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Abstract

The visual world is complex and ever changing. To cope in such an environment, the visual sys-
tem must be able to filter and maintain information, even when that information is no longer
visually present. This ability, termed visual short-term memory, is critical for action planning and
other higher-order cognitive functions. In the series of studies detailed in this dissertation, we
have sought to understand the neural processes supporting this short-term storage, focusing on
the retention of visual motion information. We began by analyzing patterns of brain activity, as
measured with functional magnetic resonance imaging (fMRI), during a delayed-recognition task
for single dot motion stimuli. Using a multi-voxel pattern analysis (MVPA) approach, we demon-
strated the successful decoding of individual directions of remembered motion (stimulus-specific
decoding) throughout the memory delay of the trial. Critically, this decoding was only possi-
ble using data from posterior visual regions (those regions traditionally associated with the initial
processing of sensory information), and not from frontoparietal regions that demonstrated robust,
elevated activity during the memory delay. We followed this up with two additional fMRI studies
looking at memory for multiple visual motion directions, one a delayed-recall task for sequentially
presented motion directions, the other a delayed-discrimination task for simultaneous, transpar-
ently presented motion direction. Across these two studies we observed similar results, with no ev-
idence for stimulus representation in the frontal and parietal areas that showed a load-dependent
effect during the delay, but rather strong evidence for representation within posterior visual areas.
We were also able to demonstrate a relationship between the patterns of activity observed during
different memory loads and the precision with which participants maintained items, as well as
evidence for a recoding of the representation throughout the delay. We also performed a detailed
analysis of the specific patterns of blood-oxygen level-dependent (BOLD) activity underlying clas-
sification performance during our single item task, investing the spatial distribution and temporal
stability of these representations. Having demonstrated that frontal and parietal regions are not

involved in the storage of short-term memory information, we sought to investigate what other
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functions these regions might be performing during short-term memory by looking at the con-
nectivity between these elevated delay-period regions and the posterior visual regions identified
as performing the actual storage. In a final study we collected fMRI data while subjects performed
a delayed-recall task for visual motion or color. This data was used to identify areas that were reli-
ably active across the direction and colors trials. These areas were then targeted with transcranial
magnetic stimulation (TMS) during a subsequent electroencephalography (EEG) session, during
which participants performed the same delayed-recall task for visual motion and color. Results
from connectivity analyses with the fMRI data and analyses of the effects of task and memory load
on the TMS-evoked response in the EEG suggested a role for these frontoparietal regions in con-
trolling top-down attention in the support of the memory representations in posterior regions.
Taken together, the results from this work provide strong support for two closely related ideas.
Firstly, that visual short-term memory is accomplished via the recruitment of sensory regions for
storage (the sensory recruitment hypothesis), and that this recruitment is supported by the top-

down guiding of internal attention by frontoparietal regions (the internal attention account).



Introduction

The visual world is complex, dynamic, and cluttered. Yet we have no problems living and interact-
ing in this environment. Information, both relevant and irrelevant to our current behavioral goals,
continually enters and exits the visual scene. To be successful in such a world, the visual system
must retain and represent information that is no longer present in the visual stream. This ability,
termed visual short-term memory, is critical for planning and executing actions and for integrating
information over time. Once information has entered the visual system for initial processing, it
must be maintained and protected so long as it might be relevant to the task at hand.

The underlying neural basis for this ability has been of interest to researchers for decades. How
is it that information can be quickly sorted through and maintained within the brain for short pe-
riods of time? What computational mechanisms allow for such processing by the visual system?
The current work addresses these important questions, focusing on the neural mechanisms sup-
porting the short-term retention of visual motion information.

One popular idea for how this type of information maintenance might occur is via persistent
neural activity that reverberates even in the absence of the original source of the activity. This
idea was first proposed by Lorente de N6 (1933) and then expanded upon by Hebb (1949), who
suggested that transient memory traces could be maintained by reverberations within assemblies
of cells. This persistent reverberatory activity could thus bridge the gap between the initial sensory
encoding of information and more permanent long-term storage that requires structural changes
at the synapse level.

Evidence for this type persistent activity was first reported by Kubota and Niki (1971) in record-

ings done in neurons in dorsolateral prefrontal cortex (dIPFC) while monkeys performed a motor



delayed-alternation task. They identified a subset of neurons with elevated firing rates during
the delay period of the task, between responses. At the same time, Fuster and Alexander (1971)
recorded from neurons in the monkey prefrontal cortex (PFC) and in the medial dorsal thalamus,
finding cells that changed firing frequency during the delay period of a delayed-response task.
No evidence, however, was found to indicate that any of these cells where sensitive to the spe-
cific details of the food reward used to elicit the behavior. Niki (1974a,c,b) demonstrated the first
conclusive evidence for selective, persistent delay-period activity in monkey dIPFC during both
delayed-alternation and delayed-response tasks.

Such persistent activity has since been taken to be a hallmark of temporary storage. In the en-
suing decades following the original discoveries, persistent delay-period activity has been found
in numerous brain regions in the monkey across a wide variety of visual tasks: in inferior tempo-
ral (IT) cortex during serial recognition memory (Baylis and Rolls, 1987; Miller et al., 1993), in
anterior ventral temporal cortex during object delayed-match to sample (Miyashita and Chang,
1988), in posterior parietal cortex (PPC; Gnadt and Andersen, 1988) and PFC (Funahashi et al.,
1989, 1993b) during oculomotor delayed-response. While most studies of primate persistent ac-
tivity require training on the task, it has also been observed in ventral premotor cortex without
training, with cells firing persistently in response to a visual target even when the lights are turned
off and the target is no longer visible (Graziano et al., 1997).

Persistent activity has also been observed in the human with a variety of different imaging
methods in an impressively large number of brain areas across a wide variety of tasks (reviewed
by Curtis and D’Esposito, 2003). The widespread existence of persistent activity throughout the
animal kingdom and throughout the brain supports the original assertion by Hebb (1949) that
reverberatory activity could be a broadly used mechanism for the temporary maintenance of in-
formation.

Given the strong empirical evidence for persistent neural activity, an equally strong compu-
tational modelling literature has sprung up to model this phenomenon. A wide range of models

have been developed, at many different levels of abstraction, to attempt to explain how persistent



activity might be achieved within the brain (e.g., Goldman-Rakic, 1995; Durstewitz, 2009; Fransén
et al., 2006; Wei et al., 2012).

Recent work, however, has begun to call into question the assumption that persistent activity
is indicative of storage and to explore other ways that information may be maintained for short
periods of time. One promising proposal embeds storage within the phase of ongoing neural
oscillations (Lisman and Idiart, 1995; Jensen, 2006; Axmacher et al., 2006; Uhlhaas et al., 2009).
Another promising avenue includes work exploring whether synaptic mechanisms might be in-
volved, such as the residual calcium levels at the presynaptic terminal (Mongillo et al., 2008) or
through GluR1-dependent short-term potentiation (Erickson et al., 2010). Such work is in the
very earliest stages, so it will be some time before each theory can be properly assessed. The extent
to which these models complement or contrast with spiking explanations will help to explain re-
cent empirical findings suggesting information storage in brain regions that do not appear to show
persistent activity (Harrison and Tong, 2009; Serences et al., 2009; Crowe et al., 2010; Riggall and
Postle, 2012; Christophel et al., 2012)

Closely related to the question of how information is retained during short-term memory is
the question of where in the brain this storage takes place. Considerable focus has been placed on
the PFC as the locus of storage, following the proposal by Goldman-Rakic (1987, 1990) that the
persistent activity observed in PFC represents the storage of information in a specialized buffer, as
famously proposed by Baddeley and Hitch in their multiple component model of working memory
(Baddeley and Hitch, 1974; Baddeley, 1987).

An alternative to the specialized storage buffer account is the sensory recruitment hypothesis.
This theory posits that short-term storage is accomplished using the same neural systems used
for sensory processing, rather than specialized storage buffers (Awh and Jonides, 2001; Paster-
nak and Greenlee, 2005; Jonides et al., 2005; Postle, 2006; D’Esposito, 2007; Serences et al., 2009;
Sreenivasan et al., 2014a). Recent empirical evidence for this has idea has emerged, showing stor-
age of orientation (Harrison and Tong, 2009; Serences et al., 2009; Ester et al., 2009; Albers et al.,

2013), more complex stimuli (Christophel et al., 2012; Christophel and Haynes, 2014; Vicente-



Grabovetsky et al., 2014), and visual objects (Linden et al., 2012) within posterior visual regions
specialized for the sensory processing of these features.

Understanding the processes supporting the short-term storage of information are further
complicated by the fact that we are able to store not just one, but many items simultaneously.
Thus any accurate description of the mechanisms supporting short-term retention must explain
multi-item memory. From a descriptive standpoint, based on behavioral and neuroimaging re-
sults, there are currently two popular models for how visual short-term memory storage might
occur. One model posits that short-term memory is best described as slot-based, with individu-
als having a specific number of ‘slots’ with which to hold memory items (Pashler, 1988; Luck and
Vogel, 1997; Zhang and Luck, 2008). Once the number of slots is exhausted, no additional items
can be retained in memory. The slots are envisioned to be able to hold items of roughly any com-
plexity. Under this model, visual short-term storage is limited by the number of items in memory,
not the specific features of the items themselves.

The second model suggests that rather than a specific number of slots, short-term memory is
better thought of as being supported by a shared resource (Wilken and Ma, 2004; Bays and Husain,
2008; Bays et al., 2009). Under this framework, each individual has a finite amount of “memory
resources” that can be used for storage. When only storing one item, all the resources can be
used for that item. As more and more items are added to memory, each receives fewer and fewer
resources (as resources are split among items in memory) and the resolution or detail with which
they can be represented declines.

The aim of the current work is to address these two questions concerning how and where the
brain stores visual information short-term. A series of studies was conducted, using short-term
memory for visual motion as a representative system, exploring these questions in humans with
functional magnetic resonance imaging (fMRI), transcranial magnetic stimulation (TMS), and
electroencephalography (EEG). Visual motion is a particularly interesting feature to use to explore
short-term memory, as motion is ubiquitous in the real world, it is relatively complex, and it’s initial

sensory processing is one of the best understood of all the visual subsystems (Newsome et al., 1990;



Born and Bradley, 2005).

The first study, discussed in Chapter 2, directly tackles the question of where in the brain in-
formation is retained during short-term memory. We scanned participants (fMRI) while they
performed a delayed-recognition task for simple dot motion stimuli. Our goal was to identity,
with multi-voxel pattern analysis (MVPA) methods, patterns of brain activity during the memory
delay that corresponded to specific motion directions in memory. We hypothesized that if ele-
vated, persistent activity is a marker of information storage, we would be able to decode stimulus-
specific remembered motion information from these regions. We found no evidence for stimulus
information within these regions during the delay period. Instead, we found this information in
posterior visual regions which were active during the initial processing of the motion information,
but showed no elevated activity during the memory delay.

Chapter 3 covers a follow-up fMRI study which required participants to remember one, two,
or three directions of motion (presented sequentially) per trial. It also changed the task require-
ments from recognition to recall, allowing us to look at the effects of memory load on the precision
of memory representations. We again used MVPA to probe for patterns of activity related to spe-
cific directions of motion in memory. We tested the hypothesis that areas showing a parametric
increase in activity during the delay with increased memory load (rather than overall elevated ac-
tivity, per se), would contain stimulus representations. As in the first study, we found no evidence
for stimulus representation in the hypothesized areas, instead finding such evidence again in pos-
terior visual regions. We also investigated the relationship between the precision of the recalled
behavioral responses and the neural representations in posterior areas at different memory loads,
demonstrating that the evidence for specific patterns in memory at different loads correlated with
the precision with which individual subjects were able to recall those motion directions.

In a second follow-up (Chapter 4), we increased the difficulty of the task by switching to trans-
parent motion, lengthening the memory delay period, and requiring participants to compare re-
membered directions with a new probe direction and report the direction that the probe had been

rotated relative to the remembered item. The switch to transparent motion, where multiple di-



rections of motion are presented completely overlapping within a single aperture simultaneously,
removed the individuation cues (of temporal sequence or spatial position) often used to individ-
uate items in multiple item memory tasks. We hypothesized that individual directions of motion
would be recoverable (using MVPA) from patterns of activity in posterior visual regions, which
turned out to be true for memory loads of one and two. We also investigated the evolution of
the patterns of activity supporting representation during the trial, finding evidence suggesting a
recoding process happening, within posterior visual regions, after the initial sample presentation
during the delay.

These first three studies all used a similar methodology (MVPA with fMRI data) to answer im-
portant theoretical questions about the short-term storage of visual motion information. Chapter
5 looks in detail at the specifics of exactly what it is that the pattern classifiers are using to identify
and separate specific directions of motion in memory. By looking directly at the weights learned
by the classier during training, we can infer information about the underlying representations
supporting memory. This allowed us to answer questions about the temporal stability and spatial
distribution of these representations.

The final study (Chapter 6) sought to answer the question of what functions, if not storage,
the frontal and parietal areas (which show reliable elevated activity during the delay-period) are
performing during short-term memory. We hypothesized that these regions are involved in the
top-down direction of attentional resources to coordinate the recruitment of sensory resources
for storage and in protecting remembered information from disruption. That is, these regions are
functionally connected to the posterior visual regions performing the actual storage. To test this
hypothesis, we had participants perform a delayed-recall task for direction of motion or colors over
two sessions, an fMRI session and a TMS/EEG session. Participants performed the same task in
both conditions, alternating between blocks of remember direction trials and blocks of remember
color trials. Data from the fMRI session were used to define functionally active targets for TMS.
These data were also used to look for psychophysiological interactions (PPI) between posterior

visual regions and frontal and parietal sites. During the TMS/EEG session, TMS was applied to the



middle temporal area (MT), intraparietal sulcus (IPS), or lateral prefrontal cortex (IPFC) during
the delay period. An analysis of the changes in the TMS-evoked response across task conditions
and memory loads was used to assess effective connectivity changes between frontoparietal and
occipital regions.

Together these studies provide strong support for the sensory recruitment hypothesis: short-
term retention of visual motion information is mediated by the same cortical regions used for
sensory processing. Though not directly involved in storage, load sensitive areas such as PFC and

IPS play a critical role in controlling attention to maintain these representations.



The relationship between working memory
storage and elevated activity as measured

with functional magnetic resonance imaging

Does the sustained, elevated neural activity observed during working memory (WM) tasks reflect
the short-term retention of information? Functional magnetic resonance imaging (fMRI) data of
delayed-recognition of visual motion in human participants were analyzed with two methods, a
general linear model (GLM) and MVPA. Although the GLM identified sustained, elevated delay-
period activity in superior and lateral frontal cortex and in IPS, pattern classifiers were unable
to recover trial-specific stimulus information from these delay-active regions. The converse—
no sustained, elevated delay-period activity, but successful classification of trial-specific stimulus
information—was true of posterior visual regions, including MT+ (which contains both mid-
dle temporal area and medial superior temporal area) and calcarine and pericalcarine cortex.
In contrast to stimulus information, pattern classifiers were able to extract trial-specific task
instruction-related information from frontal and parietal areas showing elevated delay-period
activity. Thus, the elevated delay-period activity that is measured with fMRI may reflect processes
other than the storage, per se, of trial-specific stimulus information. It may be that the short-term
storage of stimulus information is represented in patterns of (statistically) “subthreshold” activity

distributed across regions of low-level sensory cortex that univariate methods cannot detect.

Adam C. Riggall & Bradley R. Postle

Data published in 2012: ] Neurosci 32(38), 12990-12998.



2.1 Introduction

For decades, a prevailing view has been that working memory (WM) storage is accomplished
via sustained, elevated neural activity. Such activity, first identified with extracellular recordings
in the non-human primate (Fuster and Alexander, 1971; Niki, 1974a; Funahashi et al., 1989), has
been observed in numerous areas of the human brain with functional magnetic resonance imaging
(fMRI; Curtis and D’Esposito, 2003). The idea of a role for delay-period activity in storage is
reinforced by its sensitivity to manipulation of memory-influencing factors, such as persistence
across varying delay lengths, and variation of signal magnitude with memory load (Vogel and
Machizawa, 2004; Xu and Chun, 2006; Postle, 2006).

There are, however, complications with the mnemonic interpretation of delay-period activ-
ity. One is cases of activity that appear mnemonic, but can be shown to support other functions,
such as attention or response preparation (Fuster, 2002; Lebedev et al., 2004). Relatedly, lesion-
induced deficits originally interpreted as mnemonic (Jacobson, 1936; Funahashi et al., 1993a) have
subsequently been reinterpreted as reflecting factors other than memory per se (Malmo, 1942;
Tsujimoto and Postle, 2012).

A second complication is that delay-period activity can fail to show properties thought nec-
essary for a mnemonic signal. In one such case, although fMRI activity at several sites was ele-
vated throughout a long delay period (24 seconds), none showed load sensitivity, leaving uncer-
tain whether these regions contribute to storage (Jha and McCarthy, 2000). In another, monkeys
showed excellent short-term memory (STM) for direction of motion despite the absence of direc-
tionally tuned neurons in either the middle temporal area (MT) or the prefrontal cortex (PFC)
that sustained elevated activity across the delay (Bisley et al., 2004; Zaksas and Pasternak, 2006;
Hussar and Pasternak, 2012).

A third complication relates to assumptions of homogeneity of function, often only implied
or tacit, but nonetheless inherent, in massively univariate analyses of neuroimaging data. When
activity is identified in a large volume of “activated” tissue, the extraction of a spatially averaged

signal from contiguous voxels necessarily assumes that all are “doing the same thing”. Further, its
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interpretation entails assuming that this locally homogeneous activity can be construed as sup-
porting a mental function independent of other brain areas. These assumptions, however, are
difficult to reconcile with the increasingly common recognition that neural representations are
high-dimensional and supported by anatomically distributed, dynamic computations (Norman et
al., 2006; Kriegeskorte et al., 2006; Bullmore and Sporns, 2009; Cohen, 2011).

Given these complications, we sought to test core assumptions about elevated delay-period
fMRI activity using an information-based analysis. Multivariate pattern classification was used
to test two hypotheses about STM for visual motion information: 1) that elevated delay-period
activity carries trial-specific stimulus information, and 2) that trial-specific stimulus information
can be encoded in subthreshold patterns of activity. The first tests an assumption that has underlain
most neuroimaging research on WM. Confirmation of the second would extend findings for visual
STM for oriented gratings (Serences et al., 2009; Harrison and Tong, 2009) and offer insight about

the physiological basis of STM for visual motion (Hussar and Pasternak, 2012).

2.2 Materials and Methods

To test our hypotheses we scanned subjects (fMRI) while they performed a delayed-recognition
task for visual motion (Fig. 2.1). We then trained pattern classifiers to discriminate the direction
of motion from individual time points in the trial and tested to see how these classifiers labeled
the data from all the other time points during the trial (creating a decoding time series). A similar
approach has been shown to be sensitive to the dynamics of memory content, capturing changes
in the memory trace on a continuous basis throughout the trial (Polyn et al., 2005; Lewis-Peacock
and Postle, 2008, 2012).

In contrast to analysis methods that assess the magnitude of activity (whether the firing rate of
a neuron or the strength of the blood-oxygen level-dependent (BOLD) signal of one or a group of
voxels), information-based analyses, such as pattern classification, focus on obtaining quantitative

measures of the information content within a given area (Kriegeskorte et al., 2006; Kriegeskorte,
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2011). This approach, often termed multi-voxel pattern analysis (MVPA), uses machine learning
methods to identify patterns of activity that are reliably associated with different stimuli or cate-
gories of stimuli. The extent to which novel patterns of activity can then be correctly categorized
provides a measure of the information available in the underlying voxels (Norman et al., 2006;

Haynes, 2011; Jimura and Poldrack, 2012).

Participants

Ten volunteers (5 females) between 21 and 28 years of age (mean 23.8 years) were recruited from
the undergraduate and graduate student community of the University of Wisconsin-Madison and
paid for their participation. All subjects had normal or corrected-to-normal vision, no reported
history of neurological disease, and no other contraindications for MRI. All subjects gave writ-
ten informed consent according to the procedures approved by the Health Sciences Institutional
Review Board at the University of Wisconsin-Madison. Three subjects (1 female) were excluded

from the Results due to failure to perform the task to criterion level (see Results for more details).

Behavioral Paradigm

Participants were scanned while performing seven runs of a delayed-recognition task for visual
motion. A schematic representation of the experiment is illustrated in Fig. 2.1. Each trial began
with a fixation cross changing color to white, indicating to subjects that they needed to fixate
the cross and prepare for the start of the trial. After 1.5 s a patch of coherently moving dots was
presented (sample, 1 s). Participants were instructed to remember both the direction and the speed
of this motion while maintaining fixation for the duration of the trial. The sample was followed by a
15 s delay-period. Seven seconds into the delay period the fixation cross changed color to indicate
the dimension on which subjects would be making a match/non-match comparison judgement
between the remembered motion and a new set of moving dots; blue indicated they should make
the judgement based on the direction of the moving dots, ignoring speed, while magenta indicated

that they should make the judgement based on speed, ignoring direction. Following the delay, a
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Time

1s

Prepare 1s

Sample

7s
Delay

8s ‘

Cue 1s

1s
Response 2s

Same?

Feedback
Yes/No 9s

ITI

Figure 2.1: Behavioral task. Participants maintained the direction and speed of a sample motion
stimulus over a long delay-period. Midway through this delay period they were cued as to the
dimension on which they would be making an upcoming comparison, either direction or speed.
At the end of the delay period they were presented with a probe motion stimulus and had to in-
dicate with a button press whether it matched or did not match the sample stimulus on the cued
dimension. The dashed gray circle indicates the shape of the aperture the dots appeared in and
was not present within the stimulus display.

second patch of coherently moving dots (probe, 1 s) was presented and subjects were required to
indicate as quickly as possible with one of two buttons if the probe motion matched or did not
match the sample on the cued dimension. After a 1 s response period the fixation cross changed
color to green if the subjects were correct or red if they were incorrect (feedback, 2's). A 10 s
intertrial interval (ITT) followed, during which the fixation cross changed color to gray and subjects
were instructed they could break fixation and relax their eyes.

Sample and probe stimuli consisted of circular patches (15° diameter) of coherently moving
dots. Sample motion could be in one of four directions (42°, 132°, 222°, 312°) and at one of three
speeds (4°/s, 8°/s, 12°/s). Directions were chosen to be off the cardinal axes to reduce potential
verbalizations. Probe stimuli on match trials had the same value in the cued dimension, and a
different value from the non-cued dimension (e.g., for a match trial where direction was cued
the sample might have moved toward 132° at 8°/s, while the matching probe might have moved
toward 132° at 4°/s). On direction-cued non-match trials the probe stimulus was rotated (ran-

domly clockwise or counter-clockwise) by a degree threshold value from the direction of sample
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and the speed was randomly drawn from one of the two values not used in the sample. On speed-
cued non-match trials the probe stimulus speed was changed (randomly increased or decreased)
by a proportional threshold value from the speed of the sample and the direction was randomly
drawn from one of the three values not used in the sample. The threshold values for non-match
direction and speed were updated using separate adaptive staircases (Levitt, 1971) to keep perfor-
mance around 75% correct. The logic of this approach was that by holding task difficulty constant
throughout an experimental session, we could assume comparable fidelity of representation on
trials for which the response ended up being correct versus incorrect. This would maximize sensi-
tivity by allowing inclusion of all trials in the analyses. Before scanning, subjects practiced a block
of 24 trials to familiarize themselves with the experimental procedure and to determine starting
threshold values for non-match trials.

Participants completed 168 trials over the course of 7 runs while in the scanner. Sample stimuli
included all possible pairwise combinations of directions and speeds (12 different combinations,
each seen 14 times). Direction was cued on 96 trials, with the remaining 72 cued for speed. This
disparity balanced the overall number of individual examples at each dimension value across the
cued dimensions. Match and non-match trials were equally likely. The experimental stimuli were
controlled by E-Prime 2.0 (Psychology Software Tools) and viewed through fiber-optic goggles
mounted on the head coil (SV-7012; Avotec). Participants responded via two buttons on a fiber-
optic button box (Psychology Software Tools).

Subjects also performed one block of an MT+ localalizer task, similar to that used by Huk et al.
(2002). In summary, participants viewed alternating 18 second blocks of stationary and moving
dot patterns (alternating from expanding and contracting every second) within a circular aperture

(15°) while maintaining fixation, for a total of 8 blocks of each.

Data Acquisition and Preprocessing

Whole brain images were acquired with the 3T scanner (Discovery MR750; GE Healthcare) at the

Lane Neuroimaging Laboratory at the University of Wisconsin-Madison. For all subjects a high-
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resolution T;-weighted image was acquired with a fast spoiled gradient-recalled-echo (FSPGR)
sequence (8.132 ms TR, 3.18 ms TE, 12° flip angle,156 axial slices, 256 x 256 in-plane, 1.0 mm
isotropic). A gradient-echo, echo-planar sequence (2 s TR, 25 ms TE) was used to acquire data
sensitive to the BOLD signal within a 64 x 64 matrix (39 sagittal slices, 3.5 mm isotropic). Seven
runs of the delayed-recognition task were obtained for each subject, each lasting 12 min, 8 sec
(364 volumes). All task runs were preceded by 10 sec of dummy pulses to achieve a steady state
of tissue magnetization. One run of the MT+ localizer was obtained for each subject, lasting 4.8
minutes (144 volumes).

