure as follows: for each
of 1,000 iterations, a group of 35 participants was drawn randomly with replacement
from my sample. I then repeated the pattern classification analysis with this simulated
group of participants, yielding a partial correlation statistic (Fisher’s z) for each analysis.
After repeating this procedure 1,000 times, partial correlation statistics were sorted and
confidence intervals were drawn at the 25" (the upper 2.5%) and 975" (lower 97.5%) z
values. The window was then shifted by one TR and the entire procedure was repeated.
This analysis was also performed separately for individual relationships with BC and XY
performance using Pearson’s correlation (Fig. 18, bottom row). As the relationship

between reactivation and performance was unique to the beginning of the scan, the results
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reported below focus on how reactivation relates to behavior during the first 60-TR
window (Fig. 17).

I used partial correlation to index the degree to which prior memories facilitate
versus interfere with the acquisition of new, related knowledge. Because general
associative memory ability (i.e., XY performance) was highly related to both BC memory
and AC inference across participants, I needed to statistically control for these differences
to answer my central question—how prior knowledge specifically impacts overlapping
encoding, relative to one’s general associative encoding ability. Mathematically, this is
accomplished by performing a correlation on the residuals after regressing both
reactivation and BC or AC performance on the controlling variable, XY performance.
This analysis approach mirrors other studies that control for various factors such as age
(Feldman et al., 2012; Suzuki et al., 2013), sex (Suzuki et al., 2013), general cognitive
ability (Chiu et al., 2006; Zeithamova et al., 2012a), or neural measures (Supekar et al.,
2010; Barron et al., 2013).

Individual relationships with BC, AC, and XY performance were also assessed in
the first 60-TR window using Pearson’s correlation. I also compared the separate
relationships of reactivation with BC and AC with that of XY using the Hotelling-
Williams procedure (Hotelling, 1940; Williams, 1959), a statistical test that accounts for
shared variance among related measures.

I also performed several control analyses that leveraged the post-XY encoding
rest period to investigate the specificity of this reactivation-performance relationship to

the post-AB rest. These analyses were performed to assess the hypothesis that the
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observed measures relate specifically to memory integration; and are modulated by
experience (i.e., they are not stable within an individual over time). For these analyses, I
treated the post-XY rest as a baseline period. I believe this serves as an appropriate
control in the present study for two reasons. First, of the three rest scans acquired in the
present study (post-AB, post-BC and post-XY encoding), the post-XY encoding rest is
the most removed from the demands of overlapping encoding (e.g., memory integration
or interference resolution). For this reason, it is likely that this period would reflect the
most recent experience: encoding of object-object (XY) associations that did not overlap

with the critical A, information. Second, while post-XY encoding rest may not reflect

face
“true” baseline activity in the traditional sense, it is a stringent and appropriate control for
studying the phenomenon of interest. That is, as I expect post-XY encoding rest to reflect
persistence of signatures associated with simple associative encoding, any additional
effects observed during post-AB encoding rest are all the more likely to relate specifically
to overlapping encoding. Importantly, as the present neural measures are defined
specifically to index processing of face-related memories, I would not expect the degree
of FFA reactivation during the post-XY period to relate to XY performance.
Post-AB Functional Connectivity Analysis

Functional connectivity was examined using two approaches: first, a timeseries

correlation within anatomically and functionally-defined ROIs; and second, a voxelwise

regression approach using FFA as a seed region.
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Timeseries Correlation Analysis

For each participant, functional data from the post-AB rest scan were high-pass
filtered with a cutoff of 0.009 Hz, which has been employed in previous studies
examining rest-phase connectivity (Fox et al., 2005; Tambini et al., 2010). For each FFA
and MTL ROI, the first eigenvariate of the signal across all voxels in the mask was
extracted across the full 6 minutes (180 TRs) of the post-AB rest period. For each
participant, the FFA timeseries was then correlated with the timeseries from each MTL
ROI. This procedure resulted in four correlation values (r) per participant (FFA-
hippocampus, FFA-ERc, FFA-PRc, FFA-PHc), representing the degree of functional
connectivity between FFA and each of the MTL ROIs during the post-AB rest period.
For each pair of ROIs, connectivity was related to BC and AC performance across
participants using partial correlation (controlling for XY performance). Individual
relationships with BC, AC, and XY performance were also assessed using Pearson’s
correlation.

I also repeated this analysis after regressing out potential sources of noise from
the resting state data. Specifically, I extracted the first eigenvariate of the signal across
the duration of the rest scan in anatomically defined white matter and lateral ventricle
ROIs. The signal from these two ROIs and their temporal derivatives were used to
construct a GLM along with: motion parameters, FD, DVARS, and their temporal
derivatives; and timepoints with excessive motion (as described above). The high-pass
filtered data from the previously described step was then regressed on these noise

sources, and the first eigenvariate was extracted from the resulting data (i.e., the residual
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timeseries). As in the above-described analysis, each participant’s FFA timeseries was
then correlated with their MTL timeseries, resulting in four indices representing
functional connectivity between FFA and the four MTL regions. These measures were
then related to performance using partial correlation and Pearson’s correlation.
Seed-Based Analysis

This analysis interrogated activation within MTL (inclusive of hippocampus,
ERc, PRc and PHc) for voxels that showed rest-phase connectivity with FFA that related
to subsequent performance. I performed this analysis to account for the potential
heterogeneity in response profiles within the MTL, thereby complementing the above
ROI approach above. Each participant’s high-pass filtered functional data were spatially
smoothed (5 mm FWHM). The FFA timeseries and its first temporal derivative were
entered into a GLM, along with motion-related confound regressors (motion parameters,
FD, DVARS, and their temporal derivatives; and timepoints with excessive motion). The
resulting parameter estimate image for each participant reflected the degree to which
activation in each MTL voxel tracked with FFA activation across the post-AB rest scan. I
then warped these images to the 1 mm MNI template using ANTS (Avants et al., 2011)
and combined them across participants using a group-level GLM as follows.

I constructed the group-level model with both BC and XY performance as
covariates. I was specifically interested in those MTL voxels whose connectivity with
FFA was modulated by individual differences in BC performance (after covarying out
XY performance), as well as those voxels that tracked more with BC than XY

performance (BC > XY contrast). Voxelwise statistics were calculated within MTL using
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permutation tests implemented in FSL. I first applied an uncorrected voxelwise threshold
of p < 0.025 to the group statistics images. I then corrected for multiple comparisons
within the MTL using a small volume correction procedure to determine the cluster size
corresponding to a cluster-corrected threshold of p < 0.05. This calculation was carried
out using 3dClustSim, part of AFNI (Cox, 1996). 3dClustSim performs Monte Carlo
simulations that take into account the size and shape of the ROI as well as the smoothness
of the data in determining a critical cluster size. Cluster sizes that occurred with a
probability of less than 0.05 across 2000 simulations were considered statistically
significant. This procedure yielded a critical cluster size of 326 (1 mm’) voxels for the
MTL ROI (see Figs. 20B and 21A).
Multiple Regression Analysis

Multiple linear regression analyses were performed to further assess the degree to
which reactivation and connectivity indices were independently related to performance.
Two regression models were run: one with BC performance as the dependent variable,
and one with AC performance as the dependent variable. Reactivation, connectivity, and
XY performance measures for each participant were entered into the regression as
predictors. Participants were treated as a random effect.
Univariate Analysis

Analysis of fMRI data from the memory task was carried out using FEAT (fMRI
Expert Analysis Tool) version 6.00, part of FSL. As with the localizer data, the following
pre-statistics processing was applied: grand-mean intensity normalization of the entire 4D

dataset by a single multiplicative factor; high-pass temporal filtering (Gaussian-weighted
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least-squares straight line fitting, with sigma = 64 s); and spatial smoothing (5 mm
FWHM). FILM prewhitening was used. Encoding trials were sorted based on subsequent
memory in the cued recall test to create four conditions: BC encoding trials that were
later correct, BC encoding trials that were later incorrect, XY encoding trials that were
later correct, and XY encoding trials that were later incorrect. Stimulus presentations
were modeled as events with 3.5 s durations, with one regressor for each of the four
conditions. The model was convolved with the canonical (double-gamma) HRF. Motion
parameters calculated during the motion correction step and their temporal derivatives
were added as additional regressors of no interest. As described above, FD, DVARS, and
individual regressors for time points exceeding FD and DVARS thresholds were added to
the model to additionally account for motion effects (Power et al., 2012; Schonberg et al.,
2014). Temporal filtering was applied to the model.

After modeling functional data within each run, the resulting statistics images
were warped to the 1 mm MNI template brain using ANTS (Avants et al., 2011). The
warped images were combined across encoding runs for each participant using fixed
effects, and then across the group using mixed effects. Correction for multiple
comparisons were carried out on group-level voxel-wise statistical images according to
cluster-based Gaussian random field theory (Worsley et al., 2002), with a cluster-forming
threshold of z > 2.3 and a whole-brain corrected cluster significance level of p < 0.05.

In addition to a group mean model, two models with covariates were created to
investigate how individual differences in rest-phase reactivation and functional

connectivity relate to subsequent neural activation during learning of BC and XY pairs.
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For each of these two models, a second regressor was created containing FFA
reactivation and FFA-hippocampal connectivity indices, respectively, for every
participant. I then examined regions whose activity was modulated by these covariates.
Correction for multiple comparisons was performed as described previously.
Delay and Encoding Order Analyses

Participants experienced a variable delay between AB pre-training and the post-
AB encoding rest scan (median delay length = 22 minutes, S.EM. = 1.76, range = 15-
58). Moreover, as encoding order was counterbalanced across participants, there was also
a difference in time between the initial learning of the AB pairs and subsequent encoding
over the overlapping BC pairs. To rule out these potential confounds, I performed two
analyses. First, I assessed the continuous relationship between delay duration and FFA
reactivation; and delay duration and FFA-hippocampal connectivity measures using
Pearson’s correlation. I also performed one-way analyses of covariance (ANCOVA) to
interrogate whether the observed relationships between neural measures and performance
differed significantly as a function of encoding order. The neural measure (FFA
reactivation or FFA-hippocampal connectivity) served as the predictor variable; the
behavioral measure served as the response. Encoding order was the grouping variable.
5.4.RESULTS
5.4.1. Behavioral Results

As intended, AB pairs were well learned by the fourth test block (mean + SEM:
97.3% + 0.9% correct recall; Fig. 16A). I defined proactive interference as performance

on overlapping BC relative to non-overlapping XY pairs (i.e., XY-BC accuracy), with
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higher values indicating more interference of AB pair knowledge on new BC encoding.
Importantly, BC (11.7%-86.7%, 41.5% + 3.3% correct) and XY (10%-78.3%, 42.4% +
3.4% correct) were matched in terms of both content type and number of presentations,

allowing me to directly compare performance in these two conditions.
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Figure 16. Experiment 2A: Behavioral Results

(A) AB memory performance as proportion correct on each test block. Line represents the group
mean; points show individual participants. (B) Performance for non-overlapping XY pairs
(green), overlapping BC pairs (orange), and AC inferences (pink). Bar heights represent group
means; points show individual participants. (C) Histogram depicting distribution of behavioral
interference in my sample (displayed as the difference between XY and BC performance).
Positive values indicate better XY than BC performance, evidencing interference of prior AB
knowledge on new encoding; negative values indicate better BC than XY performance, indicating
AB knowledge-related facilitation. (D) BC performance (orange; left) and AC performance (pink;
right) as a function of AB memory strength. AB pairs were sorted according to whether they were
correctly recalled initially on the first, second or third/fourth pre-training test block (x-axis). BC
and AC performance was then computed separately for these groups of triads (y-axis). There was
a significant linear effect of block of first AB recall on both BC and AC performance; participants
demonstrated better memory for those AB pairs learned earlier in the pre-training phase,
suggesting that strong AB memories facilitate new learning. Significant linear effects denoted by
asterisks.
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Interestingly, I observed neither proactive interference nor facilitation across the
group (XY vs. BC performance: ty, = 0.40, p = 0.693; Fig. 16B); rather, I found that the
degree of proactive interference was highly variable across individuals (mean of XY-BC
performance = 0.9%; S.EM. = 2.2%; range = -26.7%-26.7%; Fig. 16C). Approximately
half of the participants showed interference (N = 16 had numerically better XY than BC
memory), while half showed facilitation (N = 15 had numerically better BC than XY
memory). The remaining four participants had equal memory for BC and XY pairs. This
variability enabled me to investigate how rest-phase processes following initial AB
learning modulate encoding of overlapping BC relative to control XY pairs.

I also found that performance on AC inferences (6.7%-83.3%; 41% + 3.5%

correct) —which notably, required retrieval of the initially learned A, item—paralleled

face
BC memory, further demonstrating the strong nature of the AB memories at the end of
the experiment. Both across participants (r;; = 0.98) and on a triad-by-triad basis within
participant, performance on BC pairs and AC inferences was highly correlated.
Importantly, C items served as cues for both BC and AC test trials. Thus, using the
example from Fig. 15, the participant was first presented with CANDLE and asked to
produce HARP as a test of BC memory. When the participant was again presented with
CANDLE during the AC inference test, they should recall BRAD PITT. Because of this
structure, AC inference can serve as an approximation of AB performance at the end of
the memory task. I computed AC performance for only those triads for which the

corresponding BC pair was recalled. Participants correctly recalled the vast majority of

AC inferences when BC was correct (mean accuracy = 88.6%; median = 91.7%; S.E.M.
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= 2.1%; range = 57.1%-100%). This corresponded to on average just over two incorrect
AC inferences when the overlapping BC was recalled (mean number of incorrect AC
trials = 2.1; median = 2; S.E.M. = 0.3; range = 0-8). These high levels of performance
suggest that AB pairs were not forgotten over the course of the experiment.

I also investigated how the strength of the initially acquired AB pairs impacted
later BC learning and AC inference. I found that both within and across individuals,
superior AB memory was associated with better performance on overlapping BC pairs
and AC inference judgments. I found a significant linear effect of AB memory strength
on BC performance (F,; = 5.19, p = 0.030; Fig. 16D, left chart). This suggests that,
consistent with an integrative encoding perspective, stronger initial memories are
associated with superior encoding of overlapping content. Performing the same analysis
for AC performance revealed a similar relationship (F,;, = 3.99, p = 0.055; Fig. 16D,
right chart), further suggesting that strong prior knowledge facilitates memory integration
for subsequent flexible use.

5.4.2. Imaging Results

Due to the volume of complementary and control analyses performed, the reader
should note that only especially pertinent findings are mentioned in the main results text.
Full details are provided in subsections entitled Control Analyses within each set of
results.

Post-AB Pattern Classification Results
I examined the impact of neural engagement during the post-AB rest period on

encoding of related BC information and AC inferences. Here, I focus on reactivation of
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face information in face-sensitive regions of visual cortex (e.g., fusiform face area, FFA).
To measure spontaneous reactivation during the rest period, I trained a pattern classifier
to distinguish between different types of visual content on the basis of activation patterns
in each participant’s functionally defined FFA. Importantly, the classifier was trained on
independent visual localizer data. The trained classifier was then applied to each volume

of the post-AB rest period (Fig. 17, top).
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Figure 17. Experiment 2A: Post-AB MVPA Results

Reactivation following initial learning predicts subsequent encoding of related content. Top,
depiction of rest-phase pattern classification analysis. A pattern classifier was trained to
discriminate FFA (purple) activation patterns associated with faces, objects, scrambled objects,
and fixation baseline (not depicted). The trained classifier was then applied to each time point of
the rest data (grayscale matrices). Bottom, relationship between FFA reactivation and BC (left)
and AC (right) performance, plotted as residuals after regressing each on XY performance.

I first examined the relationship between reactivation and performance over time

using a 60-volume (2-minute) window swept across the rest scan. For each window, I
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calculated a reactivation index (defined as the mean classifier evidence for faces) for each
participant. I then related this reactivation index to BC learning and AC inference using
two approaches. As my primary approach, I quantified the degree of facilitation for BC
encoding and AC inference by performing across-participant partial correlations.
Specifically, I interrogated the relationships between (a) reactivation and BC memory
performance and (b) reactivation and AC inference performance, after statistically
controlling for the effects of XY performance (our metric of general associative memory
ability). This analysis was performed to index the unique relationship between memory
reactivation and later encoding of related information. As a secondary approach, I also
investigated the individual relationships between reactivation and performance on related
BC pairs, AC inferences, and unrelated XY pairs using Pearson’s correlation. However, I
note that due to the high correlation between XY pair memory and performance on both
BC pairs (r;; = 0.80, p < 1 x 10®) and AC inferences (r;; = 0.81, p < 1 x 10®), these
relationships are heavily influenced by general associative memory and thus do not
specifically reflect the impact of prior knowledge on subsequent encoding of related
information.

I found a significant relationship between face reactivation and BC performance
controlling for XY that was unique to the beginning of the rest period (partial correlation
during first 2-minute window; r;, = 0.44, p = 0.010; Fig. 17, bottom left; Fig. 18, top left)
and that was not observed for other classes of visual content (Fig. 18, top right).
Reactivation during the first 2-minute window also tracked AC performance after

controlling for XY memory (r;, = 040, p = 0.019; Fig. 17, bottom right). That is,
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participants who showed more face reactivation following initial AB learning also
showed superior memory for related BC associations and AC inferences after controlling
for general associative memory ability. This finding can also be conceptualized as a
negative association between face reactivation and proactive interference, i.e., less
reactivation was observed for participants who showed more proactive interference.
Importantly, neither the degree of reactivation nor its relationship to performance was
significantly impacted by differences in lag duration or encoding order across participants
(see Delay and Encoding Order Results).

Moreover, the relationship between reactivation and performance was specific to
the post-AB rest scan. Reactivation during the post-XY rest period did not relate to XY
performance; or to BC or AC performance after controlling for general associative
memory.

Next, to further validate these findings, I repeated the same analysis using an
expanded region of interest (ROI) encompassing the entire posterior fusiform gyrus. I
found significant relationships between reactivation in posterior fusiform and BC
performance (ry, = 0.38, p = 0.028) as well as AC inference (r;, = 0.37, p = 0.032) when
controlling for general associative memory. Moreover, I observed significant individual
correlations of BC performance and AC inference with reactivation that were not
observed in the smaller FFA ROI (Fig. 19). Importantly, reactivation during the post-AB

scan was not related to XY performance for either ROI (Fig. 19).
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Figure 18. Experiment 2A: Post-AB MVPA Sliding Window Results

Relationship between FFA reactivation and memory over time. Top row, relationship between
FFA reactivation and BC performance controlling for XY performance over time. For each 60-
TR window, I calculated the partial correlation between mean classifier evidence for all four
stimulus categories (face, left; object, scrambled object, fixation baseline, right) in FFA and BC
performance, controlling for XY performance. Partial correlation values (r) were Fisher
transformed (z) and assigned to the middle TR of the window. Data are plotted as partial
correlation values (y-axis) over time (middle TR; x-axis). Face evidence (left; green) was
significantly related to BC performance (controlling for XY performance) at the beginning of the
rest scan; this relationship decreased over time. Right panel, relationship between classifier
evidence for remaining stimulus categories (right; object, red; scrambled object, purple; fixation
baseline, cyan) and performance. There was no significant relationship between evidence for any
of these stimulus types and BC performance controlling for XY across the duration of the rest
scan. Bottom row, individual relationships between FFA reactivation and BC and XY
performance over time. I calculated separate Pearson’s correlations between mean classifier
evidence for faces in FFA and BC performance (left) and XY performance (right) for each
window. As above, correlation values (r) were Fisher transformed an assigned to the middle TR.
Data are plotted as correlation values (y-axis) over time (middle TR; x-axis). The significant
partial correlation (top left, early in scan) was driven by a positive relationship with BC
performance early in the scan and no relationship to XY performance. For all plots, shaded region
represents 95% bootstrapped confidence intervals.
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Figure 19. Experiment 2A: Reactivation First Order Correlations with Performance

Individual relationships between reactivation and performance for FFA (A) and posterior
fusiform gyrus (B) ROIs. (A) Relationships between FFA reactivation (x-axes) and BC (left;
orange), AC (middle; pink), and XY (right; green) performance (y-axes). BC and AC
performance were positively (though nonsignificantly) associated with reactivation; XY was
negatively (though nonsignificantly) associated with reactivation. (B) Relationships between
posterior fusiform reactivation and performance. Data are displayed as in (A). Both BC and AC
performance showed significantly positive relationships with reactivation, such that greater
reactivation was associated with superior performance. There was also a numerically positive but
nonsignificant relationship with XY. For both (A) and (B), results were similar after subtracting
baseline reactivation levels derived from the post-XY encoding rest period (not depicted). All
statistics reflect Pearson’s correlations.

