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ABSTRACT
Using neuroimaging to investigate the effect of
expertise in rapid perceptual decision making
Jordan Muraskin
Although we rarely think about our everyday cognition as skilled cognition — because it comes
naturally and all of us possess it — we are all experts in mastering our everyday environment.
This expertise may be manifested in mundane or everyday tasks like discerning familiar faces from
strangers, or for some people, in more complex situations such as determining whether to swing
at a 95mph fastball. The athlete’s brain offers a good opportunity for studying neuroplasticity
and perceptual expertise because athletes participate in long term training and practice, often
starting very early in childhood, and continuing throughout their entire careers. The goal of this
dissertation is to investigate the effect of expertise on brain network dynamics during perceptual
decision making tasks using techniques for multimodal data fusion. Specifically, we design novel
stimuli and methods of combining simultaneously collected electroencephalography (EEG) and
functional magnetic resonance imaging (fMRI) to investigate brain networks involved in the splitsecond decisions faced by baseball batters. Using single-trial analysis with experts in baseball, we
find the neural correlates of expertise in baseball pitch recognition in both the temporal domain
(EEG) and spatial domain (fMRI). We find that experts in baseball pitch recognition exhibit
larger activations in early visual prediction networks as well as motor planning areas which aid
in the experts superior behavioral performance. In this dissertation, we also focus on leveraging
the complementary strengths of the two neuroimaging modalities (EEG, fMRI) to create novel
fusion techniques that can provide richer network dynamics than by either modality separately.
We design a novel encoding model to fuse EEG and fMRI to provide unprecedented spatiotemporal resolution of a perceptual decision in the human brain. On top of the methodologies for
EEG-fMRI fusion, we show that motion correction hardware can be implemented to significantly
improve signal-to-noise for fMRI acquisition by reducing motion artifacts which highly contami-

nate simultaneous EEG-fMRI data. These tools taken together provide researchers with another
dimension—temporal ordering of brain activations— to probe behavioral, psychological, or even
compromised states during perceptual decision making.
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Traditional high versus low stimulus evidence BOLD response with Heekeren et al. [99] activations. Traditional fMRI high versus low stimulus evidence
activations with matching(yellow and purple spheres) from Heekeren et al. [99]
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Integrated EEG/fMRI Analysis Pipeline: A, A subject views the 3-AFC task
with random high or low stimulus evidence images of faces, cars, or houses. EEG
(B) and fMRI (C) are acquired simultaneously during the behavioral experiment
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component data using SVD regression on a subject-by-by subject basis. G, The
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the EEG discriminating components as input. To find group level voxels where
our model prediction was significant, each subject’s p-value maps for the leaveone-out correlation were converted into their respective z-values and voxel-wise
significance was calculated using threshold-free cluster enhancement (TFCE). A
group-level analysis is performed on the model weights (F). The model weights (F)
vary across voxels, windowcenters, and subjects (H). I, Spatio-temporal TFCE
(stTFCE) is used to create statistical non-parametric maps (SnPMs) across all
voxels and windowcenters while controlling for multiple comparisons. . . . . . . . . 111
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EEG Discrimination and Encoding Model Results. A, The average area
under the receiver operating curve (AUC) for the sliding window logistic regression
EEG discrimination analysis, comparing high versus low stimulus evidence trials
with standard error across subjects (shading). B, A single subject’s discriminating
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The group average correlation of the predicted y-values with the true y-values across
the trial duration. Blue shading represents the standard error across subjects.
Significant (p<0.05 FDR-corrected) time windows across the group are noted by
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Dynamic causal modeling regions of interest. (a), Regions of interest (ROI)
had large amounts of overlapping voxels. We calculated how much overlap there
was between ROIs by
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series from each of these regions form the inputs into the dynamic causal modeling
(DCM) analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
4.8

Decoding classification performance. (A), Fig. 4.5A showing the EEG classification performance across the trial duration. To better understand the data, we
split the 21 subjects into tertiles based on total AUC, from the EEG discrimination,
across the entire trial (B). In addition to assessing the decoding model performance
by finding the correlation of the predicted y’s with the real y’s, we computed the
AUC for each window given the predicted y’s from inverting the encoding model.
(C), Decoding accuracy (AUC, with standard error bars) for each temporal window
when we invert the encoding model and use it as a decoder. Results are for test
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4.9

Group-Level Encoding Model Weights Results. A, a subset of thresholded
(p<0.05 FDR-Corrected, k=10) group level statistical parametric maps created by
stTFCE randomization procedure on the encoding model weight matrices show
the progression of spatial activity across the trial (see Fig. 4.14 and 4.15 and Tables 4.2-4.4). B, Union across time windows of significant voxels for high (red)
and low (blue) stimulus evidence activations.

Voxels with high and low acti-

vations at different time windows are displayed in green (Fig.

4.11).

Yellow

markers lead to displays of the weights in the encoding model for specific voxels(fusiform gyrus (FG)-R:36/-51/-18,FG-L:-42/-42/-18,superior lateral occipital
cortex (sLOC):24/-63/36,superior parietal lobule (SPL):27/-51/54, anterior cingulate cortex (ACC):-6/24/30,intrapariatel sulcus (IPS):-30/-60/39,middle frontal
gyrus (MFG):-45/27/30, middle temporal gyrus (MT):-57/-60/0) during the trial
epoch. Asterisks indicate times that the weights are significantly different from zero.121
4.10 DCM models and results. (a) shows each model configuration. Model 1 is the
correct ordering found from the encoding model results. Red nodes represent early
windows (<300ms), while blue nodes represent late windows. Models 2,3,6,7,8 are
random orderings of the nodes that still preserved the early/late timing structure.
Models 4,5,9,10,11 are fully randomized. The inputs to each node are the timings
of stimulus onset for high and low stimulus evidence trials. Each model is designed
to be feed forward. (b,c) show the model posterior probability after running the
bayesian model selection across all models and model families (early-late/random).
Model 1, along with the early-late family,is clearly the most probable model, indicating our encoding model ordering is the most likely configuration of these nodes
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4.11 Significant voxels from encoding model weights analysis. Significant voxels (p <0.05 stTFCE FDR-corrected) found from the group-level encoding model
weights analysis. Shown are the voxels collapsed across all time windows displayed
on the mean inflated brain. High stimulus evidence activations are in red, while
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5.5

Statistical z-score maps for the fMRI group analysis (n=12) of each motion correction technique (columns) applied to all 3 experimental paradigms (rows). The first
column shows the group results when the data was acquired with PRAMMO “on”.
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Chapter 1