The functional data were preprocessed using the Analysis of Functional NeuroImages (AFNI)
software package (Cox, 1996). All volumes were spatially aligned to the final volume of the final
run using a rigid-body realignment and corrected for slice time acquisition. Linear, quadratic and
cubic trends were removed from each run to reduce the influence of scanner drift. For univariate
analyses, data were spatially smoothed with a 6 mm FWHM Gaussian kernel and transformed into
Talairach space (Talairach and Tournoux, 1988). For classification analyses, data were z-scored

separately within run for each voxel. Data were not smoothed and were left in their native space.

Univariate Analyses

Each within-trial event of the delayed-recognition task (i.e., sample, pre-cue delay, cue, post-cue
delay, probe, response) was modeled separately for direction- and speed- cued trials. Sample and
probe were modeled as 1 s boxcars, each delay as a boxcar of appropriate duration, and the cue
and response as impulses. All were convolved with a canonical hemodynamic response func-
tion (HRF). Each of these independent regressors was entered into a modified general linear
model (GLM) for analysis using AFNI. For the present purposes, a more generous boxcar-shaped
covariate was used to model the delay-periods (rather than a more conservative mid-delay delta
function (Zarahn et al., 1999; Postle et al., 2000)), to ensure that we would not miss any delay-active
voxels, although at the expense of likely also being sensitive to some variance that is attributable

to the sample presentation. In this way, we implemented a generous feature selection step that
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included as many “delay active” voxels as possible for MVPA, thereby being careful not to exclude
any such voxels that may potentially carry stimulus-specific information. The localizer was mod-
eled with boxcars for both stationary and moving dot patterns. This localizer was used to insure

that the regions of interest used for the MVPA analysis included MT+.

Pattern Classification Analyses

Classification was performed using the Princeton Multi-Voxel Pattern Analysis (http://www.pni.
princeton.edu/mvpa) toolbox and custom routines in MATLAB (The MathWorks, Natick, MA,
USA). Preprocessed fMRI data from individual trial time points were used to train separate clas-
sifiers to classify the direction of motion (4 possible directions) or the speed of motion (3 possi-
ble speeds) in the sample and by inference, the direction/speed of motion in memory (stimulus-
specific classification), or to classify whether the subject had been cued that direction or speed was
the relevant dimension on a given trial (trial-dimension classification).

Classification was accomplished using L2-regularized logistic regression (LR), a linear classi-
fication approach used widely in the machine learning community and well suited for applica-
tion to fMRI data as it tends to generalize well after learning in high-dimensional feature spaces
with limited training examples (Pereira et al., 2009). The lambda penalty term, which reduces
the contribution of less informative voxels to classification and thus improves generalization, was
determined (A = 25) by repeating the wholebrain testing procedure described below for penalty
terms at powers of 10 from -4 to 4, then at a finer grained resolution within the best interval.
The penalty term was chosen to maximize the mean decoding performance across all subjects.
During decoding, a trial was considered correctly classified if the correct direction/speed had the
highest likelihood estimate (winner-take-all classification). Overall classification accuracy was de-
termined using leave-one-trial-out cross-validation, in which the classifier was repeatedly trained
on data from all but one trial, and then tested on the left out trial, rotating through all the trials as
the left out testing trial.

Stimulus-specific classifiers were always trained with data from direction-cued trials or speed-
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cued trials, never both. Testing of trained classifiers was done on trials of both type. This allowed
us to compare how representations changed when subjects were cued that they would be judging
speed, and thus direction was no longer relevant, and vice versa. Trial-dimension classifiers were
trained and tested on all data.

In order to examine the dynamics of the memory trace, each classifier was trained using data
from only a single time point in the trial (e.g., the first volume acquisition following the target)
and then tested on all time points in the left-out trial (i.e., including both time points preceding
and following the training time point). The result of this procedure is a time course of decoding
accuracy for the entire trial. By doing the initial training of the classifier using different time points
in the trial (e.g., a time point just after the sample, a time point in the later part of the delay, etc.),
it was possible to estimate the stability of a given representation throughout the duration of the
trial.

Classification was initially performed on whole brain data that had undergone a basic feature-
selection step whereby only those voxels that showed a main effect for task (t > 2) in the univariate
GLM were included. This step was included to reduce the chances of overfitting during train-
ing. Subsequent region of interest (ROI)-based analyses used only those voxels within individual
ROIs, created from the intersection of anatomically defined ROIs and voxels that showed either
significant sustained delay-period activity or no delay-period activity, depending on the specific
hypothesis. Four anatomically defined ROIs were hand drawn for each subject by tracing gray
matter on the high-resolution anatomical scans: frontal, parietal, lateral occipital and temporal,
and medial occipital. The frontal region included the entire precentral sulcus (PCS) and the pos-
terior portion of the inferior frontal sulcus (IFS). For finer-grained analyses, this was subdivided
into three frontal ROIs that showed robust delay-period activity: the superior rostral bank of the
PCS bounded superiorly by the intersection of the superior frontal sulcus (SFS); a more inferior
portion of the rostral bank of the PCS bounded ventrally by the intersection with the IFS; and the
caudal third of the IFS. The parietal region included the entire intraparietal sulcus (IPS) and the

superior parietal lobule (SPL). For finer-grained analyses, it was also subdivided into three ROIs:
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medial-caudal IPS comprising the descending segment and the caudal half of the horizontal seg-
ment, dorsolateral IPS comprising the rostral half of the horizontal segment and the ascending
segment, and SPL. The lateral occipital and temporal region included all of the lateral occipital
gyrus, the fusiform gyrus, the posterior portion of the middle and inferior temporal gyri and the
posterior portion of the inferior temporal sulcus. The medial occipital region covered the medial
portion of the occipital lobe from the lingual sulcus to the occipitoparietal sulcus, including all of
the calcarine sulcus.

The significance of classifier performance was determined using a random permutation test
(Golland and Fischl, 2003) to determine the likelihood of observing a specific accuracy under the
null hypothesis that there is no relationship between the data and the specific class labels used to
train the classifier (directions/speeds of motion). A null distribution was generated by rerunning
the entire classification cross-validation procedure 1000 times, randomly shuffling the class labels
each time. A p-value was then computed by determining the proportion of permuted accuracies
that were higher than the observed accuracy. This procedure was repeated for all classification

results.

2.3 Results

Behavioral Results

Task difficulty was equated across subjects by feeding real-time, trial-by-trial performance infor-
mation to a staircasing algorithm that dynamically adjusted the difficulty of non-matching probe
stimuli (direction and speed independently) so as to maintain performance at a target level of
75% correct. Overall mean behavioral performance (n = 7) was 80.38% correct for direction trials
and 80.32% correct for speed trials, both slightly better than the target performance level because
several subjects reached a predefined minimum threshold value, at which point the staircase pro-
cedure could no longer reduce the threshold to further increase task difficulty. The average non-

match direction threshold was 10.9° (SD 5.33°). The average non-match speed threshold was a
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38% change (SD 15.3%). Three subjects were dropped from the study because their inordinately

high thresholds indicated that they were responding at random.

Univariate Results

To test the first hypothesis, that elevated delay-period activity carries trial-specific stimulus infor-
mation and can thus be interpreted as a neural correlate of memory storage, we first identified
areas showing elevated, sustained delay-period activity by solving a massively univariate GLM for
each subject. The resultant individual thresholded statistical maps were then used, on a subject-
by-subject basis, to select the voxels used for training the classifiers. Group-level statistical maps
for the sample-evoked (Fig. 2.2A) and delay-period (Fig. 2.2B) activity illustrate several impor-
tant characteristics. Activity evoked by the sample was widespread, located bilaterally in posterior
visual areas, lateral occipitotemporal regions including the inferior temporal sulcus (including
the putative MT+ complex identified with the localizer), IPS, posterior IFS and SFS, and PCS.
Delay-period activity was more circumscribed, with clusters of significant activity (p < 0.05, false
discovery rate (FDR) corrected) bilaterally in the IPS, IFS, and PCS. This pattern of elevated ac-
tivity agrees with many other findings from studies of visuo-spatial WM (Curtis and D’Esposito,

2003).

Whole Brain Pattern Classification

Before directly testing our hypotheses, it was necessary to demonstrate that motion information
could be decoded on a time point-by-time point basis. All analyses were performed on single-
subject data, with statistical reliability subsequently assessed across the sample. For each subject’s
data, a set of four classifiers was trained to discriminate the direction of the sample motion stimulus
(and by inference, the remembered motion direction; 4 possible directions), each using feature-
selected whole-brain data from direction-cued trials and restricted to a single time point within the
trial. The first classifier (Sample) was trained on data from only the time point 4 seconds after the

sample onset, which corresponds to the peak of the sample-evoked response. The second classifier
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A. Sample
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Figure 2.2: Univariate GLM results. (A) Sample-evoked, and (B) Delay-related activity, as es-
timated from a group-level GLM, thresholded at p < 0.05, FDR corrected, and displayed on a
representative subject’s inflated surface. Note that images are for illustrative purposes only, as all
analyses were performed on single-subject data. Superimposed is an outline of MT+ as defined
by the localizer. Note for this region that it is robustly activated by the sample, but that its ac-
tivity does not differ from the baseline during the delay period. A qualitatively similar pattern is
observed in calcarine and pericalcarine cortex. LH, Left hemisphere; RH, right hemisphere.
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(Late Delay) was trained on data from the time point 16 seconds after sample onset, corresponding
to the post-cue portion of the delay period, prior to the onset of the probe stimulus. The third
classifier (Probe) was trained on data from the time point 20 seconds after sample onset (4 seconds
after probe onset), corresponding to the peak of the probe-evoked response. The final classifier
(ITI) was trained on data from the time point 26 seconds after sample onset, corresponding to the
middle of the intertrial interval. This classifier was included as a control, as we would not expect
there to be any stimulus-specific information retained once the trial had been completed.

Each trained classifier was then used to construct a decoding time course of direction repre-
sentation on every trial time point from the held-out direction-cued trials. This approach allowed
us to detect changes in the neural representation of information across the trial. For example, by
training a classifier on data from very early in the trial (i.e., Sample), we would expect to capture
early, sensory-based representations. By testing such a classifier on every time point in the trial,
we could determine if such a representation remains stable throughout the trial, or if it deterio-
rates over time. Similarly, training a classifier with data from a time point late in the delay-period
(Late Delay) might capture a recoded representation (e.g. verbal or numeric or clock-face), which
would be expected to be absent at the beginning of the trial and to strengthen over the course of
the delay-period when we look at the time point-by-time point decoding performance of that clas-
sifier. By limiting our training data to a single time point during the trial, we hoped to maximize
our ability to resolve time point-by-time point changes, at the expense of lower signal-to-noise for
the classifier inputs.

Results from this analysis can be seen in Fig. 2.3A. The mean decoding accuracy for the Sample
classifier was significantly above chance (25 %, p < 0.05, permutation test) throughout the entire
delay period. Similar results were obtained with the Late Delay and Probe classifiers. These results
suggest that the memory representation remains relatively stable and unchanging across the delay
period. Decoding accuracies for the ITI classifier were always near chance, which was expected
given the absence of any stimulus-related information for the classifier to learn (i.e., signal from

8 sec after the offset of the memory probe would not be expected to carry information about the
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Figure 2.3: Whole brain direction-decoding results. Decoding time courses after training
on whole-brain data from direction-cued trials. (A) Decoding of direction information from
direction-cued trials. (B) Decoding of direction information from speed-cued trials. Each wave-
form represents the mean direction-decoding accuracy across subjects (n = 7) for a classifier
trained with data limited to a single time point in the trial and then tested on all time points in the
hold out trials (e.g., the green line illustrates the decoding time course from a classifier trained on
only data from time point 4, indicated by the small green triangle along the x-axis.) Horizontal
bars along the top indicate points at which the decoding accuracy for the corresponding classifier
was significantly above chance (p < 0.05, permutation test). Schematic icons of trial events are
shown at the appropriate times along the x-axis. Data are unshifted in time.

stimulus from the preceding trial). As with the univariate analyses, all trials were included in the
analyses. Follow-up analyses using only correct trials produced qualitatively similar results.

To assess the specificity of the classification, the set of classifiers trained to discriminate di-
rection with data from direction-cued trials were also used to decode direction information from
speed-cued trials. (Fig. 2.3B). Classification with the Sample, Late Delay and Probe classifiers was
above chance for time points before the cue, when subjects needed to hold both speed and direc-
tion information in memory, but fell to chance levels following the cue, suggesting that subjects
discarded direction information when it was no longer relevant to the current trial.

Two features in the data confirm that successful Late Delay decoding of direction-cued trials
represents the sustained retention of stimulus information and does not reflect an artifact of the
slow recovery of the hemodynamic response, nor effects of motion adaptation. First, if the results

were purely driven by the residual hemodynamic response to the sample stimulus, or to adaptation,
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we would expect to see similar decoding performance on both direction-cued and speed-cued
trials, because the sample stimuli are identical across these two conditions. Second, such “residual”
effects would also result in successful decoding by the ITT classifier, which was trained with data
10 seconds following the probe stimulus (compared to 16 seconds following the sample for the
Late Delay), which it clearly does not.

The whole-brain classification procedure was also applied to the stimulus dimension of speed,
using data from only speed-cued trials. Unlike direction, however, classifier performance never
exceeded chance for any time point during the trial. Because subjects performed these trials at
the same level of proficiency as direction-cued trials, we interpret this null result to mean that the
representation of speed, at least across the range used in this experiment, may be carried out on too
fine a spatial scale neurally to be discriminated with our fMRI procedure. It is also possible that by
collapsing across different directions when classifying the speed trials we added too much noise to
the signal to classify, given the close relationship between speed and direction (Born and Bradley,
2005). Additionally, the use of only three speeds may have encouraged a coding strategy that varied
over time (e.g., verbal labels that changed as the stimuli became more familiar to subjects). The

remainder of the Results and Discussion will focus on decoding direction information.

ROI-Constrained Classification

To test our first hypothesis—that elevated delay-period activity carries stimulus-specific information—
we repeated the classification procedure that we used with the whole brain data, but applied it to
only those voxels in the frontal or parietal cortices that showed elevated delay-period activity as
identified with the univariate analysis. As can be seen in the average BOLD time series in Fig. 2.4A
and 2.4B, each of these areas showed elevated activity that was sustained throughout the delay pe-
riod. However, decoding performance for motion direction never differed from chance in either
area, regardless of the time point used to train the classifier (Fig. 2.4E and 2.4F). Therefore, we
failed to find evidence that the sustained, delay-period BOLD activity in these regions carried

stimulus-related information; the first hypothesis was not supported. To rule out the possibility
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Figure 2.4: ROI BOLD and decoding time courses. (A-D) Average ROI BOLD activity. Data
from direction-cued trials use solid lines and speed-cued trials use dashed-lines, bands cover av-
erage standard error across subjects. (E-H) ROI stimulus-direction decoding results and (I-L) ROI
trial-dimension decoding results. Graphical conventions same as Fig. 2.3. All averaged across in-
dividual data from 7 subjects.

that using such large ROIs may have obscured the presence of stimulus-representation in smaller
regions, we repeated the ROI-classification with the smaller, more specific ROIs described in the
Methods section. Results in all smaller ROIs mirrored those of the larger regions: no evidence for
stimulus-related information was found in any of the regions.

To test our second hypothesis—that stimulus-specific information can be recovered from sub-
threshold patterns of activity (i.e., activity whose signal intensity does not surpass a statistical
threshold in conventional univariate analysis)—we repeated the classification procedure as above,
limiting the training data to only voxels in medial occipital or lateral occipital and temporal cor-
tex that showed no evidence of elevated activity during the delay period in the GLM. As can be
seen in the average BOLD time series in Fig. 2.4C and 2.4D, these regions showed large sample-

and probe-evoked responses, as well as smaller cue-evoked responses, but no sustained, elevated



24

delay-period activity. Decoding performance from these regions, however, was significantly above
chance throughout the delay-period (Fig. 2.4G and 2.4H).

Although these posterior regions did not show sustained delay-period activity at the group
level (Fig. 2.2B.), there were voxels in the individual-subject data of each subject that did. The
results of pattern classification did not change appreciably when these voxels were included or
excluded from the analyses. Additionally, when the classifiers were trained only on these poste-
rior delay-active voxels, in no subject was decoding performance sustained at above-chance levels
across the delay period. Overall, these findings were consistent with the second hypothesis, that
brain regions can carry stimulus-specific information in a sustained manner despite the absence
of sustained, above-baseline levels of activity.

These results form a double dissociation, with frontal and parietal regions showing elevated,
sustained delay-period activity but no delay-period stimulus representation, and posterior regions
the converse. One possible concern about applying these results to our understanding of WM
storage, however, is that doing so requires the acceptance of the null MVPA findings in frontal
and parietal cortex. Might it be the case, for example, that these regions are simply less amenable
to MVPA (perhaps, e.g., because they represent information at a finer grain of spatial detail than is
measurable with our fMRI methods)? To address this possibility, we trained a new set of classifiers
on a different discrimination - cue identity (i.e., whether the relevant stimulus dimension was
direction or speed) — and repeated the procedure with each of the four ROIs. As shown in Fig. 2.41-
L, the relevant trial-dimension was decodable from each of the four ROIs. Importantly, for each
this was only true for the Late Delay and Probe time-point trained classifiers, and only for time
points following cue presentation. These results indicate that frontal and parietal regions are not
inherently “undecodeable” with our methods, and, thus, lend more credence to the possibility that

they did not represent stimulus-specific information during the delay period of our WM task.



25

2.4 Discussion

The aim of the present study was to test long-standing views about the relationship between the
short-term retention of information and sustained delay-period activity. Using an information-
based analysis approach with fMRI data collected during a delayed-recognition task for visual mo-
tion, we tested two hypotheses: first, that sustained, elevated delay-period activity carries stimulus-
specific information; and second, that stimulus information can be encoded in distributed patterns
of subthreshold activity. To test the first hypothesis we trained pattern classifiers with BOLD sig-
nal from frontal and parietal areas that showed sustained, elevated delay-period activity. We failed
to find evidence that these voxels carried stimulus-specific information during the delay period.
To test the second hypothesis, we applied the same procedure to BOLD data from posterior re-
gions that showed robust responses to visual stimuli, but no elevated delay-period activity. The
classifiers were successfully able to decode the remembered direction throughout the delay period,
providing strong evidence in support of this hypothesis.

The first finding can be seen as a failure to support an enduring assumption in cognitive neu-
roscience, albeit one that is increasingly being called into question (Curtis and D’Esposito, 2003;
Lebedev et al., 2004; Curtis and Lee, 2010; Lewis-Peacock and Postle, 2012). Although on its own
it might be qualified as a null result, there are several factors that must influence its interpretation.
Most saliently, it is paired with a positive result using the same method, and derived from statis-
tically “subthreshold” voxels located in areas that are active during the perception of the to-be-
remembered information. Empirical evidence thus shows that this method is sensitive. Indeed,
although there remains some controversy about the physiological and representational factors
that underlie the patterns of activity that correspond to different brain states (Freeman et al., 2011;
Thompson et al., 2011), we are not familiar with any suggestion that there may exist brain states
to which MVPA is less sensitive than traditional analysis of activation levels of individual voxels
or groups of voxels. To the contrary, the near-consensus view is that MVPA methods are more
sensitive than traditional activation-based analyses (Kriegeskorte et al., 2006; Norman et al., 2006;

Haynes, 2011; Lewis-Peacock and Postle, 2012; Jimura and Poldrack, 2012).



26

Further, although we cannot rule out the possibility that stimulus information might be repre-
sented in frontoparietal cortex at either a spatial scale that is too fine to be detected with our fMRI
methods, or perhaps via a signal to which BOLD is relatively insensitive (e.g., low-frequency oscil-
lations in local field potentials), we did demonstrate that this is not a limitation for the decoding of
trial-specific task instruction-related information. From this perspective our results are consistent
with, for example, the finding from monkeys that PFC and posterior parietal cortex represent the
category to which a stimulus belongs (Freedman and Assad, 2006; Swaminathan and Freedman,
2012). It is also worthy of note that although MVPA has been applied successfully to sensory pro-
cessing in topographically organized cortex (e.g., the decoding of orientation (Harrison and Tong,
2009; Serences et al., 2009)), it has also been successfully applied to “higher level” processing in
polymodal cortex. Thus, for example, MVPA has demonstrated contextual reinstatement during
episodic memory retrieval (Polyn et al., 2005), the recognition of individual faces (Kriegeskorte
et al., 2007), and neural correlates of free choice (Soon et al., 2008), all entailing the decoding of
information from polymodal temporal, parietal, and/or frontal cortex.

Consistent with our preferred interpretation of the null findings in frontal cortex are several
factors. First, there are the results from extracellular recording in monkeys performing a similar
task with similar stimuli, where no evidence for direction-selective persistent activity was found in
the PFC throughout the delay period (Zaksas and Pasternak, 2006; Hussar and Pasternak, 2012).
Second, a similar pattern to the MVPA results that we describe here has been reported for STM
for four categories of visual objects (Linden et al., 2012) and for complex artificial visual stimuli
(Christophel et al., 2012). Third, the fact that STM can be intact despite lesions of PFC (D’Esposito
and Postle, 1999; Tsujimoto and Postle, 2012) is consistent with the failure to find physiological
evidence for STM representations in this region.

The frontoparietal network that has been a focus of this study is known to support the en-
dogenous control of attention (Corbetta and Shulman, 2002; Beck and Kastner, 2009; Noudoost
et al., 2010). Interestingly, one account of WM storage is that it is supported by this same top-

down mechanism (e.g., Armstrong et al., 2009; Curtis and D’Esposito, 2003; Postle, 2011). From
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this perspective, the sustained delay-period activity observed in this study may correspond to a
control signal that does not vary with stimulus identity. Future work would need to reconcile
this possibility with the finding that multivariate patterns of frontoparietal activity do discrimi-
nate between directions of motion during a sustained attention task (Liu et al., 2011). In addition
to specifically memory-related functions, many other functions might be supported by sustained
delay-period activity of frontal and parietal regions. Because the frontal and parietal activity ob-
served in the present study (Fig. 2.4) resembles activity that has been reported in countless prior
neuroimaging studies (Curtis and D’Esposito, 2003), it may well be that it does not correspond
to a stimulus-specific or even task-specific function. More general demands that many cognitive
tasks (including working memory tasks) have in common include decision making (Curtis and
Lee, 2010), prioritizing certain task-relevant representations and/or processes over others (Miller
and Cohen, 2001), monitoring the environment to control the processing of potentially interfering
exogenous events (Chao and Knight, 1998; Postle, 2005), actively representing a “behavioral set”
(Woolgar et al., 2011), and monitoring behavior so as to prevent prepotent responses (Knight and
D’Esposito, 2003), including perseverative responses (Milner, 1963; Tsujimoto and Postle, 2012).
(Note that although the behavioral set account might be consistent with the successful decoding of
cue identity in frontal and parietal regions, this explanation does not generalize to the first portion
of the delay period.) This is, of course, an incomplete list.

One important question for future study is the nature of the mental codes with which subjects
represent motion information across the delay period. In the monkey, a psychophysical study
using backward masking provided evidence that the initial memory trace is perceptually based,
retaining a high-fidelity representation of the sample (including such trial-irrelevant information
as the local velocity of individual dots in the random-dot motion stimulus). This representation
only endured few hundred milliseconds into the delay period, however, perhaps because, in this
study, the animals could predict the major features of the impending memory probe (Zaksas et al.,
2001). Although the BOLD signal did not afford high temporal resolution in the present study,

results with classifiers trained on different portions of the trial suggested that the mnemonic repre-
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sentation is relatively stable. We cannot know with certainty, however, whether this representation
was primarily perceptual, motoric, or categorical in nature, or perhaps some combination of these.
Our working assumption is that the mnemonic representation of direction was perceptually based,
because it is from visual regions that we were able to recover stimulus direction information. Had
subjects used, for example, a covert eye-movement strategy, we would have expected to have been
able to decode stimulus information from frontal and parietal regions (Ikkai and Curtis, 2011).
The same reasoning makes us skeptical that subjects depended on a verbal strategy for remem-
bering either direction or speed. We did not, however, monitor eye movements, nor take steps to
discourage covert speech.

The results presented here highlight the differing conclusions that can be drawn from activation-
vs. information-based analyses of the same data set. In so doing, they raise questions about the
longstanding belief that information retained during working memory is stored via sustained
delay-period activity, preferentially in frontal and parietal cortex. Instead, the memory trace may
be represented in patterns of “subthreshold” levels of activity distributed across regions of low-

level sensory cortex.