I also performed a control analysis to determine whether these findings could be
attributed to individual differences in baseline levels of face reactivation. Because the
post-XY encoding rest scan was the most removed from face-related encoding, I
reasoned that this scan should be the least likely to contain face-related neural signatures

that would support memory. Thus, I subtracted each participant’s post-XY encoding
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reactivation index from their post-AB reactivation index (Tambini et al., 2010). The
resulting difference scores reflecting the degree to which post-AB reactivation deviated
from baseline (as indexed by the post-XY scan) were related to performance as described
above. For both FFA and posterior fusiform gyrus, I observed significant relationships
between post-AB reactivation with BC and AC performance controlling for general
associative memory using partial correlation. Moreover, in the posterior fusiform gyrus
ROI, individual relationships between reactivation and performance were significant for
BC and AC, but not XY.
Control Analyses

The partial correlation between reactivation and memory facilitation during the
post-AB rest was driven by a numerically positive relationship between reactivation and
BC performance (r;; = 0.20, p = 0.239); and a numerically negative relationship between
reactivation and XY performance (r;; = -0.07, p = 0.681; Figs. 18, bottom row and 19).
While neither relationship was statistically significant on its own, they were significantly
different from one another (Hotelling-Williams test; t;, = 2.74, p = 0.010). Tracking BC
performance, the relationship between reactivation and AC performance was also
positive, though it too did not reach statistical significance (r;; = 0.18, p = 0.310; Fig. 19).
The relationship between reactivation and AC performance also differed significantly
from XY (Hotelling-Williams test; t;, = 2.50, p = 0.018). Importantly, I present these data
with the caveat that the individual relationships are difficult to interpret, as they include

effects attributable to general associative memory ability.
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Using the entire posterior fusiform gyrus ROI, the partial correlations between
reactivation and BC performance (r;, = 0.38, p = 0.028) and reactivation and AC
performance (r;, = 0.37, p = 0.032) remained statistically significant. Moreover, the
individual relationships (Fig. 19) between reactivation and BC performance (r;; = 0.37, p
= 0.028) and reactivation and AC performance (r5; = 0.36, p = 0.032) were significant in
this larger ROI, while the relationship with XY performance remained nonsignificant (rs;
=0.19, p = 0.282). The difference in the reactivation-performance relationships for both
BC and XY (Hotelling-Williams test; t;, = 1.81, p = 0.079) and AC and XY (Hotelling-
Williams test; ty, = 1.78, p = 0.085) trended toward significance in this expanded region.

I also interrogated the relationship between FFA reactivation during post-XY
encoding rest measures and memory performance. One alternative account of the present
findings is that the observed neural measures simply reflect general associative memory
ability and are unrelated to memory integration in particular. To assess this possibility, I
related FFA reactivation during the post-XY period to general associative memory
performance (XY) across participants. I found that face reactivation in FFA following
XY encoding was not related to general associative memory (XY) performance (r;; =
0.11, p = 0.52), rendering an account based purely on general associative memory
signatures improbable. A second alternative account is that stable individual differences
in reactivation are associated with superior memory integration. If this were indeed the
case, one would expect that reactivation measures from an unrelated rest period (e.g.,
post-XY encoding rest) should predict BC performance after controlling for XY. This

was not the case in these data; I observed no relationship between post-XY reactivation
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and BC (r;, = -0.06, p = 0.747) or AC (r;, = -0.09, p = 0.587) performance after
controlling for XY performance using partial correlation. Thus, these control analyses are
consistent with the notion that enhanced reactivation during rest confer a specific
behavioral advantage on subsequent learning of related content.

I also subtracted post-XY reactivation from post-AB reactivation for each
participant (Tambini et al., 2010); these difference scores were then related to
performance as described previously. The goal of this approach was to account for
differences in baseline connectivity across participants. This analysis replicated my prior
findings for both FFA and anatomically defined posterior fusiform gyrus ROIs.
Specifically, reactivation in FFA was related to BC memory (r;, = 0.33, p = 0.054) and
inference (r;, = 0.34, p = 0.050) after controlling for general associative memory
performance. Moreover, the correlations between reactivation and BC (Hotelling-
Williams test; t;, = 2.14, p = 0.040) and AC (Hotelling-Williams test; t;, = 2.18, p =
0.037) performance each differed significantly from the relationship between reactivation
and XY performance. In posterior fusiform gyrus, reactivation also maintained its
significant relationships with BC memory (r;, = 0.39, p = 0.023) and inference (r;, = 0.42,
p = 0.013) after controlling for XY performance. In addition, the individual relationships
between reactivation and BC performance (r;; = 0.39, p = 0.022) and AC inference (ry; =
0.40, p = 0.017)—but not XY performance (r5; = 0.20, p = 0.259) —were significant. The
difference between BC and XY correlations with reactivation approached significance
(Hotelling-Williams test; ty, = 1.87, p = 0.071); its relationship with AC was significantly

different from XY (Hotelling-Williams test; t;, =2.13, p =0.041).
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Post-AB Functional Connectivity Results

Next, I sought to determine how FFA connectivity with medial temporal lobe
(MTL) regions predicted subsequent learning of object-object pairs. I employed two
approaches: first, a timeseries correlation approach within anatomically and functionally
defined ROIs; and second, a voxelwise regression approach using FFA as a seed region.
Both analyses were performed with consideration of the entire rest scan, as prior reports
have shown the importance of sufficiently long timeseries for extracting stable measures
of functional connectivity (Van Dijk et al., 2010).
Timeseries Correlation Approach

ROIs included functionally defined FFA and anatomically defined hippocampus,
perirhinal, entorhinal and parahippocampal cortices (all bilateral). I extracted the first
eigenvariate across all voxels in each ROI from the high-pass filtered post-AB rest data. I
then correlated the FFA timeseries with the timeseries from each of the four MTL ROIs
(Fig. 20A, top). As in the rest-phase reactivation analysis, functional coupling during
post-AB rest was related to BC performance after controlling for XY performance (r;, =
0.37, p = 0.033; Fig. 20A, bottom left). A similar relationship was observed with AC
performance (r;, = 0.34, p = 0.049; Fig. 20A, bottom right). That is, participants showing
enhanced FFA-hippocampal functional coupling following AB encoding also showed an
advantage specific to learning of the overlapping BC associations and inferring the AC
relationships. Connectivity between FFA and all other MTL regions showed no
significant relationship to BC or AC performance after controlling for XY (all Ir,| < 0.18,

p > 0.312). Moreover, neither the degree of connectivity itself nor its relationship to
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performance was modulated by lag duration or encoding order (see Delay and Encoding

Order Results).
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Figure 20. Experiment 2A: Functional Connectivity Results

FFA-hippocampal connectivity following initial learning predicts subsequent encoding of related
content. (A) Top, depiction of timeseries correlation analysis. For each participant, FFA (purple)
and hippocampal (red) timecourses from the post-AB rest scan were correlated to quantify the
degree to which FFA and hippocampus exhibit similar activations over time (top right). Bottom,
relationship between FFA-hippocampal connectivity and BC (left) and AC (right) performance,
controlling for XY performance. Data are displayed as in Fig. 17. (B) Hippocampus showed
connectivity with FFA during rest that was significantly more predictive of BC than XY
performance (displayed on the 1 mm MNI template brain). Color bar indicates uncorrected
voxelwise p-value. Coordinates are in mm. HPC, hippocampus.

Importantly, the relationship between connectivity and performance was also
specific to the post-AB rest; there was no correlation between FFA-hippocampal
connectivity during the post-XY rest period and XY performance; or with BC or AC

performance controlling for XY performance. When various nuisance sources (signal
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from white matter and ventricular ROIs and motion-related regressors) were regressed
out from the post-AB rest data, the pattern of results was similar but slightly weaker
(partial correlations with BC: r;, = 0.30, p = 0.088 and AC: ry, = 0.30, p = 0.089
controlling for XY).

As with the reactivation results, I performed a control analysis to account for
individual differences in baseline connectivity by subtracting the degree of post-XY
FFA-hippocampal connectivity from each participant’s post-AB connectivity measure of
interest. I found that my results held, with significant correlations between connectivity
and BC learning (as measured by both individual and partial correlations), as well as AC
inference. There was no relationship between FFA-hippocampal connectivity during
post-AB rest and XY performance.

Control Analyses

Relationships to BC and XY; and AC and XY were compared using the
Hotelling-Williams test (Hotelling, 1940; Williams, 1959). The individual relationships
to BC (r;; = 0.12, p = 0.500), AC (r = 0.09, p = 0.59), and XY (r;; = -0.13, p = 0.467)
performance did not reach statistical significance. However, the connectivity-
performance relationships for BC and XY performance were significantly different from
one another (Hotelling-Williams test; t;, = 2.36, p = 0.024); as was the difference
between relationships with AC and XY performance (Hotelling-Williams test; ty, = 2.18,
p=0.037).

I also calculated connectivity measures for the post-XY encoding rest period for

the purposes of the control analyses. Connectivity was related to XY performance using
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Pearson’s correlation; and to BC and AC performance controlling for XY using partial
correlation. I found no relationship between FFA-hippocampal connectivity following
XY encoding and XY memory performance (ry; = -0.22, p = 0.20), suggesting that this
signature does not simply reflect general associative memory ability. There was also no
relationship between connectivity and BC (r;, =-0.11, p = 0.538) or AC (r;, =-0.11,p =
0.534) performance after controlling for XY

To control for possible individual differences in baseline connectivity, post-XY
connectivity was also subtracted from post-AB connectivity for each participant (Tambini
et al., 2010). The resulting difference scores were then related to performance as above.
The difference scores showed a significant relationship with BC (r;, = 0.40, p = 0.018)
and AC (r;, = 0.38, p = 0.025) performance after controlling for general associative
memory, as well as significant individual relationships with BC (r;; = 0.35, p = 0.040)
and AC (ry; = 0.33, p = 0.052) performance. There was no association between FFA-
hippocampal connectivity and XY performance (r;; = 0.13, p = 0.444). BC and XY
(Hotelling-Williams test; t;, = 2.10, p = 0.043); and AC and XY (Hotelling-Williams test;
t;, = 1.98, p = 0.056) relationships with FFA-hippocampal connectivity also differed from
one another.
Seed-Based Approach

I also employed a more sensitive seed-based regression approach to identify
specific MTL voxels for which connectivity with FFA tracked subsequent BC
performance. I regressed each participant’s MTL data on their FFA timeseries from the

post-AB encoding rest scan, resulting in a statistics image representing the degree of
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correspondence between each MTL voxel and FFA activation over time. These results
were combined across participants in a group level general linear model. I found two
regions for which FFA connectivity tracked more with BC than XY performance: one in
left (MNI coordinates (mm) x, y, z = -16, -30, -19) and one in right (14, -33, -11)
hippocampus, extending into PHC (Fig. 20B). An overlapping cluster (-18, -29, -13) in
the left hemisphere was found to predict BC performance (Fig. 21A). Similar results
were obtained after repeating the seed-based analysis on the residuals from the nuisance
regressed analysis described above (Fig. 21B).
Multiple Regression Results

To investigate the degree to which reactivation and connectivity independently
explained variance in subsequent learning, I next performed two multiple linear
regression analyses with indices of reactivation, connectivity, and XY performance as
independent variables; and BC and AC performance, respectively, as the dependent
variables. The model fit was significant (F;;, = 38.90, p < 0.0001), accounting for 77.0%
of the variance in BC performance (adjusted R?). Moreover, all three independent
variables showed a significant positive relationship to BC performance (reactivation: f§ =
0.33, p = 0.0004; connectivity: f = 0.30, p = 0.001; XY performance: B = 0.87, p <
0.0001; all statistics reflect standardized {3), demonstrating the unique contributions of
rest-phase reactivation and FFA-hippocampal connectivity to subsequent learning of
related experiences. Similar results were found in the regression model predicting AC
performance (F,;, = 36.67, p < 0.0001; adjusted R* = 0.759; reactivation: 3 = 0.30, p =

0.002; connectivity: § =0.27, p = 0.004; XY performance: § =0.87, p <0.0001).
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A Connectivity with FFA tracks with BC performance

Figure 21. Experiment 2A: Control Seed-Based Connectivity Analyses

(A) MTL regions for which connectivity with FFA during rest significantly predicts BC
performance. Left hippocampus [-18, -29, -13] was the only region for which greater post-AB
rest-phase connectivity with FFA was associated with superior BC performance. No regions
showed a positive relationship with XY performance. (B) MTL regions for which connectivity
with FFA during rest is significantly more predictive of BC than XY performance. These results
depict analysis performed on rest data following nuisance regression. This contrast revealed a
cluster in left hippocampus [-17, -30, -20] that overlapped with the results from the high-pass
filtered rest data (see Fig. 20B). For both panels, clusters are significant after correction for
multiple comparisons within the MTL. Color bar indicates uncorrected voxelwise p-value.
Coordinates are in mm.

Univariate Results

I next investigated neural engagement during encoding of new object-object
associations. I was specifically interested in regions demonstrating a subsequent memory
effect for BC (i.e., more engagement during study of BC pairs that were subsequently
remembered vs. forgotten) but not XY pairs. As the above results showed that certain

rest-phase processes can facilitate BC encoding, I hypothesized that (1) face-sensitive
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regions of visual cortex would be engaged during BC trials, indicative of reinstatement of

previously learned A, stimuli; and that (2) such engagement would support encoding of

face
the new BC object-object pairs. A whole-brain analysis confirmed my predictions,
revealing a significant subsequent recall by condition interaction (correct > incorrect x
BC > XY) in left fusiform gyrus (-20, -75, -15; Fig. 22A).

I then considered how individual differences in rest-phase reactivation and FFA-
hippocampal connectivity related to neural engagement during subsequent learning. I
created two GLMs at the group level that included each participant’s FFA reactivation
and FFA-hippocampal connectivity indices, respectively, as covariates. I hypothesized
that greater reactivation and connectivity during rest would be associated with more

reactivation of Ay, stimuli during encoding. No region showed a significant relationship

face
between the interaction term and FFA reactivation. I did, however, find activation in
medial parietal and occipital cortex (centered on -5, -39, 22), including fusiform gyrus,

for which the interaction term tracked positively with the degree of FFA-hippocampal

connectivity following AB encoding (Fig. 22B).

136



. Correct Incorrect

17 }
16 ‘
15

BC

*

Left fusiform activation
(% signal)

Figure 22. Experiment 2A: Univariate Results

Regions showing a significant subsequent recall by condition interaction during encoding. (A)
Left, left fusiform gyrus was the only region to show greater subsequent recall effects for BC
relative to XY pairs. Right, encoding activation in left fusiform gyrus relates to memory for
overlapping BC but not XY pairs. Estimates were converted to percent signal and are shown
separately for BC pairs subsequently remembered (dark orange); BC pairs subsequently forgotten
(light orange); XY pairs subsequently remembered (dark green); and XY pairs subsequently
forgotten (light green). The significant interaction in this region was driven by a strong
subsequent memory effect for BC pairs (paired t-test; ty, = 6.23, p = 4.4 x 107; dark vs. light
orange bars) but not XY pairs (t;; = 0.49, p = 0.625; dark vs. light green bars). Asterisk indicates
significant difference at p < 0.05. (B) The interaction term was significantly modulated by the
degree of FFA-hippocampal connectivity during the post-AB rest scan in portions of medial
parietal and occipital cortex, including the fusiform gyrus and posterior cingulate cortex. Color
bar indicates z-score. Coordinates are in mm.

Delay and Encoding Order Results

There was no relationship across the group between duration of the delay and the
post-AB neural measures of interest (FFA-hippocampal connectivity: r;; = 0.19, p =
0.27), suggesting that the length of the delay did not significantly influence the degree to

which these processes were engaged.
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Encoding order did not significantly impact the relationships between
connectivity (main effect and interaction; all F,;, < 1.02, all p > 0.32) or reactivation
(main effect and interaction; all F,;; < 0.32, all p > 0.57) and BC or AC performance
controlling for XY performance. Individual relationships between reactivation and
performance (BC: both F,;; < 0.49, p > 0.49; AC: both F,;, < 0.64, p > 0.43; XY: both
F,5 < 140, p > 0.24); and FFA-hippocampal connectivity and performance (BC: both
F,5 <058, p > 045; AC: both F 5, < 0.32, p > 0.58; XY: both F,;, <0.14, p > 0.72)
were also not modulated by encoding order.

5.5. DISCUSSION

I employed a combination of methods—multivariate pattern classification,
functional connectivity approaches, and task-based univariate analyses—to provide
empirical evidence that offline neural processes may mediate the relationship between
prior knowledge and new encoding. These findings converge to suggest that rest-phase
reactivation may benefit future learning by promoting subsequent integration during
encoding. Interestingly, this benefit was observed even despite a long delay of
approximately one hour between overlapping event encoding and test. Moreover, I
suggest that the rest-phase reactivation observed in the present study occurred
spontaneously. As participants were unaware of the overlap between the pre-training
phase (AB learning) and the scanned portion of the experiment (BC and XY learning) at
the time of post-AB rest, it is unlikely that my results reflect intentional rehearsal of AB

associations during that period.
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While the benefits conferred by offline processes on prior memories have been
shown previously, the present work is the first to demonstrate how such benefits might
also be prospectively advantageous. That is, rest-phase reactivation and connectivity
serve to make our memories better suited for new learning in future situations, providing
a foundational knowledge base upon which new experiences can be encoded.
Importantly, because my classifier was trained on data from an independent localizer task
consisting of a different stimulus set and task, these results suggest that reinstatement of
episodic content (i.e., face information from learned AB face-object pairs)—rather than
reinstatement of a learning-related state or context—supports the formation of memories
for related information.

However, I note that like the vast majority of studies on this topic, these data do
not provide evidence for processing of specific AB memories during the post-AB rest
period. Thus, one possible alternative explanation of my findings is that participants
reactivated task-irrelevant face information; and that doing so supported their later ability
to encode BC content, as AB memories became less likely to interfere with new learning.
However, I feel this possibility is unlikely given the present results. For example, I found
that greater reactivation and connectivity were associated with superior AC inference

performance, which requires retrieval of the Ay, learned during pre-training. Moreover,

face
both BC memory and AC inference were better for the AB pair memories acquired earlier
in the pre-training phase, suggesting that strong AB knowledge promotes BC encoding.

Thus, I suggest that the most likely interpretation of the data presented here is that AB

memories were spontaneously reinstated during the post-AB rest period. Through this
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process, they became stronger or more readily accessible (Jadhav et al., 2012; Deuker et
al., 2013; Staresina et al., 2013), and therefore easier to reactivate and integrate during
BC study.

I would also note that associative facilitation was not observed across the entire
group of participants; rather I observed large individual differences in the degree to
which participant showed facilitation versus interference. In fact, approximately half of
my participants did not show evidence of facilitation at all, but rather showed interference
(Fig. 16C). Thus, I would not conclude that proactive interference does not occur, but
rather that there exists a tradeoff between interference and facilitation; and that this
tradeoff may be mediated by offline processes. In other words, participants with a greater
degree of post-AB reactivation and connectivity may show associative facilitation
through an integrative encoding mechanism, while participants showing a lesser degree
may tend to exhibit interference.

More broadly, these data suggest that one factor that may determine whether prior
knowledge facilitates or interferes with the acquisition of new information is the strength
of the initial memory, with strong prior knowledge being predominantly facilitative. This
may occur not only during overt encoding or rehearsal, but also spontaneously during
periods of passive rest. Notably, prior work suggests that low to moderate levels of
memory reactivation may weaken traces, while high reactivation serves to strengthen
memories (Detre et al., 2013). In the present study, lesser offline reactivation may thus be
associated with weaker AB memories. Such weak traces may fail to be reactivated at all

or may be weakly reactivated during learning, perhaps being forgotten when integration
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fails (Anderson and McCulloch, 1999) or interfering with new encoding. In contrast,
greater reactivation during rest strengthens AB memories, which can then later support
BC learning through learning-phase retrieval and integration. Future work may
characterize differences in item-level reactivation within participants to address how
strengthening of individual memories impacts the balance between facilitation and
interference.

One interesting aspect of the present data is that the observed relationships
between reactivation and both BC learning and AC inference were specific to early in the
post-AB rest scan. Importantly, this finding cannot be explained by differences in the
amount of time between the encoding and rest scan across participants; delay duration did
not predict the degree of face reactivation. Thus, interpreted in the context of the
converging rest- and task-based neural measures provided here, I believe this reactivation
measure serves as a valid index of neural processes that mediate the interactions between
prior memories, new learning, and subsequent inference. While a mechanistic
explanation for the temporal dependence of this signature is unclear, I believe the present
measure of reactivation provides additional insight into how processing of prior
memories during offline periods shape later learning experiences.

These results converge across multiple measures to demonstrate the important
relationship between post-encoding reactivation, functional connectivity, and episodic
memory, consistent with a host of findings from rodent (Jadhav et al., 2012) and human
(Tambini et al., 2010; Deuker et al., 2013; Staresina et al., 2013) studies. In addition, the

present data provide new evidence that the mnemonic advantage conferred by offline
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processes extends beyond the initial memories themselves to influence the subsequent
encoding of related content. These findings suggest a specific mechanism through which
offline reactivation and hippocampal-neocortical connectivity lead to the strengthening of
memory traces, thereby supporting later learning of related content via integrative
encoding (Preston and Eichenbaum, 2013). Consistent with this interpretation, I found
greater engagement of face-sensitive regions (i.e., fusiform gyrus) during encoding of
object-object pairs that related to prior face knowledge as a function of FFA-hippocampal
connectivity at rest. This extends prior work demonstrating the benefits of learning-phase
reactivation for the reactivated memories themselves (Kuhl et al., 2010) and for linking
experiences across time (Zeithamova et al., 2012a). I suggest that memory strengthening
during rest facilitates retrieval of related content during subsequent learning experiences,
thereby supporting new encoding by enabling linking of related memories (Schlichting

and Preston, 2015).
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6. Experiment 2B: MTL-MPFC Interactions During Learning and Post-

Encoding Rest

6.1. RATIONALE

Recent theory has implicated hippocampal-MPFC interactions in integrating new
content into strong prior knowledge, with MPFC guiding hippocampal encoding and
retrieval (van Kesteren et al., 2012; Preston and Eichenbaum, 2013; Schlichting and
Preston, 2015). I hypothesize that this circuit may be similarly engaged during offline
periods to promote integration across episodes (Lewis and Durrant, 2011). While
empirical research has broadly demonstrated involvement of hippocampus and MPFC in
memory integration (Tse et al., 2007, 2011; van Kesteren et al., 2010a; Zeithamova et al.,
2012a), existing reports are conflicting. While some have shown hippocampal-MPFC
connectivity increases during events associated with strong prior knowledge (Tse et al.,
2011; Zeithamova et al., 2012a), others have observed decreases (van Kesteren et al.,
2010a), leaving open questions as to when and how this circuit supports encoding.