General Introduction
The ultimate goal of this dissertation is to investigate the effect of expertise on brain network
dynamics during perceptual decision making tasks using techniques for multimodal data fusion. Specifically, we will employ novel methods of combining simultaneously collected electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) to investigate brain
networks involved in the split-second decisions faced by baseball batters.
Scalp EEG-with millisecond level sampling- allows for non-invasive observation of neural activity, but source localization is an ill-posed problem and results in poor spatial resolution. Conversely, blood oxygen level dependent (BOLD) fMRI, though not as temporally precise as EEG,
is a true 3D imaging modality, enabling localization of specific brain regions associated with
neural activations [138]. These modalities measure different signals which are linked to the underlying neural activity — neuronal related ionic current flows for EEG and the hemodynamic
response for fMRI. Simultaneous recording and fusion of EEG and fMRI remains a complex problem in that the spatio-temporal scale of measurements and the underlying physiological basis of
what they are measuring are different. However, simultaneous EEG-fMRI offers the opportunity to integrate the temporal resolution of EEG with the spatial resolution of fMRI. In recent
years, there has been a push to find the optimal approaches for combining the two modalities
[29, 52, 83, 106, 111, 112, 152, 159, 178, 181, 185, 198, 256, 257, 261]. While there is likely no
optimal approach, this dissertation will focus of developing novel methodologies for analyzing
simultaneous EEG-fMRI data, specifically using multivariate approaches.
A major challenge in making cognitive and behavioral inferences using fMRI data is the
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noise and potential confounds that arise from the head motion that occurs within and between
acquisition volumes. This motion results in the scan plane being misaligned during acquisition,
ultimately leading to reduced statistical power when maps are constructed at the subject and
group level. Head motion that is larger than half a voxel width (∼1.5mm) is difficult to fix
and can lead to the removal of that scan session and even the subject from the full analysis.
This dissertation will therefore also explore the efficacy of using prospective motion correction to
improve fMRI and simultaneous EEG-fMRI data.

Scientific motivation
Successful orientation in the environment requires fast recognition of objects and their relations.
Although we rarely think about our everyday cognition as skilled cognition — because it comes
naturally and all of us possess it — we are all experts in mastering our everyday environment [20].
This expertise may be manifested in mundane or everyday tasks like discerning familiar faces from
strangers, or for some people, in more complex situations such as determining whether to swing at
a 95mph fastball. A deeper understanding of the neural mechanisms that underlie these perceptual
decisions opens the door for possible future interventions for when these processes breakdown in
diseased or cognitively compromised states that have shown impaired decision making symptoms
such as depression [146], schizophrenia [129], and attention deficit hyperactivity disorder (ADHD)
[155] or even enhancements in cognitive functions in absence of any neural abnormalities.

Technical motivation
We make rapid perceptual decisions on a daily basis, from reacting to a traffic light to clicking
on the email that just arrived in our inbox. Animal models, most notably non-human primates
(NHPs), have played an important role in linking constituent processes of perceptual decisions to
underlying neural activity [80, 160, 190, 285]. However, experiments with animals consider only
simple task paradigms and even so, require animals to be highly over-trained to be motivated
to reliably perform the task. To measure neural activity underlying human perceptual decisions requires either localized invasive measures (depth electrodes), distributed invasive measures
(ECoG), or non-invasive measures that suffer from either poor spatial resolution (EEG, MEG),
poor temporal resolution (fMRI), and/or indirect coupling to neural activity (fMRI) [148].
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Simultaneous EEG and fMRI has emerged as a non-invasive multi-modal technique that could
potentially integrate correlated electrophysiological and hemodynamic measurements to provide
a comprehensive picture of global brain dynamics underlying rapid perceptual decision-making
[118]. The challenge, however, is to acquire these measurements at high fidelity and optimally
link them to infer brain dynamics underlying perceptual decisions.
Progress in the understanding of brain function is critically dependent on the methodological
approach that is applied. Both EEG and fMRI are extremely common non-invasive methods for
the assessment of human brain functions. The specific appeal of the combination is related to the
fact that both methods are complementary in terms of basic aspects: EEG is a direct measurement
of neural mass activity and provides high temporal resolution. fMRI is an indirect measurement
of neural activity and based on hemodynamic changes, and offers high spatial resolution [166].
Each modality is susceptible to a wide range of artifacts, especially when the two modalities are
acquired simultaneously.
Typically, the BOLD signal of interest is very small (1-5%) relative to the overall measured
signal variability [207]. Therefore, data analysis relies on statistical methods that integrate information over multiple acquisition volumes, making them extremely sensitive to head motion
during the experimental protocol. Even small head movements during acquisition can reduce
BOLD signal sensitivity, for example by causing partial volume mixing effects due to the relative
slice alignment changing during acquisition, resulting in fluctuations in signal intensity comparable to the signal of interest itself. These motion artifacts lead to inaccurate and poor quality
activation maps [71, 73, 91, 134]. In addition to motion artifacts during simultaneous acquisition
of EEG-fMRI, the EEG electrodes and wires can add to signal degradation through induction
that reduces the homogeneity of the scanner’s magnetic field.
EEG is also an inherently noisy measurement, especially when acquired within an MRI. There
are several technical difficulties to overcome, such as the presence of ballistocardiographic artifact,
MRI pulse artifact and the induction of electrical currents in EEG wires that move within the
strong magnetic fields of the MRI. While many of these challenges have been resolved through
specialized hardware [83], in this dissertation we will explore novel techniques for fusing the two
modalities that can exploit the data in more depth both algorithmically and through motion
correction hardware.
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Research background
fMRI and EEG functional brain modulations are linked to domain expertise
Perceptual expertise likely develops in most people as they cultivate their professional activities
or hobbies. Over time the structural and functional architecture of the brain changes to suit
each individuals domain of expertise. MRI, fMRI (Fig. 1.1), and EEG (Fig. 1.2) studies have
confirmed these findings across a wide domain of expertise [19, 20, 28, 76, 97, 162, 172, 174, 212,
223, 246, 272].
The athlete’s brain offers a good opportunity for studying neuroplasticity and perceptual
expertise because athletes participate in long term training and practice, often starting very early
in childhood, and continuing throughout their entire careers. The neural differences between
experts and novices depend on the sportive practice. Differences have been found in baseball