Distributed patterns of activity in sensory
cortex reflect the precision of multiple items

maintained in visual short-term memory

Traditionally, load sensitivity of sustained, elevated activity has been taken as an index of stor-
age for a limited number of items in visual short-term memory (VSTM). Recently, studies have
demonstrated that the contents of a single item held in VSTM can be decoded from early visual
cortex, despite the fact that these areas do not exhibit elevated, sustained activity. It is unknown,
however, whether the patterns of neural activity decoded from sensory cortex change as a func-
tion of load, as one would expect from a region storing multiple representations. Here, we use
multivoxel pattern analysis to examine the neural representations of VSTM in humans across
multiple memory loads. In an important extension of previous findings, our results demonstrate
that the contents of VSTM can be decoded from areas that exhibit a transient response to visual
stimuli, but not from regions that exhibit elevated, sustained load-sensitive delay-period activity.
Moreover, the neural information present in these transiently activated areas decreases signif-
icantly with increasing load, indicating load sensitivity of the patterns of activity that support
VSTM maintenance. Importantly, the decrease in classification performance as a function of
load is correlated with within-subject changes in mnemonic resolution. These findings indicate
that distributed patterns of neural activity in putatively sensory visual cortex support the repre-

sentation and precision of information in VSTM.

Stephen M. Emrich*, Adam C. Riggall*, Joshua J. LaRocque & Bradley R. Postle
* These authors contributed equally
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3.1 Introduction

Although performance on many everyday cognitive tasks depends on the ability to maintain and
manipulate multiple items in visual short-term memory (VSTM), it remains unclear precisely how
multiple visual items are represented simultaneously in the brain. A widely accepted hallmark of
VSTM storage is the presence of sustained, elevated delay-period activity (Fuster and Alexander,
1971; Funahashi et al., 1989), which is thought to underlie the “active” mechanisms of short-term
maintenance. In human neuroimaging, the sensitivity of this activity to load is considered even
stronger evidence for VSTM storage. For example, functional magnetic resonance imaging (fMRI)
signal in intraparietal sulcus (IPS) increases with increasing memory load and asymptotes at ap-
parent capacity limitations (Linden et al., 2003; Xu and Chun, 2006).

More recently, studies using multi-voxel pattern analysis (MVPA) have demonstrated that the
identity of a single item held in VSTM can be decoded during the delay period from early visual
regions (e.g., V1-V4, MT), even in the absence of sustained delay-period activity (Harrison and
Tong, 2009; Serences et al., 2009; Riggall and Postle, 2012). Although these more recent findings
suggest that VSTM representations are coded in distributed patterns of activation in early visual
cortex, it remains unclear whether such presumably sensory-based representations respond to
changes in VSTM load and, critically, how these changes may reflect load-dependent changes in
VSTM performance.

The present study investigated the sensitivity of sensory-cortex-based short-term memory rep-
resentations to memory load by acquiring fMRI while subjects performed delayed recall of one,
two, or three presented directions of motion (Fig. 3.1). Pattern classifiers were trained to classify
the remembered direction of motion and we examined how direction-specific classifier evidence
changed as a function of VSTM load. The manipulation of load also enabled us to investigate the
neural basis of precision in VSTM. Recent evidence suggests that there is a measureable decline
in the level of detail or “precision” of VSTM representations as information load increases (Bays
and Husain, 2008; Zhang and Luck, 2008; van den Berg et al., 2012). According to these mod-

els, this decrease in mnemonic resolution reflects a decrease in the proportion of neural resources
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dedicated to each representation. Accordingly, we predicted that this loss of mnemonic resolution
as a function of load should be reflected in classification performance, reasoning that declines in
both classification performance and behavioral precision may result from noisier neural represen-
tations. Relating classification performance to behavioral precision would be strongly consistent
with the idea that patterns of activity in sensory cortex reflect the neural representation of infor-
mation held in VSTM, even in the absence of sustained, elevated delay-period activity in these

regions.

3.2 Matrials and Methods

Participants

Ten right-handed volunteers, three female, ages 23-31 years (median = 25.5 years), from the Uni-
versity of Wisconsin-Madison community participated in the study for a small remuneration
($15/h). All subjects provided informed consent according to the procedures approved by the
Health Sciences Institutional Review Board at the University of Wisconsin-Madison. Subjects had
normal or corrected-to-normal vision, no contraindications for MRI, and no reported history of

neurological disease.

Stimuli and procedure

Participants underwent fMRI while performing six runs of a delayed recall task for visual motion
(Fig. 3.1). A gray fixation cross (~0.22°) was presented at the beginning of each trial on a black
background and was changed to white 2 s before the onset of the memory sample. The memory
sample lasted a total of 2 s (1 TR), during which 3 patterns of dots were presented. Dot patterns
were circular patches (~11° diameter) of dots (~0.13°) with a density of ~0.7 dots-per-square de-
gree. Dot patterns were centered around the fixation and uniquely and randomly presented in red,
green, or blue without repeating colors within a trial. Each dot pattern was presented for 500 ms

and stimuli were separated by an interstimulus interval of 250 ms. On any given trial, one, two, or
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three of the dot patterns could be moving with 100% coherence at 2.75°/s while the remaining dots
(loads 1 and 2) remained static. On 90% of trials, one of the presented directions was sampled from
one of three directions (7°, 127°, 247°). These were the directions used as labels for the patterns
used to train the classifier and were also selected as the probed (target) directions on those trials.
Because we wanted behavioral estimates of precision to correspond directly to the neural data, the
probed item was always the stimulus with one of these three directions of motion. The remaining
moving patterns on these trials were sampled randomly from the 360° space. No restrictions were
placed on the selected directions of these remaining items. On the remaining 10% of trials, all
moving patterns were randomly selected, including the probed direction, to prevent participants
from learning the target directions. The sample display was followed by an 8 s delay period, over
which participants were instructed to remember the direction of motion of all moving patterns.
After the delay, a probe display appeared for 5 s. The probe consisted of a colored circle (~11° in
diameter) with a line (~4.5°) extended between the center of the screen and random location on
the circumference of the circle. Participants were instructed to rotate the line so that it matched as
closely as possible the direction of motion of the color-matching dot pattern. Participants rotated
the line by pressing buttons that rotated the line 10° clockwise, 10° counterclockwise, or flipped
it 180°. The starting position of the line segment was randomly selected, with the constraint that
it was presented within a multiple of 10° of the probed sample direction. On those trials in which
one of the critical items was presented, the probe color always matched the color of the critical
stimulus. On the remaining 10% of trials, the probed stimulus direction was randomly selected.
The temporal position of the target stimulus was also counterbalanced within each block. A 7 s
intertrial interval followed the probe, during which the fixation cross changed to gray.
Participants performed 180 trials over the six runs in the scanner. Each block contained 27
critical trials, three of each load X direction X temporal position pairing, as well as three non-
critical trials, one of each load. The color of the sample was always randomly selected. Experi-
mental stimuli were controlled by the Psychophysics Toolbox (http://psychtoolbox.org; Brainard,

1997) running in MATLAB (MathWorks), presented using a 60 Hz projector (Silent Vision 6011;
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Figure 3.1: Behavioral task. Schematic of the delayed-recall task performed by participants while
undergoing fMRI. On every trial, participants were presented with 3 patches of dots displayed
within a single 2s TR and instructed to remember the direction of motion of the moving dots.
Memory load was manipulated by varying the number of dot patterns that contained 100% coher-
ent motion. After the 8 s delay, participants indicated the direction of the probed (color-matching)
direction by rotating the angle of the line segment. The dashed gray circle indicates the shape of
the aperture the dots appeared in and was not present within the stimulus display.

Avotec), and viewed through a coil-mounted mirror.

Data Acquisition and Preprocessing

Whole brain images were acquired with the 3T scanner (Discovery MR750; GE Healthcare) at the
Lane Neuroimaging Laboratory at the University of Wisconsin-Madison. High-resolution T1-
weighted images were acquired for all subjects with a fast spoiled gradient-recalled-echo (FSPGR)
sequence (8.132 ms TR, 3.18 ms TE, 12° flip angle, 156 axial slices, 256 x 256 in-plane, 1.0 mm
isotropic). blood-oxygen level-dependent (BOLD)-sensitive data were acquired using a gradient-
echo, echoplanar sequence (2 s TR, 25 ms TE) within a 64 x 64 matrix (39 sagittal slices, 3.5 mm
isotropic). Six runs, each lasting 13 min (390 volumes), were obtained for each subject. The first
three TRs from each run were removed before analysis to achieve a steady state of tissue magneti-

zation.
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Behavioral Analysis

Behavioral performance was assessed using the mixture-model developed by Zhang and Luck
(2008) and extended by Bays et al. (Bays et al., 2009; Zokaei et al., 2011). This model breaks
down the distribution of error (the angular deviation between the sample direction and the in-
dicated response direction) into estimates of target accuracy [proportion of responses toward the
target direction (Pt)], error [nontarget responses (Pn7) and guesses (Pg)], and measure of pre-
cision (K, or concentration; the variability of recall of the target and nontarget responses). That is,
responses are modeled to be a mixture of a Von Mises distribution (a circular analog of the Gaus-
sian distribution) with a concentration of k for all target and nontarget responses plus a uniform
distribution of random responses (guesses). The concentration parameter, K, corresponds to the
variability of the target (and nontarget) responses, with larger values indicating less variability.

The model is defined as follows:

A A I &, A 1
p(6) =Prd (6 —0) + PNTHZM@ —07) +Pa—

where 0 is the target motion direction, 0 is the response direction on a given trial, Pt is the prob-
ability of reporting the target direction, and PN is the probability of reporting a nontarget direc-
tion (of m nontarget directions). Pg is defined as 1 — P+ — Py, and represents the probability
of responding at random (Bays et al., 2009; Zokaei et al., 2011, each contain figures depicting the
relationship between the response distribution and the model parameters).

Parameter estimates for Pt, PN, P, and k were obtained using maximum-likelihood estima-
tion (expectation maximization) using MATLAB routines (available at http://www.bayslab.com).
Responses were entered for each trial, and separate estimates were obtained for each participant

and condition.
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Imaging Analyses

Functional data were preprocessed using the Analysis of Functional NeuroImages (AFNI) soft-
ware package (http://atni.nimh.nih.gov; Cox, 1996). All volumes were spatially aligned to the final
volume of the final run using a rigid-body realignment and corrected for slice-time acquisition.
Linear, quadratic, and cubic trends were removed from each run to reduce the influence of scan-
ner drift. For univariate analyses, data were spatially smoothed with a 6 mm FWHM Gaussian.
For classification analyses, data were z-scored separately within run for each voxel. Data were not

smoothed and were left in their native space.

Univariate region-of-interest analysis.

The goal of these analyses was to identify regions of interest (ROIs) in which the activity, either in
response to stimulus presentation or during the delay period, varied monotonically with load. We
did this by solving a modified general linear model (implemented in AFNI) in which regressors
modeling the sample presentation and delay period were generated as 2 and 8 s boxcars, respec-
tively, and convolved with the canonical hemodynamic response function supplied with AFNI.
This approach is commonly used to discriminate transient, “stimulus-evoked” activity that returns
to baseline upon the offset of the sample from activity that persists at an elevated level across the
delay period despite the absence of stimulus input (Postle et al., 2000). The model also included
three levels of stimulus load (1, 2, and 3).

Figure 3.3 illustrates regions in which “sample” and/or “delay” activity varied significantly with
load. To construct ROIs for hypothesis testing MVPA analyses, the parameter estimates used to
produce the map shown in Figure 3.3 were used to identify regions for which load sensitivity of
the sample epoch was statistically greater than load sensitivity of the delay epoch (“Sample ROI”)

and regions for which the converse was true (“Delay ROI”).
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Anatomically defined ROIs.

In addition to the univariate ROIs, MVPA was also performed on anatomical ROIs created with the
automatic parcellation routines (Fischl et al., 2008) implemented by FreeSurfer (http://surfer.nmr.
mgh.harvard.edu/). These ROIs included: V1 and V2, middle temporal area (MT), intraoccipi-
tal sulcus (including the transverse occipital and superior occipital sulci) and intraparietal sulcus
(including the transverse parietal sulcus). All voxels within the anatomical ROIs were included in
the MVPA analyses.

Note that we did not include frontal areas among anatomical ROIs for two reasons. First, many
previous studies using fMRI, fMRI-guided repetitive transcranial magnetic stimulation, and pa-
tients with frontal lesions have either failed to find load sensitive delay-period activity in frontal
cortex (Postle et al., 1999; Feredoes and Postle, 2007) or failed to find that disruption of frontal
cortex affects the retention of multiple items (D’Esposito and Postle, 1999; Postle et al., 2006; Fere-
does et al., 2007; Koenigs et al., 2009). Second, two recent studies using MVPA methods similar to
those used here failed to find evidence for delay-period retention of stimulus-related information

in frontal cortex (Christophel et al., 2012; Riggall and Postle, 2012).

Pattern classification analyses.

To examine the neural representations associated with VSTM maintenance, we trained pattern
classifiers to classify each of the three critical directions of motion and examined classifier sensi-
tivity for each direction using a leave-one-trial-out approach. Classification was performed using
the Princeton Multi-Voxel Pattern Analysis toolbox (http://www.pni.princeton.edu/mvpa/) and
custom routines in MATLAB. Preprocessed fMRI data from individual trial time points were
used to train separate classifiers to classify the direction of motion (three possible directions) or
the memory load (three possible loads). Classification was accomplished using L2-regularized
logistic regression with a lambda penalty term of A = 25. Training for direction was performed
collapsed across all three loads; similarly, training for load was performed collapsed across all

three directions. Note that all MVPA analyses were performed on data that were neither smoothed
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nor time-shifted in any other way. Classification was performed on the top 2000 voxels from the
sample- and delay-load-sensitive general-linear-model-derived ROIs and on all voxels within the
anatomically defined ROIs.

For each 2 s TR of fMRI data, the trained classifier produced a probability estimate (from 0-1)
of the extent to which the observed pattern on the tested trial matched the trained pattern for each
of the trained items (e.g., the three directions of motion). Classification performance was deter-
mined using leave-one-trial-out cross-validation, in which the classifier was trained on data from
all but one trial and then tested on the remaining trial, rotating through all possible permutations.
Training was performed using all possible trials (collapsing across the untrained dimension of load
or direction). For each of the three motion directions, we computed a recieve-operating charac-
teristic (ROC) based on the values obtained across all tested trials, and then averaged across the
dimensions of interest. Therefore, this method evaluated whether, across trials, evidence for one
direction of motion was higher when that direction was in fact presented on that trial relative to
when it was not presented. The area under the ROC curve, averaged across the three directions of
motion, provides a measure of overall classifier sensitivity, with chance performance at 0.5. Anal-
ogous methods of classification and ROC-based sensitivity analysis were used to classify memory
load, collapsing across direction of motion.

To examine the dynamics of the memory representation, each classifier was trained on data
from only a single time point in the trial (e.g., TR 5) and then tested on all points in the left-out
trial. This resulted in a time course of decoding sensitivity for the entire trial that was determined
by the weights of the single training point and provides a measure of how stable the representations
were over time.

The significance of classifier performance was determined using one-tailed, one-sample ¢ tests,
testing against chance performance of 0.5. Tests performed across individual TRs were corrected
for multiple comparisons using the method of Larzelere and Mulaik (1977). Within-subject cor-
relations were computed using the method of Bland and Altman (1995) by calculating ANCOVA

with the factors of classifier sensitivity and subjects as the covariates and behavioral performance
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as the dependent measure, and fitting the model to parallel lines.

Within-subject correlation.

Although classification performance was significantly above chance at the group level, there was
significant variance between subjects in the ability to classify direction of motion. Consequently,
we attempted to examine the relationship between classification performance and behavioral pre-
cision while accounting for these individual differences in classification performance. A number
of studies of VSTM have typically normalized between-subject differences in neural signal by cal-
culating pairwise differences between loads (Vogel and Machizawa, 2004; Vogel et al., 2005; Em-
rich et al., 2009). Here we instead attempted to examine whether changes in the relative amount
of neural information across all three tested memory loads predicted the change in the quality
of representations maintained in VSTM; that is, we took advantage of the variation in dependent
measures across all three loads by using a within-subject correlation approach (Bland and Altman,
1995) to examine the change in both classifier performance and behavioral precision across loads.
Specifically, we used ANCOVA to remove between-subject differences in classification perfor-
mance and measured the remaining variation in classification performance explained by variation

in behavioral precision.

3.3 Results

Behavioral Results

Behavior was analyzed according to the method of Bays et al. (Bays et al., 2009; Zokaei et al.,
2011). This method uses a mixture-model of the behavioral response error (the angular distance
between the reported direction and the actual direction of the probed memory stimulus) to obtain
maximum-likelihood estimates for the proportion of correctly recalled targets, the precision of
those responses (the distribution of error around the target), and the proportion of errors (both

nontarget responses and guesses; see Materials and Methods).
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Examining the concentration parameter (k, the estimate of the variability of memory preci-
sion) of this model using repeated-measures ANOVA revealed a significant effect of load (F(,15) =
8.55, mean squared error [MSE| = 500.4, p = 0.0025; Fig. 3.2A). A similar effect was observed
for the proportion of target responses (Pt; F515) = 7.97, MSE = 0.011, p = 0.0033). Therefore,
consistent with previous studies examining memory for direction of motion (Zokaei et al., 2011),
both the number of correctly recalled targets and the precision of those responses decreased as
the amount of to-be-remembered information increased. We also observed a significant num-
ber of nontarget (i.e., “binding”) errors that increased at larger set sizes (Pn1; F218) = 7.15,
MSE = 0.01, p = 0.0052). Because we wanted behavioral responses to match as closely as possi-
ble the decoded patterns of brain activity, participants were probed on the three critical directions
on a majority of trials. This procedural limitation could have allowed participants to learn which
directions were most likely to be probed, thereby affecting their behavioral responses. To deter-
mine whether such learning occurred, we obtained parameter estimates for the first and second
half of the experiments, collapsed across load. This analysis revealed no significant changes in
either the concentration of target responses (t(9) = —1.31, SD = 12.33, p = 0.22) or the like-
lihood of reporting the target (t(9) = —1.12, SD = 0.043, p = 0.29), which is consistent with
previous studies that failed to show learning for individual items in tasks of VSTM (Olson and
Jiang, 2004; Beck et al., 2008). Moreover, the estimates obtained here are very similar to those
obtained in a task that used a similar design, but that selected probes at random (Zokaei et al,,

2011), suggesting that participants’ responses were unaffected by non-randomzied target probes.

Classification Results
ROI analysis

Before examining whether classification performance changes as a function of VSTM load, we first
tested whether it was possible to successfully decode the direction of motion of one of the mem-
ory stimuli while multiple directions were held in VSTM. A previous study by our group (Riggall

and Postle, 2012) reported that decoding the direction of a single item is possible within those ar-
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Figure 3.2: Behavioral results derived from maximum likelihood estimates of the response error.
(A) The concentration parameter, K, decreased as a function of memory load, indicating a decrease
in mnemonic precision. (B) The Py similarly decreased with increasing VSTM load. (C) Pn and
P. Nontarget responses account for the majority of the errors and increased with VSTM load.

eas that support motion perception (i.e., calcarine and extra-calcarine occipital cortex, including
MT+) but not in areas that showed sustained activity during the delay (IPS, frontal areas). Accord-
ingly, we focused our initial analysis on nonoverlapping ROIs that demonstrated load-sensitive
BOLD signal intensity either in a phasic response to the memory sample (“Sample ROI”) or in a
response that was sustained throughout the delay period (“Delay ROI”). In this way, we sought
to determine whether information about the remembered direction of motion was coded in cor-
tical areas sensitive to visual stimulation independently from those that exhibited load-sensitive,
sustained, delay-period BOLD signal.

Examining the patterns of activity in the Sample ROI, classification of the direction of motion
resulted in significantly greater-than-chance sensitivity, averaged across all three loads (Fig. 3.4C).
This was true both when the classifier was trained on the time point that captured the peak of the
sample-evoked response and when it was trained on the final time point of the delay period, a
time point that would be dominated by delay-period activity. In contrast, those areas that exhib-
ited sustained, elevated delay-period BOLD signal (i.e., the Delay ROI) showed no evidence of
direction sensitivity during any point in the trial (Fig. 3.4D), replicating the results of Riggall and

Postle (2012). As a control analysis, training the classifier on intertrial fixation activity resulted in
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Figure 3.3: ROIs used for classification analysis. Initial analysis was restricted to those areas that
showed parametricaly increasing BOLD activity as a function of load that were either transiently
evoked by the initial sample of sustained throughout the delay. Subtractions were performed to
isolate the Sample (green) and Delay (red) ROIs. Areas showing load sensitivity during both peri-
ods (yellow) and those not showing load sensitivity were also included in the subsequent analysis
of anatomically defined ROIs. Note that this figure demonstrates group-averaged data, whereas
all analyses were performed on single-subject ROlIs.

chance-level classification performance for both ROIs.

Itis possible that by focusing on areas in which the load-sensitive response was specific to either
the sample or delay periods, this analysis overlooked important voxels that are critical to the main-
tenance of information in VSTM (e.g., those that show elevated levels of BOLD signal intensity to
both encoding and maintenance-those that appear yellow in Fig. 3.3). However, further analysis
restricted to several anatomically defined areas confirmed that the majority of information about
direction of motion during the delay period was exhibited in calcarine and extra-calcarine occip-
ital cortex (Fig. 3.4E). Classification performance was not significantly better than chance in the
IPS. Therefore, although elevated delay-period activity was absent from the observed BOLD signal
intensity in areas associated with visual perception (Fig. 3.4A), the ability to maintain the repre-
sentation of multiple items in VSTM appears to be supported by distributed patterns of activity in

these areas rather than in those areas that exhibit elevated delay-period activity.
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Figure 3.4: BOLD signal intensity and classification performance in functional and anatomical
ROIs. (A) Diagram showing load-sensitive stimulus-evoked activity, but no sustained delay ac-
tivity, in the functionally defined, Sample ROI. (B) Diagram showing elevated, sustained load-
sensitive activity in the functionally defined, Delay ROI. (C-D) Classifiers were trained on data
using only the TR at -2 s (gray circle), at 4 s (teal circle), or at 8 s (red circle), and then tested
across the entire trial, with performance of each indicated by the waveform with the same color.
TRs at which a classifier’s performance exceeded chance (*p < 0.05, **p < 0.01, one-tailed, cor-
rected) are indicated and color-coded by classification training point. Classification sensitivity is
presented for both the Sample (C) and Delay (D) ROIs. (E) Mean classification across the delay
period (2-12 s) for functionally defined (Sample; Delay) and anatomically defined (introcciptial
sulxus; V1, V2; MT) ROIs. Significance (one tailed, corrected) for each ROI is indicated. Shaded
areas (A-D) and error bars (E) denote SEM.
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Figure 3.5: Load sensitivity of patterns of neural activity. Classifiers were trained on a single TR
(denoted by the colored dots) and tested across the entire trial. (A-B) Classification sensitivity for
direction of motion as a function of load in the functionally defined Sample (A) and Delay (B)
ROIs. Averaging across the entire delay (denoted with gray shading), classification performance
for all three loads is significantly greater than chance (p < 0.01, one-tailed corrected) in the Sample
ROI (A), but not in the Delay ROI (B). (C) Classification sensitivity for load (number of moving
dot patterns) in the Sample ROI, collapsed across direction. Significance is tested at individual
TRs (*p < 0.05, **p < 0.01, one-tailed, corrected). Shaded areas denote SEM for each TR.

Load Sensitivity

A critical aim of the present study was to determine whether classification performance would de-
crease as a function of memory load in a manner that reflected the decline in behavioral precision.
To investigate this, we trained a classifier on the final time point of the delay period for both of the
Sample and Delay ROIs. Next, for each ROI, we decoded classification performance at each time
point from each of the three load conditions, resulting in a classification time course that reflected
the extent to which stimulus-specific neural representations were present across the entirety of the
trial.