Here, I seek to fill this gap in understanding by providing a controlled test of
theories regarding hippocampal-MPFC interactions during integration (van Kesteren et
al., 2012; Preston and Eichenbaum, 2013). I propose that integration through
hippocampal-MPFC interactions reduces interference among related memories,
facilitating encoding of overlapping experiences. I manipulate the overlap between prior
knowledge and new learning on a memory-by-memory basis, allowing for the
examination of hippocampal-MPFC interactions mediating updating of individual events.

Moreover, the hetereogeneity of MPFC has been underappreciated in prior research on
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this topic; differences in structural connectivity across MPFC (Ongiir and Price, 2000)
suggest that its posterior aspects might be particularly important for integration
(Nieuwenhuis and Takashima, 2011). I formally test this idea by interrogating neural
signatures within subregions of MPFC.

I investigated hippocampal and MPFC contributions to integration both across
and within individuals, comparing on- and offline neural engagement during periods
reflecting memory updating versus simple associative encoding. Behavioral work has
shown sleep-related increases in performance on novel judgments spanning experiences
(Ellenbogen et al., 2007; Coutanche et al., 2013), consistent with the idea that sleep
facilitates integration (Buckner, 2010). Mechanistically, hippocampus-driven memory
reactivation during sleep may enable the formation of connections among co-activated
representations, promoting integration in neocortical regions like MPFC (Lewis and
Durrant, 2011). Inspired by such theories, I propose that similar reorganizational
processes may occur during rest periods immediately following learning. Furthermore, as
behaviors tapping the hippocampal-MPFC circuit should depend on the integrity of the
underlying structural connections, I hypothesize that more coherent white matter tracts
connecting these regions will be associated with superior integration.

Data from some portions of this experiment were described in a previous report
(Schlichting and Preston, 2014) examining how processes prior to encoding influence
new learning (see Chapter 5). Here, I focus on how the hippocampal-MPFC circuit is
engaged during and immediately following new learning experiences. The results of this

study are reported in Schlichting and Preston, under review.
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6.2. HYPOTHESES

Comparing neural engagement during BC vs. XY encoding and post-encoding
rest periods enabled me to investigate specific mechanisms engaged when new learning
relates to prior experience (Fig. 23). That is, while BC and XY pairs consisted of the
same stimulus type (object-object pairs), they differed in their overlap with prior
knowledge. For this reason, neural signatures that differentiate BC from XY should
reflect processes engaged in the context of overlapping events.

Hypothesis 1: Learning-phase connectivity will be increased during overlapping
relative to non-overlapping associations. Greater hippocampal-MPFC connectivity will
be observed during encoding of overlapping BC relative to non-overlapping XY pairs.
Encoding-phase connectivity will relate to memory performance on a trial-by-trial basis
more for BC than XY pairs.

Hypothesis 2: Memory updating signatures will persist during the post-encoding
period. Hippocampal-MPFC functional coupling will be enhanced following encoding of
overlapping BC pairs relative to encoding of non-overlapping XY pairs, reflecting
updating of prior memories with new experience. These measures will relate to
behavioral evidence of memory integration.

Hypothesis 3: Hippocampal-MPFC  structural connectivity will predict

integration. White matter integrity of structures connecting hippocampus to MPFC will

relate to behavioral evidence of memory integration.
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Figure 23. Experiment 2B: Design Overview and Predictions

Experimental design and theoretical predictions. (A) Schematic depiction of the experiment
timeline. (B) Participants learned a series of AB face-object associations across four alternating
study-test repetitions during the pre-training phase. Memory performance was near ceiling by the
final test block, demonstrating strong memories for the AB pairs. (C) Following the pre-training
phase, participants were transferred to the fMRI scanner for study of overlapping BC and non-
overlapping XY object-object associations. BC and XY study blocks were each followed by a rest
period (yellow). The order of BC and XY study was counterbalanced across participants. Left,
overlapping BC associations (orange) included one object (here, HARP) that had previously been
paired with a face during the pre-training phase (panel A, blue). Such overlap allows for prior AB
memories to be reactivated and updated with the new BC information. I hypothesize that this
process engages a network comprising hippocampus (indigo), medial prefrontal cortex (MPFC,
teal), and content-sensitive visual regions (e.g., fusiform face area [FFA], magenta). Right, non-
overlapping XY associations (green) included two new objects that had not been previously
learned during the pre-training phase. Brain schematics represent the predicted functional
connectivity enhancement among hippocampus, MPFC and FFA for overlapping BC (thick black
lines) relative to XY (thin black lines) study and post-encoding rest periods.
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6.3. METHODS
6.3.1. Participants

Participants were as reported previously (Schlichting and Preston, 2014; see
Chapter 5). Data from 35 participants were included in all functional analyses (21
females; ages 20-30, 24.1 + 0.5 years). An additional 10 participants were excluded from
the diffusion tensor imaging (DTI) analysis due to data acquisition error. Thus, 25
participants were included in the structural connectivity analysis (15 females; ages 20-30,
242 +0.7 years).
6.3.2. Behavioral Methods

Materials and Procedures were identical to those described in Chapter 5.
6.3.3. Imaging Methods
MR Data Acquisition

Imaging data were acquired on a 3.0T GE Signa MRI system (GE Medical
Systems) as described above (see Chapter 5). Diffusion-weighted data were also
acquired to characterize white matter structure (TR = 12000 ms, TE = 87.1 ms, 25
diffusion directions, maximum b-value = 1000, 128 x 128 matrix, 0.94 x 0.94 in-plane
resolution, 41 straight axial slices, 3-mm thickness, no gap).
JMRI Preprocessing

Functional data were preprocessed using FSL version 5.0.2 (FMRIB’s Software
Library, http://www .fmrib.ox.ac.uk/fsl). The first 4 volumes of all functional scans were
discarded to allow for T1 stabilization. Motion correction was performed within each

functional scan using MCFLIRT by aligning all images in the run to the middle volume
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in the timeseries. Coregistration of functional data across runs was performed by
calculating and applying the affine transformation from each run to a reference run using
FLIRT, part of FSL. The 3D SPGR structural volume was registered to the functional
reference run using the EPI registration utility (part of FLIRT) and then resampled to
functional space. Brain extraction was performed on all structural and functional images
using BET.

6.3.4. Data Analysis

Regions of Interest

Anatomical Region of Interest Definition

The hippocampus was delineated by hand on the 1 mm MNI template brain and
reverse-normalized to each individual’s functional space using Advanced Normalization
Tools (ANTS) (Avants et al., 2011). Specifically, a non-linear transformation was
calculated from the MNI template brain to each participant’s 3D SPGR volume. This
warp was then concatenated with the SPGR to functional space transformation calculated
using FLIRT. After applying the transformation using ANTS, the anatomical
hippocampus ROI was aligned to each participant’s functional data.

MPFC ROIs were generated for each participant using output from Freesurfer
(Desikan et al., 2006) run on each individual’s SPGR. Because previous studies on
similar topics (Kumaran et al., 2009; van Kesteren et al., 2010b, 2014; Sweegers et al.,
2013) have identified a range of activation foci throughout the medial surface of PFC, I

combined medial orbitofrontal and rostroanterior cingulate to create an MPFC ROI for
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each participant. ROIs were then aligned to each individual’s functional data using
transformations applied in FLIRT, as described above.
Functional Region of Interest Definition

Procedures used to define functional FFA ROIs were identical to those described
in Chapter 5.

Univariate Analysis

Analysis of fMRI data from the memory task was carried out using FEAT (fMRI
Expert Analysis Tool) version 6.00, part of FSL. Grand-mean intensity normalization,
high-pass temporal, filtering, spatial smoothing, and pre-whitening were carried out as
described above.

I interrogated the relationship between encoding activation and subsequent
memory using a general linear model (GLM). The GLM was designed to isolate effects
specific to the encoding of new associations that overlapped with prior knowledge.
Accordingly, encoding trials were sorted based on both subsequent memory and prior
knowledge condition to create four conditions: BC encoding trials that were later correct,
BC encoding trials that were later incorrect, XY encoding trials that were later correct,
and XY encoding trials that were later incorrect. Contrasts of interest were (1) BC correct
> XY correct and (2) BC correct — BC incorrect > XY correct — XY incorrect (i.e., the
subsequent recall x prior knowledge interaction).

Stimulus presentations were modeled as events with 3.5 s durations, with one
regressor for each condition of interest. The model was convolved with the canonical

(double-gamma) HRF. Temporal derivatives were included. Motion parameters
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calculated during the motion correction step and their temporal derivatives were added as
additional regressors of no interest. As described above (see Chapter 5), FD, DVARS,
and individual regressors for time points exceeding FD and DVARS thresholds were
added to the models to additionally account for motion effects (Power et al., 2012;
Schonberg et al., 2014). Temporal filtering was applied to the model.

After modeling functional data within each run, the resulting statistics images
were warped to the MNI template brain resampled to functional resolution (3.75 x 3.75 x
3.6 mm) using ANTS (Avants et al., 2011). The warped images were combined across
encoding runs for each participant using fixed effects, and then across the group using
mixed effects. For both contrasts of interest, correction for multiple comparisons was
carried out at both the whole-brain level and using small volume correction within my a
priori hippocampus and MPFC ROIs. Correction for multiple comparisons at the whole
brain level was carried out on group-level voxel-wise statistical images according to
cluster-based Gaussian random field theory (Worsley et al., 2002), with a cluster-forming
threshold of z > 2.3 and a whole-brain corrected cluster significance level of p < 0.05. 1
also interrogated activation within a priori hippocampus and MPFC ROIs for integration-
specific effects using small volume correction implemented in 3dClustSim, part of AFNI
(Cox, 1996). Group statistics images were first masked with each ROI. I then applied a
primary voxelwise threshold of p < 0.05 to the masked images to identify those voxels
within my ROIs surpassing this initial p-value threshold. I corrected for multiple
comparisons within the ROIs by determining the cluster extent corresponding to a

cluster-corrected threshold of p < 0.05 using Monte Carlo simulations. Cluster sizes that
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occurred with a probability of less than 0.05 across 2000 simulations were considered
statistically significant.
Task-Phase Functional Connectivity

Functional connectivity during task was examined using a psychological-
physiological interactions (PPI; Friston et al., 1997; O’Reilly et al., 2012) approach
carried out in FEAT version 6.00. Grand-mean intensity normalization, high-pass
temporal, filtering, spatial smoothing, and pre-whitening were carried out as described
previously.

The PPI analyses were performed to isolate regions whose functional connectivity
with hippocampus and MPFC respectively were significantly modulated by the
interaction of subsequent recall by prior knowledge condition. Encoding trials were
sorted according to subsequent memory, and a correct — incorrect regressor was
constructed for each run. Notably, because BC and XY encoding trials occurred in
different scans, this regressor represented the correct — incorrect difference for either BC
or XY study trials, depending on the run. This served as the psychological regressor. The
first eigenvariate of the filtered timeseries (derived from the univariate analyses described
previously) was extracted from anatomically defined hippocampus and MPFC and
functionally defined FFA ROIs and entered as the physiological regressors for the three
PPI analyses. The PPI regressor served as the regressor of interest and was generated as
the interaction between the psychological and physiological regressors. An additional
task regressor was added to account for variance associated with both correct and

incorrect trials.
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For all three PPI models, stimulus presentations were modeled as events with 3.5
s durations. Task-related regressors and their temporal derivatives were convolved with
the canonical (double-gamma) HRF and filtered. Physiological and PPI regressors were
not convolved with the HRF or filtered, as these regressors were derived from neural
signal that had previously undergone temporal filtering. Motion parameters calculated
during the motion correction step and their temporal derivatives were added as additional
regressors of no interest. As described above, FD, DVARS, and individual regressors for
time points exceeding FD and DVARS thresholds were added to the models to
additionally account for motion effects (Power et al., 2012; Schonberg et al., 2014).

After modeling functional data within each run, the statistics images associated
with the PPI regressor were warped to the MNI template brain resampled to functional
resolution using ANTS (Avants et al., 2011). The warped PPI images were contrasted for
BC and XY study runs for each participant using fixed effects, yielding a subsequent
recall x prior knowledge interaction contrast (i.e., BC correct — BC incorrect > XY
correct — XY incorrect). These statistics images were then combined across the group
using mixed effects. Correction for multiple comparisons was performed within a priori
hippocampus and MPFC ROIs using small volume correction implemented in
3dClustSim as described above.

As the anatomical MPFC ROI spans a large and likely functionally diverse region
(Ongiir and Price, 2000; Price and Drevets, 2009; Roy et al., 2012), I also performed the

PPI analysis described above using the MPFC clusters defined in the univariate
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interaction contrast (depicted in Fig. 24B) as the seed. This analysis was otherwise
identical to above.
Rest-Phase Functional Connectivity

Functional connectivity during rest was interrogated using a voxelwise regression
approach with anatomically defined hippocampus and MPFC and functionally defined
FFA as seed regions. This analysis approach is similar to that I have employed previously
(Schlichting and Preston, 2014; Chapter 5). I interrogated neural activation for clusters
of voxels (1) that showed enhanced rest-phase connectivity following overlapping (post-
BC) relative to non-overlapping (post-XY) encoding conditions and (2) for which the
degree of enhancement was related to subsequent performance. Importantly, I would
expect the post-XY rest period to reflect neural signatures related to simple associative
encoding (i.e., of object-object pairs), Thus, using this period as a baseline provides a
stringent control for isolating those processes related to memory integration above and
beyond those engaged during learning more generally.

I first regressed out potential sources of noise from the resting state data.
Specifically, I extracted the first eigenvariate of the signal across the duration of the each
rest scan in anatomically defined white matter and lateral ventricle ROIs. The signal from
these two ROIs and their temporal derivatives were used to construct a GLM along with:
motion parameters, FD, DVARS, and their temporal derivatives; and timepoints with
excessive motion (as described previously). Rest data were high-pass filtered with a
cutoff of 0.009 Hz (Fox et al., 2005; Tambini et al., 2010) and regressed on these noise

sources. The resulting residual timeseries data for each participant were spatially
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smoothed (5 mm FWHM). As motion-related nuisance signals had already been
removed, each model included only the seed ROI timeseries and its temporal derivative.
The resulting parameter estimate image for each participant reflected the degree to which
activation in each voxel tracked with activation in the seed ROI across each rest scan. I
then warped these images to the MNI template resampled to functional dimensions using
ANTS (Avants et al., 2011). Images were contrasted within participant (i.e., each
participant’s post-XY connectivity statistics image was subtracted from their post-BC
connectivity image) and combined them across participants using a group-level GLM as
follows.

I constructed the group-level model with both BC and XY performance as
covariates. To identify those voxels showing enhanced connectivity with the seed region
during post-BC relative to post-XY encoding (irrespective of memory performance), I
combined the difference images across participants using a one-sample t-test. I also
isolated voxels for which the degree of connectivity enhancements tracked more with BC
than XY performance (i.e., contrast of covariates, BC performance > XY performance;
see Schlichting and Preston, 2014). Voxelwise statistics were calculated using
permutation tests implemented in FSL. Correction for multiple comparisons was then
performed within a priori hippocampus and MPFC ROIs using small volume correction
implemented in 3dClustSim (Cox, 1996) as described above. 1 also assessed the
relationship between connectivity and AC inference performance within the
performance-related regions identified above. Contrast values quantifying the degree of

connectivity enhancement with the seed region following overlapping BC encoding were
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extracted and related to AC performance using partial correlation (controlling for XY
performance).

As the above analysis searches for regions demonstrating a somewhat complex
association with behavior (the difference in post-BC and post-XY connectivity measures
relating more to BC than XY performance), it is difficult to know the precise underlying
pattern that gives rise to this result. To further describe the results of the above analysis, I
extracted post-BC and post-XY connectivity measures separately from significant regions
identified above (i.e., showing either an overall connectivity enhancement or an
enhancement-performance relationship). These measures were compared across two
groups of individuals demonstrating different behavioral signatures: those showing
behavior consistent with a facilitative effect of prior knowledge on new learning (BC
performance > XY performance; N = 15), and those evidencing proactive interference
(BC performance < XY performance; N = 16). This analysis excluded individuals who
had identical BC and XY performance (N = 4). Effects were quantified using 2 x 2 mixed
ANOVAs with rest scan (post-BC or post-XY) as the within-subjects factor and
behavioral signature (facilitation or interference) as the between subjects factor t-tests.
The reader should note that these regions were identified precisely because they showed a
significant post-BC enhancement or relationship between enhancement and behavior.
Thus, it is not the relationship itself but the nature of that relationship among individuals
showing these two behavioral signatures that I sought to isolate.

Due to the large and potentially heterogeneous nature of the anatomical MPFC

ROI (Ongiir and Price, 2000; Price and Drevets, 2009; Roy et al., 2012), I repeated the
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main rest-based connectivity analysis described above using the MPFC clusters defined
in the interaction contrast (depicted in Fig. 24B) as seed regions.

Additionally, to alleviate the possibility that rest-phase connectivity might be
attributed to lingering effects of the task itself, I repeated the analysis omitting the first 30
TRs (60 seconds) of the rest scan. This analysis lengthened the delay between study and
rest connectivity analyses to roughly 3-4 minutes (in addition to the approximate 2-3
minute delay between scans for image reconstruction and communication with the
participant).

Control Analyses

As encoding order was counterbalanced across participants, different individuals
experienced differences in time (Schlichting and Preston, 2014; Chapter 5) and
mnemonic demand between initial AB pair pre-training and overlapping BC study. While
one group encoded overlapping BC pairs following AB learning, the other encoded non-
overlapping XY pairs in between learning AB and BC. One might predict that these
differences in encoding order may impact my neural measures of functional activation or
interregional connectivity during study and/or post-encoding rest. For instance, one
possibility is that the present findings are driven primarily by the group that encoded BC
before XY, as the degree to which AB knowledge is brought to bear during BC learning
might decrease as AB experience becomes more remote (i.e., temporal proximity of the
related experiences may influence these neural mechanisms). Accordingly, I performed
additional control analyses to assess the effects of encoding order on my neural measures

of interest.
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Effects of Encoding Order at Task

I interrogated the encoding phase to determine whether the degree of task-related
functional activation or connectivity differed significantly as a function of encoding
order. I first focused on clusters showing a significant subsequent recall by prior
knowledge condition interaction in univariate activation across the group. I performed a 2
x 2 x 2 mixed ANOVA with subsequent recall and trial type as within-subjects factors
and encoding order as the between-subjects factor. Univariate activation served as the
dependent measure. I carried out this analysis for all three regions identified in the main
analysis as showing a significant interaction effect (two MPFC clusters and one
hippocampal cluster; see Fig. 24B). I corrected for multiple comparisons in the three
ROIs using Bonferroni correction, which yielded a critical p-value of 0.017. Encoding
order did not significantly affect the observed interaction between subsequent recall and
prior knowledge condition in any region (main effects and 3-way interactions; all F, ;; <
2.49,all p>0.125).

I also determined whether task-phase functional connectivity assessed using PPI
differed significantly across counterbalancing groups. I performed a 2 x 2 mixed
ANOVA with trial type as the within-subjects factor and encoding order as the between-
subjects factor. I note that subsequently correct versus incorrect trials were already
contrasted within run; thus, the dependent measures in this analysis reflected the
connectivity difference for subsequently correct relative to incorrect trials, separately for
BC and XY conditions. This analysis was performed for all six regions identified

previously in the main PPI analyses for FFA, hippocampus, and MPFC seeds (including
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the 18-voxel MPFC cluster from the analysis seeded with FFA, for a total of four
hippocampal clusters and two MPFC clusters; see Fig. 25). Bonferroni correction across
the six ROIs yielded a critical p-value of 0.008. I observed no significant effect of
encoding order on connectivity measures in any of these regions (main effects and
interactions; all F, 33 < 3.27, all p > 0.08).

Effects of Encoding Order at Rest

Next, I investigated the relationship between functional connectivity during rest
and encoding order. I first performed a one-way ANOVA to assess whether the degree of
connectivity enhancement following BC learning differed as a function of encoding
order. Neural measures (degree of connectivity enhancement for post-BC vs. post-XY
rest) were grouped by encoding order. There was no significant effect of encoding order
on the degree of connectivity enhancement (F, ;; = 1.39, p = 0.248).