Figure 1.1: fMRI evidence for the expertise effect in expert chess players in Warbrick et al. [262] showing
brain regions more activated in experts than in novices.
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players [172, 174], golfers [97], basketball players [165], table tennis players [105], and professional
marksmen [165]. For a review of neurophysiological and neuroimaging studies focusing on athletes,
see Miura et al. [165].
For this dissertation, we will use baseball batting expertise as our domain of interest. A
few studies have investigated the neural correlates indicative of such perceptual and cognitive
performance enhancement specific to baseball players. For example, Radlo et al., using electroencephalography, showed that more advanced players had faster reaction times (RTs) and greater
P300 latencies when classifying pitch types compared to intermediate players [205]. Kida et al.
[128] investigated the RTs of baseball players in a Go/No-Go task and found that skilled baseball
players could execute the response to the Go stimulus more quickly than less skilled baseball
players, tennis players, and non-athletes. Expanding on Kida et al., Nakamoto & Mori [172] repeated the Go/No-Go task to examine whether baseball players’ shorter RTs were influenced by
stimulus-response compatibility (SRC) effects. Specifically, they found that baseball players’ simple RT, i.e. reaction time when there is no perceptual decision needed, was not faster than that of

Figure 1.2: EEG evidence for neural differences between expert baseball players and novices in Nakamoto
& Mori [172]. ERP waveforms for the baseball and control groups to Go and NoGo stimuli. The black bold,
black thin, grey lines are for the Spatial-Baseball, Spatial-Mix, and Color Go/NoGo tasks, respectively.
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matched controls; but for baseball-specific stimuli, the stimulus-response compatibility mediated
a faster response time among experts. Additionally, basing their findings on previous work linking No-Go frontal P300 strength to response inhibition, they found greater P300 amplitudes in
baseball players when the SRC was similar to baseball batting (Fig. 1.2). More recently, the same
group showed that baseball players performing a Go/No-Go task in which the subjects needed
to coincide their response to the arrival of a moving object had larger amplitude N2s and P300s
compared to controls [174]. The objective in this dissertation is to develop a sport specific stimuli
— here baseball pitches — and then leverage this novel stimuli to test how expertise modulates
common perceptual decision making networks using both stand-alone EEG and simultaneously
acquired EEG-fMRI.
Embodied Cognition can account for domain expertise performance improvements
Cognition is said to be “embodied” when it is acutely dependent upon features of the physical
body of an agent, that is, when aspects of the agent’s body plays a significant causal or physically
constitutive role in cognitive processing. Recently, there has been empirical evidence that supports
the idea that the perception of objects in the sporting environment is embodied [85].
There has been a great deal of work on embodied cognition in the psychology of sports.
For instance, Olmstead et al. [184] have shown differences in behavioral response to sentence
comprehension (specifically, plausible vs. implausible action-related sentences). Holt & Beilock
[103] performed a similar experiment with two groups of athletes (ice hockey and football players)
and a novice control group where the sentences were about everyday or sport-specific situations.
They found that everyone responded most quickly to items that matched the sentence — implied
actions for everyday and non-sport-specific actions; however, only the athletes showed faster
response times for their respective sport-specific scenarios. Similar sport-specific experiments
that offer evidence of embodied cognition have been found in golfers [270], American football
players [269], and baseball players [271]. Recently, our group found possible evidence for embodied
cognition in skilled musicians using EEG [223].
The experimental baseball paradigm along with high-density EEG and simultaneously recording EEG-fMRI allows us to probe the differences between expert baseball batters and novices
especially within the context of embodied cognition.
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Figure 1.3: fMRI results on similar perceptual decision making tasks showing similar functional networks.
(a) fMRI results from Heekeren et al. [99] showing brain regions for a main effect of difficulty (orange:easier,
blue:harder). (b) EEG-informed fMRI results from Philiastides & Sajda [198] showing areas correlating
with early, difficulty, and late EEG components.

A common functional network for perceptual decision making
Even the simplest decisions we make on a day-to-day basis are thought to involve a complex cascade of spatially and temporally dependent cortical activations. What cortical areas are activated
and their relative timing and causality remains of intense interest in cognitive neuroscience as
ultimately these are the questions that must be answered to truly infer the underlying neural
networks. Heekeren et al. [99] and Philiastides & Sajda [198] found a variety of areas modulated
by decision accuracy and decision uncertainty, including areas in the frontal and parietal cortices.
While Heekeren et al. [99] was first to show a general network for decision making (Fig. 1.3a),
Philiastides & Sajda [198] were able to partially decompose this network into temporal sub-units
using EEG-informed fMRI (Fig. 1.3b).
In this dissertation, we will use a similar perceptual paradigm as Heekeren et al. [99] and
Philiastides & Sajda [198] while recording EEG and fMRI simultaneously. We will implement
novel EEG-fMRI fusion methodology to expand upon Heekeren et al. [99] and Philiastides &
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Sajda [198] to better understand the cortical regions that modulate these visual processing and
decision making regions and also by decomposing the standard networks into their temporal
orders.
Fusing EEG and fMRI simultaneously
In the last few years, several techniques have been proposed to combine brain signals as measured
by EEG and fMRI into one analytical framework. These methods range from the separate analysis
of the data and subsequent juxtaposition of the results to truly integrated methods. Simultaneous
recordings and integrated analysis techniques have been used to identify neuronal sources of
EEG trial-to-trial variability linked to attention [260], P100 [181], N170 [178], and inhibition
[14]. Previous studies either use known EEG markers (P1,N2,N170,P300, α rhythm) [52, 106,
159, 178, 181, 261] or use data driven approaches like Independent Component Analysis (ICA)
[29, 111, 112, 152, 185] to combine EEG with fMRI data. One useful approach to exploit the
single-trial variability of the electrophysiological response is to use machine learning techniques
to find the relevant projection of the EEG data, which can then used to find correlates in the
fMRI space. Walz et al. [257] and Goldman et al. [83] have demonstrated this technique on
visual and auditory oddball paradigms. This methodology has been shown to localize cortical
regions that modulate neural activity while preserving the temporal progression of task-relevant
neural activity. In this dissertation, we will expand on this methodology for more complicated
perceptual decision making paradigms. We will then further investigate novel techniques that can
tease apart the standard fMRI contrast into its temporal components and ways of fusing the two
modalities using multivariate approaches in both domains that can exploit the full data space of
both imaging modalities.
Prospective motion techniques provide better fMRI data
To correct for head motion, fMRI studies typically use retrospective image analysis techniques,
most commonly FSL’s MCFLIRT [113] and SPM’s SPM REALIGN [74]. These algorithms estimate the parameters of the six degrees of freedom (6-df) transformation of a rigid body movement
by assuming that the sequentially measured brain slices that make up a volume are a single rigid
object, and use these parameters to align all the slices in each volume in the data time series iden-
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tically after image acquisition. Retrospective alignment methods rely on interpolation schemes,
which can blur the data and, further, cannot fully account for the effects of through-plane motion
and local spin history effects [73]. Also, these techniques commonly compensate for inter-volume
movements, but neglect intra-volume movement between slices [182]. If subject motion occurs
during acquisition of a brain volume, slices within that volume would be captured at different
angles and/or spacing lengths, violating the assumption of rigid body motion on which these
techniques rely.
Recently, a number of prospective realignment techniques have been developed that attempt
to keep constant the scan plane orientation and position with respect to the head throughout the
acquisition. These methods aim to track the 6-df motions and correct the acquisition on-line.
Broadly speaking, they can be classified into image-based methods [245], which can only correct
for inter-volume movements, navigator-based methods [62], which acquire extra data along various
three-dimensional k-space trajectories to estimate the 6-df [201, 251, 263, 265, 266], and markerbased methods, which follow in real time the position of external markers attached to the head
either by optical tracking [69, 143, 204, 232, 280] or using MRI [56, 61, 64, 67, 136, 186–188, 282].
Finally, we seek to assess, in vivo, the difference in statistical power provided by Prospective
Active Marker Motion correction (PRAMMO) versus conventionally used retrospective techniques
for three well-established visual and motor paradigms in a realistic acquisition situation. We seek
to show the SNR improvement of using PRAMMO correction in fMRI at the group level.
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Chapter 2