Examining the entire delay period (4-12 s) in the Sample ROI, mean classification sensitivity
was significantly greater than chance for all three loads (p = 0.01 adjusted; Fig. 3.5A). Therefore,
even in the presence of competing within-category representations, memory representations can
be identified in the patterns of activity in sensory cortex. Direction sensitivity significantly de-
creased during the delay period at higher loads (F(,,5) = 5.63, MSE = 0.009, p = 0013), which

is consistent with the decline in behavioral performance at higher set sizes. One concern with this
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result might be that presenting multiple stimuli in a single location might lead to a loss in classi-
fier sensitivity at higher loads independently of VSTM; that is, by presenting multiple items at one
location, the same neurons (within the same voxels) in visual cortex would be required to process
the perceptual information of each of the directions of motion, resulting in a loss in sensitivity
for any given direction. If this alternative account were correct, one would expect to see the same
load-related decline in classification during the stimulus presentation epoch of the trial. However,
no such decrease as a function of load was observed when this procedure was repeated with clas-
sifiers trained on the time point that captured the peak of the sample-evoked response (i.e., 4-6
s) and testing classification sensitivity during the sample-evoked period (i.e., 4-8 s; F(213) = 2.5,
MSE = 0.006, p = 0.11). Therefore, our results are consistent with the interpretation that the
load-dependent decrease in classification sensitivity during the delay period was due to a reduc-
tion in the proportion of neural resources dedicated to representing that information in VSTM.
In addition, even though delay-period BOLD signal intensity in the Sample ROI was not sig-
nificantly affected by load (Fig. 3.3; F(215) = 2.64, MSE = 0.0052, p = 0.0991), VSTM load
could be successfully decoded from sensory regions (Fig. 3.5C). This finding provides further ev-
idence that the patterns of delay-period activity in areas involved in visual perception reflect the
representation of multiple items in VSTM independently of changes in BOLD signal intensity
identified in univariate signal intensity. In contrast, despite the presence of load-sensitive BOLD
signal in the Delay ROI (Fig. 3.3; F(5,13) = 5.11, MSE = 0.01386, p = 0.0174), classification per-
formance of the contents of VSTM (i.e., direction of motion) was not significantly above chance
at any load (p > 0.05; Fig. 3.5B). Therefore, although BOLD activity in these regions (including
IPS) is sensitive to VSTM load, we failed to find evidence that these areas are involved in the rep-
resentation of the contents of VSTM per se. In the Discussion section, we consider other aspects

of task performance to which this activity may correspond.
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Figure 3.6: The relationship between Sample ROI classifier sensitivity and behavioral performance.
(A-B) Within subjects, changes in classifier sensitivity across load are significantly correlated with
changes in behavioral precision (A), but not with changes in the proportion of target responses
(B). Data are modeled for each subject and fit with parallel lines with ANCOVA using the method
of Bland and Altman (1995).

Relating classification performance to response precision

Does the decrease in classifier performance as a function of memory load reflect the associated
decline in mnemonic precision? To examine this question, we specifically focused on within-
subject changes across load (see Materials and Methods), because there may be sources of error
that affect between-subject classification performance that are unrelated to differences in behavior
(e.g., differences in encoding strategies, Linke et al., 2011a; Vicente-Grabovetsky et al., 2014, or
individual differences in signal-to-noise ration of BOLD signal, Tong et al.,2012 ) This analysis
revealed that, across loads, the observed decrease in peak classifier sensitivity was significantly
correlated with an individual’s change in mnemonic precision (r = 0.58, p = 0.006; Fig. 3.6A).
This was also true when the analysis was restricted to the individual TRs corresponding most
closely to the encoding (TR 4; r = 0.45, p = 0.04) or delay activity (TR 6; r = 0.53, p = 0.01).

It is possible, however, that the decrease in classifier performance reflects the decreased prob-
ability that the probed (target) direction was stored in memory at higher loads; that is, given that

both the proportion of correctly recalled targets, and the precision of those responses, decreased
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as a function of load, the decline in classifier sensitivity could reflect the proportionally fewer trials
on which the target direction was successfully encoded and maintained. Contrary to this alterna-
tive account, however, Pt was uncorrelated with peak classifier sensitivity (r = 0.21, p = 0.35;
Fig. 3.6B). In other words, the change in classifier sensitivity across memory loads cannot be pre-
dicted by a decrease in the percentage of trials on which the critical direction of motion was stored
in VSTM. Therefore, the decrease in classification performance appears to reflect the decline in
mnemonic resolution, rather than decreases in other aspects of behavior or random decreases that

are independent of the internal representations that guide behavior (i.e., noise).

3.4 Discussion

In the present study, we sought to investigate how the neural patterns associated with the con-
tents of VSTM change as a function of load. Consistent with several recent studies, we observed
that stimulus-specific properties of information maintained in VSTM could be decoded from the
patterns of activity in sensory cortex (Ester et al., 2009; Harrison and Tong, 2009; Serences et al.,
2009; Riggall and Postle, 2012). We have extended these previous findings by demonstrating that
the successful classification of the contents of VSTM is not an all-or-none phenomenon; instead,
classification sensitivity varies as a function of VSTM load. Therefore, these findings reveal the
presence of load sensitivity in the patterns of activity in sensory cortex, providing strong evidence
that these patterns may represent a neural correlate of VSTM maintenance.

We also observed a significant within-subject correlation between classifier sensitivity and
mnemonic precision. This finding provides some of the first evidence that variation in mnemonic
precision can be extracted from the neural patterns associated with the storage of information in
VSTM. A number of recent psychophysical models have established that the quality of VSTM rep-
resentations decreases as a function of memory load (Palmer, 1990; Wilken and Ma, 2004; Bays
and Husain, 2008; Zhang and Luck, 2008; Bays et al., 2009; van den Berg et al., 2012) Although

the models that explain these data differ in their stance on whether VSTM performance is limited
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primarily by a finite pool of resources or if it also contains a fixed capacity of a limited number of
slots, these models all emphasize that the precision of maintained representations varies with load,
particularly at low set sizes (i.e., when the number of items is below any putative capacity limits).
Therefore, “slots + resource” (Alvarez and Cavanagh, 2004; Buschman et al., 2011) and “slots +
averaging” (Zhang and Luck, 2008, 2011; Anderson et al., 2011) hybrid models and pure resource
models (Wilken and Ma, 2004; Bays and Husain, 2008; van den Berg etal., 2012) can accommodate
the findings reported here, in that all hold that the precision of maintained representations will
vary with load at small set sizes. Specifically, our results are consistent with the prediction that, as
the amount of to-be-remembered motion information increases, fewer resources will be dedicated
toward representing a given item, resulting in less signal present in the patterns of neural activity
that reflect this representation. Critically, this relationship between VSTM precision and classifi-
cation performance provides evidence consistent with the idea that sensory visual cortex may play
a critical role in supporting the representation of information in VSTM (Postle, 2006). These find-
ings take the important step of linking the neural patterns associated with content-specific VSTM
encoding and maintenance with the internal representations associated with behavior.

One possible concern with these results is that a decrease in decoding accuracy with increas-
ing load, such as we present here, could also result from decoding noise that is unrelated to the
mnemonic representation. For example, the neural response to multiple objects has been shown
to be similar to the weighted sum (MacEvoy and Epstein, 2009) or average (Reddy et al., 2009)
of individual responses. This alternative seems unlikely, however, for a number of reasons. First,
each condition contained the same number of stimuli, but varied only in how many of the dot
patterns contained motion. Therefore, this control reduces the stimulus differences between con-
ditions that might affect the weighted averaging or summation of neural signal. Second, classifi-
cation training was performed over all three tested loads. Accordingly, classification performance
was based on patterns of activity that included the increased noise present on load 2 and 3 trials.
Third, classification performance was unaftected by load when training and testing to the patterns

of activity transiently evoked by the sample stimuli, indicating that classification performance did
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not decrease obligatorily due to a decrease in the signal-to-noise ratio at higher set sizes. Finally,
a recent study examining the response patterns of single neurons in monkeys has shown that the
neural information present about an item encoded and stored in VSTM decreases when multi-
ple items are presented within the same hemifield (Buschman et al., 2011), providing evidence
that this effect is not idiosyncratic to the classification technique used here. Together, these facts
support our conclusion that classification performance can be accounted for by a decrease in the
relative amount of information about the target stimulus present in the patterns of activity in sen-
Sory cortex.

Although our findings are consistent with studies that have failed to observe evidence for the
contents of VSTM in the IPS (Linden et al., 2012; Riggall and Postle, 2012), one previous study did
observe above-chance classification in posterior parietal cortex (Christophel et al., 2012). A possi-
ble explanation for these discrepant findings may be that the study by Christophel et al. (2012) used
artificial stimuli that required significant training to differentiate. Therefore, decoding accuracy
in posterior parietal cortex in this task may reflect processes that are not specific to VSTM main-
tenance per se. In addition, although the use of the data-driven MVPA approach in the current
study has its advantages, there are limitations to this methodology. For example, evidence indi-
cates there is a coarse-scale topographic map of orientation preference in human V1 that is strongly
correlated with the retinotopic map (Freeman et al., 2011). Therefore, it is possible that multivari-
ate classification methods could exploit these biases, thereby driving up classification sensitivity
only in those areas that have strong topographic organization (e.g., V1 and V2). However, other
studies have demonstrated that classification performance of orientation-selective activity is pre-
dicted by the average BOLD amplitude in a given region (Tong et al., 2012). Therefore, given that
we observed greater BOLD amplitude during the delay period in the IPS than in sensory visual
cortex, it is unlikely that our findings can be explained by differences in classification sensitivity
across different regions. Nevertheless, future studies should examine load-dependent VSTM clas-
sification sensitivity on a range of stimuli (e.g., colors, faces) to determine the reliability of this

effect across different features and cortical regions.
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If the maintenance and precision of VSTM representations is mediated by patterns of activity
in sensory cortex, what is the role of sustained, elevated, delay-period activity? Previous studies
have provided evidence that delay-period activity may reflect general cognitive or attentional de-
mands of the task (Mitchell and Cusack, 2008; Magen et al., 2009), as well as goal- or action-related
information (Curtis and Lee, 2010; Riggall and Postle, 2012), rather than reflecting VSTM main-
tenance. One possibility is that whereas VSTM representations may be supported by patterns of
activity in sensory cortex, sustained, elevated, delay-period activity (particularly in IPS) may re-
flect the directed attention toward a limited number of representations (Anderson et al., 2011).
This mechanism could potentially account for both apparent capacity limits (i.e., those within the
focus of attention), as well as a larger capacity for lower-resolution representations (Sligte et al.,
2008, 2009, 2010).

The finding that the precision of VSTM representations is predicted by areas that mediate per-
ceptual encoding is largely consistent with the evidence that VSTM performance is likely limited by
encoding processes (Buschman et al., 2011; Linke et al., 2011a; Emrich and Ferber, 2012; Mazyar
et al., 2012; van den Berg et al., 2012); that is, the continued recruitment of the same populations
of neurons that mediate encoding and perception for VSTM will limit the precision of memory
representations to that of encoding. In addition, when attention is allocated across two different
memory categories and then retroactively cued to a single item, classifier evidence for the uncued
item dropped to chance, suggesting that the allocation of resources in VSTM may be dynamic
(Lewis-Peacock and Postle, 2012; LaRocque et al., 2013). Therefore, while it is possible that the
fidelity of VSTM may be further affected by subsequent processes, such as by fluctuations in at-
tention (van den Berg et al., 2012) or stochastic degradation (Fougnie et al., 2012), the correlation
between classifier performance and VSTM precision during early stages of encoding rule out the
possibility that all variation in precision reflects limitations in later stages of processing (Awh et
al., 2007; Barton et al., 2009, e.g., during recall or comparison).

At the neural level, the successful classification of multiple items in VSTM from sensory cor-

tex, as well as its relationship with mnemonic precision, further calls into question the widely held
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assumption that VWM maintenance of multiple items occurs in a network of frontoparietal re-
gions (Courtney et al., 1997; Linden et al., 2003; Todd and Marois, 2004; Vogel and Machizawa,
2004; Xu and Chun, 2006; Reinhart et al., 2012). In particular, it calls into question the role of el-
evated, sustained, load-sensitive delay-period activity in IPS as a hallmark of VSTM maintenance
(but see Christophel et al., 2012). Instead, our findings support the view that VSTM maintenance
is accomplished by actively maintaining representations in “lower level” sensory cortex (Postle,
2006; Ester et al., 2009; Harrison and Tong, 2009; Serences et al., 2009; Linke et al., 2011b; Riggall

and Postle, 2012).



The representation of transparent motion

during visual short-term memory

A number of recent results have begun to question long-standing beliefs in how information is
represented during short-term memory (STM) and working memory (WM). Using MVPA these
studies show evidence for stimulus representation within posterior visual regions during visual
STM, providing strong support for the sensory recruitment hypothesis wherein the same neural
systems used for sensory processing are reused for storage. These same studies typically fail to
evidence for delay-period stimulus representation in regions whose BOLD activity is nonetheless
elevated during the delay period (including the IPS and dorsolateral prefrontal cortex (dIPFC)).
In the present study we extended this work by examining the representation and precision of
multiple items in memory for transparent motion stimuli. We tested the ability of participants
to remember the direction of motion for multiple (1, 2, or 3) overlapping, coherently-moving
random dot surfaces. After a delay, one of the moving surfaces was redisplayed and participants
reported in which direction it had been rotated relative to its initial direction. Participants showed
decreased precision with increased memory load. In line with recent findings, stimulus-specific
information was only decodable from posterior visual regions, not frontal and parietal regions
that nonetheless showed elevated delay-period BOLD signal. This information was only recov-
erable from load 1 and 2 trials, suggestive of an encoding limitation. Finally, cross-temporal
decoding showed that the representations were not stable over the delay period, in line with a

recoding process during the trial.

Adam C. Riggall & Bradley R. Postle
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4.1 Introduction

The short-term storage of information no longer present in the environment is critical for many
higher-level cognitive functions. Consequently, understanding the neural bases of such storage is
of paramount importance in better understanding complex behavior. Recent work by several labs
applying multi-voxel pattern analysis (MVPA) to human functional magnetic resonance imag-
ing (fMRI) data has shown evidence for the short-term retention of orientation (Harrison and
Tong, 2009; Serences et al., 2009; Ester et al., 2009; Albers et al., 2013), motion (Riggall and Pos-
tle, 2012; Emrich, Riggall et al., 2013), more complex stimuli (Christophel et al., 2012; Christophel
and Haynes, 2014; Vicente-Grabovetsky et al., 2014), and visual objects (Linden et al., 2012) within
posterior visual regions. Taken together, these data provide strong support for the sensory recruit-
ment hypothesis, which posits that short-term storage of information is accomplished using the
same neural systems used for sensory processing, rather than specialized storage buffers (Awh
and Jonides, 2001; Pasternak and Greenlee, 2005; Jonides et al., 2005; Postle, 2006; D Esposito,
2007; Serences et al., 2009; Sreenivasan et al., 2014a).

Within this framework;, a critical question remains: how are multiple items retained in short-
term memory (STM)? Previous work using univariate methods to isolate regions that showed an
increase in activity with memory load has suggested intraparietal sulcus (IPS) as a probable loca-
tion for such storage (Linden et al., 2003; Todd and Marois, 2004; Xu and Chun, 2006; Kawasaki
etal.,, 2008; Cusack et al., 2010). Recent work by our group has challenged this conclusion, at least
for STM for the direction of motion, showing the successful decoding from posterior occipital
and temporal visual regions of individual motion directions during short-term memory for mul-
tiple sequentially presented directions and not from parietal or frontal regions (Riggall and Postle,
2012; Emrich, Riggall et al., 2013).

The present study follows up on these results by examining the neural representation of mul-
tiple, simultaneously presented motion directions using transparent motion. Transparent motion
provides an extreme test for the storage system, as spatial and temporal individuation cues are

eliminated. Behavioral evidence suggests that, at least for small loads, individual transparent mo-
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tion directions are maintained as separate representations (Braddick et al., 2002; Zokaei et al.,
2011). Accordingly, we sought to find neural evidence for the memory representation of individ-
ual motion directions from transparent motion stimuli using MVPA.

We also aimed to follow up on another intriguing disparity seen in our previous work. With
single item decoding of motion directions, using temporal cross-generalization (King and De-
haene, 2014), we observed stable decoding performance from classifiers trained at different time
points during the trial, suggesting a stable memory representation throughout the trial (Riggall
and Postle, 2012). In our multiple item version, the results were suggestive of a temporally dynamic
representation which transformed over the course of the delay period from the sample stimulus-
evoked code to a completely different code by the time of the memory probe onset. However, a
relatively short delay period in the Emrich, Riggall et al. (2013) study made this challenging to
interpret. Such a result would fit well with recent work showing temporally dynamic representa-
tions (Stokes et al., 2013; Sreenivasan et al., 2014b) during short-term memory. To that end, we
increased the delay length of our task considerably to allow us to examine the temporal dynamics

of the representations throughout the trial.

4.2 Materials and Methods

Participants

Seven volunteers (3 females) between 18 and 30 years of age (mean 24.6 years) were recruited from
the University of Wisconsin-Madison community and paid for their participation. All subjects had
normal or corrected-to-normal vision, no reported history of neurological disease, and no other
contraindications for MRI. All subjects gave written informed consent according to the proce-
dures approved by the Health Sciences Institutional Review Board at the University of Wisconsin-

Madison.
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Behavioral Paradigm

Participants performed nine runs of a delayed-recognition task for directions of transparent visual
motion (Fig. 4.1) while being scanned (fMRI). Each trial began with a fixation cross changing color
from gray to white, indicating to subjects that they needed to fixate the cross and prepare for the
start of the trial. After 2 s a circular aperture containing moving dots centered on the fixation
point was presented (sample, 2 s). This aperture contained three sets of dots (each a different
color: orange, purple, and blue). On a given trial, one, two, or all three of these sets of dots could
be moving, while the remaining sets were stationary. When more than one set of dots moved,
this created the perception of transparent surfaces moving in different directions on top of each
other. Participants were instructed to remember the direction of motion for any moving dot sets
while maintaining fixation. The sample was followed by a 12 s delay-period. Following the delay,
one of the sets of coherently moving dots (probe, 1 s) was redisplayed and subjects were required
to indicate as quickly as possible with one of two buttons if the direction of motion in the probe
was rotated clockwise or counterclockwise relative the direction of motion of the same colored
dots in the sample. Following the probe period the fixation cross changed color (feedback, 1 s) to
indicate if the response was correct (green) or incorrect (red). A variable intertrial interval (ITI)
followed (4, 6, or 8 s, equally likely), during which the fixation cross changed color to gray and
participants were instructed to wait for the next trial. On ~15% of trials, immediately after the
sample presentation the fixation cross turned pink (catch, 14s), indicating to subjects that they did
not need to remember the sample items, the trial was over and they would never be probed, and
they should simply wait for the next trial while maintaining fixation.

Before scanning, subjects were trained on the clockwise/counterclockwise response, intro-
duced to transparent motion stimuli containing two and three sets of coherently moving dots,
and practiced three blocks of 21 trials to familiarize themselves with the experimental procedure

All stimuli were presented on a black background. A fixation cross (~0.13°) was present on the
center of the screen at all times. Sample and probe stimuli consisted of circular patches (11° diam-

eter) of dots (~0.24°) centered on the screen. The sample was composed of three independent sets
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Figure 4.1: Behavioral task. (A) Participants maintained the direction of motion of 1, 2, or 3 sets
of coherently moving dot stimuli presented transparently over a long delay period. At the end of
the delay period they were presented with a probe motion stimulus and had to indicate with a
button press whether the direction of motion was rotated clockwise or counterclockwise from the
remember motion direction of the same color. (B) On catch trials participants were instructed to
maintain fixation while waiting for the next trial.

of dots (individuated by color: orange, purple, or blue) which could each be stationary or moving
coherently at 8°/s, with an overall density of ~0.7 dots-per-square degree. The probe consisted of
one of the colored sets of dots (which had been moving during the probe) being represented, with
the motion direction rotated clockwise or counterclockwise at one of three specific magnitudes of
change (7°, 22°, or 45°).

To facilitate a decoding analysis, ~85% of trials contained one of three specific target directions
(71°,191°,311°). On load 2 and 3 trials, the other directions were randomly selected, constrained
so that each would be at least 50° and no more than 165° from the other directions in a trial, to
insure the perception of transparent surfaces (Braddick et al., 2002; Felisberti and Zanker, 2005)

and to prevent directions from being directly opposite one and other. On the remaining ~15% of
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trials all directions were randomly sampled, constrained as before to not be too close or directly
opposite. The probed item could be any of the presented directions, leading to each of the critical
target directions being probed on ~28% of load 1 trials, on ~14% of load 2 trials, and on ~9% of
load 3 trials. This distribution was designed to lessen the likelihood of participants learning the
specific target directions, as the majority of probed items were not of the specific target directions.

Participants completed 189 trials over the course of 9 runs while in the scanner: 78 load 1
trials (24 each containing one of the specific target directions, 6 random), 42 load 2 trials (12 each
of the target directions, 6 random), 42 load 3 trials (12 each of the target directions, 6 random),
and 9 catch trials of each load. Each of the possible probe change magnitudes (-45°, -22°, -7°, 7°,
22°, or 45°) occurred 13 times on load 1 trials, 7 time on each on load 2 and 3 trials. The color of
the moving dot sets and probed item were pseudorandomly selected, counterbalanced across all
stimulus presentations.

Experimental stimuli were controlled by the Psychophysics Toolbox (http://psychtoolbox.org;
Brainard, 1997; Pelli, 1997; Kleiner et al., 2007) running in MATLAB (MathWorks), rear projected
onto a screen in the scanner bore near the participants head, at 60 Hz (Silent Vision 6011; Avotec),

and viewed through a coil-mounted mirror.

Data Acquisition and Preprocessing

Whole brain images were acquired with the 3T scanner (Discovery MR750; GE Healthcare) at
the Lane Neuroimaging Laboratory at the University of Wisconsin-Madison. A gradient-echo,
echo-planar sequence (2 s TR, 25 ms TE) was used to acquire data sensitive to the blood-oxygen
level-dependent (BOLD) signal within a 64 x 64 matrix (39 sagittal slices, 3.5 mm isotropic). Nine
runs of the delayed-recognition task were obtained for each subject, each lasting 8 min, 44 sec
(262 volumes). The first 6 seconds of all task runs were discarded to insure a steady state of tissue
magnetization. Additionally, a high-resolution T,-weighted image was acquired for all subjects
with a fast spoiled gradient-recalled-echo (FSPGR) sequence (8.132 ms TR, 3.18 ms TE, 12° flip

angle,156 axial slices, 256 x 256 in-plane, 1.0 mm isotropic).
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The functional data were preprocessed using the Analysis of Functional NeuroImages (AFNI)
software package (Cox, 1996). All volumes were spatially aligned to the final volume of the final
run using a rigid-body realignment and corrected for slice time acquisition. Temporal trends were
removed from each run using 0-5th order Legendre polynomials to reduce the influence of scanner
drift. For univariate analyses, data were spatially smoothed with a 6 mm FWHM Gaussian kernel,
converted to percent signal change and transformed into Talairach space (Talairach and Tournoux,
1988). For classification analyses, data were z-scored separately within run for each voxel. Data

were not smoothed and were left in their native space.

Behavioral Analysis

For each memory load a probit regression model was used to estimate the parameters of the cumu-
lative Gaussian distribution that best fit the relationship between the participants responses and
the magnitude of the direction change in the probe. The mean () of the fitted Gaussian provides a
measure of response bias, while the reciprocal of the standard deviation (1/0) provides a measure

of the precision of the memory representation.

Univariate Analyses

While our main analyses focused on multivariate classification, we used a univariate general linear
model (GLM) to identify load-sensitive delay-period activity. The model included regressors for
each within-trial event of the task (i.e., sample, delay, probe, response, and feedback). Sample and
probe were modeled as load-dependent 2 s and 1 s parametric boxcars, respectively. The delay was
modeled with a 1-sec load-dependent parametric boxcar located in the middle of the delay period
(Zarahn etal., 1999; Postle et al., 2000) to minimize contamination with the sample and probe. The
response and feedback were modelled as impulses. The model also contained separate parametric
sample and delay regressors for catch trials. All were convolved with a canonical hemodynamic
response function (HRF). Each of these independent regressors was entered into a modified GLM

for analysis using AFNI.
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To aid in visualizing the BOLD response within our regions of interest (ROlIs), trial timeseries
for each load (1, 2, and 3) and trial type (full, catch) were deconvolved using a finite impulse
response (FIR) model (Glover, 1999; Serences, 2004). Each trial type and load was modeled with a
separate set of finite impulse response functions covering the entire duration of the trial (14 TRs).

Additional regressors for head motion and scanner drift were also included in the model.

Pattern Classification Analyses

Classification was performed using the Princeton Multi-Voxel Pattern Analysis toolbox (http:
/Iwww.pni.princeton.edu/mvpa) and custom routines in MATLAB (MathWorks). Preprocessed
fMRI data from individual trial time points were used to train separate classifiers to classify the
direction of motion (3 possible directions) in the sample and by inference in memory (stimulus-
specific classification), or to classify the memory load of the trial (trial-dimension classification).
For the direction-specific classification the classifier was initially trained on data from only load 1
trials, to insure a clean representation of the specific pattern of activity underlying the represen-
tations of each of the specific target motion directions. The trained classifier was then tested on
load 2 and 3 trials to assess performance on trials which contained one of the three specific target
directions. The load-specific classifier was trained on all data from full trials, collapsing across
motion directions.

Classification was accomplished using L2-regularized logistic regression with a A penalty term
of 25. During decoding, a trial was considered correctly classified if the correct direction had the
highest likelihood estimate (winner-take-all classification). Overall classification accuracy was de-
termined using leave-one-trial-out cross-validation, in which the classifier was repeatedly trained
on data from all but one trial, and then tested on the left out trial, rotating through all the trials as
the left out testing trial.