I performed one-way analyses of covariance (ANCOVA) to determine whether
the observed relationships between functional connectivity during rest and performance
were related to encoding order. The neural measure served as the independent measure;
behavior was the dependent measure. Encoding order was the grouping variable. This
analysis was performed for all eight regions identified in the main analyses as relating to
performance when FFA, hippocampus, or MPFC served as the seed region (including the
18-voxel MPFC cluster from the analysis seeded with FFA, for a total of five
hippocampal clusters and three MPFC clusters; see Figs. 26 and 28). I corrected for
multiple comparisons in the eight ROIs using Bonferroni correction, yielding a critical p-

value of 0.006. There was no significant effect of encoding order on the observed
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relationship between connectivity and BC performance controlling for XY performance
at my corrected threshold for any region (main effects and interactions; all F, 33 < 5.64, all
p > 0.024). I note that the one region in which the interaction effect would be considered
significant at a more lenient statistical threshold (F, ;; = 5.64, p = 0.024) was the cluster
in left anterior hippocampus when FFA served as the seed. Interestingly, this interaction
was driven by a stronger relationship between connectivity and performance among
participants who encoded XY before BC. This is the opposite of what would be predicted
by a temporal proximity account, suggesting that the present findings are unlikely to
reflect merely lingering effects of AB encoding.
Structural Connectivity

DTI data analysis was carried out using tools from FDT (FMRIB’s Diffusion
Toolbox; Behrens et al., 2007) version 3.0, and Tract-Based Spatial Statistics (TBSS;
Smith et al., 2006), both part of FSL. I was interested in characterizing how white matter
structure in pathways connecting hippocampus and MPFC related to memory for critical
BC associations relative to control XY associations. I hypothesized that as the
hippocampal-MPFC circuit supports the updating of existing memories with new
information, greater white matter integrity in these tracts should relate to superior
overlapping BC pair memory, after accounting for overall differences in memory ability
(i.e., performance on non-overlapping XY pairs).

To test this hypothesis, I first isolated tracts connecting anatomical hippocampus
and MPFC ROIs as follows. Registration was carried out within FDT using FLIRT and

FNIRT for structural and standard space transformations, respectively. DTI data were
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first corrected for eddy currents, and then a diffusion tensor model was fit at each voxel
of the DTI data for each participant. I generated probability distributions of diffusion
parameters at each voxel in the brain for each participant using Bayesian Estimation of
Diffusion Parameters Obtained using Sampling Techniques (BEDPOSTX). I then
performed tractography between hippocampus and MPFC ROIs using PROBTRACKX,
which uses the voxelwise probability distributions to generate a distribution of pathways
connecting specified regions. Probabilistic tractography was carried out for each
individual in native DTI space. Each individual’s anatomical ROIs were registered to
their DTT data using FLIRT transformations computed previously. Tractography was run
twice for each participant (number of samples = 5000, curvature threshold = 0.2,
maximum number of steps = 2000, step length = 0.5 mm): once from hippocampus to
MPEFC (waypoint or inclusion mask); and once from MPFC to hippocampus. In using this
approach, I identified tracts that pass through both ROIs for each individual.

Each individual’s hippocampal-MPFC and MPFC-hippocampal connectivity
distribution maps were thresholded to exclude voxels through which fewer than 5% (250)
of all sampled pathways passed. They were then added together to create a single
bidirectional white matter ROI for each participant. These white matter ROIs were
warped to MNI space using FNIRT transformations computed previously in FDT. ROIs
were summed across participants to create a single, group ROI in standard space
encompassing all tracts connecting hippocampus and MPFC. The overlap of white matter

ROIs across participants is depicted in Fig. 29A.
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Fractional anisotropy (FA) was used as the metric of white matter integrity within
this ROI. FA quantifies the degree to which water molecules diffuse in a directional (i.e.,
anisotropic) manner, and tends to be high when white matter fibers are oriented similarly
(i.e., when coherence is high). All subjects' FA data were aligned to common space using
FNIRT carried out in TBSS. A mean FA image was then generated and thinned to create
a mean FA skeleton, which represents the centers of all tracts common to the group. Each
subject's aligned FA data was then skeletonized, i.e., projected onto this group skeleton.
Mean FA values were extracted from each individual’s skeletonized data across all
voxels within the group white matter ROI. FA was related to BC memory and AC
inference performance across participants controlling for XY memory using partial
correlation (for a similar approach see Schlichting and Preston, 2014 and Chapter 5).

One possibility is that individual differences in overall white matter structure
could explain performance differences across participants. Thus, to assess the specificity
of this relationship to hippocampal-MPFC pathways, I also identified a control white
matter ROI, the corticospinal tract, using the Johns Hopkins University (JHU) white-
matter tractography atlas (Hua et al., 2008). FA values were then derived from the
skeletonized FA data and related to performance measures using partial correlation as
described above.
Multiple Regression

Multiple linear regression analyses were performed to further assess the degree to
which rest-phase functional and structural connectivity measures were independently

related to performance. Mean FA values extracted from the hippocampal-MPFC tract of
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interest served as the measure of structural connectivity. For functional connectivity, I
averaged across the connectivity measures from all four clusters (two hippocampal, two
MPFEC; depicted in Figs. 26A, right and 26B) identified as significantly relating to
performance in the rest-phase analyses seeded with hippocampus or MPFC. Two
regression models were run: one with BC performance as the dependent variable, and one
with AC performance as the dependent variable. Structural connectivity, functional
connectivity, and XY performance measures for each participant were entered into the
regression as predictors. Participants were treated as a random effect.
6.4. RESULTS
6.4.1. Behavioral Results

Behavioral performance was as described previously (Schlichting and Preston,
2014; Chapter 5). Briefly, as intended, AB pairs were well learned by the fourth test
block (mean + SEM: 97.3% + 0.9% correct recall). Importantly, as BC (11.7%-86.7%,
41.5% =+ 3.3% correct) and XY (10%-78.3%, 42.4% =+ 3.4% correct) were matched on all
dimensions except prior knowledge, I was able to directly compare neural engagement
and performance in these two conditions (Fig. 23C). Interestingly, I observed no
difference between BC and XY performance across the group (t;, = 0.40, p = 0.693);
rather, relative performance on these two conditions was highly variable across
individuals (see Schlichting and Preston, 2014 and Chapter 5 for a more in-depth
discussion of the factors modulating the interfering versus facilitative effects of prior
knowledge on new learning). This variability enabled me to investigate how neural

processes engaged during task and post-encoding rest periods related to performance for
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overlapping BC relative to control non-overlapping XY pairs. I also found that
performance on AC inferences (6.7%-83.3%; 41% + 3.5% correct) paralleled BC
memory (Schlichting and Preston, 2014), demonstrating the strong nature of the AB
memories at the end of the experiment.
6.4.2. Imaging Results
Univariate Results

The above framework suggests that hippocampus and MPFC will be recruited
during learning, specifically during episodes in which interference is reduced through
memory updating. I predicted greater activation in these regions during encoding of
overlapping BC relative to non-overlapping XY associations. Importantly, I focused on
only those associations that were subsequently remembered in both prior knowledge
conditions. I searched for this BC correct > XY correct effect both at the whole brain
level and within hippocampus and MPFC regions of interest (ROIs). Two clusters
survived correction for multiple comparisons across the whole brain: one in posterior
cingulate (-3.75, -39.75, 21.6) and one extending from precuneus on the medial surface to
superior parietal lobule (-7.5, -66, 39.6) (Fig. 24A). Small volume correction revealed
significant clusters in both left hippocampus (-33.75, -13.4, -21.6) and in MPFC (-3.75,

35.25,-21.6) (Fig. 24A).
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Figure 24. Experiment 2B: Univariate Results

Activation during overlapping encoding predicts memory updating. Maps include clusters
significant at the whole-brain level as well as those that survived correction within a priori
hippocampus and MPFC ROIs. (A) Regions in parietal cortex and posterior cingulate survived
correction for multiple comparisons across the whole brain. Clusters in both hippocampus (left)
and MPFC (right) showed significantly greater activation during encoding of BC relative to XY
pairs (subsequently correct trials only). Clusters are significant after small volume correction
within hippocampus and MPFC, respectively. For all figures, activations were resampled to the
Imm MNI template for visualization. (B) Clusters in left fusiform and bilateral insula were
significant at the whole brain level. Regions in hippocampus (left) and MPFC (right) showed a
significantly greater subsequent recall effect for BC relative to XY pairs during encoding.
Clusters are significant after small volume correction within hippocampus and MPFC,
respectively. Coordinates are in mm.

I next assessed the link between encoding activation and subsequent behavior. My
key prediction is that hippocampal-MPFC engagement and connectivity will be enhanced
when new information is successfully integrated into memory. Thus, engagement should
be greater for those overlapping BC associations that are later remembered relative to
those that are forgotten. Moreover, because BC study events provide the unique

opportunity for memory updating via integration, I predicted hippocampus and MPFC
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would show a larger subsequent memory effect for BC than XY associations (i.e., a
significant interaction between prior knowledge condition and subsequent memory). At
the whole brain level, significant clusters were observed in right (41.25,-2.25, 28.75) and
left insula (-37.5, -6, 0) as well as left fusiform gyrus (-15, -81, -10.75) (Fig. 24B). I note
that due to differences in the spatial normalization approach used between the current
study and the previous experiment (Schlichting and Preston, 2014; Chapter S5), the insula
regions were not identified in the prior report of this contrast. Using small volume
correction, I found one additional significant cluster in right hippocampus (22.5, -36, 0)
and two in MPFC (anterior: -11.25, 50.25, 0; posterior: -22.5, 1.5, -14.4) that showed the
predicted interaction (Fig. 24B). Control analyses verified that the observed interaction
between subsequent recall and prior knowledge condition did not differ by order of BC
versus XY encoding in any region. As my key hypotheses relate to integration-specific
neural processes and behavior, all subsequent analyses focus on the prior knowledge
condition by subsequent memory interaction.
Task-Phase Functional Connectivity Results

While the activation results described previously suggest that both hippocampus
and MPFC are engaged during integration, I also interrogated whether their degree of
functional coupling would predict subsequent memory for overlapping but not non-
overlapping pairs. To examine how functional coupling during new encoding related to
the presence or absence of existing knowledge, I performed two psychological-
physiological interaction (PPI) analyses with anatomically defined hippocampus and

MPFC, respectively, as seed regions. Using this approach, I was able to test my
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hypothesis that hippocampal-MPFC connectivity would be modulated on a trial-by-trial
basis as a function of subsequent memory and prior knowledge condition. I predicted
greater functional coupling during BC study trials that were later correct relative to those
that were incorrect. Moreover, as this effect should be specific to the overlapping study
trials, I looked for hippocampal and MPFC regions that demonstrated this connectivity
difference more for BC relative to XY trials.

Consistent with my predictions, I found evidence for recruitment of the
hippocampal-MPFC circuit during successful encoding of overlapping information. I
observed significant activation within MPFC (0, 24, -21.6) when hippocampus served as
the seed (Fig. 25A); and conversely, two significant clusters in hippocampus (left: -30, -
32.25,-7.2; right: 37.5, -24.75, -7.2) when MPFC was the seed (Fig. 25B). These effects
did not differ significantly by encoding order. Because my anatomical MPFC ROI
spanned a large region, I also performed this analysis using the regions identified in the
interaction contrast as seeds (i.e., MPFC clusters in Fig. 24B). This analysis yielded
similar results (two hippocampal clusters; left: -33.75, -32.25, -7.2; right: 33.75, -17.25, -
14.4).

Connectivity with FFA

A number of existing studies have shown that prior memories may be reactivated
during encoding of overlapping experiences (Hupbach et al., 2007; Kuhl et al., 2010;
Jones et al., 2012; Zeithamova et al., 2012a; Schlichting and Preston, 2014). Such
reactivation has been linked to better memory for the reactivated content itself (Kuhl et

al., 2010), superior learning of the overlapping content (Schlichting and Preston, 2014),
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and an enhanced ability to make novel judgments that span the two events (Zeithamova et
al., 2012a). Accordingly, I hypothesized that greater functional coupling of hippocampus
and MPFC with face-sensitive visual regions should also be associated with better
subsequent memory specifically for the overlapping associations due to the related A

stimuli being faces.

A HPC seed

Figure 25. Experiment 2B: Task-Phase Functional Connectivity Results

Functional connectivity during overlapping encoding predicts memory updating. Regions for
which functional connectivity with MPFC (A), hippocampus (B), and FFA (C) showed a
significantly greater subsequent recall effect for BC relative to XY pairs during encoding. For (A)
and (B), clusters are significant after small volume correction within hippocampus and MPFC,
respectively. For (C), while the clusters in hippocampus (left) did reach my small volume
corrected cluster size threshold, the cluster in MPFC (right) was one voxel shy of statistical
significance (18 voxels). Coordinates are in mm. HPC, hippocampus.
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To test this prediction, I performed a PPI analysis with each individual’s
functionally defined bilateral FFA as the seed region. I found significant clusters in
bilateral hippocampus (left: -37.5, -21, -14 4; right: 33.75,-17.25, -14.4; Fig. 25C, left). |
also observed a cluster in MPFC that was one voxel shy of the critical cluster size
threshold (cluster size = 18 voxels; 7.5, 31.5, -3.6) (Fig. 25C, right). Results did not
differ significantly by encoding order.

Rest-Phase Functional Connectivity Results

Existing work suggests that hippocampus and MPFC interact during sleep to
integrate and generalize across discrete experiences (Lewis and Durrant, 2011).
Extending these ideas to awake rest periods, I hypothesized that greater hippocampal-
MPFC connectivity following overlapping encoding would be associated with more
memory updating. I interrogated neural engagement following encoding of the
overlapping compared with the non-overlapping associations. I hypothesized that I would
observe (1) integration-related enhancements in hippocampal-MPFC connectivity during
post-BC encoding rest relative to post-XY and (2) that the degree of enhancement would
relate to behavioral evidence for memory integration across participants.

I further interrogated the clusters identified as showing the predicted patterns to
determine how connectivity during post-BC and post-XY rest scans related to different
behavioral signatures. I did this by dividing my group into individuals showing behavior
consistent with a facilitative (BC performance > XY performance) versus interfering (BC
performance < XY performance) effect of prior AB knowledge on BC learning, with XY

pairs serving as the baseline.
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Using a regression approach, I first searched for voxels in hippocampus or MPFC
whose connectivity with the seed region (MPFC or hippocampus, respectively) was
greater following BC than XY encoding. There were no significant clusters in
hippocampus when MPFC served as the seed. However, when seeding with
hippocampus, I observed a significant region of MPFC that showed the predicted
integration-related enhancement (3.75, 16.5, -10.8; Fig. 26A, left), consistent with the
notion that overlapping events trigger a memory updating mechanism. This effect was
driven by enhanced connectivity for BC versus XY in the group demonstrating
behavioral facilitation (Fig. 27A, top).

I also hypothesized that the degree to which participants showed enhanced
connectivity following encoding of overlapping relative to non-overlapping associations
would correlate with their behavioral evidence for memory integration. That is, if the
observed functional connectivity truly reflects integration-specific processes, one would
expect that these connectivity enhancements would support performance only for
overlapping content. Thus, I identified MPFC and hippocampal voxels whose
connectivity was more predictive of BC than XY performance. I found two significant
clusters in MPFC (anterior: 3.75, 50.25, -14.4; posterior: -18.75, 5.25, -10.8) when
hippocampus served as the seed (Fig. 26A, right). Posterior MPFC showed a pattern
consistent with memory updating only in the facilitation group, with greater connectivity
in that group after BC than XY encoding (Fig. 27A, bottom left). Anterior MPFC
demonstrated a similar connectivity enhancement following BC learning for the

facilitation group, but showed the opposite pattern for the interference group; that is,
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greater connectivity following XY than BC encoding (Fig. 27A, bottom right). I also
identified two clusters in hippocampus (left: -26.25, -28.5, -7.2; right: 26.25, -28.5, -7.2)
when MPFC served as the seed (Fig. 26B). These regions both showed patterns
consistent with integration for the facilitation group (Fig. 27B), albeit weakly in right

hippocampus (Fig. 27B, right).

A HPC seed

weighted by
performance

weighted by
performance

Figure 26. Experiment 2B: Rest-Phase Hippocampal-MPFC Functional Connectivity.

Hippocampal-MPFC functional connectivity enhancements during post-encoding rest tracked
integration performance. (A) Left, cluster in MPFC showing greater connectivity with
hippocampus following BC than XY encoding. Right, two clusters in MPFC for which the degree
of functional connectivity enhancement with hippocampus during post-BC encoding rest period
tracked more with BC than XY performance across participants. (B) Hippocampal clusters for
which enhancement tracked more with BC than XY performance. For both panels, clusters are
significant after small volume correction within MPFC and hippocampus, respectively. HPC,
hippocampus.
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Figure 27. Experiment 2B: Rest-Phase Functional Connectivity by Behavioral Signature.

Rest-phase functional connectivity as a function of rest scan and behavioral signature in clusters
demonstrating significant enhancement effects (see Fig. 26). Regions were defined using (A)
hippocampus and (B) MPFC seeds. Connectivity values from the post-BC (orange) and post-XY
(green) rest scans were extracted from these clusters and averaged across participants showing
facilitation (left bar pairs) and those showing interference (right bar pairs). pMPFC, posterior
MPFC; aMPFC, anterior MPFC. Tensor product symbol denotes rest scan by behavioral
signature interaction. Asterisks indicate significant level, * p < 0.05; ** p < 0.01; *** p < 0.001.
HPC, hippocampus.
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Control analyses revealed that these effects did not differ significantly as a
function of encoding order. To limit the possible effects of the immediately preceding
study on rest-phase connectivity, I also performed the above analyses excluding the first
minute of the rest scan. This analysis yielded similar results (hippocampal seed, main
effect MPFC cluster: 7.5, 27.75, -14.4; performance-related MPFC cluster 11.25, 39, -
10.8; MPFC seed, performance-related right hippocampal cluster: 26.25, -32.25, 0),
suggesting that these findings are unlikely to be the result of continuing study-phase
engagement.

I also assessed the across-participant relationship between connectivity
enhancements in these regions and AC inference performance. As expected, all regions
exhibited significant positive associations with inference performance (partial
correlations controlling for XY performance; all r;, > 0.49, all p < 0.003). Moreover,
seeding with MPFC regions defined from the univariate interaction contrast instead of the
large anatomical MPFC ROI yielded similar clusters in hippocampus (left: -15, -39.75, 0;
right: 33.75, -32.25, -7.2). These results are consistent with the prediction that enhanced
hippocampal-MPFC functional coupling following overlapping encoding supports new
learning via the integration of that newly learned content into prior related memories.
Connectivity with FFA

A number of studies in both rodents and humans have provided evidence that
mnemonic content is processed in the brain during offline periods (e.g., rest and sleep)
(Tambini et al., 2010; Jadhav et al., 2012; Deuker et al., 2013; Staresina et al., 2013). For

instance, content-specific increases in hippocampal-neocortical connectivity have been
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demonstrated following associative encoding (Tambini et al., 2010). Such connectivity
enhancements were also related to performance, suggesting that offline processing
strengthens memory for recent experiences. I reasoned that immediately following
overlapping encoding, hippocampus and MPFC might show greater connectivity with
neocortical regions sensitive to the overlapping content (here, A,.,), reflecting
persistence of the memory updating process. That is, although participants most recently
encoded object-object associations in both BC and XY study phases, I predicted that
enhanced functional coupling with face-sensitive regions (FFA) during post-BC relative
to post-X'Y would be associated with superior performance.

Accordingly, I performed a voxelwise regression analysis with FFA serving as the
seed region. I found three significant clusters within hippocampus for which the degree of
connectivity enhancement during the post-BC encoding rest period related more to BC
than XY performance (Fig. 28, left): one in right (30, -21, -14.4) and two in left (anterior:
-11.25, -9.75, -21.6; posterior: -15, -36, 0) hippocampus. Moreover, there was an 18-
voxel cluster in MPFC that was one voxel short of statistical significance at my corrected
threshold (7.5, 1.5, -10.8; Fig. 28, right). Connectivity within these hippocampal and
MPEFC clusters were also significantly related to AC inference performance (partial
correlations controlling for XY performance; all r;, > 0.38, all p < 0.026). These findings
did not differ by encoding order. Similar results were obtained after omitting the first
minute of the rest scan (right hippocampus: 18.75,-24.75, -14 4; left hippocampus: -22.5,

-39.75,3.6; MPFC: 3.75,5.25,-10.8).
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FFA seed

Figure 28. Experiment 2B: Rest-Phase Functional Connectivity with FFA.

Functional connectivity enhancements with FFA during post-BC encoding rest period tracked
more with BC than XY performance across participants in hippocampus (left) and MPFC (right).
While the clusters in hippocampus (left) did reach the small volume corrected cluster size
threshold, the cluster in MPFC (right) was one voxel shy of statistical significance (18 voxels).
Coordinates are in mm.