Development and testing of novel
spatio-temporal perceptual decision
making paradigm
2.1

Introduction

The first step in studying the neural components of expertise is to design an experiment that can
measure the specific perceptual skill of interest. The neurocorrelates of expertise in professional
riflemen [97] and expert chess players [19, 20] are going to be different given the task specific
skill sets involved. To best understand the perceptual capabilities of these experts, researchers
created experimental protocols to mimic aiming a gun [97] or identifying potential chess moves
[19, 20]. Given that the goal of this dissertation is to identify potential neural correlates of baseball
expertise, the first step is to create a baseball specific experiment and stimuli that can generate
baseball specific neural correlates.
This chapter will create the framework for studying the perceptual capabilities of expert
baseball players. It will describe the first attempts at creating baseball specific stimuli (videos
of baseball pitches) and implementing a standard alternative forced choice task experiment while
recording EEG. It will show how this stimuli can elicit baseball specific neural responses and
provide interesting perceptual decision making insights, even outside of the context of expertise.
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This chapter will also discuss the piloting of the experiment using simultaneous EEG-fMRI. This
chapter lays the methodological groundwork from which we can then use neuroimaging to study
expertise in rapid perceptual decision making.

2.2
2.2.1

Stand-alone EEG
Introduction

The baseball great, Ted Williams, said, the hardest thing to do in a sport is to hit a baseball. The
hitter has a fraction of a second to decide whether the pitch will be a ball or a strike and whether
he will swing or not. Another great, Yogi Berra, summarized the split-second timing necessary for
this task by saying, you cant think and hit at the same time. Rather, hitters must rely on a rapid
decision-making process that tracks the trajectory and speed of the ball with sufficient accuracy
to predict its location when it crosses the plate and decide on an appropriate motor response.
Due to the different speeds and trajectories that pitches can follow, batters cannot blindly guess
and maintain accuracy. A key element of this rapid decision making process is determining what
type of pitch is thrown, e.g., fastball, curveball or slider, because the type of pitch constrains the
possible trajectories of the ball.
Previous studies have examined the pitch classification process using behavioral/physiological
markers. For instance, eye movements before and during pitches have been extensively studied
[123, 220, 243] and have been used to identify optimal visual search strategies employed by expert
vs. novice players. These findings show that experts focused their visual (spatial) attention closer
to the estimated release point of the pitch, when compared to novices, suggesting that early
trajectory tracking can be crucial for batting performance. The middle phase of the trajectory
also has been found to have significant impact on pitch identification. In particular, it has been
shown that the middle third of a pitchs trajectory was most predictive of whether subjects made
contact with a pitched softball [55]. This implies that, in addition to early trajectory tracking,
continued tracking of the pitch can influence trajectory estimation.
To date, the only approach directly aimed at investigating neural signatures related to pitch
identification has used electroencephalography (EEG) to examine the P300 event-related potential
(ERP) in response to two categories of pitches (fastballs and curveballs) when either a correct or
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incorrect verbal cue preceded the pitch [205]. Results showed differences between intermediate and
advanced batters in terms of their behavioral accuracy as well as P300 amplitude and latency,
with the conclusion being intermediate batters are more easily fooled by an the preceding cue
which was not congruent with the pitch. Though this result suggests how use of prior knowledge
and attentional allocation might differ between batters of different aptitudes, it does not directly
address the question of what are the neural correlates of the decision event and when do they
occur relative to the type of pitch thrown and its trajectory in space-time.
In this paper we employ a forced-choice decision-making task, in which subjects must discriminate between three pitch types while under time pressure. We utilize a multivariate classifier
to project the neural data (measured via EEG) into a space that optimally separates trials into
their predicted pitch class. By doing this on a single-trial basis, we can examine at what point in
a pitchs trajectory the subjects underlying neural activity discriminates a given pitch. Furthermore, we utilize source reconstruction techniques [193] to identify the neural generators of the
decision-making process when the batter makes a mistake.