To examine the dynamics of the memory representation, each classifier was trained using data
from only a single time point in the trial (e.g., the first volume acquisition following the sample

presentation) and then tested on all time points in the left-out trial (i.e., including both time points
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preceding and following the training time point). The result of this temporal cross-generalization
procedure is a time course of decoding accuracy for the entire trial. By doing the initial training
of the classifier using different time points in the trial (e.g., a time point just after the sample, a
time point in the later part of the delay, etc.), it was possible to examine the stability of a given
representation throughout the duration of the trial King and Dehaene (2014).

Given our hypotheses and previous results (Riggall and Postle, 2012; Emrich, Riggall et al.,
2013), we again focused the decoding analyses on ROIs that showed either a parametric effect for
load during the sample presentation or the delay period. ROIs were created from the intersection
of anatomically defined ROIs and voxels that showed a parametric effect with load in the uni-
variate GLM. Four broad anatomically defined ROIs (lateral prefrontal, parietal, lateral occipital
and medial occipital) were created by extracting region masks from the Tailarach atlas template in-
cluded with AFNI (as originally labeled by Lancaster et al., 2000) and warping them to the subjects
native space. The lateral prefrontal ROI consisted of the inferior frontal gyrus mask, the middle
frontal gyrus mask, and the precentral gyrus mask. The parietal region consisted of the posterior
cingulate, inferior parietal lobule, precuneus, and superior parietal lobule masks. The lateral oc-
cipital region consisted of masks for the fusiform gyrus, inferior occipital gyrus, inferior temporal
gyrus, middle occipital gyrus, and superior occipital gyrus. The medial occipital ROI consisted of
the lingual gyrus and cuneus masks. To create the final ROI used for analysis, those voxels that
showed a parametric effect during either the sample or the delay period were identified within
each region. This approach was used to insure that we did not artificially exclude any voxels that
might contribute to decoding performance.

The significance of classifier performance was determined using a random permutation test
(Golland and Fischl, 2003) to determine the likelihood of observing a specific accuracy under the
null hypothesis that there is no relationship between the data and the specific class labels used to
train the classifier. A null distribution was generated by repeating the entire classification cross-
validation procedure 1000 times, randomly shuffling the class labels each time. A p-value was

then computed by determining the proportion of permuted accuracies that were higher than the
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Figure 4.2: Behavioral results. (A) Mean proportion of probes judged clockwise compared to the
remembered item, as a function of the actual probe rotation. Clockwise probe rotations are shown
as positive magnitude changes. Error bars indicate standard errors across participants. Curves
show the cumulative Gaussian fits to the group data. (B) Precision of the responses at each load, as
determined by the reciprocal of the standard deviation of the fitted cumulative Gaussian for each
participant. Error bars indicate +1 standard error.

observed accuracy. This procedure was repeated for all classification results.

4.3 Results

Behavioral Results

With a single motion direction, participants were quite accurate at indicating whether the probe
stimulus was rotated clockwise or counterclockwise relative to the remembered direction, even for
small changes in direction (Fig. 4.2A.) Performance decreased as additional transparent motion
directions were added. Behavioral responses at each of the three loads were fit with a cumulative
Gaussian function. The mean of the fits for all three loads did not differ from 0, indicating no
systematic bias in participants’ responses across loads (load 1: t = —1.13, p = 0.30, load 2: t =
0.65,p = 0.54,load 3: t = —1.61, p = 0.16). The precision of responses (Fig. 4.2B), as measured
by the reciprocal of the standard deviation of the fits, dropped as the load increased. Reaction

time also increased with load and with smaller direction changes during the probe, indicating that
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Sample Delay

Figure 4.3: ROIs derived from univariate results. Areas in green are regions that showed an in-
crease in BOLD response according to load during the sample period. Areas in red are those that
showed a parametric load effect during the delay period. Areas in yellow scaled with load for
both the sample and the delay. Note that data are shown as a group-map, but all analyses were
conducted at the individual subject level.

participants did not trade speed for accuracy on higher load and smaller change trials.

Univariate Results

A univariate GLM was used to identify regions of the brain that showed a parametric increase
in BOLD activity either during the sample period or during the delay (Fig. 4.3). Load sensitive
sample regions included medial and lateral occipital cortex, IPS and portions of lateral frontal
cortex. Delay-period load-sensitive regions were limited to IPS and prefrontal cortex (PFC), where
they overlapped considerably with load-sensitive sample regions.

ROIs were created by intersecting anatomical masks with the sample parametric and delay-
period parametric maps. The BOLD timeseries for these regions can be seen in Figure 4.4. There
is a strong sample and probe evoked response in the medial and lateral occipital regions (Fig. 4.4A-

B), but no load-sensitivity (or elevated activity) during the delay-period. In both the parietal and
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Figure 4.4: Trial-averaged time series data derived from a deconvolution analysis. (A) Medial oc-
cipital, (B) lateral occipital, (C) parietal, and (D) prefrontal ROI created from the intersection of
anatomical ROIs and those regions showing load-sensitive sample or delay activity in the univari-
ate GLM. Solid lines show data from the full trials, dashed lines are from catch trials.

frontal ROIs (Fig. 4.4C-D) there is strong load-sensitive activity throughout the trial. In all regions
a similar evoked response is seen during the sample on catch trials, but this quickly returns to

baseline.

ROI-Constrained Classification

Given the results from our previous work decoding remembered motion directions (Riggall and
Postle, 2012; Emrich, Riggall et al., 2013), we again focused on ROIs that captured initial load-
dependent processing during the sample or during the delay-period. In contrast to our previous

work in which we chose regions that showed only sample-load-sensitivity or delay-load-sensitivity,
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we included regions that showed load-sensitivity during either time-period, to ensure no voxels
that might be involved in stimulus representation were excluded.

We began by investigating trial-dimension decoding by testing how well we could decode the
memory load on a trial by trial basis. Classifiers were trained to label the specific memory load (1,
2, or 3) of specific trials based on the data from single timepoints during the trial. These classifiers
were then tested on all timepoints in the trial to produce a temporal-cross-generalization decod-
ing timeseries. In all four ROIs, classifiers trained on data from shortly after the presentation of
transparent motion were successfully able to decode the load on a trial-by-trial basis at an above
chancelevel (chance=33%, p < 0.05, permutation test, Fig. 4.5, greenish lines). This decoding per-
formance quickly dropped off in all regions, falling back to chance within the medial occipital and
lateral occipital regions within 6 seconds. Classifiers trained on data from later in the trial, during
the delay period, also showed reliable above chance performance, but with a different temporal
evolution (Fig. 4.5, reddish lines). Decoding only started to be above chance 4-6 later than the peak
of the earlier-timepoint-trained classifiers, but then remained stably above chance throughout the
delay-period, dropping back to chance levels abruptly with the onset of the probe. Importanly this
was true in all ROIs, including the medial and lateral occipital regions, which showed no evidence
for delay-period load-sensitive activity in the univariate GLM. Finally, testing the trained classi-
fiers on data from catch trials showed the expected pattern: the early timepoint classifiers were
able to decode motion direction in the sample, but quickly dropped to chance; the later timepoint
classifiers were at chance for all timepoints (Fig. 4.5, dashed-lines).

We next examined the evidence for stimulus-specific information by training classifiers to de-
code specific directions of motion (one of three directions). As with the load-specific classifica-
tion, we again used a temporal cross-generalization procedure, training classifiers on individual
timepoints in the trial and testing on all other timepoints. We trained the classifier using data
from only load 1 trials to allow the classifier to learn optimal representations for the directions
individually (Fig. 4.6, solid lines). Decoding performance in the medial and lateral occipital ROIs

showed a similar pattern to the load-decoding, with classifiers trained early in the delay showing
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Figure 4.5: Trial-dimension decoding. Temporal cross-generalization timeseries for classifiers
trained to decode trial load from data at various timepoints during the trial for different ROI
on (A-D) full trials and (E-H) catch trials. Each waveform represents the mean load-decoding
accuracy (n = 7) from a classifier trained at a single timepoint in the trial, indicated by the dia-
mond of the identical color along the horizontal axis. Horizontal bars along the tip indicate points
at which the decoding accuracy for the corresponding classifier was significantly above chance
(0.33, p < 0.05, permutation test). Schematic icons of sample and probe presentation are shown
at the appropriate times. Data are unshifted in time. Light gray dotted lines show the shape of the
average BOLD percent signal change (collapsed across loads) within the ROI, in arbitrary units

scaled so that no change occurs at the chance line.
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above chance classification for only the sample period, then quickly dropping back to chance lev-
els. This was particularly true for the medial occipital region. Classifiers trained later in the delay
again showed a delay in the onset of above chance decoding, relative to the earlier classifiers, but
sustained above chance decoding throughout the delay, dropping back to chance at the onset of
the probe. Decoding was never different from chance for any of the classifiers in the parietal and
frontal ROIs.

Next we applied the classifiers trained on data from load 1 trials to load 2 and 3 trials, which
each contained one of the classifier directions and one or two random directions respectively. As
can be seen in Figure 4.6 (dashed lines, load 2; dotted lines, load 3), within the medial and lateral
ROIs, direction decoding was above chance on load 2 trials, following a very similar temporal

evolution to the load 1 trials. Decoding did not differ from chance on load 3 trials.

4.4 Discussion

In the present study we investigated the neural representations underlying the short-term reten-
tion of visual motion information. Participants performed a short-term memory task for one,
two, or three directions of motion presented transparently in a single circular aperture while in
the scanner (fMRI). Using an MVPA decoding approach, we showed the successful decoding of
stimulus identity from posterior visual regions, but not from parietal and frontal regions (which
nonetheless showed reliable parametric increases in activity with increases in memory load). This
is in agreement with the growing body of literature supporting the sensory recruitment hypoth-
esis, which posits that short-term storage is accomplished in the same neural systems recruited
for sensory processing, rather than by dedicated storage systems (Awh and Jonides, 2001; Paster-
nak and Greenlee, 2005; Jonides et al., 2005; Postle, 2006; D’Esposito, 2007; Serences et al., 2009;
Sreenivasan et al., 2014a).

We have now shown, across three separate studies (Riggall and Postle, 2012; Emrich, Riggall

et al., 2013, the current study), the reliable presence of stimulus-specific patterns of delay-period
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Figure 4.6: Stimulus-dimension decoding. Temporal cross-generalization timeseries for classifiers
trained to decode specific directions of motion from data at various timepoints in the trial. Con-
ventions the same as Fig. 4.5, scale on vertical axis changed. Classifiers were trained on data from
load 1 trials, then tested on trials of all three loads (load 1: solid line, load 2: dashed line, load 3:
dash-dot line; see panel G for legend).
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activity in posterior visual regions for individual remembered motion directions, and no evidence
for stimulus representation in parietal and frontal regions. These three studies have relied on sub-
stantially different task demands: same-different recognition (Riggall and Postle, 2012), memory-
to-test displacement (the current study), and direction recall (Emrich, Riggall et al., 2013) as well
as different stimulus presentations: single motion direction, multiple directions sequentially, and
multiple directions simultaneously, respectively. Despite these differences, the general pattern of
results is remarkably similar across the studies. There are, however, important differences as well.
In our original single-item task, we showed stable cross-temporal generalization (Riggall and
Postle, 2012). Classifiers trained on data corresponding to the peak of the initial sample presenta-
tion were still successful at decoding the remembered stimulus 14 seconds later at the end of the
delay period. Likewise, classifiers trained right at the end of delay period were successful at decod-
ing all timepoints throughout the delay. In our first multi-item follow-up (Emrich, Riggall et al.,
2013) we observed a slightly different pattern. Classifiers trained on the sample period were suc-
cessful at decoding during the sample and the probe, but not during the delay period. Classifiers
trained during the delay-period were able to decode the remembered direction, but this represen-
tation appeared to build more slowly than the initial sensory representation. This was suggestive
of a possible recoding of information, but the relatively short delay period (8 s), made it difficult
to confirm this. In the present work, with a longer delay period, we see clear evidence for a re-
coding of information. Classifiers trained during the sample period were able to decode stimulus
information, but this ability quickly died out into the delay-period. Classifiers trained on delay-
period data, however, showed the opposite pattern, ramping up in decoding performance just as
the sample decoding performance was falling. Taken together, these results strongly suggest a re-
coding of information following the initial sample presentation. Critically, however, this recoded
information is still retained in the same regions involved in the initial sensory representation.
Two other differences from our previous work bear mentioning. In both of the previous stud-
ies, we observed a relative spike in decoding performance around the presentation of the probe,

particularly for classifiers trained on data from the sample period. We do not see anything like
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this in the current work. Future work will be necessary to fully investigate the effects of specific
task demands on the forms of representation used during responding.

Finally, the complete failure to decode any information, from any timepoints, during load 3
trials is in contrast to our previous finding, where we observed reliable above change decoding at
all levels (Emrich, Riggall et al., 2013). One possible explanation could be in the differing meth-
ods used to train the classifier. In the previous work, classifiers were trained on data from all three
loads simultaneously, then performance on individuals loads was assessed by testing the trained
classifiers on individual loads. The current study only ever trained on load 1 trials, then tested
for generalization on load 2 and 3 trials. If individual representations of each direction are main-
tained separately, one would think this method would be more sensitive, because the classifier
would be learning the representation without any extra noise. It could be, however, that exposing
the classifier to the noise of other directions during training allows for more precise separation of
the specific trained directions. We think this is unlikely, given our previously observed correla-
tion between behavioral precision and decoding performance (Emrich, Riggall et al., 2013). Such
a correlation would be unlikely if the representation truly was the same across loads. Indeed, Es-
ter et al. (2013) have found a similar correlation between variations in neural representation and
precision as assessed with a forward encoding model within a single-item memory task.

An alternative explanation is that, given the complexity of the transparent motion stimulus,
encoding difficulties might explain the failure to decode at level three. Three simultaneous trans-
parent motion directions is at or exceeds typically behavioral limits for perception (Felisberti and
Zanker, 2005; Suzuki and Watanabe, 2009) and they cannot benefit from attentional reorienting as
items that are presented sequentially can be (Thssen et al., In Press). Thus, it seems quite reasonable

that encoding limits, not memory limits per se, were the issue (Linke et al., 2011a).



The spatial and temporal distribution of

memory representations for visual motion

We recently showed successful timepoint-by-timepoint decoding of remembered directions of mo-
tion during a short-term memory task (Riggall & Postle, 2012). Critically, this decoding was
only possible within posterior visual ROIs, despite the presence of elevated delay-period signal in
frontal and parietal cortex. However, when we applied the same decoding to wholebrain data
and inspected the importance maps, we found informative voxels in frontal and parietal regions.
Also, despite stable decoding throughout the delay-period, the importance maps suggested that
the informativeness of voxels varied greatly throughout the delay. In the present work we in-
vestigated these paradoxical observations by examining the spatial distribution and temporal
stability of the informativeness of individual voxels. We used two methods to investigate spatial
stability: recursive feature eliminination (RFE) and noise-perturbation sensitivity (NPS). Both
methods showed the representation is only within posterior visual regions and does not extend
to frontal and parietal regions. We used three approaches to examine the temporal stability of
voxels” informativeness: comparing the overlap of informative voxels from classifiers trained on
individual timepoints, training with multiple timepoints during the delay, and a spatiotemporal
approach whereby the entire delay-period of each trial was included as a single exemplar. The
results from these analyses showed that while many of voxels were stable throughout the delay
period, a large number also changed informativeness throughout the delay, particularly from the
first to the second half. Taken together these results support a broadly distributed memory repre-

sentation across striate and extrastriate cortex that contains both stable and dynamic elements.

Adam C. Riggall & Bradley R. Postle
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5.1 Introduction

Since the publication of the original Haxby et al. (2001) paper, multi-voxel pattern analysis (MVPA)
has taken the neuroimaging field by storm. The notion that this approach provides an information-
based (Kriegeskorte et al., 2006), rather than activation-based, level of analysis for functional mag-
netic resonance imaging (fMRI) data is intuitively desirable for most research questions. Why set-
tle for making educated-guesses based on reverse inference, with all the pitfalls that accompany it
(Poldrack, 2006), when one can directly assess the information content within a given brain area,
the thinking goes. So powerful and persuasive has this idea been that no fewer than 8 reviews
of the approach have been published within the last decade (Haynes and Rees, 2006; Norman et
al., 2006; Mur et al., 2008; Naselaris et al., 2011; Lemm et al., 2011; Tong and Pratte, 2012; Yang
et al., 2012; Mahmoudi et al.,, 2012). This work has lead to a number of interesting new insights
into decades old questions that have been revealed through the development of tasks designed to
leverage the power of MVPA.

One place where this has been particularly fruitful is in the study of the neural underpin-
nings of short-term memory (STM). For decades, a prevailing view within this field (or perhaps,
even more strongly, outside the direct field) has been that STM storage occurs through sustained,
elevated neural activity. Such activity, first identified in the monkey over 40 years ago (Fuster
and Alexander, 1971; Niki, 1974a), has been observed in numerous areas of the human brain,
most typically frontoparietal regions, with function magnetic resonance imaging (fMRI; Curtis
and D’Esposito, 2003). However, the application of MVPA to fMRI during the delay-period of
various STM tasks has shown evidence for the short-term retention of orientation (Harrison and
Tong, 2009; Serences et al., 2009; Ester et al., 2009; Albers et al., 2013), motion (Riggall and Postle,
2012; Emrich, Riggall et al., 2013), complex visual stimuli (Christophel et al., 2012; Christophel
and Haynes, 2014; Vicente-Grabovetsky et al., 2014), and objects (Linden et al., 2012) within pos-
terior visual regions which do not show elevated, sustained activity during the memory delay.

With the success these methods have had in demonstrating the presence of specific task-relevant

information during STM, important questions have followed: What information is actually present?
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Why is a particular classification approach successful with a given dataset? How can we use the in-
formation generated during an MVPA analysis to inform our understanding of the neural system
underlying them? Unfortunately, these have not been easy questions to answer. The wide variety
of preprocessing steps, the large number of different information-extraction approaches (correla-
tion, classification, regression, etc.), and the varied cognitive domains and brain areas investigated
have made it difficult to reach anything resembling a consensus.

The following report details our efforts to pursue these questions further with the data from
a previously published study on the short-term retention of visual motion information during
delayed-recognition (Riggall and Postle, 2012). In that study we reported finding, with MVPA,
evidence for stimulus-specific information (i.e., specific directions of motion) during the delay-
period of the task, but only when we used regions of interest (ROIs) covering posterior visual
regions. We found no evidence for information in the frontoparietal regions that showed robust
elevated delay-period activity during the same task.

However, when we applied the same classification methods to whole brain data that had been
feature-selected to include any voxels that changed activity at some point during the trial and
looked at the specific voxels that the trained classifier was using to make classification decisions
(often visualized as an importance map or sensitivity map), a number of voxels in frontal and pari-
etal regions turned up. Where these regions part of a broadly distributed representation, or spu-
rious noise voxels included by chance?

We also performed a temporal-cross-generalization analyses (for a recent review of the ratio-
nale behind this approach see King and Dehaene, 2014), where we trained our classifier on only
the data from a single timepoint in the trial, then tested this classifier on all timepoints in the trial
to see how well it would generalize, giving a sense of the stability of the representation. We found
broad cross-generalization: classifiers trained anywhere from the post-stimulus-onset timepoint
to the timepoint immediately preceding the test probe generalized well to other timepoints. How-
ever, when we inspected the importance maps on a timepoint-by-timepoint basis, the specific

voxel weights used by the trained classifier suggested a much more dynamic representation with
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the contribution of any given voxel to classification waxing and waning over the delay period.
Thus, the aim of the present study was to investigate these two paradoxical observations and

assess the spatial distribution and temporal stability of mental representations of visual motion

information as indexed by multivoxel patterns of activity. We present empirical results from a

reanalysis of the data from our previous study to investigate these two findings.

5.2 Materials and Methods

This study focused on a reanalysis of data previously published (Riggall and Postle, 2012). For full
details about the design and methods, please see the earlier publication. Briefly, participants (7)
were scanned (fMRI) while performing a delayed-recognition task for visual motion. Participants
were shown a single dot motion stimulus per trial and were instructed to remember both the
direction and speed of the motion. Halfway through the 15 s delay period they were cued as to
whether they would be making a judgment about the direction or the speed of the remembered
stimulus for an upcoming comparison. At the end of the delay, a second dot motion stimulus
was presented and participants had to indicate whether it matched the remembered stimulus on
the previously cued dimension. Participants completed 168 trials over the course of 7 runs in
the scanner, with direction cued 96 times, speed the remaining 72. Critically, the direction of
the to-be-remembered motion stimulus was always a combination of one of 4 possible directions
(presented off the cardinal axes to reduce verbalization/categorization) and 3 speeds. It was these 4
directions that were used as items to be classified in the MVPA analysis. The following discussion

will focus only on data from the direction-probed trials.

Data Acquisition and Preprocessing

Over 7 runs, 2527 volumes were acquired at 3T using a gradient-echo, echo-planar sequence (2 s
TR, 25 ms TE, 64x64 matrix, 39 sagittal slices, 3.5 mm isotropic) The functional data were prepro-

cessed using the Analysis of Functional NeuroImages (AFNI) software package (Cox, 1996). All
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volumes were spatially aligned to the final volume of the final run using a rigid-body realignment
and corrected for slice time acquisition. Linear, quadratic and cubic trends were removed from
each run to reduce the influence of scanner drift. Data were z-scored separately within run for
each voxel. Data were not smoothed and were left in their native space.

To help in identifying the brain regions contributing to classification performance, we created
broad anatomically defined ROIs (lateral prefrontal, parietal, lateral occipital and medial occipi-
tal) by extracting region masks from the Tailarach atlas template included with AFNI (as originally
labeled by Lancaster et al., 2000) and warping them to the subjects native space. The lateral pre-
frontal ROI consisted of the inferior frontal gyrus mask, the middle frontal gyrus mask, and the
precentral gyrus mask. The parietal region consisted of the posterior cingulate, inferior parietal
lobule, precuneus, and superior parietal lobule masks. The lateral occipital region consisted of
masks for the fusiform gyrus, inferior occipital gyrus, inferior temporal gyrus, middle occipital
gyrus, and superior occipital gyrus. The medial occipital ROI consisted of the lingual gyrus and
cuneus masks. Classification analyses were then conducted on all voxels within the union of these
four regions that showed any task-related change in activity as determined by a main effect of task
contrast in a univariate general linear model (GLM). After classification, the importances maps
were then assessed in each of the four ROI to look for contributions to classification performance

from that region.

MVPA Procedure

Classification was performed using PyMVPA (Hanke et al., 2009) and custom routines written in
python. Preprocessed fMRI data were used to train classifiers to classify the direction of motion
in the sample, and by inference, the direction of memory in memory (4 possible directions) from
trials on which direction had been cued. Classification was performed using L2-regularized lo-
gistic regression, a linear classification approach used widely in the machine learning community
and well suited for application to fMRI data given it’s ability to generalize well after learning in

high-dimensional feature spaces with limited training examples (Pereira et al., 2009). The lambda
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penalty term, which reduces the contribution of less informative voxels to classification and thus
improves generalization, was set to 25, the same value used in our previous report.

As logistic regression is a binary classification approach and we had four separate classes (in-
dividual directions), each classification run consisted of training six different classifiers on the six
pairwise combinations of classes (e.g., direction 1 vs. direction 2, direction 1 vs. direction 3, etc.)
Classification performance on test samples was computed using a majority voting approach: each
pairwise classifier was used to predict the class of the test sample and the class which was predicted
as more likely the most (i.e., received the most votes) was assigned as the overall predicted class.
In cases of a tie, the winner was randomly chosen from the tying options.

To insure that any results we observed were real and not due to biases introduced during the
training phase, we used a cross-validation procedure with balanced random sampling of the train-
ing and test sets. Seven validation folds were set with fold boundaries corresponding to scanner
run boundaries, so that training samples were from 6 of the runs and the testing samples were from
the remaining run. Within each fold, classification was performed on a random, balanced set of 80
samples from the training set (20 of each direction) and tested on 8 samples (2 of each direction)
from the test set. This random, balanced sampling was repeated 25 times for each each cross-
validation fold, resulting in a total of 175 iterations of training and testing. Overall performance
of the classifier was computed as the overall proportion, across the 175 iterations, of correctly
labeled test samples. This procedure insured an unbiased estimate of classification performance.