Structural Connectivity Results

The preceding findings indicate that hippocampal-MPFC activation and
functional coupling predicts subsequent memory updating, both during learning on a
trial-by-trial basis and during offline periods across participants. I hypothesized that the
structural integrity of the white matter tracts connecting these regions would also predict
individual differences in the ability to learn overlapping relative to non-overlapping
associations. Here, I define white matter integrity as fractional anisotropy (FA), a
commonly used measure quantifying the degree to which water molecules diffuse in a
directional manner. High FA suggests high white matter integrity or tract coherence.
There was no relationship between FA in the control (corticospinal) tract and behavior
(i.e., partial correlation with BC and AC performance controlling for XY; BC: r), = 0.29,

p=0.169; AC: r,, =0.28, p = 0.178). However, I did find a positive relationship between
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FA in tracts connecting hippocampus and MPFC (Fig. 29A) and both BC pair memory
and AC inference, after statistically controlling for individual differences in general
memory ability (i.e., partial correlation with BC and AC performance controlling for XY

BC: 1,, = 0.42, p = 0.039, Fig. 29B; AC: r,, = 0.45, p = 0.028).
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Figure 29. Experiment 2B: Structural Connectivity Results

Hippocampal-MPFC structural connectivity predicts memory updating across participants. (A)
Group map depicting overlap across participants of tracts connecting hippocampus and MPFC.
Tracts were determined for each individual using probabilistic tractography, warped to the MNI
template and combined across participants. Colorbar indicates the proportion of participants with
tracts in each voxel. (B) Mean fractional anisotropy (FA) values were extracted for each
participant within the group ROI depicted in panel A. Scatterplot shows across-participant

relationship between FA within hippocampal-MPFC white matter tracts and BC performance,
plotted as residuals after regressing both on XY performance. HPC, hippocampus.

Multiple Regression Results

To investigate the degree to which hippocampal-MPFC structural and functional
connectivity measures independently explained variance in subsequent learning, I next
performed two multiple linear regression analyses with indices of structural connectivity,
functional connectivity, and XY performance as independent variables; and BC and AC

performance, respectively, as the dependent variables. The model fit was significant (F;,,
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=64379,p <1 x 107°), accounting for 88.8% of the variance in BC performance
(adjusted R?). Moreover, all three independent variables showed a significant positive
relationship to BC performance (structural connectivity: 3 = 0.17, p = 0.022; functional
connectivity: § =0.50, p < 1 x 10 XY performance: § =0.92,p < 1 x 10"% all statistics
reflect standardized [3), demonstrating the unique contributions of structural and
functional hippocampal-MPFC connectivity to subsequent learning of related
experiences. Similar results were found in the regression model predicting AC
performance (F,,, = 46.547,p < 1 x 10”; adjusted R* = 0.851; structural connectivity: 3 =
0.20, p = 0.021; functional connectivity: p = 048, p < 1 x 10™* XY performance: =
0.90,p < 1x107).
6.5. DISCUSSION

The present study provides convergent evidence from functional and structural
MRI methodologies that hippocampal-MPFC interactions promote integration of new
content into existing knowledge, both at the level of individual memories and across
participants. This work is consistent with the idea that MPFC resolves competition
among memories through integration (Preston and Eichenbaum, 2013) and promotes
generalization across episodes (Schnider, 2003; Gilboa et al., 2006; Koscik and Tranel,
2012; Warren et al., 2014). I show that recruitment of the hippocampal-MPFC circuit
benefits new learning, providing a neurobiological account of the age-old observation
that knowledge can promote the formation of new, related memories (Bartlett, 1932).
Integration-related signatures were observed in posterior MPFC, consistent with this

region’s proposed role in integrating across inputs (Nieuwenhuis and Takashima, 2011).
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Structural measures also predicted performance, with greater tract coherence between
hippocampus and MPFC being associated with superior memory integration. I further
extend prior human and animal work by showing that content-specific cortical modules
interacted with this circuit in service of integration. Specifically, I found that FFA was
functionally connected to the hippocampal-MPFC circuit when new content related to
previously learned face-object associations.

Enhanced interregional coupling when new learning related to prior knowledge
was observed not only during intentional study, but also during post-encoding rest
periods. Despite the fact that immediately preceding experiences consisted of object-
object associations in both cases, functional connectivity and its relationship to memory
performance differentiated post-BC from post-XY encoding rest periods. I found that
enhanced hippocampal functional coupling with posterior MPFC following overlapping
encoding was associated with behavioral evidence for superior integration. This work
extends theories on the sleep-based mechanisms thought to support memory
reorganization and integration (Lewis and Durrant, 2011) by providing an empirical test
during awake rest. I also observed enhanced hippocampal and MPFC functional coupling
with FFA during this period, suggesting processing of integrated traces incorporating

more remotely encoded but related content (A, items). Taken together, these results

face
suggest a behavioral benefit to offline processing of integrated memories on subsequent
recall of the newly learned information.

Theories propose that hippocampus and MPFC form a highly interactive and

dynamic circuit impacting both encoding and retrieval. In particular, MPFC is thought to
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form memory models (Schacter et al., 2012; St. Jacques et al., 2013) that bias
hippocampal retrieval toward task-relevant memories (Kroes and Fernandez, 2012; van
Kesteren et al., 2012; Preston and Eichenbaum, 2013). When new content overlaps with
existing knowledge, MPFC memory models may thus be activated, guiding hippocampal
retrieval of relevant knowledge. Hippocampal encoding mechanisms would then bind
current experience to the reactivated content to form integrated memory traces (Preston
and Eichenbaum, 2013; Schlichting and Preston, 2015), updating memory models (van
Kesteren et al., 2012) through projections to MPFC.

The present findings build upon these theories to provide an understanding of the
roles played by subregions of hippocampus (Giovanello et al., 2009; Poppenk et al.,
2013) and MPFC (Ongiir and Price, 2000; Nieuwenhuis and Takashima, 2011; Roy et al.,
2012) in memory integration. For instance, univariate analyses revealed that activation in
posterior hippocampus predicted subsequent memory for overlapping associations. As
previous work has implicated posterior hippocampus in representing specific event
elements (Komorowski et al., 2009; Liang et al., 2012; Poppenk et al., 2013; Preston and
Eichenbaum, 2013), one possibility is that posterior hippocampus drives retrieval of
mnemonic details to support new BC encoding.

Notably, in contrast to the univariate activation observed in posterior
hippocampus, task-phase connectivity with MPFC was observed more anteriorly. In
addition to having direct anatomical projections to MPFC (Barbas and Blatt, 1995),
anterior hippocampus has been implicated in forming generalized representations that

span events (Komorowski et al., 2009; Liang et al., 2012; Poppenk et al., 2013; Preston
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and Eichenbaum, 2013). Thus, one possible interpretation of this finding is that detailed
memories reactivated by posterior hippocampus are communicated to anterior
hippocampus, which in turn integrates and transfers them to MPFC. Offline processing of
integrated traces may occur through coordinated hippocampal-MPFC interactions during
rest, with reactivation of episodic detail (posterior hippocampus) and integration across
episodes (anterior hippocampus) occurring simultaneously following overlapping
encoding.

In the present study, I observed effects primarily in posterior aspects of MPFC
(i.e., subgenual MPFC/anterior cingulate cortex [ACC]) during both encoding and rest.
These findings are consistent with work suggesting that this subregion in particular
carries out the integrative functions of MPFC (Nieuwenhuis and Takashima, 2011; Roy
et al., 2012). Subgenual MPFC exhibits a widespread pattern of anatomical connectivity
(Barbas and Blatt, 1995; Cavada et al., 2000; Ongiir and Price, 2000), allowing it to
integrate across limbic inputs during learning. Damage to this region results in reduced
false memory formation (Warren et al., 2014) and poor schema representation (Ghosh et
al., 2014), suggesting its involvement in integrating across sources of information.
Engagement of subgenual MPFC also increases with consolidation (Nieuwenhuis and
Takashima, 2011), perhaps tracking the increasing importance of abstracted neocortical
representations as experiences become more remote. The present work extends these
ideas to suggest that enhanced engagement and connectivity of subgenual MPFC with

hippocampus promotes integration of overlapping events into prior memories. These
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results may thus reflect both learning-phase biasing of hippocampal retrieval mechanisms
toward relevant memories and rest-phase processing of integrated memories.

I also observed performance-related connectivity of anterior aspects of MPFC
(i.e., rostromedial PFC) with hippocampus during rest. Interestingly, this region showed a
different pattern of connectivity than did subgenual MPFC. In anterior MPFC,
connectivity was enhanced during post-BC relative to post-XY rest for individuals who
showed superior BC relative to XY learning, while the opposite pattern was observed for
individuals showing better memory for XY than BC pairs (Fig. 27A, bottom right). One
speculative interpretation of this finding is that while subgenual MPFC integrates
overlapping content, anterior MPFC performs a more general mnemonic function. This
region has been implicated in episodic simulation and future thinking (Okuda et al., 2003;
Addis et al., 2009), which require retrieval and restructuring of episodic details. Thus,
one possibility is that during post-encoding rest, anterior MPFC guides reinstatement of
both overlapping and non-overlapping associations. Enhanced rest-phase anterior MPFC-
hippocampal connectivity may therefore be associated with superior memory for the
preceding pairs, regardless of their relationship to prior knowledge.

Notably, the present findings contrast with a prior study that reported decreased
functional coupling for participants with strong prior knowledge (van Kesteren et al.,
2010a). I propose that there are at least three factors that might account for these
discrepancies. First, while the present study trained both initial and overlapping
associations within a single day, the previous study (van Kesteren et al., 2010a) imposed

a 24-hour delay between initial learning and overlapping encoding. This difference could
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have significant implications for memory processes given the demonstrated importance
of sleep for integrating and generalizing across experiences (Buckner, 2010; Lewis and
Durrant, 2011). Second, the degree of compatibility between existing knowledge and new
experiences —thought to impact integration demands (van Kesteren et al., 2012)—is
difficult to compare across paradigms. Prior work (van Kesteren et al., 2010a) has
theorized that integration demands may be higher when encoding in the context of
incompatible related memories, while this paradigm may encourage resolving
incompatibilities via integration precisely when strong prior knowledge exists
(Zeithamova et al., 2012a; Preston and Eichenbaum, 2013; Bein et al., 2014). Third,
previous work (van Kesteren et al., 2010a) used a large, heterogeneous MPFC ROI to
assess connectivity with hippocampus, thus making it impossible to determine which
subregion might have driven their results. Here, I use a voxelwise approach to
demonstrate that integration-related connectivity enhancements were found only in
posterior MPEC.

I also interrogated white matter structure to find that fractional anisotropy in
hippocampal-MPFC white matter pathways related to memory integration behavior. Prior
work (Gerraty et al., 2014) has shown individual differences in resting-state functional
connectivity relating to memory integration processes that support generalization. In
apparent contrast to the present findings, that study found that intrinsic (i.e., not task-
evoked) hippocampal-MPFC functional connectivity was negatively correlated with
behavioral evidence for memory integration (Gerraty et al., 2014). However,

hippocampus and MPFC also showed opposite connectivity-performance relationships
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with the default mode network (DMN), with low hippocampal-DMN and high MPFC-
DMN connectivity being associated with superior integration. Thus, it is unclear whether
the negative relationship between intrinsic hippocampal-MPFC connectivity and behavior
implies more or less reliance on these structures during integration itself. These results
complement this prior report in suggesting that even stable individual differences in
structure and function of hippocampal-MPFC circuitry relate to complex memory
behaviors. Importantly, these results rely on an unrelated measure of structural
connectivity, highlighting the conceptual convergence across methodologies.

In summary, I demonstrate that fluctuations in hippocampal-MPFC connectivity
track integration demands on a trial-by-trial basis. These findings also provide novel
insight into the timecourse of integration, suggesting the importance of post-encoding rest
periods for offline reorganization of overlapping memories. Evidence of rest-phase
integration was specific to posterior MPFC, consistent with the notion of dissociable
mnemonic functions across MFPC. Moreover, 1 demonstrate how underlying
hippocampal-MPFC structure relates to integration ability, providing insight into why

some individuals are better able to integrate knowledge than others.
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7. Experiment 3: Neural Representations Underlying Inference

7.1. RATIONALE

One of the most difficult problems facing the memory system is simultaneously
representing important commonalities across experiences while still maintaining the
details of individual events. For instance, while in some cases it might be advantageous to
generalize across many trips to the supermarket (e.g., when inferring where to find the
milk in a new store), doing so will not help you remember where you parked your car
during today’s grocery run. From an intuitive perspective, it seems clear that our brains
must represent both—storing separated traces that keep even highly overlapping
memories distinct and integrated traces that combine across memories. Here, I will first
discuss how the tension between these opposing goals has been described in terms of two
hippocampal operations: pattern separation and pattern completion (O’Reilly and Rudy,
2001). I then turn to the aims of the present study, which include (1) assessing the
learning conditions promoting integration over separation and (2) determining the
specific regions supporting each.

On the one hand, the hippocampus has traditionally been conceptualized as a fast-
learning system whose primary purpose it is to rapidly encode pattern-separated
memories for individual events. Under this model, even related events are coded by
largely non-overlapping neuronal populations (McClelland et al., 1995; O’Reilly and
Rudy, 2001; Norman and O’Reilly, 2003). Such a bias in the hippocampus to pattern
separate is thought to support retrieval of specific episodic details after just a single

experience and protect from interference among related memories (O’Reilly and Rudy,
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2001). The complementary learning systems (CLS) framework contrasts hippocampal
function with that of a slow-learning neocortical system, which generalizes across
memories over time (McClelland et al., 1995; O’Reilly and Rudy, 2001; Norman and
O’Reilly, 2003). Thus, according to the CLS model, hippocampus and neocortex will
store complementary separated and integrated memory traces that allow for retrieval of
specific event details and generalizations, respectively. This theory has received a host of
empirical support from studies showing increasing reliance on neocortical over
hippocampal memory representations over time (i.e., as a result of consolidated; Scoville
and Milner, 1957; Zola-Morgan and Squire, 1990; Kim and Fanselow, 1992; Squire,
1992; Rempel-Clower et al., 1996; Bontempi et al., 1999; Haist et al., 2001; Squire et al.,
2004; Douville et al., 2005; Bayley et al., 2006; Takashima et al., 2006, 2007; Gais et al.,
2007; Sterpenich et al., 2009; Smith and Squire, 2009) as recollections become more
schematized (Winocur et al., 2010).

However, alternate theoretical accounts (Eichenbaum, 1999) suggest that under
some circumstances, the hippocampus may forgo its default pattern-separating mode to
instead pattern complete. In particular, when two experiences are substantially
overlapping, the presence of shared features may bias the hippocampus to retrieve, or
pattern complete to, the related memory instead of laying down a new, pattern-separated
trace (O’Reilly and Rudy, 2001). Pattern completion during new memory formation
would result in the recruitment of overlapping populations of hippocampal neurons to
encode the related events (Eichenbaum, 1999; O’Reilly and Rudy, 2001). This

representational scheme, termed nodal coding, is one mechanism by which memories for
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related experiences might become linked to capture regularities across events
(Eichenbaum et al., 1999). Empirical work has demonstrated the existence of such
overlapping codes when experiences share features (Eichenbaum et al., 1999; Wood et
al., 2000; Singer et al., 2010; McKenzie et al., 2013, 2014) and have linked integration-
related neural signatures to a host of flexible behaviors such as novel inference
(Zeithamova and Preston, 2010; Zeithamova et al., 2012a; for reviews see Zeithamova et
al., 2012b; Schlichting and Preston, 2015).

A goal of this experiment was to test the predictions stemming from separation
and integration perspectives to better describe the neural mechanisms supporting memory
flexibility. I sought to tease apart these neural signatures by teaching participants
overlapping AB and BC associations, where the B item was shared between pairs.
Participants later completed a surprise inference test, in which they were asked to link
indirectly related A and C items through their common association with B. I then
interrogated the learning-related changes to the neural representations of A and C
memory elements supporting inference for evidence of separation and integration.

Critically, these two representational schemes make opposing predictions for how
indirectly related A and C memory elements will be coded. Pattern separation predicts
that neural representations for A and C items will become more dissimilar after learning,
as AB and BC memories will be coded by non-overlapping neuronal populations. In
contrast, integration via nodal coding predicts increases in the similarity of A and C
representations. While increased neural similarity in the human hippocampus has been

observed for immediately adjacent items in a temporal sequence (Schapiro et al., 2012),
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similarity increases for indirectly related memory elements remain to be demonstrated.
Importantly, both coding schemes could support novel inference judgments in which
participants linked A and C items (O’Reilly and Rudy, 2001; Kumaran, 2012; Kumaran
and McClelland, 2012; Zeithamova et al., 2012b). In the case of separation, inferences
may be made via a logical recombination process (Zeithamova et al., 2012b) or through
recurrent connections (Kumaran and McClelland, 2012). In contrast, integration would
allow for direct extraction of the inferential A-C relationship from the integrated memory
trace (Zeithamova et al., 2012b; Schlichting and Preston, 2015). Importantly, these
coding schemes are not mutually exclusive; rather, separation and integration may
alternately support successful inference on an event-by-event basis. In this study, I sought
to determine the conditions that bias the memory system towards pattern completion and
integration over pattern separation.

One factor that may influence the neural representations recruited for a given pair
of overlapping events is the manner in which the events are experienced. Existing
theories make opposing predictions for how overlapping events encoded in a blocked
versus intermixed manner may support inference. For instance, schema theory (van
Kesteren et al., 2012) would predict that blocked learning will result in better inference,
as BC information is learned only after AB memories are well established (hereafter
referred to as the AB strength = integration prediction). Such strong AB representations
would promote pattern completion during BC events, thereby allowing for the formation
of overlapping traces (O’Reilly and Rudy, 2001). Consistent with this hypothesis,

existing empirical and theoretical work has suggested that strong initial memories—as is
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the case for blocked learning in the present study —promotes integration across related
episodes (Bartlett, 1932; Heckers et al., 2004; Preston et al., 2004; Greene et al., 2006;
van Kesteren et al., 2013a, 2010a, 2010b, 2012; Zeithamova et al., 2012a; Ghosh and
Gilboa, 2013; Preston and Eichenbaum, 2013; Schlichting and Preston, 2014).

However, signatures consistent with hippocampal integration have also been
observed after just a single experience with the initial AB association (Zeithamova and
Preston, 2010; Schlichting et al., 2014) or when overlapping events are presented in an
intermixed fashion (Shohamy and Wagner, 2008; Howard et al., 2009), suggesting that
strong initial memories are not a prerequisite for integration. One possible explanation for
these findings stems from temporal context theories (Estes, 1955; Howard and Kahana,
2002), which predict that encoding AB and BC in a more similar temporal context leads
to more highly overlapping representations (i.e., more integration). In hippocampal terms,
this might be due to a greater tendency to pattern complete to more recently experienced
events, a prediction that also receives support from models of hippocampal function
(O’Reilly and Rudy, 2001). In this framework, intermixed learning would be expected to
yield learning-related increases in neural pattern similarity for A and C items (hereafter,
AB recency = integration).

In addition to distinct separation and integration signatures across events within a
given brain region, different regions may also preferentially exhibit one type of coding
strategy over the other. For example, recent work suggests dissociable functions across
the hippocampal anterior-posterior axis (converging with rodent work; Moser and Moser,

1998), with anterior generalizing across events and posterior coding for event detail
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(Giovanello et al., 2009; Demaster and Ghetti, 2013; Poppenk et al., 2013). These
findings suggest that while posterior hippocampus might pattern separate overlapping
events, anterior hippocampus would be more likely to integrate.

Outside of the hippocampus, both medial and lateral aspects of PFC have been
implicated in overlapping encoding and successful inference (Schlichting and Preston,
under review; Zeithamova and Preston, 2010; Zeithamova et al., 2012a). Accordingly, I
also interrogated activation in MPFC and IFG in the context of these perspectives to
determine the coding schemes recruited by each. One theoretical framework (Preston and
Eichenbaum, 2013) suggests that while MPFC generalizes across events, IFG represents
individual memories for later recombination. In particular, schema theory (van Kesteren
et al., 2012) suggest that hippocampus interacts with MPFC (van Kesteren et al., 2010a)
to acquire new information in the context of existing knowledge (Tse et al., 2007, 2011),
which can later be flexible applied to make novel judgments (Kumaran et al., 2009). In
this framework, MPFC would be engaged during overlapping encoding, reflecting the
updating of existing memories with new information and the formation of integrated
memory representations. Consistent with this idea, MFPC engagement (Zeithamova et
al., 2012a) and connectivity with hippocampus (Schlichting and Preston, under review;
Zeithamova et al., 2012a) during encoding has been related to neural and behavioral
signatures of memory integration. Thus, I predicted that MPFC would show neural
evidence for integration of indirectly related A and C items in the present study.

In contrast, IFG is thought to protect from interference by maintaining distinct

representations of similar events (Paller and Wagner, 2002; Badre and Wagner, 2007;
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Oztekin et al., 2009; Jenkins and Ranganath, 2010; Ranganath, 2010; Kuhl et al., 2012a).
IFG is recruited during episodic retrieval tasks that require recollection of prior event
details (Mitchell and Johnson, 2009), particularly when distinctive features of individual
events must be isolated (Raposo et al., 2009). Moreover, encoding activation in this
region is associated with successful memory for individual events (Wagner et al., 1998;
Uncapher and Rugg, 2005; Straube et al., 2009; Kuhl et al., 2012b), but does not predict
subsequent inference performance (Zeithamova and Preston, 2010). These findings
provide support for the hypothesis that although IFG plays an important role in memory,
its involvement is not specific to integration. During retrieval, however, IFG activation
does predict inference success (Zeithamova and Preston, 2010), consistent with this
region’s hypothesized role in recombining individual event memories during novel
judgments. Accordingly, I predicted that IFG would separate A and C items.