2.2.2

Methodology

Subjects
Six subjects participated in the study (1 female, mean age-27.33 years). None of the subjects had
professional or collegiate baseball experience. All subjects reported normal or corrected vision
and no history of neurological problems. Informed consent was obtained from all participants
in accordance with the guidelines and approval of the Columbia University Institutional Review
Board.
Stimuli Overview and Behavioral Paradigm
Subjects viewed on a computer monitor 12 blocks of 50 simulated baseball pitches with a mean
jittered inter-stimulus interval (ISI) of 2150ms. The simulated view was that of where the catcher
would sit on a standard baseball diamond, i.e., at the end point of the pitch trajectory. From a
library of fifty pitches, each coming from one three pitch types ( “fastballs”, “curveballs”, and
“sliders”), the subject was presented, on each trial, a pitch chosen at pseudorandom.
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For those not familiar with baseball, the three pitches differ in their speed and path through
space. A fastball has a trajectory that is straight with very little horizontal or vertical break
compared to a simple parabolic trajectory. A curveball has a combination of side spin and top
spin that creates both a rightward and downward break. A slider only has sidespin, which creates
only a rightward break. Subjects were to discriminate pitches based on these trajectories and the
difference in speeds. All pitches were simulated using the equations of motion (see below).
The subjects were instructed to identify the type of pitch as quickly as possible via a keyboard
button response, where each pitch choice was mapped to a unique button (“j”,“k”, and “l”).
Subjects were told to respond while the ball was still on the screen. All button responses were
executed with the right hand, regardless of handedness. In an initial training phase, subjects
learned the general trajectory of each pitch by viewing examples, and for a short practice session
they responded with the button response. The practice session contained 20 pitches selected at
pseudorandom with no feedback and subjects were asked afterwards if they felt comfortable doing
the task in the amount of time needed. All subjects responded in the affirmative and the 12
blocks of 50 pitches began with EEG data being recorded. Participants did not receive feedback
or collect a reward for their performance; however, they did receive compensation for their time.
A Dell Precision 530 Workstation was used to present the visual stimuli with E-Prime 2.0
(Sharpsburg, PA). The subjects sat in an RF-shielded room 100cm from the center of the computer
screen, where the stimulus display area covered a horizontal angle of ±6.5°and a vertical angle of
±5.0°.
The start of each pitch video clip was the stimulus event by which EEG time-locking occurred.
Stimulus events were passed to the EEG recording system through a TTL pulse in the event
channel. In post-hoc analysis, response events were synchronized to the EEG via their latencies
from the stimulus event.
Pitch Simulations
Each pitch video clip was created using a differential equation solver in Matlab 2010a (Mathworks,
Natick, MA, USA) (see Pitch Simulations below) and exported to an audio-video Interleaved
(.avi) movie file sampled at 60 Hz (refresh rate of display monitor). Most baseball pitches can be
simulated using 6-coupled differential equations [3, 8].
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(2.1)
(2.2)
(2.3)

dvx
= −F (v)vvx + Bω(vz sinθ − vy cosθ)
dt
dvy
= −F (v)vvy + Bωvx cosθ
dt
dvz
= −g − F (v)vvz + Bωvx sinθ
dt
0.0058
F (v) = 0.0039 +
(v−vd )
1+e ∆
The first three equations specify the change in spatial location in each direction, which

(2.4)
(2.5)
(2.6)
(2.7)
equals

the velocity of the baseball. The last three equations specify the accelerations due to the drag
(F(v)), the Magnus force(B), and gravity(g) acting on the baseball. Eqn. 2.7 is used to calculate
the drag force at different velocities with vd = 35 m/s and ∆ = 5 m/s. The Magnus force (B),
which occurs due to differential drag on a spinning object, is approximated here to be 4.1 ×
10−4 (dimensionless). After specifying the initial conditions (x0 , y0 , z0 , vx0 , vy0 , vz0 , ω(rotational
frequency)), the 6 ordinary differential equations were solved in MATLAB.
The three pitches-fastball, curveball, and slider- have well-defined individual initial conditions.
To create each pitch, we only need to vary the initial velocity and the rotation angle. For each
pitch class, 50 pitches were created by randomly sampling distributions of initial conditions for
velocity, rotation angle, launch angle, and horizontal launch angle. The values and distributions
used for each pitch class are specified in Table 2.1.

Fastball
Curveball
Slider

Initial Velocity

Rotation
Angle

Vertical
Angle

Horizontal
Angle

Rotational
Frequency

Duration

83±3 MPH
70±3 MPH
75±3 MPH

270±3°
50±10°
0±5°

0.5±0.3°
1.7±3°
1.7±3°

0.7±0.3°
0.7±0.3°
0.7±0.3°

1800rpm
1800rpm
1800rpm

0.53±0.01s
0.64±0.02s
0.59±0.02s

Table 2.1: Parameters for generating pitch trajectories.

For each simulated pitch, a blue circle was plotted on a gray grid for every frame of the
trajectory. The size of the blue circle increased as it approached the viewer, so as to give the
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illusion of depth. When the ball crossed “home plate,” the blue circle disappeared. The frames
were compressed into a .avi movie format for each pitch simulation. The trajectories, for each
simulation, were saved in a separate file for later use.
Data Acquisition
EEG data was acquired in an electrostatically shielded room (ETS-Lindgren, Glendale Heights,
IL, USA) using a BioSemi Active Two AD Box ADC-12 (BioSemi, The Netherlands) amplifier
from 64 scalp electrodes. Data were sampled at 2048 Hz. A software-based 0.5 Hz high pass
filter was used to remove DC drifts and 60 and 120 Hz (harmonic) notch filters were applied to
minimize line noise artifacts. These filters were designed to be linear-phase to minimize delay
distortions. Stimulus events i.e., pitch-movie start times and pitch types were recorded on
separate channels. Independent components analysis (ICA) was run using EEGLAB [54] to remove
eye-blink artifacts. In stimulus-locked epoching (-1000ms to 1500ms), the average baseline was
removed using data from -1000ms to 0ms. After epoching to stimulus events, an automatic
artifact epoch rejection algorithm from EEGLAB [54] was run to remove all epochs that exceeded
a probability threshold of 5 standard deviations from the average. Similarly, in response-locked
epoching (-1500 to 1000ms), the average baseline was removed from -1500ms to -500ms and the
same automatic artifact epoch rejection algorithm was run.
Data Analysis
We performed a single-trial analysis of the filtered, epoched and artifact-removed EEG to discriminate between a set of stimulus or response conditions. First, we considered only behaviorally
correct pitches, where the users response was within 100ms of the end of the pitches trajectory,
and trained the classifier to classify a given pitch (e.g., a fastball) vs. pitches of the other classes
(e.g., curveball and slider). Second, we classified behaviorally correct vs. incorrect pitches within
each pitch class (e.g., correctly identified fastballs vs. incorrectly identified fastballs). A table
summarizing the classification analysis is shown in Table 2.2.
Logistic regression was used as a classifier to find an optimal projection for discriminating
between the chosen two conditions over a specific temporal window [46, 191, 192]. This approach
has been previously applied to identify neural components underlying rapid perceptual decision
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making [77, 197, 198]. Specifically, we defined a training window starting at either a pre-stimulus
or post-stimulus onset time τ , with a duration of δ, and used logistic regression to estimate a
spatial weighting vector which maximally discriminates between EEG sensor array signals X for
each class (e.g., fastballs versus not-fastballs):

yτ = w
~ τTδ Xτ

(2.8)