The significance of classifier performance was determined using a random permutation test
(Golland and Fischl, 2003) to determine the likelihood of observing a specific accuracy under the
null hypothesis that there is no relationship between the data and the specific class labels used to
train the classifier A null distribution was generated by rerunning the entire classification cross-
validation procedure 1000 times, randomly shuffling the class labels each time. A p-value was
then computed by determining the proportion of permuted accuracies that were higher than the
observed accuracy. Only classification results where the performance was below p < 0.05 on the

testing set are reported.
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Figure 5.1: Decoding cross-temporal-generalization time courses after training classifiers to de-
code individual directions of motion (4 possible directions) with data from task-modulated occip-
ital, parietal and frontal regions. Each line represents the mean classification performance across
participants (n = 7) for a classifier trained on data from a single timepoint. Filled circles indicate
the timepoint on which each classifier was trained (e.g., the red line shows the cross-temporal gen-
eralization performance for a classifier trained on a timepoint 6 s after the sample presentation and
tested on all timepoints on the held-out test set.) Colored bands indicate the distribution of results
under the null hypothesis, generated by randomly shuffling the labels and repeating the training
and testing procedure many times. Schematic icons of trial events are shown at the appropriate
times along horizontal axis. Data are unshifted in time.
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Foundation and the U.S. Department of Energy’s Office of Science.
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5.3 Results

The aim of the present study was to investigate two aspects of the memory representation of vi-
sual motion as measured by stimulus-specific patterns of blood-oxygen level-dependent (BOLD)
activity uncovered through the use of MVPA. As can be see in Figure 5.1, classifiers trained on
task-modulated data from occipital, parietal and frontal regions using single timepoints during the
trial generalized well to other timepoints throughout the trial. We now present results addressing

the spatial distribution and temporal stability of the patterns underlying this successful decoding.

Spatial Distribution

In our previous work we demonstrated, using ROI-based decoding, that frontal and parietal re-
gions, on their own, do not appear to contain sufficient information to decode stimulus identity
(Riggall and Postle, 2012). However, the possibility remains that these regions could contain in-
formation, that when combined with information in posterior regions, provides an improved rep-
resentation. To address this possibility, we used two closely related approaches, recursive feature
eliminination (RFE) and noise-perturbation sensitivity (NPS), to investigate the contribution of

individual voxels within our task-modulated brain regions to classification performance.

Recursive Feature Elimination

The first approach we took to identify the spatial distribution of representation was RFE (De Mar-
tino et al., 2008). As the name suggests, RFE involves repeatedly eliminating features (i.e., voxels)
that are deemed least informative for classification. This procedure is repeated over and over, prun-
ing additional uninformative features each iteration, until further elimination begins to worsen
classification performance. Specifically, the classifier is initially trained on the full-featured dataset.
The weights from the trained classifier are extracted, and those voxels with the smallest absolute
weights (i.e., those contributing least to the classification) are removed. The classifier is then re-

trained on the new, smaller dataset and the process is repeated until performance of the classifier
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Figure 5.2: Results from RFE applied to data from one timepoint (16 s after the initial presentation
of the sample). (A) The proportion of voxels remaining in each broad region of interest following
each iteration of the RFE procedure. Data from all 7 participants are shown as separate lines,
one for each region for each participant. (B) Overall mean classification performance after each
iteration of the RFE procedure. Each individual subject is shown as a light gray line, the group
mean as a black line.
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on an independent test test begins to drop.

We ran RFE on our dataset, eliminating the 10 least informative voxels each iteration. To de-
termine which voxels were least informative, we extracted the trained weights from every iteration
of our cross-validation training procedure (175 iterations, 6 sets of weights per iteration, one for
each pairwise comparison), averaged across iterations, and then assigned the maximum absolute
value of each voxel across the six pairwise comparisons as that voxel’s informativeness. Voxels were
then ranked by this informativeness and the lowest 10 voxels were removed from the set. Ties in
rankings at the 10 voxel boundary were broken by randomly selecting the necessary number from
all tied voxels.

At each iteration we also recorded which region each voxel being eliminated came from. We
then computed the proportion of each region’s voxels that remained after each iteration. A plot of
the changes with each iteration for one training timepoint can be seen in Figure 5.2A. From this we
can see that early on in the elimination procedure an equal number of voxels are eliminated from
each region. This pattern soon changes and the vast majority of the voxels removed are from frontal
and parietal regions. This pattern continues until all of the voxels in frontal and parietal regions
have been removed, at which point the remaining voxels are removed approximately equally from
the medial and lateral occipital region. This pattern was remarkably similar across participants:
all frontal and parietal voxels were removed from the training set in all participants. These results
held true when this process was repeated on all of the individual timepoints in the trial.

Figure 5.2B shows the impact that this feature-elimination process had on classification per-
formance. Performance improved steadily early on with the elimination of voxels, then plateaued
as the frontal and parietal voxels were steadily removed, and finally began to drop off as more and

more occipital voxels were removed.

Noise Perturbation Sensitivity

The second approach we took for analyzing the spatial distribution of the patterns underlying our

decoding results was a NPS approach (Hanson et al., 2004; Hanson and Halchenko, 2008). This
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method, similar to the RFE method, computes a measure of informativeness at each voxel. In the
case of NPS, that measure is the extent to which the addition of noise at a single voxel impacts
overall classification performance. The reasoning behind this approach is that injecting noise into
a voxel that is already just noise should have no impact on classification performance. Injecting
noise into a voxel carrying signal about the specific classes of interest, however, should negatively
impact the overall classification performance as this noise wipes out the signal. The benefit of this
method is that is does not directly rely on the specific underlying weights the trained classifier
learns, which will be different for varying classification methods, but instead perturbs the data
directly. To compute an overall map of sensitivity, this noise addition processes is repeated over-
and-over, voxel-by-voxel, to assess the impact of noise at each voxel.

To compute the NPS for our data, we added noise to a single voxel, ran the entire cross val-
idation procedure, and recorded the overall cross-validation accuracy. The noise was uniformly
distributed from -2 to 2, corresponding to twice the standard deviation of our z-scored signals. We
repeated this procedure 100 times with new random noise each time and took the mean classifi-
cation accuracy across these 100 iterations as the overall accuracy under noise at that voxel. This
process was then repeated for every voxel in the feature-selected dataset. Finally, the accuracy un-
der noise for each voxel was subtracted from the accuracy in the original, noise-free dataset. The
absolute value of this difference determined each voxels NPS. To determine an appropriate level at
which to deem the impact of the noise meaningful, we added several noise only voxels, consisting
of normally distributed noise with mean of 0 and a standard deviation of 1, to the dataset. We then
tested the NPS of these voxels, and used the maximum impact they had over all the iterations as a
threshold for determining which voxels were significantly impacted by noise, and thus important
to the representation being decoded.

The results of this analysis for one subject at one timepoint can be seen in Figure 5.3. The
voxels within each region are sorted by their NPS and are shown as vertical lines with heights
corresponding to their NPS. As can be readily seen in the figure, no frontal or parietal regions

showed a sensitivity beyond the maximum seen in the pure noise voxels. Approximately 30% of
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Figure 5.3: Noise perturbation sensitivity (NPS) results for one participant at one training time-
point. Each voxel is presented as a vertical line, colored by the particular broad region on interest
which contained it. Within each area the voxels are sorted according to their informativeness. The
vertical scale represents the mean impact the addition of noise had on classification accuracy (i.e.,
change in overall percentage of test trials labeled correctly) over 100 additions of random noise.
The horizontal dashed line shows the maximum value observed with the same procedure for a set
of control voxels containing only noise. Voxels with values above this line are considered to be
significantly informative for the classification.

the medial occipital and lateral occipital voxels showed significant NPS values.

Across the population and across the timepoints tested, on average fewer than 1% of parietal
and frontal voxels exceeded the threshold, while an average of 28% (range 21%-40%) of lateral
occipital voxels and 34% (range 23%-52%) of medial occipital exceeded the threshold. A com-
parison of those voxels that were deemed important by the RFE and NPS analyses showed strong
agreement between the two, with on average 96% of voxels being labeled as important by the NPS
approach also being present in the active feature set at the point of maximum decoding perfor-

mance during the RFE approach.
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Temporal Stability

While the overall stability of our cross-temporal generalization decoding results (see Figure 5.1)
are suggestive of a stable pattern over time, when we looked previously at the important voxels on
a timepoint-by-timepoint basis, it appeared that the influence of individual voxels varied consid-
erably over time. We now discuss our efforts to investigate this observation, using three different

approaches.

Comparison of RFE results across timepoints

First, we examined the extent to which the voxels included as most informative by the RFE analysis
overlapped across classifiers trained on each individual timepoint of the delay period. We identi-
fied any voxels that appeared in the feature-set at the point of maximum classification performance
for any timepoint during the period from 6 seconds following the delay to 20 s (8 timepoints). For
each of these voxels we counted the number of times it appeared in the best-performing set for each
of the 8 timepoints. Figure 5.4 shows the average proportion of voxels for each possible number
of appearances as an important voxel (1-8). Only about 30% were included as informative voxels
in all 8 timepoints, with another ~17% covering 7 of the 8 voxels. On the opposite side of the
spectrum, a full 20% of voxels, on average, we only included on a single timepoint.

To gauge the approximate distribution of voxels that were active for more than 1, but not all,
timepoints, we computed the average of the pairwise differences between all of the timepoints in
which a voxel was included as informative. These differences tended to be small (< 4s), suggesting
that when a voxel was only informative for a few of the timepoints, these timepoints tended to

occur nearby in time..

Training on Multiple Timepoints

The next approach was aimed at more directly identifying stable patterns in particular. Rather
than training the classifier on a single time-point, we trained it with data from multiple timepoints,

the logic being that the classifier should be better able to separate noise from a stable signal with
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Figure 5.4: Mean cross-timepoint overlap of informative voxels across participants identified using
RFE. Computed by taking the union of all voxels that were still included in the feature set at
the point of maximum classification for each individual timepoint, then counting the number of
timepoints each voxels was included across all the timepoints.

more data and a better estimate of the noise. To begin, we tried this approach by including every
timepoint during the delay (from 6 s to 20 s) as separate exemplars. It is important to note that
when we did this, we were still following our strict cross-validation procedure, so test trials were
always from a completely different run from the training set, so there is no fear of biasing the
results by including temporally adjacent train and test timepoints.

Treating each timepoint during the delay as a different exemplar produced a classifier which
showed slightly improved overall classification performance compared to training on individual

timepoints (see Figure 5.5, blue line). Important voxels, identified through the sameRFE approach
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Figure 5.5: Mean decoding cross-temporal-generalization time courses after training classifiers
to decode individual directions of motion (4 possible directions). Classifiers were trained on data
from multiple timepoints during the trial. The blue line shows a classifier trained on all timepoints
during the delay, red the first half of the delay, green the later half. Conventions the same as
Figure 5.1.

used with the single timepoint data, were extremely similar to those seen in the single timepoint
results (~94% overlap). There were no voxels identified in the multiple timepoint approach that
had not been identified as important in at least one of the timepoints of the timepoint-by-timepoint
approach.

To further assess the apparent stability of the representations, we repeating this processes,
training on data from either the first 4 timepoints of the delay, or the last four. As can be seen
in Figure 5.5, each group performed slightly better on the half it was trained on compared to the
other half of the delay, but this difference was quite small. Overall both groups performed quite
well on all timepoints during the delay. An inspection of the informative voxels showed con-
siderable overlap with the informative voxels from the all-delay-timepoints analysis. The voxels
that did not overlap with the all-delay set for each group also did not generally overlap with each

other (only ~19% overlap), suggesting slightly different representations across the two halves of
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the delay.

Spatiotemporal Classification

The final analysis we performed was a spatiotemporal decoding analysis (Mourdo-Miranda et al.,
2007). With this approach, the entire delay period of each trial was included as a single training
exemplar. Each voxel’s individual timepoints are treated as a separate features. That is, a 2000
voxel feature space would become a 16000 voxel-timepoint feature space (2000 voxels times 8
delay timepoints) in our case. The appeal of this approach being that it can identify the specific
timepoints at which a voxel is important in the context of all other timepoints within a single
model.

We repeated training using this spatiotemporal approach and relied on RFE to eliminate un-
necessary features and maximize classifier performance. Overall the trained classifier performed
substantially worse (mean of 38% accuracy across participants) compared to either the single time-
point analyses or the multiple-timepoint approach. Inspection of the important voxels showed
only a small portion of them (fewer than 10%) across subjects were judged as reliably informative
across the delay period. These results suggest that the classifier was unable to extract all of the
information present in the much larger feature space, as a much higher proportion were shown to

be stable through both of the other approaches.

5.4 Discussion

The aim of the present study was to investigate two important characteristics of the neural repre-
sentation, as indexed by BOLD activity, of individual motion directions during STM: how spa-
tially distributed and how temporally stable are these representations? Are they spatially limited
to only posterior visual areas and consistent during the memory delay, or might they be broadly
distributed throughout a large network of the brain and dynamically changing? In our previous

work (Riggall and Postle, 2012) we demonstrated successful temporal-cross generalization of de-
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coding performance (King and Dehaene, 2014), but only in posterior visual regions, suggesting
a stable, spatially limited representation. However, looking at the voxel-by-voxel contributions
to whole brain decoding (i.e., the importance maps or sensitivity maps) we found the opposite
pattern: important voxels were found in broadly distributed regions and their importance varied
throughout the delay period.

To attempt to reconcile these contradictory observations we undertook a detailed assessment
of the underlying voxel-by-voxel contributions to classification performance. We looked at the
spatial distribution of the representation with two different approaches, RFE and NPS, which both
showed that few, if any, voxels outside the posterior visual regions were actually informative to the
overall classification. These results provide additional evidence supporting the sensory recruitment
hypothesis, whereby the short-term retention of information is accomplished using the same neural
systems used for sensory processing, rather than specialized storage buffers (Awh and Jonides,
2001; Pasternak and Greenlee, 2005; Jonides et al., 2005; Postle, 2006; D’Esposito, 2007; Serences
et al., 2009).

We assessed the temporal stability of the representations in several ways. First, we compared
the informative voxels identified by the RFE and NPS across timepoints, finding a relatively even
split between voxels that were important throughout the delay, voxels that were important for sev-
eral points during the delay, and voxels that were only important on one or two timepoints. Next
we assessed performance when training the classifier on all the timepoints in the trial as separate
examples, which identified a set of voxels that represented a stable representation throughout the
delay. Splitting this approach, and only including early delay or late delay voxels showed general
agreement, but some evidence for additional information present in each half not present in the
other. Finally we performed a combined spatiotemporal analysis, which provided generally com-
plementary, though likely underpowered, results. The interpretation of these temporal stability
results is less clear. On the one hand, they suggest a relatively stable representation, challenging
recent results suggesting a much more dynamic representation (at the level of BOLD; Sreenivasan

et al., 2014b). On the other hand, we do find evidence for a change in representation over the
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delay, based on training with only early or late delay examples, suggestive of a recoding of at least
some of the representation. This would be consistent with recent electrophysiological results in
the monkey suggesting an initial dynamic representation that eventually settles to a stable point
(Stokes et al., 2013).

An important unresolved question related to the present work is that of what, exactly, we are
decoding when applying classification methods to BOLD data. Several proposals have been put
forth, including: uneven distributions in cortical columns coding for information across voxels
(Boynton, 2005; Kamitani and Tong, 2005; Chaimow et al., 2011), accumulated signal in drain-
ing veins (Gardner, 2010; Thompson et al., 2011), larger scaler, weak cortical organization (Op de
Beeck, 2010; Freeman et al., 2011), or a spatiotemporal combination of multiple sources of infor-
mation (Kriegeskorte et al., 2010). For the purposes our of current results, the specifics don't mat-
ter much, as we were looking for differing contributions from distinct, spatially separated areas.
However, as studies move to higher-field strengths and better spatial resolutions these questions
will become much more important for truly understanding the underlying representations, to the
extent possible with BOLD.

In the current study we took a blunt-force approach to identifying informative voxels and stuck
with the same classification approach we had used in our original report, L2-regularized logistic
regression. We performed only course tuning of the regularization parameter A to limit overfit-
ting and promote cross-generalization of the data, without excluding possibly informative voxels
(Rasmussen et al., 2012). We chose to stick with logistic regression because the weights produced
during training are directly interpretable as the effect each voxel has on the overall likelihood of
the classification decision. This is not true of other classification methods, such as SVM, where
methods akin to NPS must be used to get a voxel-by-voxel measure of importance (LaConte et al.,
2005; Rasmussen et al., 2011; Baehrens et al., 2010).

While we do not believe that the specific choice of classification algorithm determined the re-
sults observed in this study, it is possible that more sophisticate approaches, such as the ElasticNet

(Zou and Hastie, 2005), group lasso Yuan and Lin (2006), or sparse overlapping sets lasso (Rao et
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al., In Press), might provide clearer results, particularly with regard to groups of voxels that may be
highly correlated. Another alternative would be an ensemble of classifiers approach (Cabral et al,,
2012). Rather than relying on a single classification method which might be best suited for a single
area, combining the results of classification with a number of different classifiers might provide a
more complete extraction of any relevant information in the data, particularly when paired with

NPS metrics to insure true importance is detected (Baehrens et al., 2010).



Frontoparietal contributions to the

short-term retention of motion and color

Given the recent empirical support for the sensory recruitment hypothesis, which posits that
short-term storage occurs in the same neural systems used for initial sensory processing, an im-
portant question remains: what functions, if not storage, are the frontoparietal areas that rou-
tinely show load-dependent elevated activity during the delay-period of short-term memory tasks
doing, if not storage? One compelling possibility is that these regions are involved in directing top-
down attention towards these internal representations in sensory regions to support their main-
tenance. Under this hypothesis we would expect to see increased involvement of these regions
with increased memory load, as additional attentional resources are needed to maintain addi-
tional memory items. In the current study we manipulated load in a short-term delayed-recall
task for visual motion or color. During an initial session we collected fMRI data while partici-
pants performed this task. These data were used to identify load-sensitive frontoparietal regions
which were subsequently targeted during a transcranial magnetic stimulation (TMS)/electroen-
cephalography (EEG) session. We found differing patterns of functional connectivity depending
on task condition and load in the fMRI data and increases in effective connectivity, as measured
by the TMS-evoked response, at higher loads while stimulating frontal and parietal regions, but
not a visual region (area MT). These results are consistent with a top-down attentional mecha-
nism, controlled by prefrontal cortex (PFC) and intraparietal sulcus (IPS), supporting short-term

maintenance by “sensory” regions.

Adam C. Riggall, Nathan S. Rose, Michael J. Starrett, & Bradley R. Postle
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6.1 Introduction

A growing body of literature finds evidence for visual stimulus representation within posterior vi-
sual regions during short-term memory (STM) (Harrison and Tong, 2009; Serences et al., 2009; Es-
ter et al., 2009; Albers et al., 2013; Christophel et al., 2012; Christophel and Haynes, 2014; Vicente-
Grabovetsky et al., 2014; Linden et al., 2012). Taken together, these results provide compelling
evidence supporting the sensory recruitment hypothesis, which posits that the short-term reten-
tion of information is accomplished using the same neural systems used for sensory processing,
rather than specialized storage buffers (Awh and Jonides, 2001; Pasternak and Greenlee, 2005;
Jonides et al., 2005; Postle, 2006; D’Esposito, 2007; Serences et al., 2009; Sreenivasan et al., 2014a).

These results are in direct contrast to decades of results highlighting the involvement of frontal
and parietal regions, which reliably show elevated, memory-load dependent activity during the
delay period of STM tasks (reviewed in Curtis and D’Esposito, 2003). How, then, to explain the
discrepancy? One compelling explanation is that these regions, rather then being involved in
representation-related activities, are instead involved in directing attention internally to stored-
representations (Lepsien and Nobre, 2007; Munneke et al., 2012). This idea helps explain the con-
siderable overlap often seen within these regions across putatively different cognitive tasks (Ikkai
and Curtis, 2011; Jerde et al., 2012; Liickmann et al., 2014).

In order to test this idea, the current study examined functional and effective connectivity
during a short-term memory task. To do this we used two complementary approaches in two
different modalities: with functional magnetic resonance imaging (fMRI) looking at pychophysi-
ological interactions (PPI; Friston et al., 1997) and with transcranial magnetic stimulation (TMS)/
electroencephalography (EEG) looking at the propagation of the TMS-evoked response (TMS-ER;
Rogasch and Fitzgerald, 2012).

The current study tested the hypothesis that frontoparietal regions with elevated activity dur-
ing the delay-period of a short-term memory task are providing a top-down attentional signal to
stimulus-feature-specific posterior regions where the relevant information is being retained. We

tested this by scanning subjects (fMRI) while they performed a task requiring delayed-recall of
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directions of motion or of colors. In a second session we collected EEG data while administering
TMS to functionally localized targets in lateral prefrontal cortex (IPFC), intraparietal sulcus (IPS),
and the middle temporal area (MT).

We predicted that the top-down attentional signal from frontoparietal regions would be stronger
during higher memory loads, leading to higher functional connectivity between frontal, parietal,
and posterior visual regions at higher loads (load 1 vs. load 3) as measured with fMRI, but differ-
ent patterns of connectivity when different features were being remembered (motion vs. color).
That is, we expected a quantitative difference between memory loads within task condition and
a qualitative difference in the pattern of connectivity between task conditions. We also expected
higher effective connectivity at higher loads (as measured by the spread and strength of the TMS-
evoked response (TMS-ER) in the EEG) after IPFC stimulation and IPS stimulation (top-down

stimulation), but not following MT stimulation (bottom-up stimulation).

6.2 Materials and Methods

This study was composed of two sessions: an initial fMRI session and a follow-up TMS/EEG ses-
sion. During the initial fMRI session participants performed a delayed-recall task for visual mo-
tion and color, as well as a functional localizer task for motion. Data from this session were used to
generate TMS targeting locations for the TMS/EEG session, during which participants performed
a similar delayed-recall task while TMS was applied to MT, IPS, and dorsolateral prefrontal cor-
tex (dIPFC).

Participants

Seven volunteers (1 female) between 19 and 31 years of age (mean 25.4 years) were recruited from
the University of Wisconsin-Madison community and paid for their participation. All subjects
had normal or corrected-to-normal vision. Participants gave written informed consent according

to procedures approved by the Health Sciences Institutional Review Board at the University of



91

Wisconsin-Madison and were screened for the presence of neurological and psychiatric conditions

and other risk factors related to the application of TMS.

fMRI Session

Behavioral Paradigm

Participants performed eight runs of a delayed-recall task for directions of visual motion or colors
(blocked by run; Fig. 6.1) while being scanned (fMRI). Before each block subjects were instructed
to either remember motion directions or to remember dot colors.

Each trial began with the presentation of an endogenous cue arrow (cue, 1 s), directing partic-
ipants to remember items on the left or right side of the visual display. Next, the cue was replaced
with a white fixation cross and three dot patterns were presented sequentially on each side of the
display (sample, 2 s). Each dot pattern was displayed for 500 ms and the patterns were separated by
an interstimulus interval of 250 ms. During direction blocks, all three patches within each hemi-
field were colored the same random color, and one or all three could be moving 100% coherently
in a random direction. During color blocks, all three patches within each hemifield were moving
100% coherently in the same random direction, and one or all three patches could be randomly
colored. Participants were instructed to remember the motion direction or color of dots on the
cued side of the display. A variable length delay followed (delay, 6, 8, or 10 s, evenly distributed).

After the delay a response ring appeared on each side of the display (response, 4 s). The ring
on the cued side of the display contained an indicator bar pointing from the center of the ring to a
random position on the ring. At the same time, a numeral replaced the fixation point, indicating
the serial position of the item that participants needed to recall. Participants had to recall the item
from the specified serial position by rolling the ball of an MR-compatible fiber-optic trackball
(Trackball 2; Current Designs) left or right to rotate the response indicator bar. During direction
blocks the response rings were colored the same colors as the dot patterns had been, and rotating
the indicator also rotated a set of moving dots within the response ring that moved in the direction

of the indicator. On color blocks, the response rings were composed of a color wheel containing
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Figure 6.1: Behavioral task. A. fMRI task. Participants maintained the direction of motion or
color of dots (depending on the block) within the cued half of the visual field over a variable delay
period. At the end of the delay period they were required to recreate the item that had appeared
in the indicated serial position by rotating a response indicator bar with a trackball. B. TMS/EEG
task. Procedure and conditions were similar to the fMRI task, with changes in timing. TMS was
applied during the delay period on every trial, to MT, IPS, or PFC (blocked).

all possible color responses, and rotating the indicator bar changed the color of a large circular
patch in the center of the ring to match the color that the indicator bar pointed at. The color wheel
was rotated from trial to trial to prevent the association of colors with specific spatial locations.
Participants were instructed to recreate the indicated remembered item as quickly and accurately
as possible, pressing a button on the trackball when they had finished. After the response period
a variable intertrial interval (ITI) followed (3, 5, or 7 s, distributed evenly) during which a gray
fixation cross was present.

Before scanning, subjects were trained on the trackball response for both direction and colors
and practiced four blocks of 20 trials (2 each of direction and color) to familiarize themselves with

the experimental procedure
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All stimuli were presented on a black background. The fixation cross, cue arrow, and serial
position indicator where presented in white and subtended ~0.13°. The sample stimuli consisted
of two circular patches (8° diameter) of dots (~ 0.24°) centered 8° degrees on either side of the
screen. The sample was composed of three independent sets of dots, of which either one or all
three would need to be remembered.

On direction blocks, the directions of the sample were chosen randomly on every trial from
the full 360° circle. For load 1 trials, one of the three sequential presentations (sequential position
randomized) would move 100% coherently (at 15°/s) in a random direction while the other dot
sets remained stationary. On load 3 trials, all three sets moved coherently in directions that were
chosen randomly, constrained so that they were all at least 50° apart and not more than 165° to
prevent overlapping or exactly opposite motions. Each hemifield was randomized separately, with
the constraint that both patches would always either be moving or stationary, never one moving
and one stationary (i.e, load and serial position were identical in the two hemifields). The color of
the dots within each hemifield was chosen randomly each trial from the same color space as the
color blocks (see below). All dot sets within a hemifield were the same color, leaving direction as
the only distinguishing feature of the items.