While the existing literature suggests the importance of hippocampus, MPFC, and
IFG in successful inference, prior work has universally failed to demonstrate the
mechanism by which each contributes. In this experiment, I aimed to move beyond
describing simply where this signature occurs to instead show how these regions
represent overlapping information. Participants viewed rapid presentations of single A, B,
and C items during hr-fMRI scanning both before and after learning of overlapping AB
and BC associations. I assessed learning-related changes in the neural representations of
individual A and C items using neural pattern similarity analysis (NPSA; Fig. 30). As

each participant learned half of the pairs in a blocked and half in an intermixed manner, I
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was additionally able to investigate how changes in neural representations were
modulated by learning condition.

The results of this study are reported in Schlichting et al., in preparation.
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Figure 30. Experiment 3: Predictions for Neural Pattern Similarity Analysis

Schematic depiction of neural pattern similarity analysis and predictions for a subset of six triads.
Triads 1-3 were studied in a blocked manner (pink); triads 7-9 were intermixed (green). For all
matrices, the brightness in each cell represents the change in (A) neural pattern similarity between
an A item (horizontal) and C item (vertical) from pre- to post-study. Black cells indicate no
change in similarity from pre- to post-study; orange cells indicate learning-related increases in
similarity; blue cells indicate learning-related decreases in similarity. White cells represent
comparisons across learning condition (e.g., intermixed item A7 with blocked item C1) and were
excluded from the all analyses. Matrices show predicted item similarities for regions showing
integration for both blocked and intermixed learning (left), separation for both blocked and
intermixed learning (middle), and an interaction with learning condition (right). For simplicity,
only the AB strength - integration prediction is depicted. Inset bar graphs show predicted
average similarities across all within- (darker bars) and across-triad (lighter bars) comparisons.
Integration and separation were operationalized as significantly greater (integration) or less
(separation) within- than across-triad A neural pattern similarity.

7.2. HYPOTHESES
Hypothesis 1: Neural pattern similarity in anterior hippocampus and MPFC will
increase for indirectly related items as a result of learning. As hippocampus and MPFC

are thought to support memory integration, there will be increased pattern similarity from
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pre- to post-study for A and C items from the same triad relative to items from different
triads.

Hypothesis 2: Posterior hippocampus and IFG will exhibit pattern separation,
with decreased pattern similarity for indirectly related items following learning. IFG and
posterior hippocampus may support inference via retrieval of specific events and logical
recombination; thus, these regions may maintain separate memory traces for the
individual related episodes. Accordingly, neural patterns associated with A and C items
will become less similar in these regions as a result of learning.

Hypothesis 3: Blocked learning will be associated with evidence for integration in
anterior hippocampus and MPFC. In accordance with schema theory, blocked learning
will be associated with evidence for integration in anterior hippocampus and MPEFC.

7.3. METHODS
7.3.1. Participants

Thirty right-handed volunteers (15 females; ages 18-27; mean + SEM = 21.7 +
0.5 years) participated in the experiment. Consent was obtained in accordance with an
experimental protocol approved by the Institutional Review Board at the University of
Texas at Austin. Participants received monetary compensation for their involvement in
the study. Data from a total of four participants were excluded for hardware malfunction
(N = 1), failure to complete the experiment due to illness (N = 1), instruction error (N =
1), and low memory performance (N = 1). Low memory performance was defined as

failure to reach above 80% correct on the directly learned (AB, BC) associations as
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assessed during the post-scan memory test. Data from the remaining 26 participants were
included in all analyses (14 females; ages 18-27; 21.6 + 0.5 years).
7.3.2. Behavioral Methods
Materials

Stimuli consisted of 36 multicolored novel objects (a subset of which were
adapted from Hsu et al., 2014) created using Blender, an open source 3D animation suite
(www .blender.org). Novel objects were made to appear physically feasible but distinct
from real-world objects. I chose novel rather than real-world objects to avoid stimuli with
pre-existing knowledge representations and associations.
Procedures

Novel objects were arranged into 12 ABC triads. ABC triads were presented to
participants as overlapping AB and BC pairs, with the B item shared between pairs (Fig.
31A). That is, AB pairs consisted of two novel objects, A and B; the B object was then
later paired with a new novel object C to form a BC pair. Overlapping AB and BC pairs
were divided into two learning conditions comprising 6 ABC triads each: blocked and
intermixed. In the blocked learning condition, all AB pair presentations occurred prior to
the presentation of any BC pairs (Fig. 31A, pink). In the intermixed learning condition,
AB and BC pairs were presented in alternation; that is, for a given ABC triad, the
participant first saw AB, then BC, then AB, then BC, and so on (Fig. 31A, green). For
both conditions, triads were presented in a pseudo-random order, with the constraint that
two pairs from the same triad (multiple presentations of a single AB or BC; or an AB and

its corresponding BC) were not presented in immediate succession. The assignment of
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stimuli to conditions and the order of learning conditions (i.e., whether blocked or

intermixed learning occurred first) were counterbalanced across participants.
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Figure 31. Experiment 3: Memory & Exposure Tasks

Experimental paradigm. (A) During the study phase (middle), participants intentionally encoded
pairs of novel objects. Half of the pairs were presented in a blocked fashion (top, pink); half were
intermixed (bottom, green). Identical stimulus exposure phases occurred immediately before (left)
and after (right) the study task during fMRI scanning. Pre- and post-study exposure phases were
used to obtain estimates of the neural patterns evoked by specific stimuli learned during the study
phase. Trial timing and order were matched between pre- and post-study to avoid introducing
unequal bias into the neural pattern estimates from the two phases. (B) After scanning,
participants completed a two-alternative forced choice test for inference (top, tested first) and
directly learned (bottom, tested second) associations. Participants selected which of the two
choice stimuli (bottom of screen) was associated with the cue stimulus (top of screen). Correct
answers are circled for display only (not shown to participants).

During a study phase (not scanned; Fig. 31A), novel object pairs were presented
on the screen for 3.5 seconds with an ITI of 0.5 seconds (Fig. 31A). Each of the 24 AB
and BC pairs was presented 12 times. The left/right position of stimuli on the screen was
randomized across presentations. Participants were asked to try their best to remember
the pairs by creating a visual or verbal story (e.g., try to picture these objects interacting

in some way); no behavioral response was required during the study phase. Importantly,

193



participants were not made aware of the overlap between AB and BC pairs prior to
beginning the experiment; that is, no instructions were given as to how they should
remember the overlapping associations. The study was broken up into two parts (blocked
and intermixed learning) of 9.6 minutes each, with the order counterbalanced across
participants. Participants were given the opportunity to take a short break between study
portions if they so wished.

Participants were exposed to single items both immediately prior to and following
study during fMRI scanning (Fig. 31A). The goal of the pre- and post-study exposure
phases was to assess the effect of experience on the neural representations of individual
A, B and C items. During this task, participants viewed novel objects on the screen in
isolation while performing an orthogonal change detection task (Kriegeskorte et al.,
2008b). Trials were 4 s in duration. At the beginning of the trial, a single novel object
appeared on screen for 300 ms. At a random time during this 300 ms interval, the
superimposed white fixation cross turned either blue or green. Subjects were instructed to
press a button with their index finger if it turned blue, and a button with their middle
finger if it turned green. Subjects had until the end of the 4 s trial to make their response,
but were asked to respond as quickly as possible without sacrificing accuracy. These
responses were collected solely to ensure attention to the stimuli and were not considered
in the data analysis.

During each functional run, each of the 36 items was presented in isolation
exactly twice. Items were presented in a random order, with the additional constraint that

items from the same triad (e.g., A, B, and C from triad 1) were presented with no fewer
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than two other items in between them. This was done to ensure that the parameter
estimate for the item of interest was not contaminated by lingering activation associated
with another item in the same triad due to the sluggish hemodynamic response. All items
were presented once before any item appeared for a second time (i.e., both halves of each
run contained exactly one presentation of all 36 items). The 72 item trials were randomly
intermixed with 24 null fixation trials (4 s long) (Kriegeskorte et al., 2008b), yielding a
total run length of 6.4 minutes. There were 4 pre-study exposure scans and 4 post-study
exposure scans. The ordering of trials and scans was identical between the pre- and post-
study exposure scans. This was done to ensure that pre- and post-study activation
measures were not differentially impacted by stimulus presentation order (Mumford et
al.,2014).

Following scanning, it was explained to participants that A and C items could be
indirectly related through their common association with a single item, B. After ensuring
that participants understood the inferential test, a two alternative forced choice test over
the inferential (AC) and directly learned (AB, BC) associations was administered (Fig.
31B). All inferential associations were tested before AB and BC associations to prevent
additional learning of the direct associations. As with the study phase, test trials (AC, AB,
or BC) from the same triad were not tested in immediate succession; the order of trials
was otherwise random. A test screen consisted of three items: a cue item at the top of the
screen, and two options on the bottom of the screen. For AC and BC test trials, C items
served as cues; B items served as cues for AB test trials. Participants were instructed to

select which of the bottom two items was associated with the cue with a key press. The
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test was self-paced. Incorrect options (i.e., foils) were always familiar items that were
members of another triad in the same condition (blocked or intermixed learning).
Proportion correct was computed separately for each learning condition (blocked,
intermixed) and test trial (AC, AB, BC) type and averaged across participants.
Differences in performance across conditions were assessed using a 3 x 2 repeated
measures ANOVA with test trial type (AC, AB, BC) and learning condition (blocked,
intermixed) as within-subjects factors.

Prior to scanning, participants had the opportunity to practice study, test and
exposure tasks. The practice study and test stimuli were novel objects that were not
included in the main experiment. The practice pairs were not overlapping, so as to not
encourage any strategy in particular prior to beginning the experiment. The practice
exposure task consisted of a single presentation of each of the 36 items used in the main
experiment. This was done to minimize stimulus novelty effects in the scanner.

7.3.3. Imaging Methods
MR Data Acquisition

Imaging data were acquired on a 3.0T Siemens Skyra MRI system. Functional
data were collected in 72 oblique axial slices using an EPI sequence, oriented
approximately 20° off the AC-PC axis (TR = 2000 ms, TE = 31 ms, flip angle = 73; 128
x 128 x 72 matrix, 1.7 mm isotropic voxels, multiband acceleration factor = 3, GRAPPA
factor = 2). Two field maps were collected (TR = 589 ms, TE = 5 ms/7.46 ms, flip angle
= 5 degrees; matrix size = 128 x 128 x 60; 1.5 x 1.5 x 2 mm voxels) to allow for

correction of magnetic field distortions. One was collected before the first functional run
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(before the first pre-study exposure) and one before the fourth functional run (before the
first post-study exposure). Two oblique coronal T2-weighted structural images in the
same prescription were acquired perpendicular to the main axis of the hippocampus (TR
= 13150 ms, TE = 82 ms, 512 x 60 x 512 matrix, 0.4 x 0.4 mm in-plane resolution, 1.5
mm thru-plane resolution, 60 slices, no gap). A T2-weighted structural image in the same
prescription as the functional images (i.e., coplanar image; TR = 15780 ms, TE = 82 ms,
512 x 512 matrix, 0.4 x 0.4 mm in-plane resolution) and a T1-weighted 3D MPRAGE
volume (256 x 256 x 192 matrix, 1 mm isotropic voxels) were also collected to facilitate
image coregistration, intracranial volume (ICV) estimation using Freesurfer (Desikan et
al., 2006), and spatial normalization to the MNI template brain.
JMRI Preprocessing

Data were preprocessed and analyzed using FSL version 5.0 (FMRIB’s Software
Library, http://www.fmrib.ox.ac.uk/fsl) and Advanced Normalization Tools (ANTS)
(Avants et al., 2011). Motion correction was applied to each functional run using
MCFLIRT, part of FSL. Functional runs were then registered to a single functional
reference run (here, the fourth run) by applying affine transformations calculated in
ANTS to each functional timeseries. Each participant’s coplanar, MPRAGE and mean
coronal structural images were registered to their functional data using affine
transformations implemented in ANTS. The coplanar image was registered to the
functional reference run following fieldmap-based unwarping of the functional data (see
below). Transformations were computed for the MPRAGE to the coplanar image and the

mean coronal to the MPRAGE. Appropriate transformations were concatenated and
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applied such that all structural images were moved to functional space and resampled to
functional dimensions. For each registration to functional space (coplanar, MPRAGE and
mean coronal) resampling occurred only once. Non-brain structures were removed from
the coplanar, MPRAGE and functional images using BET, part of FSL. Brain extraction
for the mean coronal image was performed using the brain mask from the MPRAGE.
With the exception of group-level statistics, all analyses were carried out in the functional
space of each participant.

Pre-statistics processing was carried out using FEAT (FMRI Expert Analysis
Tool) Version 6.00 part of FSL. The following processing was applied: fieldmap-based
EPI unwarping using PRELUDE+FUGUE (Jenkinson, 2003), grand-mean intensity
normalization of the entire 4D dataset by a single multiplicative factor; highpass temporal
filtering (Gaussian-weighted least-squares straight line fitting, with sigma = 50 s); and
spatial smoothing using a Gaussian kernel of 4 mm full width at half maximum
(FWHM). The first field map was used to unwarp the pre-study exposure scans; the
second field map was used to unwarp the post-study scans. This was done to provide
equally optimal unwarping for both scanned phases of the experiment, as any movements
during the intervening 20-minute study phase may have caused small changes in the
magnetic field.
7.3.4. Data Analysis
Regions of Interest

Anatomical ROIs were used to restrict neural pattern similarity searchlight

analyses. Hippocampus was manually demarcated on a custom template generated from
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the mean coronal images; MPFC and IFG ROIs were created on the MNI template brain.
These procedures are described in detail below.

A custom coronal template was generated using ANTS (Avants et al., 2011). The
T2-weighted mean coronal images from a subset of ten participants with canonical
hippocampi were selected for template generation. A bilateral hippocampus ROI was
delineated by hand on the coronal template using established guidelines (Amaral and
Insausti, 1990). Hippocampus was further segmented into head, body and tail subregions
for volume analysis using anatomical landmarks as follows. The posterior boundary of
the hippocampal head was the last slice on which the uncal apex was visible (Weiss et al.,
2005; Poppenk and Moscovitch, 2011). The anterior boundary of the hippocampal tail
was the first slice on which the fornix became visibly separated from the hippocampus
(Watson et al., 1992). Nonlinear transformations were calculated to normalize each
participant’s mean coronal image to the coronal template. The inverse of these
transformations were then concatenated with the coronal to functional (affine)
transformation and applied to the hippocampal ROIs. This process resulted in bilateral
hippocampal head, hippocampal body, hippocampal tail, and overall hippocampal ROIs
in the native functional space of each participant.

Prefrontal ROIs were defined on the MNI template brain. MPFC was delineated
by hand to approximate all cytoarchitectonic subdivisions thought to be part of the medial
prefrontal network, which is most related to limbic structures such as the hippocampus
(Ongiir et al., 2003; Price and Drevets, 2009). IFG was created by summing subdivisions

pars opercularis, pars triangularis, and pars orbitalis derived from Freesurfer (Desikan et
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al., 2006). ROIs were then inflated to allow for variability in neocortical anatomy across
participants and reverse normalized to each participant’s native functional space.
Estimation of Item-Level Neural Patterns

Item-level neural patterns were generated under the assumptions of the general
linear model (GLM) using a modified LS-S approach, which has been described
previously (Mumford et al., 2012). Parameter estimate images associated with each of the
36 novel objects were extracted for each run and each participant using custom Python
routines. Item presentations were modeled as 0.3 s events and convolved with the double
gamma hemodynamic response function. The two presentations of each item were
modeled together in a single regressor. Motion parameters calculated during the motion
correction step and their temporal derivatives were added as additional confound
regressors. Two measures of framewise data quality were also calculated to identify
volumes that may be adversely impacted by motion artifacts: framewise displacement
(FD) and DVARS (Power et al., 2012). FD measures the overall change in head position
from one time point to the next, and is calculated by summing the absolute values of the
derivatives of the six motion parameters calculated during the realignment step. DVARS
measures the overall change in image intensity from one time point to the next. This
index is calculated as the root mean square of the derivatives of the timecourses across all
voxels in the brain. Both FD and DVARS were added to the model as regressors of no
interest (Schlichting and Preston, 2014; Schonberg et al., 2014). Additional regressors
were created for each time point in which motion exceeded a threshold of both 0.5 mm

for FD and 0.5% change in BOLD signal for DVARS (plus one time point before and
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two time points after) (Power et al., 2012). Temporal filtering was applied to the model.
This process resulted in one statistics image for each of 36 items in each of eight runs (for
a total of 288 images per participant).

Neural Pattern Similarity Searchlight

Searchlight neural pattern similarity analysis (NPSA) was carried out in the native
space of each participant using the PYMVPA toolbox (Hanke et al., 2009) and custom
Python routines. This approach was used to identify voxels showing one of the three
hypothesized learning-related signatures in A-C neural pattern similarity: (1) integration
for both learning conditions (Fig. 30, left); (2) separation for both learning conditions
(Fig. 30, middle); (3) interaction, with AB strength = integration (Fig. 30, right); and (4)
interaction, with AB recency -> integration. For the AB strength - integration
interaction, I searched for voxels showing integration for blocked triads and separation
for intermixed triads (i.e., blocked > intermixed x within > across triad similarity). The
AB recency - integration analysis searched for the opposite pattern (i.e., intermixed >
blocked x within > across triad similarity). All analyses were limited to those A and C
items for which the AC inference judgment was correct during the test.

I searched for each of these four effects using searchlights restricted to voxels in
three a priori anatomical ROIs: bilateral hippocampus, MPFC, and IFG. For
completeness, I also ran searchlight analyses across the whole brain, unrestricted to any
particular region. ROIs were defined on custom coronal (hippocampus) and MNI (MPFC,
IFG) template brains as described previously and reverse normalized to each participant’s

functional space to carry out the searchlight analyses. Group ROIs were used to ensure
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that the spatially normalized statistical maps (see below) would be overlapping, thereby
enabling comparisons across the group.

A spherical searchlight (radius = 3 voxels; volume = 123 voxels, except along
ROI boundaries) was swept across each anatomical ROI. For each sphere (i.e., centered
on every voxel in the ROI), a statistic of interest was calculated from the item-level
pairwise comparisons of activation patterns as follows. Pairs of item-level activation
patterns from pre- and post-study exposure phases were compared separately using
Pearson’s correlation, transformed to Fisher’s z, and subtracted, resulting in a post-pre
similarity score for each pair of items (hereafter, change in [A] similarity). Changes in
pairwise similarity for comparisons of interest were then averaged to yield mean within-
(i.e., the average of all within-triad [e.g., A1-C1] comparisons) and across-triad (i.e., the
average of all across-triad [e.g., A1-C2] comparisons) A similarities for blocked and
intermixed learning. Importantly, for both within- and across-triad A similarity
calculations, comparisons were limited to pairs of activation patterns extracted from
different scanning runs. This was done to ensure independence of the activation patterns
going into A similarity calculations, thus preserving the false positive rate (Mumford et
al., 2014). Across-triad comparisons were additionally limited to items from the same
learning condition (e.g., a blocked A item would never be compared to an intermixed C
item; Fig. 30, white cells). (The reader should note that within-triad comparisons are
necessarily limited to items from the same learning condition.)

For each sphere in the searchlight, contrasts representing the three effects of

interest were computed (Fig. 30, inset barcharts) using the mean A similarities as
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follows: (1) integration, blocked within — blocked across + intermixed within —
intermixed across; (2) separation, blocked across — blocked within + intermixed across —
intermixed within; (3) AB strength > integration interaction, blocked within — blocked
across + intermixed across — intermixed within; (4) AB recency —> integration
interaction, intermixed within — intermixed across + blocked across — blocked within.
Contrasts were converted to p-values by comparing the observed contrast value to a
bootstrapped null distribution. I generated null distributions by shuffling within- and
across-triad A similarities (within learning condition) and re-computing the statistic of
interest for each of 1,000 iterations. This p-value was assigned to the center voxel of the
current sphere; the sphere was then shifted and the entire procedure repeated. Conducting
the searchlight NPSA for each participant resulted in four p-value maps for each of the
three anatomical ROIs as well as four for the whole brain.

Each participant’s voxelwise p-values were converted to z-statistics and the
resulting maps were warped to the MNI template (resampled to the functional dimensions
of the present study, 1.7 mm isotropic) by applying nonlinear transformations computed
previously using ANTS (Avants et al., 2011). Z-statistics were then combined across the
group by using nonparametric one-sample t-tests implemented in Randomise (Winkler et
al., 2014), part of FSL. For the whole brain analysis, statistics images were first masked
to exclude white matter. I then applied a primary voxelwise threshold of p < 0.01
(uncorrected) to all group statistics images to identify those voxels surpassing this initial
p-value threshold. Significant cluster sizes within each anatomical ROI (hippocampus,

MPFC, IFG) and across the whole brain were determined using Monte Carlo simulations
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implemented in 3dClustSim, part of AFNI (Cox, 1996). Cluster sizes that occurred with a
probability of less than 0.05 across 2000 simulations were considered statistically
significant. This was performed separately for each ROI and for the whole brain,
restricted to gray matter.