In eqn. 2.8, X is an N x 1 vector (N sensors at window τ ). The result is a discriminating
component that is specific to activity correlated with each condition, while minimizing activity
correlated with both task conditions. The term component is used instead of source to make
it clear that this is a projection of all activity correlated with the underlying source. For our
experiments, the duration of the training window (δ) was 50ms and the center the window (τ )
was varied across time in 25ms steps for stimulus-locked, and was varied across time in 25ms
steps for response-locked. We used the re-weighted least squares algorithm to learn the optimal
discriminating spatial weighting vector [117] .
In order to provide a functional neuroanatomical interpretation of the resultant discriminating
activity, and due to the linearity of the model, we computed the electrical coupling coefficients.

a = y T X(y T y)−1

(2.9)

Equation 2.9 describes the electrical coupling of the discriminating component that explains
most of the activity.
We quantified the performance of the linear discriminator by the area under the receiver
operator characteristic (ROC) curve, referred to here as Az ,using a leave-one-out procedure [65].

Correct Pitches

Correct-Incorrect

Class 1

Class 2

Class 1

Class 2

Fastball

Not-Fastball

Correct Fastball

Incorrect Fastball

Curveball

Not-Curveball

Correct Curveball

Incorrect Curveball

Slider

Not-Slider

Correct Slider

Incorrect Slider

Table 2.2: Definition of classes used in discrimination analysis.
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We used the ROC Az metric to characterize the discrimination performance as a function of
sliding our training window from 0ms pre-stimulus to 1000ms post-stimulus (i.e., varying τ ) for
stimulus-locked and -575ms pre-response to 575ms post-response for response-locked. These time
periods provided substantial time both after the stimulus and behavioral response (button press)
to observe any electrophysiological response to the pitch.
We quantified the statistical significance of Az in each window (τ ) using a relabeling procedure. With 41 windows for stimulus-locked and 47 for response-locked, we had to correct for this
number of comparisons within stimulus- and response-locked leave-one-out respectively. To have
a Bonferroni corrected p < 0.05 threshold in both locking conditions, we ran enough permutations to have a suitable number of samples within the p < 0.001 threshold (i.e., p < 0.05/41 and
p < 0.05/47). To this end, we randomized the truth labels (i.e. pitch was a fastball, curveball or
slider) for each trial and retrained the classifier. This was done 3750 times for each subject (1250
permutations for each pitch comparison combination), giving a total of 22500 permutations for a
group level analysis. The Az values from these permutations were used to establish a p < 0.001
threshold, i.e., a p < 0.05Bonferroni corrected significance level. All significant results are thus
reported at p < 0.05 corrected for multiple comparisons.
Component-informed Source Localization
We used source localization to investigate the differences between correctly vs. incorrectly identified pitches. First, we classified the stimulus-locked EEG data of incorrectly versus correctly
identified pitches, as summarized in the right half of Fig. 2.1 and Table 2.2. This was done on a
subject-specific basis, except for one subject for whom there were no errors in discriminating the
slider; therefore that subject was removed so as not to bias the results. For each of the remaining
five subjects, we then selected the window at which the LOO Az value was maximum, with the
constraint that the subject specific maximum was not outside the range of three standard errors
of the pitch-specific mean peak timing. This was done to ensure that the localization analysis was
investigating a temporally common phenomenon across subjects.
Using these markers in time, we trial-averaged the EEG sensor data across all epochs that
were either correctly identified or incorrectly identified, creating a grand average ERP for each of
the five subjects, for each pitch and for both accuracies. Given five subjects, three pitches and two
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conditions, this results in a total of fifteen ERPs for each condition (i.e., for correctly identified and
incorrectly identified pitches). Using these grand average ERP values, we then utilized a source
localization algorithm (sLoreta) [193] to estimate the most likely cortical source distributions.
This algorithm solves for the most likely current source distribution in the cortex based on EEG
sensor data and array topology. We used these distributions to compare the incorrect vs. correct
classification conditions across subjects and pitches.

2.2.3

Results

Behavioral Performance
From the behavioral data summarized in Fig. 2.1, we see mean accuracy was 72%, 82%, and 91%
for fastballs, curveballs, and sliders, respectively. We also calculated the positive predictive value
(PPV) - i.e. number of true positives divided by the sum of true positives and false positives-for
each pitch class. The PPV of each pitch class showed that the subjects were confident when
selecting sliders and fastballs, however, for curveballs the PPV is significantly less than the accuracy, indicating that the curveball could possibly be the default choice for the subjects - i.e. it
was often selected as a false positive.

Figure 2.1: Mean behavioral responses across subjects for (A) accuracy and positive predictive value
(PPV) and (B) mean response times for correctly and incorrectly identified pitches. All bars are plotted
with standard errors (N=6).

The behavioral results (Fig. 2.2A) show response times as a probability density function with
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truncations on the right-side of the distributions, indicating the threshold enforced 100ms after
the pitch arrived at the plate. Mean response times for correctly identified pitches were 590ms,
618ms, and 594ms for fastballs, curveballs, and sliders, respectively. The first peaks of each pitchs
response distribution are at 494ms (fastballs), 558ms (sliders) and 590ms (curveballs).

Figure 2.2: (A) Behavioral and (B) stimulus-locked EEG discrimination results for each pitch averaged
across all subjects. In (B) each Az curve shows the mean and standard error bands computed using leaveone-out discrimination for the indicated pitch vs. other pitches (e.g., for fastballs, the discrimination is
between fastballs and not-fastballs (i.e., curveballs and sliders)). The significance line (dotted) is corrected
for multiple comparisons (line at p=0.05 Bonferroni corrected for 41 time window comparisons). Note the
two plots are time aligned and have the same time-scale so as to compare the timing EEG discrimination
and behavioral response.