On color blocks, the colors of the sample were chosen randomly from a circular CIEL x a x b
color space. The circle was centered in the color space at (L=70, a=20, b=38) with a radius of
60. Thus the colors had equal luminance, varying only in hue and saturation. For load 1 trials,
one of the three dot sets was colored randomly, while the other two dot sets were a dark gray
(sequential position of the colored item was randomized). On load 3 trials, all three dot sets would
be colored, constrained such that the colors were not within 50° in the circular color space to insure
discriminability. As with direction trials, each hemifield was randomized separately, constrained
so that load and serial position were the same in each hemifield. The direction of the dots within
each hemifield was chosen randomly each trial and all dot sets moved, leaving color as the only
distinguishing feature for the items.

Participants completed 240 trials over the course of 8 runs while in the scanner. Task condition
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(21levels: direction, color), attended hemifield (2 levels; left, right), memoryload (2 levels, 1, 3), and
probed-item sequential position (3 levels: 1st, 2nd, 3rd) were counterbalanced across runs, with
participants completing 10 trials in each cell of the fully factorial design. Participants alternated
blocks of direction and color trials, with the order counterbalanced across participants.
Experimental stimuli were controlled by the Psychophysics Toolbox (http://psychtoolbox.org;
Brainard, 1997; Pelli, 1997; Kleiner et al., 2007) running in MATLAB (MathWorks), rear projected
onto a screen in the scanner bore near the participants head, at 60 Hz (Silent Vision 6011; Avotec),

and viewed through a coil-mounted mirror.

Data Acquisition and Preprocessing

Whole brain images were acquired with the 3T scanner (Discovery MR750; GE Healthcare) at
the Lane Neuroimaging Laboratory at the University of Wisconsin-Madison. A gradient-echo,
echo-planar sequence (2 s TR, 25 ms TE) was used to acquire data sensitive to the blood-oxygen
level-dependent (BOLD) signal within a 64 x 64 matrix (39 sagittal slices, 3.5 mm isotropic). Eight
runs of the delayed-recognition task were obtained for each subject, each lasting 10 min, 26 sec
(313 volumes). The first 8 seconds of all task runs were discarded to insure a steady state of tissue
magnetization. A high-resolution T;-weighted image was also acquired for all subjects with a fast
spoiled gradient-recalled-echo (FSPGR) sequence (8.132 ms TR, 3.18 ms TE, 12° flip angle,156
axial slices, 256 x 256 in-plane, 1.0 mm isotropic).

Participants also performed two runs of a lateralized motion localizer. Two dot patterns were
present on the screen in the same lateralized locations used in the main experiment. The localizer
pseudorandomly cycled between both patches moving, only the left moving, only the right mov-
ing, or neither moving, changing every 18 seconds. Moving patches consisted of dots alternating
every second between inward and outward motion, centered on the center of the circular aperture.
Each run lasted 5 minutes (150 volumes), with the first 8 seconds discarded before further pro-
cessing. During each run the four combinations of stimulus motion were shown four times each.

During the localizer participants performed a luminance change-detection task on the fixation



95

cross to insure stable fixation.

The data were preprocessed using the Analysis of Functional Neurolmages (AFNI) software
package (Cox, 1996). All functional volumes were spatially aligned to the first volume of the first
run using a rigid-body realignment and corrected for slice time acquisition. Data were skull-
stripped and spatially smoothed with a 6 mm FWHM Gaussian kernel. To facilitate group level
analysis, individual subject statistical maps were transformed into Talairach space (Talairach and

Tournoux, 1988).

Behavioral Analysis

Behavioral performance was assessed using a mixture-model (Zhang and Luck, 2008; Bays et al.,
2009; Zokaei et al., 2011). This model breaks down the distribution of errors (the angular devi-
ations between the samples and the responses) into estimates of target accuracy (proportion of
responses toward the target direction), error (proportion of guesses, and in the case of load 3 tri-
als, proportion of nontarget responses) and a measure of precision (the variability of target and
nontarget responses). Responses are modeled to be a mixture of a Von Mises distribution (the
circular analog of the Gaussian distribution) with a concentration of k for all target and nontarget
responses plus a uniform distribution of random responses (guesses). The concentration param-
eter, K, corresponds to the precision of the target (and nontarget) responses, with larger values

indicating more precision (i.e., less variability). The model is defined as follows:
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where 8 is the target responses, 0 is the actual responses, Py is the probability of reporting the
target, and Py is the probability of reporting a nontarget (of m possible nontarget options). Pg
is defined as 1 — Pt — Py, and represents the probability of responding at random (Bays et al.,
2009; Zokaei et al., 2011).

Parameter estimates for Pt, Py, Pg, and k were obtained using expectation maximization

using MATLAB routines (available at http://www.bayslab.com). Responses were entered for all
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trials with a confirmed response, and separate estimates were obtained for each participant for

each task condition (direction and color) at each load (1 and 3) separately.

Univariate Analyses

A univariate general linear model (GLM) was used to identify load-sensitive delay-period activity.
The model included regressors for each within-trial event of the task (e.g., cue, each individual dot
pattern, delay, response). Direction and color blocks were modeled separately, as were remember
left and remember right trials. The cue was modeled with a 1 s boxcar. The sample presentations
were modeled as a set of 0.5 s boxcars, with different regressors for each aspect of the dot motion
(i.e., moving, static, colored, uncolored). The delays were modeled with a pair of regressors, one
which captured overall changes during the delay, and a second amplitude-modulated regressors
which directly contrasted load 1 and load 3 delays. Both of these were boxcars covering the de-
lay period (6, 8, or 10 s). The response period was modeled with four regressors: a 4 s boxcar
representing the presence of the response aperture, a boxcar whose duration lasted as long as the
response time on the trial, an amplitude-modulated boxcar that contrasted loads whose duration
lasted as long as the response time on each trial, and an impulse response at the time of the but-
ton press response. All event regressors were convolved with a canonical hemodynamic response
function (HRF). The model also included nuisance regressors for run, head-motion, and within
run polynomial drift (up to 5th order). Each of these independent regressors was entered into a
GLM for analysis using AFNI. Individual subject contrast images were aligned to Tailarach space
and entered into a second-level (random effects) analyses. To control for family-wise type I errors,
the results were cluster-thresholded based on results from 10,000 Monte Carlo simulations using
AFNT’s AlphaSim, with a minimum individual voxel threshold of p < 0.05 and a minimum cluster
size of 32 contiguous voxels.

The localizer task was modeled with four boxcars, representing the moving and stationary
periods in the left and right visual fields separately. The duration of the boxcars was dependent

on the duration of continuous stimulation for each period, which varied given the random nature
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of the stimulus presentation, but could take on one of four values: 18, 36, 54, or 72 s. All block

regressors were convolved with a canonical HRF.

Functional Connectivity Analyses

To assess functional connectivity, a PPI analysis was used (Friston et al., 1997; O’Reilly et al., 2012).
Seed timeseries were created by extracting mean timeseries from seed regions using a 7mm sphere
region centered on the seed voxel (See table 6.1). Prior to averaging over the voxels within the
sphere, the voxel-by-voxel effects of no interest were removed by subtracting the effects-of-no-
interest fits from the original GLM. Regressors for the psychological constructs of interest were
created by labeling all the points during the delay period with 1 or -1 for direction against color (for
all trials) and load 1 against load 3 (direction and color separately). These psychological-construct
regressors were then convolved with a canonical HRF. Finally, the convolved construct regressors
were multiplied timepoint-by-timepoint with the individual seed regressors to create interaction
regressors. For each construct of interest the original GLM was refit, with the inclusion of three
additional regressors representing the seed of interest, the convolved construct of interest, and the

interaction between the two.

TMS/EEG Session

Behavioral Paradigm

Participants performed the same delayed-recall task for motion direction and color as in the fMRI
session, with the following modifications: The cue arrow was presented for 750 ms, the delay lasted
2 s, the response period ended immediately after the subject pressed the button to confirm their
response (or timed out after 4 s), and the ITI varied from 1 to 1.5 s (rectangular distribution).
Single-pulse TMS was applied during the delay at 750 &+ 250 ms after final stimulus offset.
Participants completed 192 trials over 6 blocks for each TMS site (MT, IPS, dIPFC). Order
of TMS sites was randomized and counterbalanced across subjects. Within site, task condition

(2 levels: direction, color), attended hemifield (2 levels; left, right), memory load (2 levels, 1, 3),
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and probed item sequential position (3 levels: 1st, 2nd, 3rd) were fully counterbalanced across
blocks, with participants completing 24 trials in each cell of the fully factorial design. Participants
alternated blocks of direction and color trials, with the order counterbalanced across participants.

Experimental stimuli were controlled by the Psychophysics Toolbox running in MATLAB,

presented on a 24” LCD monitor at 120 Hz (VG248QE, Asus).

TMS Stimulation and Targeting

TMS targeting was controlled using a Navigated Brain Stimulation (NBS) system (Nexstim) which
employs 3D, infrared-based frameless stereotaxy to align the positions of TMS coil and subject’s
head within the reference space of the individual’s structural MRI. Optimal alignment between
MRI fiducials and digitized scalp landmarks (nasion, left and right tragii) was verified prior to each
experiment session. NBS also calculates on-line the distribution and intensity (expressed in V/m)
of the intracranial electric field induced by TMS, using a model of subjects’ head and brain and
taking into account the exact shape, 3D position and orientation of the coil. Stimulation intensity
was adjusted for each participant and TMS site to achieve 95-105 V/m at the specified site.

TMS was targeted to three different locations in the left hemisphere: MT, IPS, and PFC, all
derived from the data collected during the fMRI session. The MT stimulation site was localized
by using the motion localizer, focusing on the spot near the intersection of the lateral occipital
sulcus and the ascending limb of the inferior temporal sulcus (Dumoulin et al., 2000) showing the
strongest difference when comparing moving to static blocks from the right visual field regres-
sors. The IPS and PFC target sites were both identified using data from the main experimental
task, isolating regions that showed a load-dependent change in activity for both the direction and
color trials, collapsed across hemifields. The IPS site was chose as the most posterior and lateral
activation peak within the IPS. The PFC target was isolated as the peak near the junction of the
precentral sulcus and the inferior frontal sulcus, the inferior frontal junction (IFJ). The repro-
ducibility of the stimulation coordinates across sessions was guaranteed by a virtual aiming device

that indicated in real-time any deviation from the desired target greater than 2 mm. To avoid con-
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tamination of the EEG by auditory artifacts induced by the click of the TMS discharge, participants
listened to masking white noise through in-earbud headphones. The volume of the masking noise

was adjusted immediately prior to the experimental session for each subject until they could not

hear the TMS discharge.

EEG Data Acquisition and Preprocessing

EEG was recorded with a 60-channel TMS-compatible amplifier (Nexstim). This amplifier gates
the input during the TMS pulse by means of a sample-and-hold circuit (Virtanen et al., 1999),
holding the amplified output constant from 100us before to 2 ms after TMS discharge, limiting
the direct TMS-induced artifact. Electrode impedance was kept below 5kQ). A single electrodes
placed on the forehead was used as the reference and another two electrodes placed outside the
lateral canthi were used to record the horizontal electrooculogram (EOG). The EEG signals were
filtered at (0.1-500 Hz) and were sampled at 1450 Hz with 16-bit resolution. At the end of the
experiment, electrode positions on the participants head were digitized using NBS.

Data were processed off-line with EEGLAB (version 13.2.1b Delorme and Makeig, 2004) within
MATLAB (MathWorks). Data were band-pass filtered between 1 and 100 Hz. A notch filter with a
stop band of 55 to 65 Hz was used to remove line noise. The data were then downsampled to 290 Hz
and epoched by trial. A four step procedure was used to remove non-neural noise from the data.
First, epochs with large artifacts were removed via visual inspection. Next, independent compo-
nent analysis (ICA) was used to separate the EEG into putative sources (Jung et al., 2000; Delorme
et al., 2007). The results of this separation were visually inspected and epochs with large artifacts
in the component timeseries were removed. ICA was performed again on the pruned dataset and
components reflecting blinks, eye movements, residual muscle activity and TMS-related artifacts

were removed. Finally, the data were rerefrenced to the average of all 60 electrodes.
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Source Modeling

Source modeling was performed using the methods described by Casali et al. (2010). Individ-
ual cortical meshes (3,004 vertices) were created with the Statistical Parametric Mapping soft-
ware package (SPM5, http://www.fil.ion.bpmf.ac.uk/spm). This involved warping binary masks
of the skull, scalp and cortex obtained from individual MRIs to the Montreal Neurological Insti-
tute (MNI) atlas, allowing for the creation of skull, scalp and cortex meshes in MNI space. The
meshes were coregistered to the positions of the EEG sensors by rigid-body rotations and transla-
tions to coregister digitized landmarks with MRI landmarks (nasion, left and right tragus). Next,
a model of the conductive head volume was created using the three-spheres Berg method (Berg
and Scherg, 1994) using the Brainstorm software package (http://neuroimage.usc.edu/brainstorm
Tadel et al., 2011). The model was constrained to a source space consisting of 3004 fixed dipoles
oriented normally to the surface of each node of the cortex mesh.

The inverse solution was then calculated on a trial-by-trial basis with an empirical Bayesian ap-
proach as implemented in SPM5 (Friston et al., 2002; Phillips et al., 2005; Tikhonov and Arsenin,
1977). For this analysis, the covariance matrix was assumed independent across EEG electrodes,
and covariance components were modeled by two priors: the weighted minimum norm constraint
and a Gaussian distribution of source covariance along the geodesic (smoothness parameter = 8
mm), which enforced correlation among neighboring sources. These priors were estimated di-
rectly from the data with restricted maximum likelihood (Friston et al., 2002, 2006; Phillips et al.,
2005) Finally, to compute the overall current evoked by TMS in different cortical areas, individ-
ual cortical surface regions were attributed to different Broadmann areas (BAs) with an automatic
anatomical classification method that mapped the individual cortical surface regions to the region
of interest (ROI) masks provided by the WFUPickAtlas tool (http://ansir.wfubmc.edu Maldjian

et al., 2003).
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Effective Connectivity

Given the causality introduced by the TMS-ER, measures of effective connectivity can be derived
from TMS/EEG data. To quantitatively evaluate task-driven differences in effective connectivity,
the source-localized data were submitted a standardized, data-driven procedure that characterizes
the electrical response of the brain to TMS by means of two synthetic indices: significant current
density (SCD) and significant current scattering (SCS) (Casali et al., 2010). SCD represents the
sum of the absolute amplitude of all significant TMS-evoked currents observed, in pA/mm?, over
a given time interval and/or cortical region, which were identified with a nonparametric statistical
procedure. SCS is calculated as the sum of the geodesic distances (in mm) between the stimulated
brain region and any significant current source over a given time interval and cortical volume.
Thus this index captures the spatial spread of TMS-evoked currents to distal brain regions, growing
larger as significant TMS activations spread farther away from the stimulated brain area. The
comparison of these two values across different task conditions allows one to characterize changes
in effective connectivity under different neural. To that end, the inverse solution was generated
separately for different combinations of conditions (e.g., TMS to MT, direction trials, remember
left vs. remember right) to allow for comparisons of the effect of task condition and memory load

on connectivity between MT, IPS, and PFC.

6.3 Results

fMRI Session

Behavioral Results

Participants performed a delayed-recall task for directions of motion or colors which required
recreating a remembered direction or color within a 4 s response window. Participants were sig-
nificantly more likely to fail to respond within the 4 s window on color trials compared to direction

trials (Fig. 6.2A; (t(¢) = 3.45, p < 0.014). When considering only trials with a valid response,
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response times were significantly faster on direction trials compared to color trials (tc) = 6.15,
p < 0.001). Within direction trials with valid responses, a two-way repeated measures ANOVA
with load (1 and 3) and hemifield (left and right) as factors revealed a significant effect of load
(Fig. 6.2B; F(16) = 13.55, p = 0.010), a trending effect of hemifield (F(, ) = 5.64, p = 0.055),
and no interaction (F(16) = 1.97, p = 0.21). For color trials with valid responses, the same
analysis revealed no significant effects (load: F(; ) = 0.45, p = 0.52, hemifield: F(,¢) = 2.30,
p = 0.18, interaction: F(; ) = 0.02, p = 0.90)

Memory precision was analyzed using the method of Bays et al. (Bays et al., 2009; Zokaei
et al., 2011). This method fits a mixture model to the behavioral response errors (the circular
distances between response values and the actual values of the probed memory stimuli) to obtain
estimates for the proportion of correctly recalled targets, the precision of those responses (the
distribution of error around the target), and the proportion of errors (both nontarget responses
and guesses; see Materials and Methods). The model was fit separately using the relevant trials of
specific conditions of interest.

We examined the precision estimates (k, the concentration parameters of the von Mises distri-
bution) using a two-way repeated measures ANOVA with load (1 or 3) and hemifield (left or right)
as factors. For direction trials we observed a significant effect of load (Fig. 6.2C; F(14) = 7.11,
p = 0.037), no effect of hemifield (F(;5 = 0.51, p = 0.50), and no interaction between the
two (F(16) = 0.37, p = 0.56). A similar pattern was observed for color trials, with a significant
effect of load (F(;6) = 24.5, p < 0.003), no effect of hemifield (F; ) = 0.57, p = 0.48), and no
significant interaction (F(;¢) = 0.63, p = 0.46).

Having found no evidence that the remembered hemifield influenced behavior, we collapsed
responses across hemifields so we could further analyze behavioral performance. We refit the
mixture-models with the collapsed data and extracted the proportion of target responses (Fig. 6.2D).
A two-way repeated measures ANOVA with load (1 and 3) and condition (direction and color)
as factors revealed no significant differences in the proportion of target responses (load: F(; ) =

1.99, p = 0.21, condition: F(; ) = 2.08, p = 0.20, interaction: F(; ¢y = 1.26, p = 0.30).
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Figure 6.2: Behavioral results from fMRI session. (A) Mean proportion of trials which timed out
after participants (n=7) did not respond within the 4 s response window, which occurred more
often on color trials compared to directions trials. (B) Mean response times on trials with a validly
recorded response, which were longer for color trials than direction trials. (C) Estimates of the
precision (k) of responses from the mixture model, which showed a significant effect of load. (D)
Estimates of the proportion of responses (Pt) to the target from the mixture model fits, which
showed no differences across conditions or loads. For all plots load 1 results are in light gray, load

3 results in dark gray.
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Table 6.1: Average PPI seed region locations across participants in Tailarach coordinates, for illus-
tration purposes only. PPI analyses were done with seed regions identified in individual subjects
data.

Left Right
Seed X 'Y Z X Y Z
V1 4 80 -8 -8 78 -4

MT 46 73 -3 -42 69 O
pIPS 16 73 47 -19 66 42
alPS 36 45 46 -32 47 43
IF] 52 6 40 -51 10 40
FEF 27 11 54 -26 11 52

Univariate Results

A univariate GLM was used to identify regions in the brain that showed a parametric change in
signal intensity with memory load during the delay-period for each of the two task conditions
(direction and color) and for each remembered visual field (left and right). Group results from
the four condition combinations can be seen in Figure 6.3. For direction trials, the results were
very similar across visual fields. Significant load-sensitive increases in activation were observed
in bilateral posterior intraparietal sulcus (pIPS), anterior intraparietal sulcus (aIPS), IF], superior
precentral sulcus (sPCS), and right insula. For color trials, significant load-sensitive increases in
activation were observed in bilateral pIPS, left IF], left inferior frontal gyrus (IFG), and left middle
temporal gyrus across the visual field conditions, and in bilateral striate and peristriate cortex in
the remember-left condition.

The results from the univariate GLM were used to identify seed regions for the PPI analysis
on a subject by subject basis. The unthresholded statistical maps for each participant from the
load-sensitive regressors for the four conditions of interest were combined to isolate regions that
showed increased activity with memory load across the conditions. From this combined map 8
seed locations were identified: bilateral pIPS, aIPS, IF], and sPCS (See table 6.1). An additional 4

seeds were created from the results of the motion localizer: bilateral V1 and MT.
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A. Remember direction(s) on left

B. Remember direction(s) on right

C. Remember color(s) on left

LG PSR

D. Remember colors(s) on right

E. Overlap and MT localizer

Figure 6.3: Group univariate GLM results. Regions showing load-depending changes in delay-
period activity on (A) direction trials while remembering directions on the left, (B) direction trials
while remembering on the right, (C) color trials while remembering on the left, and (D) color
trials on the right. Warm colors are regions with more higher activity on load 3 compared to load
1, cool colors the reverse. (E) regions showing overlap across the four conditions (green) and MT
as identified by the localizer (purple). Group results are for illustrative purposes, as individual
seed regions were chosen based on individual subject GLM results. All shown on inflated cortical
surfaces, from left to right: medial left hemisphere, lateral left hemisphere, later right hemisphere,
medial right hemisphere.
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Functional Connectivity Results

In order to identify functionally connected brain regions involved in the performance of the task,
we conducted a PPI analysis using the seed regions identified in the univariate GLM. For a given
condition of interest and seed region, we refit the GLM with 3 additional regressors: the seed time-
series, the condition regressor, and the interaction between the seed and condition. This allowed
us to generate maps of overall seed-based connectivity as well as to identify those regions where
information in the seed area provided predictive information about other areas above and beyond
what could be explained by shared task effects.

We began by looking at interactions between seed regions and a condition regressor represent-
ing the delay period of direction tasks against color tasks. The interaction regressor in this model
should identify those voxels whose timeseries are more correlated with the seed voxel’s timeseries
during direction trials compared to color trials (or vice versa). Given the relative variability in the
location of seed regions across participants, we opted to extract the coefficients from the individual
fits from the subject specific seed regions and perform statistical tests on these seed specific values
rather than try to observe the results in template space group analysis. Results from the interac-
tion regressor based on task condition can be seen in Figure 6.4B. In this matrix, rows represent
the t-values of the group interaction effect from all seed regions for a specific seed timeseries. For
example, the first row shows the extent to which the activity in each of the seed regions is more
or less correlated with the timeseries from left V1 on direction trials versus color trials. Red val-
ues indicated regions where the correlation is higher between the region and the respective seed
during direction trials compared to color trials, blue the opposite. These results show that on the
whole, most of seed regions are more correlated during direction trials compared to color trials.

Given the large differences in connectivity between tasks, we next split the data by task to look
for more subtle changes in connectivity with task demands. Figure 6.4C and D show the results
for each of the two task conditions for a condition regressor representing the delay period of load
3 trials against load 1 trials. Red values indicate regions where the correlation with the seed region

was higher on load 3 trials compared to load 1 trials, blue the opposite. Comparing across the two
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tasks we see quite different results. On direction trials the correlations between the visual regions
(V1 and MT), including those in the opposite hemisphere, were stronger on load 3 with the other
visual regions, but lower for all other regions, suggesting a coordination of activity at higher loads
that was not driven by any of the other regions. On color trials the pattern was quite different. The
activity between the parietal and frontal regions was generally more correlated during load 3, and
the visual regions showed little change. Particularly strong connectivity was observed between

right aIPS and right IFJ

TMS/EEG Session

Behavioral Results

Five participants from the fMRI session returned for the TMS/EEG session. They performed the
same delayed-recall task for visual motion or color during the TMS/EEG session, while TMS was
applied to MT, IPS, and PFC in separate blocks. As in the fMRI session, participants were signif-
icantly more likely to fail to respond within the 4 s response window on color trials compared to
direction trials (Fig. 6.5; F»3) = 8.93, p = 0.04), however this did not vary across TMS targets
(F28) = 0.74, p > 0.50) and there was no interaction (F(, 5y = 0.10, p > 0.90). Response times
showed a similar pattern (Fig. 6.5; condition: F(,5) = 70.36, p = 0.001, TMS target: F(,3) = 0.80,
p = 0.48, interaction: F(,5) = 1.19, p = 0.35).

We again examined the mixture-model precision estimates using a two-way repeated measures
ANOVA with load (1 or 3) and hemifield (left or right) as factors separately for each TMS site and
task condition to investigate the impact of TMS and hemifield (Fig. 6.5). Across the conditions and
site, only the load difference was significant on direction trials for IPS stimulation (F(;4) = 11.9,
p = 0.026) and PFC stimulation (F(; 4) = 17.4, p = 0.014). All others tests were not significant.