Follow-up Functional ROI Analyses

Because the NPSA searchlights described above interrogated the brain for main
effects and interactions across learning conditions, one possibility is that any observed
effects might be driven by significant within- versus across-triad differences in one
learning condition but not the other. To assess this possibility, I performed a follow-up
analysis in which I assessed the within- versus across-triad A similarities for blocked and
intermixed learning conditions separately within clusters identified in the main
searchlight analyses as showing one of the three effects of interest.

Searchlights were run for each of the following learning-changes in A-C neural
pattern similarity: (1) integration for blocked triads; (2) integration for intermixed triads;
(3) separation for blocked triads; (4) separation for intermixed triads. I searched for these
patterns within hippocampus, MPFC and IFG. With the exception of the contrast values
calculated within each sphere, searchlight analyses at the individual participant level were
identical to those described previously. Contrasts were calculated in the following
manner: (1) integration for blocked triads, blocked within — blocked across; (2)
integration for intermixed triads, intermixed within — intermixed across; (3) separation for
blocked triads, blocked across — blocked within; (4) separation for intermixed triads,

intermixed across — intermixed within. Bootstrapping was performed as described
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previously, yielding four p-value maps for each of the three ROIs for each participant.
Each participant’s voxelwise p-value maps were converted to z-statistics and the resulting
images were warped to the 1.7 mm isotropic MNI template using ANTS (Avants et al.,
2011). Average z-statistics across each cluster identified in the main searchlight analyses
were extracted and compared with zero using a bootstrapping approach. Participants were
resampled with replacement and the average z-statistic across the simulated group was
computed for each ROI on each of 100,000 iterations. P-values were determined as the
proportion of iterations on which the group average was less than zero.

Hippocampal Volume-A Similarity Analysis

I next interrogated the relationship between measures of hippocampal structure
and coding strategy. Specifically, I related the volume of hippocampal subregions (head,
body, tail) to the neural evidence for integration and separation from the pattern similarity
analyses described above. I tested the hypothesis that hippocampal head volume would
relate to the degree of integration, particularly for blocked triads.

I extracted bilateral hippocampal head, body, and tail volumes for each
participant, as well as ICV measures derived from Freesurfer (Desikan et al., 2006). To
account for differences in overall head size (approximated by ICV) across participants,
hippocampal volumes were adjusted using an established analysis of covariance approach
(Raz et al., 2005). As my neural similarity measures, I extracted average z-statistics
representing integration for blocked and separation for intermixed conditions for each
participant across the whole hippocampal ROI. I then z-scored these measures and related

hippocampal subregion volumes to neural similarity using robust regression. Volume
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served as the independent variable and neural similarity served as the dependent variable.
I also performed two robust multiple regressions, with hippocampal head, body and tail
volumes as independent variables and neural evidence for integration in the blocked
condition and separation in the intermixed condition, respectively, as the dependent
measures.
Control Analyses

As encoding order (i.e., whether blocked or intermixed learning occurred first)
was counterbalanced across participants, individuals had substantial differences in
learning experience that might impact their behavioral memory performance and/or
neural coding. Accordingly, I performed control analyses to assess the effects of
encoding order on behavioral and neural measures of interest.
Effects of Encoding Order on Behavior

I first interrogated whether behavioral performance was significantly modulated
by encoding order. I performed a 3 x 2 x 2 mixed ANOVA with test trial type (AC, AB,
BC) and learning condition (blocked, intermixed) as within-subjects factors and encoding
order as the between subjects factor. Memory performance (proportion correct) served as
the dependent measure.
Effects of Encoding Order on A Neural Pattern Similarity

Average z-statistics were extracted for each participant across every cluster
identified in the main searchlight analyses within our a priori anatomical ROIs. These z-
statistics represented the degree to which each participant exhibited the effect of interest

(i.e., the effect that was significant in that particular cluster). I tested whether these values
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differed as a function of encoding order using a two-sample t-test. Correction for multiple
comparisons was performed using Bonferroni correction, yielding a critical p-value of
0.005 (0.05/11 clusters).
Effects of Encoding Order on Hippocampal Volume-A Neural Pattern Similarity
Relationship

I also performed one-way analyses of covariance (ANCOVA) to interrogate
whether the observed relationships between hippocampal head volume and neural
similarity measures differed significantly as a function of encoding order. Hippocampal
volumes (head, body, and tail) served as the predictor variables; neural similarity
(integration in the blocked condition, and separation in the intermixed condition) served
as the response. Encoding order was the grouping variable. Correction for multiple
comparisons was performed using Bonferroni correction, yielding a critical p-value of
0.017 (0.05/3 subregions).
7.4.RESULTS
7.4.1. Behavioral Results

Behavioral performance for both directly learned AB (collapsed across learning
condition; range: 83.3-100%; mean + standard error of the mean (SEM) = 95.8 + 1.3%;
tys = 34.52,p < 1 x 10%') and BC (91.7-100%; 97.4 + 0.8%:; t,; = 61.67,p < 1 x 107)
pairs was well above chance, suggesting that the paradigm provided sufficient training on
the premise associations. AC inference performance (58.3-100%; 904 + 2.3%; t,s =
17.24,p < 1 x 10™) was also above chance. Investigating performance as a function of

learning condition (Fig. 32), I observed only a significant main effect of test trial type
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(F,5 = 6.65,p =0.003), driven by lower AC inference than direct pair (AB, BC) memory
performance. Interestingly, there was no significant main effect of learning condition
(F15=0.43,p=0.518) nor a test trial type x learning condition interaction (F,5, =0.96, p
= 0.390). Because there were no behavioral differences across learning conditions, I note
that any neural differences would not be attributable to differences in performance.
Importantly, encoding order did not significantly affect behavior (main effect of order

and two- and three-way interactions; all F < 1.91, all p > 0.180).
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Figure 32. Experiment 3: Behavioral Results

Behavioral performance as a function of test trial and learning condition. Left bar pair, AC
inference performance for blocked (pink; 33.3-100%, 92.3 + 3.1%) and intermixed (green; 50-
100%, 88.5 + 3.0%) triads. Middle bar pair, AB performance (blocked: 83.3-100%, 96.2 + 1.4%;
intermixed: 66.7-100%, 95.5 + 1.7%). Right bar pair, BC performance (blocked: 83.3-100%, 96.8
+ 1.3%; intermixed: 83.3-100%, 98.1 + 1.1%). Bar heights represent group means; error bars
denote SEM.

7.4.2. Imaging Results
Hippocampal Pattern Similarity Searchlight Results
I first interrogated anatomical hippocampus for voxel clusters showing learning-

related representational changes for indirectly related A and C items. I observed a large
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cluster in right posterior hippocampus (Fig. 33A, blue cluster; MNI template coordinates,
rounded to the nearest millimeter [mm]: x, y, z = 35, -37, -6) that showed a significant
main effect of separation, consistent with the proposed role of hippocampus in
maintaining orthogonalized representations for overlapping events (McClelland et al.,
1995). Follow-up analyses demonstrated significant separation (i.e., larger decreases in
neural pattern similarity for within- than across-triad) in this cluster for both blocked and
intermixed triads when considered separately (both p < 0.005). In contrast, two regions in
anterior hippocampus (left: -18, -16, -23; right: 30, -11, -28) showed a significant AB
strength = integration interaction (Fig. 33A, green clusters). In the left cluster, this effect
was driven by a significant separation effect for intermixed triads (p < 0.0001), while the
integration effect for blocked triads was at trend level (p = 0.081). Effects of both
integration for blocked triads and separation for intermixed triads were significant in the
right hippocampal cluster (both p < 0.047). No regions showed a significant main effect
of integration or an AB recency —> integration interaction. Encoding order did not
significantly impact neural similarity measures in any of the three hippocampal clusters

(Bonferroni-corrected & threshold for significance < 0.005; all t,, < 2.06, all p > 0.051).
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Figure 33. Experiment 3: Hippocampal Pattern Similarity Searchlight Results

(A) Hippocampal regions showing a significant main effect of separation (blue) or an AB strength
- integration interaction (green). Clusters are significant after correction for multiple
comparisons within anatomical hippocampus. Coordinates are in millimeters. (B) Across-
participant relationship between hippocampal head volume (x-axes) and evidence for integration
in the blocked learning condition (y-axis, left scatterplot) and separation in the intermixed
learning condition (y-axis, right scatterplot). Best-fit lines and statistics were calculated using
robust regression.

Hippocampal Volume-A Similarity Results

I next assessed whether the degree to which A neural pattern similarities reflected
integration related to hippocampal structural measures. I predicted that more neural
evidence for integration—particularly in the blocked learning condition—would relate to

across participants to volume of the hippocampal head. This region shares the strongest
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anatomical connections with MPFC (Barbas and Blatt, 1995) and has previously been
implicated in forming generalized representations that span events (Nieuwenhuis and
Takashima, 2011; Roy et al., 2012; Ghosh et al., 2014; Warren et al., 2014), making it a
good candidate region for explaining variability in the coding strategies employed across
individuals.

Hippocampal head volumes were positively related to the degree to which
evidence for integration was observed in the blocked learning condition (f = 044, p =
0.032; Fig. 33B, left), such that larger hippocampal heads were associated with more
evidence for integration. There was no such relationship for separation in the intermixed
condition (f = -0.04, p = 0.839; Fig. 33B, right). Neither hippocampal body nor tail
volumes were significantly related to the degree of integration in the blocked condition
(both IBl < 0.16, both p > 0.466) or the degree of separation in the intermixed condition
(both IBl < 0.21, both p > 0.343).

To further assess the specificity of this effect to the hippocampal head, I next
performed two robust multiple regression analyses. When hippocampal head, body and
tail volumes were simultaneously considered as independent variables, only hippocampal
head volume was a significant predictor of integration in the blocked condition (§ = 0.51,
p = 0.035; for body and tail volumes, both IBl < 0.24, p > 0.293). These findings highlight
the relatively greater contribution of the hippocampal head in integration. There was no
relationship between volume of any subregion volume and the degree of separation in the

intermixed condition (all Ifl < 0.07, all p > 0.776) using robust multiple regression.
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Encoding order did not significantly impact the relationships between
hippocampal head volumes and integration in the blocked condition (main effect and
interaction; both F,,, < 1.80, both p > 0.194) or separation in the intermixed condition
(both F,,, <0.49, both p > 0.490). This was also true for hippocampal body (main effects
and interactions; all F,,, <2.97, all p > 0.099) and tail (main effects and interactions; all
Fi2 <2.52,all p>0.127) volumes.

Prefrontal Pattern Similarity Searchlight Results

Within MPFC, neural pattern similarity searchlights revealed significant clusters
for three of the four possible effects—main effects of integration, separation, and an AB
strength = integration interaction, highlighting the functional hetereogeneity of this
region. A cluster in anterior MPFC exhibited a main effect of separation (Fig. 34, blue; -
3, 58, -26). Follow up analyses revealed significant separation effects in this cluster for
both blocked and intermixed learning conditions (both p < 0.03). A slightly more
posterior cluster demonstrated a main effect of integration (Fig. 34, orange; -6, 37, -19),
with significant effects present in both learning conditions when considered separately
(both p < 0.002). In the most posterior aspects of MPFC (i.e., subgenual cortex), two
clusters demonstrated an AB strength = integration interaction with learning condition
(Fig. 34, green; 13, 13, -21; -8, 10, -26), with integration for blocked and separation for
intermixed triads. In both regions, effects of integration and separation were significant
for blocked and intermixed learning conditions, respectively (all p < 0.033). No regions

showed an AB recency —> integration interaction. Learning-related A neural pattern
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similarities were not significantly related to encoding order in any cluster (Bonferroni-

corrected & threshold for significance < 0.005; all It,,] < 2.63,all p > 0.014).
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Figure 34. Experiment 3: MPFC Pattern Similarity Searchlight Results

MPEFC regions showing a significant main effect of integration (orange), a main effect of
separation (blue), or an interaction with learning condition (green). Clusters are significant after
correction for multiple comparisons within anatomical MPFC. Coordinates are in millimeters.

The searchlight restricted to IFG revealed clusters showing main effects of
separation and an AB strength = integration interaction with learning condition. Main
effects of separation (Fig. 35, blue) were observed in an anterior left region (pars
triangularis subregion; -49, 29, 5) and a more posterior right region (pars opercularis
subregions; 50, 8, -1). Significant separation was observed in both blocked and
intermixed learning conditions for both regions (all p < 0.020). Neighboring regions in
both the left and right hemispheres showed a significant interaction with learning
condition (Fig. 35, green; left: -27, 29, -4, right: 38, 13, 1; in the right hemisphere, this
cluster extended into insula). In both clusters, integration effects were significant for

blocked and separation effects significant for intermixed triad types (all p < 0.039). No

213



regions showed a main effect of integration or an AB recency > integration interaction.
Encoding order did not significant modulate A neural pattern similarities in any region

(Bonferroni-corrected & threshold for significance < 0.005; all It,,] < 2.14, all p > 0.043).

z=2

@ separation @ AB strength — integration

Figure 35. Experiment 3: IFG Pattern Similarity Searchlight Results

IFG regions showing a significant main effect of separation (blue) or an AB strength —=>
integration with learning condition (green). Clusters are significant after correction for multiple
comparisons within anatomical IFG. Coordinates are in millimeters.

Whole Brain Pattern Similarity Searchlight Results

Neural pattern similarity searchlights unrestricted to any particular brain region
revealed a number of clusters showing significant effects of integration, separation, and
both interactions with learning condition (Table 1). Just two regions showed a main

effect of integration, both in prefrontal cortex. In contrast, numerous regions showed a

214



main effect of separation, including ventral occipito-temporal areas, temporal pole, and
insula. Still others showed interactions with learning condition. Regions including
midbrain, PFC and higher order visual regions showed evidence for integration in the
blocked condition and separation for intermixed. In contrast, precuneus, middle temporal
gyrus, and dorsal PFC showed the opposite pattern.
7.5.DISCUSSION

The present study combined hr-fMRI with neural pattern similarity analysis to
investigate the neural representations underlying inference. I showed that the brain
simultaneously maintains both integrated and separated representations of overlapping
events, providing empirical evidence for the assumptions underlying much memory
theory (Bartlett, 1932; Marr, 1970; McClelland et al., 1995; O’Reilly and Rudy, 2001).
These distinct representational coding schemes were dissociable across the brain and
within subregions of hippocampus, MPFC and IFG, highlighting the functional
heterogeneity of these structures. Specifically, within my a priori defined ROlIs, I showed
that posterior hippocampus, bilateral IFG, and anterior MPFC evidenced separation of
overlapping events, with A and C items becoming less similar to one another after
learning. In contrast, mid-MPFC demonstrated integration of A and C items. In other
regions—anterior hippocampus, posterior MPFC, and more medial aspects of bilateral
IFG—these representational changes were modulated by the manner in which the
overlapping events occurred, with blocked learning yielding integration and intermixed

learning yielding separation, consistent with the AB strength = integration prediction.
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Region Laterality Nvox" t,; X Y Z°
Integration
Middle frontal gyrus R 79 306 26 5 47
Frontal pole L 72 299 -15 63 6
Separation
Fusiform/lingual gyrus B 484 297 23 -90 -24
Inferior temporal/fusiform gyrus R 342 333 47 -50 -30
Temporal pole R 320 24 25 10 -48
Pons B 320 384 -11 -37 -45
Hippocampus, posterior R 261 297 25 -30 -7
Midbrain/cerebellum R 261 32 23 -31 -33
Temporal pole/planum porale R 240 333 49 6 -13
Insula/pars opercularis L 223 32 34 -11 -7
Lateral occipital cortex R 204 337 50 -71 3
Supramarginal gyrus (IPL) L 161 344 -54 -35 33
Precentral gyrus B 132 29 1 -31 52
Midbrain/thalamus L 123 344 -5 -35 6
Superior temporal gyrus L 111 263 -61 -19 -1
Precuneus L 106 363 -5 -54 37
Midbrain/parahippocampal cortex L 96 3 -10 -25 -19
Nucleus accumbens B 90 434 4 3 -6
Lingual gyrus L 87 392 -17 -44 -7
Intracalcarine sulcus R 76 411 16 -73 3
Superior frontal gyrus R 69 337 8 20 66
Medial frontal pole R 69 277 4 67 -18
Anterior cingulate gyrus R 67 355 13 34 18
AB strength = Integration (blocked > intermixed x integration > separation)
Midbrain R 328 4 6 -21 -23
Lingual gyrus R 229 333 16 -50 -13
Insula L 205 333 -44 -13 4
Subgenual cortex B 181 242 -6 20 -26
Planum temporale L 124 288 -41 -38 16
Middle frontal gyrus L 98 345 -34 32 35
Putamen R 77 338 25 12 9
Lingual gyrus B 70 358 -5 -76 -11
AB recency 2 Integration (intermixed > blocked x integration > separation)
Pre/Postcentral gyrus R 92 313 40 -23 67
Precuneus R 83 322 9 56 16
Superior frontal gyrus L 72 301 -23 46 37
Precuneus R 72 377 9 -61 37
Middle temporal gyrus R 70 299 56 -2 -36

1.7 mm isotropic voxels
®MNI coordinates, rounded to the nearest mm

Table 1. Experiment 3: Whole Brain NPSA Searchlight Results
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The dissociation of integration and separation signatures along the hippocampal
axis converges with previous research. Specifically, the fact that posterior hippocampus
shows separation across both learning conditions is consistent with existing views on the
role of this subregion in individuating events from other, often highly similar, events
memory (Komorowski et al., 2009; Brown et al., 2010; Liang et al., 2012; Poppenk et al.,
2013; Preston and Eichenbaum, 2013). For instance, recent empirical work in humans
(Hsieh et al., 2014) demonstrated lower neural pattern similarity in posterior
hippocampus between items in overlapping sequences, suggesting that this region
disambiguates overlapping events. The present study builds upon the existing literature to
show that indirectly related memory elements are coded as distinct in this region.

In contrast, anterior hippocampus (particularly on the right) showed evidence for
integration in the blocked learning condition. These results add to a body of work
suggesting the role of this region in forming generalized representations (Komorowski et
al., 2009; Liang et al., 2012; Poppenk et al., 2013; Preston and Eichenbaum, 2013),
processing relational information (Schacter and Wagner, 1999; Davachi et al., 2003;
Jackson and Schacter, 2004; Kirwan and Stark, 2004; Chua et al., 2007), and combining
across episodes (Preston et al., 2004; Addis et al., 2007, 2011; Addis and Schacter, 2008;
Barron et al., 2013). Interestingly, I also found a positive relationship between neural
evidence for integration in the blocked condition and anterior hippocampal (head)
volumes, such that individuals with larger hippocampal heads exhibited more integration.
This result may appear at odds with prior work, which has demonstrated superior

memory ability for individuals with smaller hippocampal heads (Maguire et al., 2000,
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2006; Poppenk and Moscovitch, 2011; Demaster et al., 2013). One possible explanation
that might reconcile these findings is that a tendency to integrate is in fact harmful for
performance on standard memory tasks. Specifically, if a memory task requires retrieval
of episodic details, it may be more advantageous to separate rather than integrate, as
integrated representations may code the commonalities across experiences while losing
the specifics. Thus, one prediction that stems from this finding is that larger hippocampal
heads (i.e., more integration) would be advantageous in the context of a task tapping
generalizations across episodes, while smaller hippocampal heads would be more
beneficial when a pattern separation scheme—supporting retrieval of specific episodic
details—is required.

The specificity of both the integration signature itself and its relationship to
hippocampal head volume to the blocked learning condition is consistent with schema
theory and modeling frameworks (O’Reilly and Rudy, 2001), which suggest that more
robust pattern completion of strong prior memories will lead to a greater likelihood of
overlapping representations. More broadly, these findings corroborate a host of work
suggesting that strong initial memories can serve as a foundation into which new
information is encoded (Bartlett, 1932; van Kesteren et al., 2010a, 2013a, 2013b, 2014;
Schlichting and Preston, 2014; van Buuren et al., 2014) and further suggest that such
mechanisms might depend specifically on anterior hippocampus, perhaps in its
interactions with MPFC.

MPEC is often treated in the fMRI literature as a homogeneous region; yet, it is

becoming increasingly clear that this region, like the hippocampus, comprises functional
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subregions that differ in important ways— perhaps also along the anterior-posterior axis.
In the present study, anterior aspects of MPFC (rostromedial PFC) exhibited separation
of overlapping memory representations. Taken in the context of my prior work
(Schlichting et al., in preparation; Chapter 6) this result suggests a more general
mnemonic function of anterior MPFC, perhaps in processing memories irrespective of
their relationships to one another. In contrast, I observed evidence for integration in
posterior MPFC, converging with previous studies (Schlichting and Preston, under
review; Nieuwenhuis and Takashima, 2011; Roy et al., 2012; Ghosh and Gilboa, 2013;
Ghosh et al., 2014; Warren et al., 2014; Chapter 6). In mid-MPFC, this was true
irrespective of learning condition. In contrast, the most posterior (i.e., subgenual) portion
of MPFC exhibited this pattern for blocked but not intermixed learning conditions,
mirroring the results in anterior hippocampus. While the neural measures reported here
are not based on an index of functional connectivity per se, one possible interpretation of
this parallel is that anterior hippocampus and subgenual MPFC work in concert to form
and store integrated representations. This interpretation is consistent with prior theoretical
(Nieuwenhuis and Takashima, 2011; Preston and Eichenbaum, 2013) and empirical
research (Schlichting and Preston, under review), including work demonstrating the
direct anatomical connection between subgenual MPFC and anterior hippocampus
(Barbas and Blatt, 1995).