To test whether response times were significantly different from one other, we ran a 3-way
ANOVA with the three factors being subject, pitch type and correct/incorrect classification.
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The subject factor was treated as a random effect while the other two factors were treated
as fixed effects in the model. We found no significant differences in all of the comparisons
tested (p > 0.05)-difference between pitch types (p=0.08, F=3.38, df=2), difference between correct/incorrect (p=0.68, F=10.86, df=5), the interaction between pitch type and correct/incorrect
(p=0.24, F=1.66, df=10). The ANOVA indicates that the mean behavioral responses are not statistically different regardless of the pitch type or whether the subject classified the pitch correctly.
Neural Markers of Correctly Identified Pitches: Stimulus-locked Analysis
Fig. 2.2B shows the mean discrimination performance (Az values) across all subjects and for each
pitch using stimulus-locked EEG discrimination. From this stimulus-locked analysis, we see a
relationship between the speed of the pitch and the timing of peaks in both neural and behavioral
data. In particular, in Fig. 2.2B correctly identified fastballs exhibit the earliest significant EEG
discrimination (300ms), while sliders (425ms) and curveballs (500ms) follow. As expected, the
sequence of these peaks follows the relative speeds of these pitches, i.e. fastballs, sliders and then
curveballs. Comparing these peaks to the behavioral results of Fig. 2.2A, each of the response
distribution peaks immediately follows the relative timing of each pitchs first significant neural
discrimination.
As the response times show, the stimulus-locked discrimination overlaps the responses ≈420720ms , so it is difficult to isolate non-motor elements in the signal during these time periods.
However, after the responses, the highest peaks of discrimination for each pitch are seen (750ms
for fastballs, 700ms for sliders and 850ms for curveballs). To test whether these post response
peaks are due the differences in the response time distributions, a separate analysis was run on
a subset of the data where the RT distributions were matched between classes. These large
peaks remain and are therefore possibly indicating a post-response evaluative process specific to
identifying each pitch correctly.
Group mean stimulus-locked forward models, shown as scalp plots, are given in Fig. 2.3. Plots
are for selected time points across all three pitches, where the center of the discrimination window
is indicated at the top of each subfigure. Dark red and blue colors indicate strong discriminatory
power from electrodes in that region. While the areas of discrimination change over time for each
pitch type, discrimination power is consistently located in the posterior and occipital portions of
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the scalp plots.

Figure 2.3: Group averaged stimulus-locked forward models, shown as scalp maps, for each of the three
pitch types. Only behaviorally correct trials are used to estimate these forward models. For each pitch,
three time windows are shown for discriminating components estimated for those windows. The center
time of each window is given above each plot together with that windows discrimination (Az) value.

Neural Markers of Correctly Identified Pitches: Response-locked Analysis
Due to the possibility of a motor confound in the neural signal, we also classified EEG data
locked to the response times (see Fig. 2.4). Once again, using only correctly identified pitches,
we calculated the Az values across all subjects and for each pitch. Similar to the stimulus-locked
results, we find significant pre-response peaks (Bonferroni corrected, p=0.05) for each pitch that
follow the relative speeds of each pitch. In particular, the mean pre-response peak for fastballs
(-350ms) precedes that of sliders (-125ms) and then curveballs (-50ms). As with the stimuluslocked discrimination, there is a post-response period in which the mean discrimination is as high
or higher than it was pre-response for each pitch (fastballs at +50ms, sliders at +125ms and
curveballs at +50ms and +125ms), indicating a possible post-response evaluation of the evidence
gathering and subsequent decision.
Similar to the stimulus locked figure, mean response-locked forward model scalp plots are
shown in Fig. 2.5. Again, we can see that discrimination power is located in the posterior of the
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Figure 2.4: Group mean and standard error bands for response-locked leave-one-out EEG discrimination
performance across. The significance line (dotted) is corrected for multiple comparisons (line at p = 0.05,
Bonferroni corrected for 47 time-window comparisons).

brain and the spatial distributions change over time. Only the slider post-response scalp map
shows a pattern that might be indicative of a button response (125ms window shows lateralized
contralateral discriminatory activityi.e. left side activity indicative of a right handed button
press).
Distribution Across Pitch Trajectory of Maximally Discriminating Neural Components
Using our stimulus-locked single-trial analysis, we constructed spatial distributions of the neural
markers across trials and compared these distributions across pitch types. Specifically, we computed the spatial position of the maximum y value for τ ∈ [0, τplate ], where τplate is the time at
which the pitch reaches the end of its trajectory, i.e., at home plate. Doing this analysis across
all subjects, and for each pitch, we created a heat map representation of the probability density
function of the spatial position in the pitch trajectory having the most discriminating neural component. Fig. 2.6 shows these distributions for both a side view of the trajectory (i.e., the dugout
view) and a heads-on view (i.e., the catchers view). Features of the baseball diamond, such as the
pitchers rubber, home plate and the batters boxes, have been added (not to scale) for a frame of
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Figure 2.5: Group averaged response-locked forward models, shown as scalp maps, for each of the three
pitch types. Only behaviorally correct trials are used to estimate these forward models. For each pitch,
three time windows are shown for discriminating components estimated for those windows. The center
time of each window is given above each plot together with that windows discrimination (Az) value.

reference.
Both views provide insight into the amount of evidence (e.g. time integration and spatial
information) required to classify each pitch. From Fig. 2.6A, we see that common to all pitches
is peak discrimination happening when the ball arrives at the plate, likely a result of the tight
coupling of the decision with the motor response. However there are significant differences between
these distributions if we consider the probabilities prior to when the ball reaches the plate. For
example, the fastball has discrimination peaks from mid-trajectory to home plate. The slider also
shows this trend, though the probability mass is spread more throughout the trajectory and is
thus less localized in terms of pitch position. Finally, the curveball (i.e., the slowest pitch) shows
local peaks in the spatial distribution in the later half of the trajectory, presumably due to the
slower speed of this pitch relative to the fastball and slider.
Similarly, the catchers view (Fig. 2.6B) shows peak discrimination early in the fastballs
trajectory, whereas both the slider and the curveball exhibit distributions spread across the entire
trajectory of the pitch. Together, these plots indicate that, due to the higher relative speed
and distinct trajectory of the fastball compared to the curveball and slider, the decision process
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resulting in a correct identification of the fastball occurs earlier in the spatial trajectory than it
does for the sliders and curveballs, both of which take incrementally longer periods of time to
arrive at the plate.

Figure 2.6: Dugout (A) and catchers (B) views showing spatial distribution of single-trial peak discrimination across all subjects. For each subject and for each trial, the timing of peak significant discrimination
(i.e., value of Az above the p = 0.05 Bonferroni-corrected threshold) from the leave-one-out analysis was
related to the trajectory of the pitch on a given trial through the differential equation used to calculate
its motion from the simulated pitchers release (0 ft on the x-axis of A) to construct a marker in space.
Repeating this process for all subjects and all trials results in a distribution of points in space for each
pitch at which peak discrimination occurred in a given trial and for a given pitch. The dugout view (A)
shows a two-dimensional projection along the initial trajectory of the pitch, while the catchers view (B)
shows the two-dimensional projection in the plane perpendicular to the pitchs initial trajectory. Color heat
maps indicate the height of the distribution.