We next collapsed responses across hemifields so we could further analyze performance. We
refit the mixture-models with the collapsed data and extracted the proportion of target responses
for each of the TMS stimulation sites (Fig. 6.5). As in the fMRI session, no differences were found

between loads or conditions across all of the TMS sites (all p > 0.05).
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Figure 6.4: Results from fMRI function connectivity analysis. (A) seed-based correlations between
specific seed timeseries and other seed regions. Each row represents the results from correlations
between a single seed timeseries and all other regions. Colors indicate average r-values across
participants. (B) Modulation of the correlation during the delay period between between seed
timeseries and all other regions on direction trials against color trials. Red areas indicate regions
where the correlation to the specific seed timeseries (identified by row) was higher during direction
trials compared to color trials, blue areas the opposite. Colors indicate t-values comparing the PPI
interaction regressor coefficients across participants. (C-D) Modulations of the correlation during
the delay period on load 3 trials against load 1 trials, for direction (C) and color (D) trials separately.
Red areas indicate higher correlations during load 3 compared to load 1 trials, blue the opposite.
Colorbar same as C.
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Figure 6.5: Behavioral results from TMS/EEG session. (A) Mean proportion of trials which timed
out after participants (n=>5) did not respond within the 4 s response window, which occurred more
often of color trials compared to directions trials. (B) Mean response times on trials with a validly
recorded response, which were longer for color trials than direction trials. (C) Estimates of the
precision (k) of responses from the mixture model, which showed a significant effect of load for
both task conditions. (D) Estimates of the proportion of responses (Pt) to the target from the
mixture model fits, which showed no differences across conditions or loads. Colors correspond
to sites of TMS stimulation: blue for MT, green for IPS, and red for PFC. Lighter colored bars are

for load 1 trials, darker bars for load 3.
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Effective Connectivity Results

To explore the influence of task condition on the connectivity between frontoparietal regions
showing load-sensitive activity and posterior visual regions we analysed the TMS-ER using the
method developed by Casali et al. (2010). This method computes a series of synthetic measures
characterizing the strength and spread of the brains response to TMS stimulation in source space.
Figure 6.6 shows an illustration of these measures for one example participant.

To assess the impact of task conditions on effective connectivity, we computed the SCD and
SCS for each combination of task condition, remembered visual field, memory load separately and
TMS stimulation site separately (Fig. 6.7). We then entered the results from combinations of TMS
site and task condition into two-way repeated measures ANOVAs to look for effects of memory
load and hemifield.

For IFJ stimulation, looking at SCD, we observed a significant main effect for load for both
task conditions (direction: F(;4) = 11.6, p = 0.03, color: F(;4) = 15.3, p = 0.02), no effect of
visual field (direction: F(; 4y = 0.09, p = 0.78, color: F(; 4y = 0.01, p = 0.93) and no interaction
(direction: F(;4) = 2.93, p = 0.16, color: F(; 4y = 2.94, p = 0.16) for either condition. Looking
at SCS we observed a slightly different pattern, with the main effect of load only significant for
color trials, (direction: F(;4) = 2.8, p = 0.17, color: F;4) = 8.4, p = 0.045), and no effect of
visual field (direction: F(;4) = 1.5, p = 0.29, color: F(;4) = 1.1, p = 0.45) or their interaction
(direction: F(; 4y = 3.1, p = 0.15, color: F(;4) = 1.7, p = 0.26) for either condition.

With IPS stimulation we observed different patterns for the two tasks. Looking at SCD, on
direction trials we observed a significant main effect of load (F(; 4) = 9.4, p = 0.04), a significant
main effect of remembered hemifield, (F(; 4) = 11.6, p = 0.03), and no interaction eftect (F(; 4) =
0.33, p = 0.60). For colors trials we did not observe any significant results (load: F(;4) = 0.64,
p = 0.47, hemifield: F(;4) = 0.79, p = 0.42, interaction: F(;4) = 091, p = 0.39). For SCS,
the pattern of results was again slightly different. For direction trials a trend towards a significant
effect of load (F(14) = 7.4, p = 0.06), no effect of hemifield, (F(;4) = 2.1, p = 0.22), and no

interaction (F(;4) = 0.98, p = 0.38). For colors trials we again did not observe any significant
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Figure 6.6: Example TMS-evoked results from a representative subject. (A) Top: Average TMS-ER
responses for each channel after stimulation of IFJ. Bottom: Cortical currents estimated at indi-
vidual time points, with increasingly strong significant currents shown in darker reds. Cortical
surface is shown as though viewed from behind and to the left, such that the frontal pole is up and
to the left, occipital pole on the lower right. (B) Average SCD computed for the evoked potentials
in A across an interval from 40ms-400ms post-TMS. (C) Average SCS for the same data over the
same interval. Cortical surfaces shown from directly above, with the frontal pole towards the top
of the page, occipital pole towards the bottom. Location of TMS stimulation indicated by the circle
and cross.
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Figure 6.7: Global TMS-evoked response synthetic measures following delay-period stimulation
to MT (A), pIPS (B), or IF]J (C). Left-most column shows cortical surfaces directly from above with
location of TMS stimulation indicated by circle and cross. Middle column shows SCD results. Left
column shows SCS results.
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results (load: F(;4) = 1.8, p = 0.25, hemifield: F;4) = 1.6, p = 0.27, interaction: F(;4) = 2.2,
p=0.21)
Following stimulation to MT we did not observe any significant effects for either task condition

for either measure (All Fs < 2.5, p > 0.18).

6.4 Discussion

In the current work we aimed to explore the connectivity between frontoparietal regions that show
load-dependent delay-period activity and visual regions during visual short-term memory. Par-
ticipants performed a delayed-recall task requiring them to remember either the motion direction
or color of moving dot stimuli (loads 1 or 3). We collected fMRI data during an initial session,
and in a second session applied TMS to several regions functionally localized with the fMRI data
while collecting EEG. We aimed to test the hypothesis that this load-dependent activity represents
processes involved in allocating attention towards internal representations that are maintained in
the same neural systems used for sensory processing (Liickmann et al., 2014). We predicted that
these frontoparietal regions should show higher connectivity with posterior visual regions under
conditions that should require greater internal attention, i.e., higher memory loads.

Using a univariate GLM we identified robust load-sensitive delay-period BOLD activation in
frontal (sPCS and IF]) and parietal cortex (pIPS) across both direction and color trials, in ac-
cordance with other results for direction (Kawasaki et al., 2008; Riggall and Postle, 2012; Emrich,
Riggall et al., 2013) and color Todd and Marois (2004); Xu and Chun (2006); Kawasaki et al. (2008).
We used seeds placed in these regions as well as locations identified in an independent motion lo-
calizer to assess connectivity during the delay-period of the task using a PPI approach (Friston et
al., 1997). We observed large differences in the amount to which the specific task being performed
(remember direction or remember color) impacted the interaction effect between most seed re-
gions. Looking only at direction trials, correlations increased with increased load between visual

regions (V1 and MT), and decreased between parietal and frontal seeds and V1 at higher loads.
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On color trials, the pattern was different, with an increase in load leading to higher correlations
between seeds and other brain regions for most frontoparietal sites. These results are at somewhat
at odds with other recent work looking at frontoparietal connectivity during short-term memory,
which have tended to find consistent connectivity, particularly between IFJ and IPS during short-
term memory (Zanto et al., 2010; Majerus et al., 2010). Possible explanations for this difference
will be discussed below.

Using the results of the fMRI, we identified target locations for TMS (MT, pIPS, and IFJ) and
stimulated during the delay-period of the task while collecting EEG. Analysis of the TMS-evoked
response provides a direct a measure of network connectivity (Rogasch and Fitzgerald, 2012), and
has been used to show differences in connectivity during different states of consciousness (Fer-
rarelli et al., 2010; Casali et al., 2013) as well as between different task conditions (Johnson et al.,
2012). Using the synthetic measures developed by Casali et al. (2010), which quantify the strength
and spread of the TMS-ER, we found several notable results. For stimulation to IFJ, SCD, the
strength of significantly induced currents, was greater in load 3 compared to load 1 for both direc-
tion and color trials, in agreement with our prediction that higher loads require more top-down
control. Interestingly, SCS, the scatter of the response, did not differ for direction trials, but was
larger for load 3 for colors trials, suggesting a recruitment of more neural resources for higher
loads on the behaviorally more difficult color trials. For pIPS stimulation we observed a signif-
icant increase with load for both strength and scatter of the TMS-ER for direction trials, but no
effect for color trials. Finally, we observed no significants effects on the strength or scatter of the
TMS-ER after stimulation to MT. These results are consistent with a network where top-down
control is initiated from PFC in coordination with IPS during the maintenance.

Overall our results are similar to those of previous groups. Sneve et al. (2013) have used
Granger causality analyses to show top-down activation from IFJ and frontal eye field (FEF) to
IPS and higher-order visual areas with a delayed orientation discrimination. Majerus and col-
leagues (Majerus et al., 2006, 2007, 2010) have shown similar connectivity between IF]J, IPS and

posterior regions during short-term memory for verbal information, for faces, and for temporal
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order information. Finally, Zanto et al. (2010) have shown IF]J to be the critical source of top-down
control during a short-term memory task for colors and motion.

Given these other results, our finding that stimulation of pIPS only had a load-dependent ef-
fect on the TMS response during direction trials is surprising. One possible explanation, though
only speculative, could be that this result is related to differences in maintenance strategy across
the two task conditions. From the behavioral performance it is clear that the difficultly of the
two conditions was not well matched, with color trials being much more difficult for all trials, as
measured by the precision of responses and overall response times. Given the particularities of the
task, one might conjecture that direction maintenance is partly supported by spatial attention pro-
cesses, while color maintenance is partly supported by verbalization and articulatory rehearsal. As
no measures were taken to control either of these, beyond the requirement of overt fixation con-
trols, we can again, only speculate. But given recent results identifying these same frontoparietal
regions as also containing “priority maps” of space (Jerde et al., 2012), it’s possible that TMS to IPS
interacted with this process when it was being used to support direction representation. Taking
this speculative path to it’s full conclusion, we could hypothesize that TMS to a region involved
in verbal articulation, such as IFG, which was active only during our color task, would show load
sensitive effects in the TMS response during color trials, but not direction trials.

Taken together, these results support the theory that frontoparietal regions are involved in the
control of top-down attention towards internal mental representations maintained in the sensory
regions that initially stored them Postle (2006); Lepsien and Nobre (2007); Liickmann et al. (2014).
Within this framework, many questions still remain. What are the specific roles of individual sub-
regions within the network (e.g., IF] vs. sPCS vs. aIPS vs. pIPS)? What parts of this network
are necessary and sufficient for short-term memory storage? Recent work in the monkey suggests
that sPCS may not be, as muscimol inactivation of this region, which showed reliable sustained
responses during the delay-period, produced no impact on task performance for an object-based
STM task (Clark et al., 2014). The evidence from human studies are mixed, some have shown de-

creased STM memory performance after disruptions to PFC with TMS (Zanto et al., 2011; Lee and
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D’Esposito, 2012), while other have shown no effect, or even improvements, after TMS (Hamidi
et al., 2008, 2009). A final question relates to the extent to which the processing of these regions
is specialized by hemisphere versus being flexibly bilateral. A number of results seem to point to
hemispheric specialization depending on the particular information being attended to (Majerus
et al., 2006, 2007, 2010; Zanto et al., 2010), but recent work using theta-burst TMS to disrupt PFC
before an STM task showed this may be more flexible, as individual differences in the amount of
compensatory activity seen in homologous area predicted differences in the impact that TMS had
on behavioral performance.

In closing, our results help to clarify the network of brain regions involved in the short-term
retention of visual motion information. We have previously shown posterior visual areas, encom-
passing striate and extrastriate context (including MT), to be the site of information storage. In the
current work we have shown that the reliable frontoparietal activity observed during this reten-
tion is a marker of top-down attentional mechanisms supporting the representations in posterior

regions.
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Conclusions

The present work describes a series of experiments that were conducted to investigate the neu-

ral basis of visual short-term memory. Questions such as how information is maintained in the

brain and what specific neural processes support this retention, have long tantalized researchers.

Only relatively recently have we developed the necessary methods to directly measure the informa-

tion content in regions of the brain during short-term memory. In particular, the development of

multi-voxel pattern analysis (MVPA) approaches applied to blood-oxygen level-dependent (BOLD)
functional magnetic resonance imaging (fMRI) data (Haxby et al., 2001; Haynes and Rees, 2006;

Norman et al., 2006; Naselaris et al., 2011; Tong and Pratte, 2012), have allowed us to directly

measure information-content, rather than overall activity level, within brain regions.

With these tools in hand, we set out to investigate the neural processes supporting the active
retention of visual motion information. The results from this work provide strong support to
the growing consensus that short-term storage does not rely on specialize storage subsystems, as
long believed by supported of the multicomponent model of working memory first proposed by
Baddeley and Hitch (1974). Rather, it appears that memory maintenance is supported by the same
neural systems specialized for the initial processing of visual information (the sensory recruitment
hypothesis; Awh and Jonides, 2001; Pasternak and Greenlee, 2005; Jonides et al., 2005; Postle, 2006;

D’Esposito, 2007; Serences et al., 2009).
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7.1 Summary of Findings

The aim of the first study, discussed in Chapter 2, was to directly test the relationship between ele-
vated delay-period activity and information storage during short-term memory. The importance
of regions demonstrating sustained, elevated delay-period activity during short-term memory for
memory storage has been inferred from the reliable presence of these regions across a wide va-
riety of short-term memory tasks (for a review see Curtis and D’Esposito, 2003). The particular
assumption of a role for these regions in storage has been reinforced by their sensitivity to ma-
nipulations of memory-influencing factors, such as persistence across varying delay lengths, and
variation of signal magnitude with memory load (Vogel and Machizawa, 2004; Xu and Chun, 2006;
Postle, 2006). Given this framework, we hypothesized that if these regions are the locus of stor-
age, application of MVPA to data from these regions during the memory delay should succeed in
identifying stimulus-specific patterns of activity in these regions.

We scanned participants (fMRI) while they performed a delayed-recognition task for simple
dot motion stimuli that required them to remember both the direction and speed of the dot motion
stimulus over a long delay period, then make a match/non-match decision about either the direc-
tion of motion or the speed of motion of a probe dot motion stimulus. The dimension to be probed
was indicated halfway through the delay-period. To test the hypothesis that elevated, persistent
delay-period activity is a mark of information storage, we trained pattern classifiers to identify the
direction of motion in the sample motion stimulus, and by inference, in memory (stimulus-specific
decoding) using data from frontal and parietal regions showing sustained, elevated activity during
the memory delay. Using this approach we failed to evidence for stimulus-specific representation
at any timepoint during the trial in these frontal and parietal regions.

Next we tested an alternative hypothesis, that stimulus-specific information could be encoded
in distributed patterns of substhreshold activity. Such decoding had been previously demonstrated
in posterior visual regions for orientation information (Harrison and Tong, 2009; Serences et al.,
2009). To test this hypothesis we retrained the classifiers on data from posterior regions that

showed a large initial sample-evoked response, but no evidence for sustained activity during the
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delay-period. These classifiers performed well, reliably decoding the individual direction in mem-
ory on a trial-by-trial basis. Using a temporal cross-generalization procedure (King and Dehaene,
2014), which involved training the classifier with data from a single timepoint during the delay
and then testing it on all the timepoints from a held-out test trial, we showed successful decoding
throughout the entire delay-period. Critically, this decoding was only successful in the later part
of the delay on trials where direction had been cued as important. That is, the memory represen-
tation was task specific. When participants were cued that they would be making a comparison
about speed, evidence for the direction of motion vanished.

To eliminate the possibility that there is something about these persistently active delay-regions
that precludes applying MVPA methods to them, we showed successful decoding of the task-
context (direction or speed to be probed) in all regions, but only after the cue had been presented
midway through the memory delay.

Thus we concluded from the first study that it was indeed possible to decode specific directions
of motion held in short-term memory using MVPA, but only from posterior visual regions, not
frontoparietal regions that showed elevated delay-period activity. These decodable representations
were task-specific and stable throughout the delay.

For the second study (Chapter 3), we performed a follow-up fMRI study examining the im-
pact of remembering multiple motion directions on each trial. Several studies using univariate
approaches with BOLD data have suggested that regions that show a load-sensitive modulation
in delay-period activity, particularly locations where that activity modulation saturates at an in-
dividual's memory capacity, must be the location of storage (Todd and Marois, 2004, 2005; Xu
and Chun, 2006). We hypothesized that if this is true, then we should be able to decode stimulus-
specific representations from regions showing load-sensitive delay-period activity. We tested this
hypothesis with a similar approach to the first study, training classifiers to decode the direction
of motion in memory. As in the first study, we found no evidence for stimulus representation
in the previously-hypothesized storage activity. Rather, again in line with the results from the

first study, we only found evidence for stimulus-specific representations in striate and extrastriate
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visual regions.

Having identified regions containing memory representations during multi-item memory, we
explored the extent to which these representations where dependent on the trial-to-trial memory
load. We hypothesized that if short-term memory representations rely on a shared-memory re-
source, as has been proposed by several groups (Wilken and Ma, 2004; Bays and Husain, 2008;
Bays et al., 2009; van den Berg et al., 2012), then the evidence for a specific representation, as ob-
served with MVPA, should also depend on load, with decreasing evidence under higher load as
the resources available for any given representation are reduced. To test this hypothesis we com-
pared the classifier evidence for trials at each load, finding a decrease in classifier evidence with
an increase in memory load.

Our third study (Chapter 4) was another follow-up fMRI study investigating the locus of stor-
age during short-term memory. In part, this study was designed to address two limitations in the
design of the second study: the short delay length and the limited number of responses required.
In the second study we used a relatively short (for fMRI) delay period (8 s). While this shorter
delay allowed us to acquire more trials and thus more training exemplars for our classification
approach, it prevented us from being able to fully examine changes in representations throughout
the delay period. To improve upon this, we switched back to a longer delay length (12 s). We had
also asked participants to recall the target motion directions we were planning to use to classify
on 90% of the trials. Thus it is possible that participants learned that only three directions were
ever probed and may have started to implicitly ignore non-target directions (as they were rarely
probed) on load 2 and 3 trials. We don’t believe this was actually the case, given that the estimates
of participant’s memory precision decreased with increases in load and were comparable to the
results from a study with a similar design and completely random probe selection (Zokaei et al.,
2011). Nonetheless, to remove this as a possible confound, we altered the task so that the probed
item was evenly selected from all the options on a trial, and introduced more trials without any of
the target directions to further limit the ability of participants to perform the task without main-

taining all the items in the sample. Finally, we made two addition changes to the task to test that
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our results would generalize to slightly different task contexts. We switched from sequential pre-
sentation of multiple motion directions to simultaneous presentation using transparent motion
stimuli. This type of stimulus, which consists of two or more directions presented within the same
visual aperture at the the same time, produces the perception of independent, semitransparent
surfaces moving in different directions. This change eliminated the temporal and spatial cues that
can be used to help differentiate the individual items, presenting a much more challenging prob-
lem for the visual system. Finally we changed the response from a delayed-recall response to a
delayed-discrimination, which required participants to indicate which direction a probe motion
stimulus had been rotated relative to one of the remembered stimuli. This provided two benefits
over delayed-recall, allowing us to provide immediate feedback on the performance on each trial
while also providing a measure of the precision of representation at each memory load.

Participants again performed this task in the scanner (fMRI) and we analyzed that data with a
temporal cross-generalization MVPA approach. Based on our earlier two results, we hypothesized
that individual directions of motion would be recoverable from patterns of activity in posterior
visual regions, rather than in regions showing load-sensitive or elevated delay-period activity. Re-
sults from the decoding analysis bore out this prediction, as we were only able to find evidence for
memory representations in posterior visual regions. We also hypothesized, based on our initial
results with one item memory, that the representation would remain stable throughout the mem-
ory delay. The results showed a different pattern, with a clear initial represenation shortly after
the sample presentation followed by a different representation developing later during the delay
period, strongly suggestive of a recoding process happening after the initial sample presentation
during the delay. Importantly, this recoding was occurring entirely within the same visual regions;
it did not involve a transfer of information to any another regions.

Given our repeated successful detection of stimulus-specific patterns in BOLD activity during
short-term memory in posterior visual areas, a natural next question was what, exactly, under-
lies these patterns to allow the successful decoding of items in memory. For this we had to look

“under the hood” of our classification algorithm and inspect which voxels it was relying on in or-
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der to perform successful classification. A first glance at the most informative voxels suggested
a seemingly contradictory result to what we had observed in the decoding accuracies: the most
informative voxels during classification appeared to vary greatly over the trial, and extended into
parietal and frontal areas during wholebrain decoding, completely at odds with our initial results
suggesting a temporally stable representation confined to posterior visual cortex.

Chapter 5 looked in detail at the specifics of exactly what it was that the pattern classifiers
were using to identify and separate specific directions of motion in memory. With this analy-
sis we hoped to address two separate points: the spatial distribution of voxels involved in these
representations and the temporal stability of the representations. To assess the spatial distribu-
tion of the representations we used two approaches: recursive feature eliminination (RFE) and
noise-perturbation sensitivity (NPS), which each attempt to identify the informativeness of each
voxel towards the overall classification performance. These two methods provided very similar
results, showing that voxels outside of striate and extrastriate cortical areas did not contain in-
formation useful to the classifier for predicting the memory representations. All the informative
voxels were located within these posterior visual regions. We looked at the temporal stability of
the representation with several complementary approaches. These results provided mixed results,
with some voxels being informative about the remembered item at all timepoints during the delay
while others were only informative intermittently.

Together, the first four studies provide compelling evidence that the elevated activity observed
in frontoparietal regions in all of these studies does not identify these regions as the location of
information storage. This leads to the obvious question of what, then, does this activity represent?
Why are these regions consistently activated during short-term memory?

The final study (Chapter 6) sought to directly address this question of what exactly these delay-
active regions are doing. We hypothesized that these regions coordinate the recruitment of sensory
resources for storage and protect remembered information from disruption through the direction
of top-down attention to the remembered information. This hypothesis suggests that these ele-

vated delay-period regions should be functionally connected to the posterior visual regions in-
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volved in the actual maintenance of information. As the memory demands increase, (e.g., when
multiple items need to be remembered) more resources would be needed to support the represen-
tations and protect them from interference, leading to higher connectivity between these regions.

To test this hypothesis, we had participants perform a delayed-recall task that required them,
on separate blocks, to remember either the directions of moving dot stimuli or the colors that the
moving dot stimuli were presented in. We hypothesized that if this elevated delay-period activity
represents a global attentional mechanism in the service of memory;, it should be similarly active in
both conditions, but there should be qualitative differences in the pattern of connectivity between
these regions and the posterior visual regions involved in storing the particular features relevant
to the two different tasks. Participants initially performed this task in the scanner (fMRI), allow-
ing us to identify common regions of elevated activity across the tasks and perform functional
connectivity analyses. The results from these analyses identified several regions in frontoparietal
cortex that were active across both tasks. The results from the connectivity analyses from these
overlapping regions showed quite different patterns of connectivity between the tasks.

We next tested participants with the same task (for directions and colors), while recording
electroencephalography (EEG) and stimulating with single-pulse transcranial magnetic stimula-
tion (TMS) during the delay period of the task. We targeted TMS to three different locations in
each participant: the middle temporal area (MT), a posterior visual region primarily involved
in the processing of motion; posterior intraparietal sulcus (pIPS), a location in the parietal cortex
showing elevated activity during the delay-period of both tasks; and inferior frontal junction (IFJ]),
a region in the lateral prefrontal cortex (IPFC) that was also active for both conditions. We hy-
pothesized that TMS to the frontal and parietal sites should evoke a stronger TMS-evoked re-
sponse (TMS-ER) at higher memory loads, as these regions would be involved in providing the
top-down attentional signals necessary for maintenance of higher memory loads. TMS to MT,
on the other hand, should not differ by load. The results from these analyses, which relied on
the synthetic measures developed by Casali et al. (2010), were consistent with our hypotheses. In

general, significant current scattering (SCS) and significant current density (SCD) of the TMS-ER
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was larger on load 3 trials compared to load 1 trials after stimulation to pIPS or IF]. There was no

load effect after stimulation to MT.

7.2 Concluding Remarks

Taken together, this collection of studies provides strong evidence pointing to the role of spe-
cialized visual processing regions in the maintenance of visual information during short-term
memory. By decoding stimulus-specific patterns of BOLD activity during the memory delay of
several short-term memory paradigms, we have provided considerable additional support to the
sensory recruitment hypothesis (Awh and Jonides, 2001; Pasternak and Greenlee, 2005; Jonides et
al., 2005; Postle, 2006; D’Esposito, 2007; Serences et al., 2009; Sreenivasan et al., 2014a). Given our
findings and the recent findings of many other groups (Harrison and Tong, 2009; Serences et al.,
2009; Ester et al., 2009; Albers et al., 2013; Christophel et al., 2012; Christophel and Haynes, 2014;
Vicente-Grabovetsky et al., 2014; Linden et al., 2012), it seems without doubt that posterior visual
“sensory” regions are recruited in the service of memory storage during short-term memory.
Our results also provide supporting evidence for an alternative explanation of what functions
the frontoparietal areas that show elevated activity during the delay-period are performing, if not
storage. We argue that these regions play a critical role in controlling the top-down allocation of
attention towards the internal representations stored in specialized visual regions (Postle, 2006;

Lepsien and Nobre, 2007; Liickmann et al., 2014).
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