Within IFG, I observed regions bilaterally that showed separation and an AB
strength = integration interaction. In the left hemisphere, these regions were both in mid-

IFG, corresponding roughly to pars triangularis/Brodmann area (BA) 45 (Badre and
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Wagner, 2007; Levy and Wagner, 2011). This region has been widely implicated in
resolving competition among similar alternatives and resolving interference (Paller and
Wagner, 2002; Badre and Wagner, 2007, Oztekin et al., 2009; Jenkins and Ranganath,
2010; Ranganath, 2010; Levy and Wagner, 2011; Kuhl et al., 2012a), consistent with a
pattern separation scheme. I also observed a similar pattern in the right hemisphere in
slightly more posterior regions (posterior-IFG or pars opercularis/BA 44; Badre and
Wagner, 2007; Levy and Wagner, 2011). Although right IFG has most often been
implicated in inhibiting motor responses (Aron et al., 2014), some evidence suggests that
right posterior-IFG is also sensitive to relational integration and interference resolution
demands (Cho et al., 2010). Thus, one possible interpretation of the present results is that
both right and left IFG maintain separate representations to resolve interference among
related memories; however, how this function relates to the more widely demonstrated
roles of right IFG in particular (Aron et al., 2014) remains to be studied. I also
demonstrated that under some conditions—in particular, in the context of strong AB
memories—IFG may perform integration. These data suggest that for prefrontal regions,
as in hippocampus, the specifics of the learning experience can influence neural
representation.

At the whole brain level, a number of regions exhibited each of the four potential
effects (i.e., integration, separation, AB strength > integration and AB recency —>
integration), highlighting how complementary neural representations might be stored in
different brain regions to simultaneously accomplish both specificity and generalizability

of memories. I observed a widespread network of regions across the brain that showed
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evidence for separation; in contrast, just two regions exhibited integration irrespective of
learning conditions, both in PFC. While this may appear to contradict the CLS
framework, which proposes integration in neocortical sites, one possibility is that pattern
separation is generally preferred for the neocortex as well as the hippocampus on short
timescales like that of the present experiment. The CLS framework suggests that the
cortex learns slowly over many experiences; thus, it may take more experience with
overlapping associations or more time for such an integration bias to emerge in cortex, as
memory traces become strengthened and consolidated.

Interestingly, midbrain showed both pattern separation across conditions and an
AB strength = integration interaction. Prior work has also implicated the midbrain in
encoding overlapping associations (Shohamy and Wagner, 2008). In one study (Shohamy
and Wagner, 2008), researchers observed that greater test-phase activation in both
hippocampus and midbrain was related to superior ability to generalize across
overlapping experiences. Moreover, changes in learning-phase engagement of these
structures were coupled, consistent with the idea that dopaminergic midbrain inputs
modulate hippocampal mechanisms (Lisman and Grace, 2005; Shohamy and Wagner,
2008). In particular, such inputs may mediate the switch between hippocampal encoding
and retrieval (Hasselmo and Schnell, 1994; Hasselmo et al., 1995; Hasselmo and
McClelland, 1999) by detecting deviations in the environment from memory-based
expectations (Strange and Dolan, 2001; Yamaguchi et al., 2004; Kohler et al., 2005;
Lisman and Grace, 2005; Duncan et al., 2012). In the present study, midbrain signatures

may similarly reflect a mismatch response regulating the switch between pattern
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separation (encoding) and pattern completion (retrieval). Interestingly, midbrain
exhibited the same pattern similarity signatures as did hippocampus, consistent with the
notion that hippocampal processes are modulated by midbrain during the encoding of
overlapping events.

Recent work has also used a pattern similarity approach to investigate learning-
related changes in neural representations following overlapping encoding (Milivojevic et
al., 2015). The authors of that study interpreted their data as suggesting integration of
related and separation of unrelated events (in their case, scenes that either did or did not
fit into a narrative) in MPFC and posterior hippocampus. In contrast, they concluded that
anterior hippocampus exhibited pattern separation on the basis of its univariate response.
These conclusions may be seen as contradicting those put forth by the present study.
However, I argue that there are important differences in the paradigms employed that
may explain these apparent discrepancies and suggesting caution in accepting the
authors’ interpretation of the prior findings.

First, their study (Milivojevic et al., 2015) did not allow for comparisons between
scenes that were part of the same versus different narratives, as it was confounded with
temporal proximity in their experimental design. For this reason, it is impossible to
determine whether the reported effects reflect integration of specific scenes within a
narrative or, rather, a common process engaged for only the scenes that were a part of any
narrative. For instance, an equally plausible explanation of their data is that the increased
neural similarity for related scenes reflects a retrieval process—for instance, recalling

verbal labels used to describe the narratives. Such a process would not be engaged during
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the unrelated scenes, which may indeed elicit a novelty response rather than retrieval.
This would explain both their anterior hippocampal findings and the observed neural
similarity decreases between related and unrelated scenes. Second, I note that their task
explicitly encouraged an integration strategy, as participants were told to determine the
relationships among the scenes in a narrative; this aspect of their design coupled with the
slow trial structure would allow for—or even encourage —explicit retrieval strategies like
the one described above.

I believe the present study addresses these shortcomings to allow for a cleaner
interpretation in the context of existing theory. First, I quantified integration and
separation as the learning-related increases or decreases in similarity for items from the
same relative to those from different triads. This rules out a process account in the
present data. Second, fMRI scanning took place while participants viewed brief
presentations of individual items (e.g., item A,) rather than multi-item events (e.g., A|B,~
in the present study, analogous to the scenes above). Importantly, this allowed for
estimation of item-specific neural patterns. Moreover, the present task design discouraged
the use of intentional strategies, both during the learning phase and during the pre- and
post-study exposure scans. During learning, participants were unaware that they would
later need to link indirectly related A and C items. This design choice was made to
decrease the likelihood that participants would attempt to integrate in preparation for an
upcoming test. Moreover, as the neural data were acquired while participants viewed
rapid presentations of individual items and made an unrelated visual decision, my neural

representations are unlikely to reflect the active retrieval or suppression of related items.
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Rather, I argue that the changes reported here reflect shifts in the neural representations
of the items themselves, which is a claim that cannot be made by previous reports
(Milivojevic et al., 2015).

Here, I provide novel support for the notion that the same memory elements may
be represented in strikingly different manner across brain regions. These results provide
an empirical account for the intuitive notion that memory representations do not come in
a single form; rather, a given experience may have multiple representations, each
advantageous in a different scenario. Moreover, consistent with computational
frameworks, the specific type of learning experience influences representations in
hippocampus and PFC. I demonstrate dissociations across subregions of hippocampus,
MPFC, and IFG, underscoring the importance of considering the functional heterogeneity
of these regions in human neuroimaging research.

These findings suggest a theoretical framework in which posterior hippocampus
supports separation of related events in connection with lateral and rostromedial PFC,
while anterior hippocampus and subgenual MFPC integrate across experiences,
especially when initial memories are strong. In contrast, experiencing related events in
close temporal proximity may lend itself to a pattern separation scheme throughout this
network, as weaker overlapping memories are especially prone to interference. Moreover,
the results presented here provide a promising avenue for future computational research,
which may incorporate neural pattern similarity analyses into formal tests of model

frameworks.
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CONCLUSIONS*

New learning events are not isolated from the past. Encoding in the real world
occurs on the backbone of existing knowledge, with new learning events triggering
retrieval of prior episodes. Retrieved memories then impact how the new information is
encoded into memory. Several influential memory theories—cognitive map (Tolman,
1948; O’Keefe and Nadel, 1978), relational memory (Cohen and Eichenbaum, 1993), and
schema (Bartlett, 1932) theories—propose that new events are encoded in the context of
existing knowledge, resulting in integrated memory networks that relate experiences. As
influential as these theories are, neurobiological research has almost universally ignored
this critical aspect of memory. Instead, the vast majority of studies have focused on
functions of MTL and PFC that link information presented within single episodes. This
dissertation aims to provide an initial understanding of how MTL and PFC interact to
integrate information acquired across distinct events; and how such derived knowledge
can be exploited to support novel behaviors.

The field’s growing interest in understanding these complex, real-world aspects of
episodic memory has been realized thanks to the introduction of elegant behavioral
paradigms and advanced analysis methods for neural data (Hupbach et al., 2007; Tse et
al., 2007, 2011; Zeithamova and Preston, 2010; Kuhl et al., 2011, 2012a; Zeithamova et
al., 2012a; Gershman et al., 2013; McKenzie et al., 2014). This dissertation incorporates

hr-fMRI and pattern information analyses (Polyn et al., 2005; Kriegeskorte et al., 2008a)

4 Portions of this section were adapted from Schlichting ML, Preston AR (2015) Memory integration:
neural mechanisms and implications for behavior. Curr Opin Behav Sci 1:1-8. AR Preston contributed to
the writing of this review paper.
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to precisely characterize the neural systems, computations, and coding strategies that
underlie memory integration and inference. This research provides novel insight into how
MTL regions interact with medial and lateral PFC to promote the formation of memory
traces allowing for flexible memory behaviors. In particular, focusing on MTL at the
level of subregions using hr-fMRI bridges the gap between animal and human research,
allowing for the formation of novel, testable predictions that are relatable across species.
Taken together, these studies greatly inform how the brain uses prior experience to make
sense of new events, a topic of interest to much memory theory and research.

This dissertation tested key but essentially unstudied predictions that memory
integration both facilitates new learning and enables novel inference about related events
by allowing memory to extend beyond direct experience. Broadly speaking, the
experiments detailed here provide converging support for the idea that memories may
become integrated when new learning experiences share content (e.g., a person, place, or
thing) with an existing memory trace. During the new experience, hippocampal pattern
completion reactivates the previously stored, overlapping memory (Zeithamova et al.,
2012b; Preston and Eichenbaum, 2013). Experiment 2A (Schlichting and Preston, 2014)
showed evidence for such reactivation, with engagement of content-specific visual
regions predicting later memory for new associations that were related to prior
knowledge. This finding adds to a body of work evidencing neural reactivation of prior
memories during overlapping learning experiences (Kuhl et al., 2012a; Zeithamova et al.,
2012a; Gershman et al., 2013). Moreover, 1 built upon the existing literature to

demonstrate that both the degree of neural reactivation during learning and behavioral
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measures of integration are mediated by offline processes engaged prior to encoding
(Schlichting and Preston, 2014), consistent with the notion that stronger initial memories
lead to better integration due to facilitated reactivation (O’Reilly and Rudy, 2001).

With the related content reactivated in the brain, hippocampal area CA, is thought
to compare prior memories with incoming information from the environment. CA, may
signal the presence of novelty (i.e., when new experiences violate memory-based
predictions) and facilitate new encoding by increasing the plasticity of neighboring CA,
neurons (Larkin et al., 2014). In Experiment 1, I showed that activation in human CA,
during the encoding of events that overlap with prior experiences relates to a behavioral
measure of memory integration (Schlichting et al., 2014), consistent with the idea that
CA, triggers integration. As demonstrated in animal work (McKenzie et al., 2013, 2014),
the resulting integrated memories are highly structured, with shared elements coded
similarly across experiences. Such a coding scheme could then be exploited to extract
commonalities across episodes and support a host of behaviors. Experiment 3 provided a
novel demonstration of this phenomenon in the human brain, isolating evidence for such
integrated codes to anterior hippocampus. This finding builds upon prior work (Poppenk
et al., 2013) that implicates this subregion in coding commonalities across experiences.
Moreover, I found that whether such codes are recruited depends on the specifics of the
learning experience, converging with Experiment 2A in suggesting that stronger initial
memories promote integration.

MPFC may influence memory integration by biasing reactivation toward

behaviorally relevant memories (Kroes and Ferndndez, 2012; van Kesteren et al., 2012;
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Preston and Eichenbaum, 2013). Across a number of domains, MPFC is thought to
represent mental models that guide behavior (Roy et al., 2012; Wilson et al., 2014).
While its specific role in memory is only starting to be uncovered, some suggest that
MPEFC forms mental models based on mnemonic content (i.e., memory models) (Schacter
et al., 2012; St. Jacques et al., 2013), which may include features such as behavioral
relevance and appropriate response (Kroes and Ferndndez, 2012). These memory models
may be activated when incoming information relates to existing knowledge, with MPFC
selecting specific task-relevant memories for reactivation (Kroes and Fernandez, 2012;
van Kesteren et al., 2012; Wilson et al., 2014). Following integration in hippocampus,
memory models may be updated with new content as needed through direct hippocampal
inputs to MPFC (van Kesteren et al., 2012). Converging with these ideas, Experiment 2B
showed enhanced posterior MPFC engagement and connectivity with hippocampus that
predicted memory integration. I found similar results when interrogating structural
connectivity, suggesting that individual differences in hippocampal-MPFC white matter
integrity might additionally explain tendencies to integrate across participants. Through
this process, MPFC may come to represent integrated memories that have been abstracted
away from individual episodes (i.e., schema) over time (van Kesteren et al., 2012;
Richards et al., 2014). As shown in Experiment 3, posterior MPFC indeed shows
evidence of integration mirroring that of anterior hippocampus, particularly when initial
memories were strong.

A number of studies suggest that memory integration persists into post-encoding

rest (van Kesteren et al., 2010a) and sleep (Coutanche et al., 2013), with offline
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consolidation processes facilitating generalization across episodes. Specifically,
hippocampus-driven reactivation during slow-wave sleep is thought to transform
memories, allowing connections to be formed among representations co-activated in
neocortex (Lewis and Durrant, 2011). This process is thought to promote both the
integration of new information into existing memories and abstraction across episodes in
neocortical regions, particularly MPFC (Lewis and Durrant, 2011). In Experiment 2B, I
extended these ideas to awake rest periods, showing that connectivity enhancements
during learning of overlapping events persisted into post-encoding rest periods and
related to memory integration behaviors. These results are consistent with the notion that
offline periods are important for the strengthening of integrated representations.

While this dissertation focuses primarily on how memory integration supports
performance on a single task, this phenomenon indeed has widespread implications for
behavior and could support performance on a range of tasks. Below, I review recent work
highlighting these benefits across a number of cognitive domains.

Spatial Navigation

Perhaps the most familiar and widely studied form of memory integration stems
from Tolman’s seminal work on cognitive maps (Tolman, 1948). Tolman proposed that
navigation relies on the coherent representation of spatial layouts, which can flexibly give
rise to new inferences about the relative locations of landmarks in the environment
(Tolman, 1948). Recent work in humans has demonstrated a relationship between
hippocampal volumes and the ability to infer novel spatial relationships among a set of

trained landmarks (Schinazi et al., 2013), consistent with the idea that the hippocampus
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constructs integrated spatial maps. A behavioral study further found sleep-related
increases in spatial relational inference (Coutanche et al., 2013), indicating that early
phase consolidation processes may facilitate the construction of cognitive maps.

Moreover, work in rodents demonstrates that the firing patterns of hippocampal
CA, neurons predict animals’ future routes (Pfeiffer and Foster, 2013). These trajectories
can represent even novel paths (Gupta et al., 2010; Pfeiffer and Foster, 2013), suggesting
that the hippocampus —perhaps guided by MPFC (de Bruin et al., 1994)—may support
flexible navigation by simulating and evaluating possible trajectories in the context of
current goals.
Decision Making

Integrated memories may also influence non-mnemonic decision making. For
example, one recent fMRI study (Wimmer and Shohamy, 2012) suggests that the
hippocampus supports the transfer of monetary value across related experiences through
additional recruitment of reward regions. The researchers showed greater reactivation of
prior related knowledge during encoding of new reward information for stimuli that
showed more evidence of subsequent preference shifts, a behavioral index of value
transfer. Hippocampal-striatal functional coupling was also associated with value-related
preference changes (Wimmer and Shohamy, 2012), suggesting that hippocampus may
interact with domain-specific regions (e.g., striatum in value learning tasks) in service of
integration.

Consistent with a domain-general role for hippocampus in memory integration,

rodent work (Blanquat et al., 2013) has found that the hippocampus was necessary for
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updating a known goal location with new value information. These updated memories
may then be transferred to neocortex, as MPFC was necessary for retaining the updated
knowledge to support performance on the next day (Blanquat et al., 2013). Thus,
integrated memories incorporating value information may be maintained as memory
models in MPFC that will later bias behavior. I note that this role for MPFC is likely also
domain-general given its documented involvement in a number of tasks lacking an
explicit value component.
Schemas

Recent attention has focused on the behavioral benefits conferred by memory
schemas. For instance, research in rodents has shown that prior knowledge of a spatial
layout (i.e., a spatial schema) can both facilitate acquisition of new related memories and
speed their consolidation (Tse et al., 2007, 2011). Echoing these results, a number of
human studies have reported behavioral benefits in learning and memory when new
information can be incorporated into an existing schema (Kumaran, 2013; van Kesteren
et al., 2013a, 2014). Application of a schema to a new scenario has also been shown to
recruit hippocampus (Kumaran et al., 2009; de Hoz and Martin, 2014). For example, one
fMRI study (Kumaran et al., 2009) found that while engagement of and connectivity
between hippocampus and ventral MPFC was enhanced during generation of a task
schema, the application of schemas to guide behavior in a novel but similarly structured
task selectively recruited hippocampus.

Rodent (Tse et al., 2011) and human (van Kesteren et al., 2010a, 2013a, 2014)

work further suggests that MPFC may be activated along with hippocampus during
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learning of schema-related information. Recent empirical data indicate that one factor
that may influence the relative engagement of MTL and MPFC is the degree of
consistency between new information and existing schema. Specifically, one study (van
Kesteren et al., 2013a) demonstrated that MPFC engagement was more predictive of
subsequent memory for information congruent with existing schemas, perhaps reflecting
direct encoding of new content into prior knowledge. (The reader should note that this
idea contrasts with standard views of consolidation, which propose that hippocampal
memories are transferred to neocortex after long time periods; however, recent work
suggests the possibility of neocortical encoding of new information independent of the
hippocampus [Sharon et al., 2011; see however Smith et al., 2014; Warren and Duff,
2014]). In contrast, MTL engagement was more predictive of successful encoding of
incongruent information.

One theory (van Kesteren et al., 2012) of schemas suggest that with increasing
congruency, MPFC becomes increasingly able to bias reactivation toward related
memories. Increasing congruency would also be associated with decreasing novelty,
which may result in decreased reliance on hippocampal integration triggered by area CA,.
In such cases, MPFC memory models may guide reactivation and be updated directly,
thus bypassing hippocampal involvement. In contrast, when an existing memory model is
weak or nonexistent, MPFC would play no role in guiding memory retrieval. In this case,
new content would be encoded by hippocampus. Across multiple related experiences
(i.e., when forming a new schema), MPFC may come online (Zeithamova et al., 2012a),

reflecting the emergence of guided reactivation and the abstraction across experiences.
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However, in many cases, new events are likely to be neither entirely novel nor identical
replications of prior experience. These events will instead share a moderate level of
congruency with existing memory models, and would thus be expected to involve both
MPFC and hippocampus.
Creativity and Imagination

Memory integration may also underlie the ability to recombine prior memories to
construct new ideas and imagine future scenarios (Schacter et al., 2012). Consistent with
this notion, recent work (Duff et al., 2013) has demonstrated that hippocampal damage
results in impaired performance on creativity tasks in which participants generate novel
responses on the basis of existing knowledge. MPFC may also support performance in
such tasks; one recent fMRI study (Takeuchi et al., 2012) showed that individual
differences in resting state functional connectivity of MPFC with posterior cingulate
cortex predicted creativity.

Hippocampus and MPFC are also engaged during imagination (Martin et al.,
2011; Barron et al., 2013), particularly when imagined scenarios are rich in episodic
detail. One human fMRI study showed enhanced connectivity between hippocampus and
MPFC during imagination of future scenarios that were later remembered (Martin et al.,
2011), consistent with the notion that these regions are important for creating and
maintaining integrated memories—even those representing imagined events. Another
study (Barron et al., 2013) required participants to construct mental representations of
novel foods from two familiar ingredients. Using an fMRI adaptation paradigm,

researchers found that imagining novel foods engaged the same neuronal populations as
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did the ingredients in both anterior hippocampus and MPFC, reflecting retrieval and
recombination of prior memories during mental construction. The ingredient items
themselves also came to recruit overlapping neuronal populations, perhaps reflecting
integration of the simultaneously reactivated memories. Interestingly, the degree of
representational overlap of the ingredients in hippocampus and MPFC tracked across
participants with subjective value of the imagined foods, suggesting that integration may
be enhanced according to behavioral relevance (here, for high value items).

The findings reviewed here collectively suggest the importance of a hippocampal-
MPEFC circuit for linking related experiences across a number of cognitive domains.
Memory integration has broad implications for behavior, supporting abilities ranging
from navigating our environment to imagining the future. While recent years have
brought a surge of attention to this area of study, I believe this is just the beginning of a
rich scientific enterprise. How do integrated memories give rise to semantic
representations? How do memory integration and behavioral flexibility change across the
lifespan (Brod et al., 2013), and how can these ideas be applied to promote learning in an
educational setting? The research presented in this dissertation offers an empirical and
conceptual framework for investigating these and other critical questions that remain the

subject of future investigation.
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