Source Localization of Incorrectly Identified Pitches
Thus far, our results have focused on an analysis of those pitches (trials) that are correctly
classified by the subject(s). However as Fig. 2.1 shows, not all pitches were classified correctly.
We therefore analyzed correct vs incorrect pitch classifications in terms of the EEG discriminating
components. Using the temporal windows having maximum Az within each subject and pitch
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combination (see Methods), we found pitch-specific common windows covering 570 ± 89ms, 744 ±
69ms and 522 ± 96ms for fastballs, curveballs and sliders respectively. For only two of the fifteen
combinations of three pitches and five subjects, we found maximum Az values that exceeded three
standard errors from the mean. For these two cases, we chose the second maximum peak in Az
from the next concave down region in the epoch. These points turned out to be within three
standard errors of mean. Thus all analysis was in a temporal period that could be considered as
”common decision processing” at a group level.
We extracted EEG data from these windows and solved for the source distributions using
sLoreta (see Methods). We did a paired t-test for correct vs. incorrect identification distributions,
with the resulting t-distribution of the log of the F-ratio (F(1,13)) shown in Fig. 2.7. 5000
permutations were used to establish significance levels (p < 0.01) for the null hypothesis of no
difference in activity between incorrectly identified and correctly identified pitches. Though the
hypothesis of correctly identified pitches shows no significant similarities (red), that of incorrectly
identified pitches (blue) shows a common neuronal current source located in the left frontal cortex,
showing peaks in Brodmann Area 10 (BA 10, MNI (-35, 55, 20)). This result indicates leftlateralized common neuronal activity when subjects incorrectly identify the pitch, i.e., when they
miss. This result is invariant to the type of pitch, given that all pitches were considered in this
analysis.

2.2.4

Discussion

Related Behavioral Studies
Though the paradigms and data collection methods are slightly different, we can view our results
in the context of other baseball experiments in which behavioral markers were used as performance indicators. In particular, Takeuchi and Inomata [243] and Kato and Fukada [123] used
behavioral responses and eye-tracking to monitor subject performance in judging balls and strikes
between experts and novices. While the task is slightly different than ours (i.e., balls and strikes
vs. fastballs, curveballs and sliders), and our paradigm did not test experts versus novices, the
fundamental concept of a forced-choice decision based on trajectory remains the same.
The key point from both of these studies is that the expert groups better performance depends
on early-trajectory tracking of the ball from the release point, when compared to that of novices.
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Figure 2.7: Six-views of neuronal current independent groups t-tests (incorrects in purple/blue, corrects
in orange/yellow) for all pitches combined. In both plots, the log of the F-ratio for each voxel is shown
(F(1,13)) with brighter colors indicating higher values of the t-statistic according to the color scale. Significance was established with a permutation test (5000 permutations). The EEG data used for these neuronal
source calculations were the result of averaging scalp potentials at each channel at the subject-specific peak
discrimination during the group average discrimination peaks. This analysis is done for each subject (one
subject removed due to no errors in sliders), for both correctly and incorrectly identified pitches, and for
each pitch type.

We see some concordance between this result and our neural discrimination results. Recalling
that these studies only focused on fastballs, we can compare this early-trajectory preference for
experts to the neural discrimination for correct pitches shown in Fig. 2.2. Being the fastest of
the three pitches in our paradigm, subjects had a higher probability of maximum discrimination
early in the fastball trajectory when compared to the curveball, with differences with the slider
not being nearly as significant. This is indicated by the brighter intensity of the top rows heat
map in Fig. 2.6 on early parts of the fastball pitchs trajectory, when compared to that of the
other pitches. Though while we find that the early parts of the trajectory are less likely, on a
single-trial basis, for discriminating neural activity, we do find that most trials are discriminable
from the EEG in the middle and latter periods of the pitch trajectory.
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DeLuca and Cochran [55] conducted a behavioral study with findings supporting the importance of the latter parts of the pitch trajectory (middle and late phases). In this study, each third
of a fast-pitch softball pitch was visually masked and the subjects ability to make contact was
used as a behavioral metric on performance. While the masking of each third of the trajectory
dropped performance from the non-masking condition, the masking of the middle third proved to
have the most significant impact on performance. Once again, using the fast-pitch softball equivalent of an overhand fastball, we can compare this result to the top row of Fig. 2.6 and see that
their result is in general concordance with our neural discrimination results. In particular, we see
a peak in discrimination in the middle third between 32-40 feet from the pitchers release. But as
with the eye-tracking result, this behavioral-only result does not tell the complete story. Rather,
for the latter part of the trajectory the EEG at those time/positions contains substantial discriminatory information for correct fastballs, as indicated by the brightest peaks close to the plate in
the top row of Fig. 2.6. Our results suggest that single-trial discrimination of neural markers of
pitch classification provides additional insight into the timing of decision making processes of the
hitter, particularly with respect to how these may vary across pitch and trial and both confirms
and complements previous results using only eye-tracking and behavioral responses.
Comparison to Other Results Relating Neural Measures to Baseball Pitch Classification
As mentioned in the Introduction, we are aware of only one other baseball experiment with neural
data. In that experiment, Radlo et al. [205] measured the P300 of subjects in a cued vs. noncued condition for fastballs and curveballs. To directly compare this study to ours, we consider
only the non-cued condition since we provide no evidence to the subject before the ball appears
onscreen from the right-handed pitchers release point. The response distributions for both pitches
were faster for the Radlo study than they were for ours. However, we believe that this is due to
their experiment being only two-choice, whereas ours is three-choice. Furthermore, the difference
between a fastball and a curveball are, trajectory-wise, quite large, whereas the difference between
the two breaking balls used in our task (curveball and slider) is smaller. Considering both of
these differences in paradigm structure, we expect that the response time distributions of Radlo
et al. [205] would be shifted to earlier times relative to ours, even though the pitch speeds are
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approximately the same.
Using the P300 as an indicator of pitch-specific neural response in the subjects, we find
concordance between the sequencing of our pre-response peaks of leave-one-out discrimination
across subjects with their results. Radlo et al. [205] found that fastball P300 peaks preceded those
of curveballs and we found this relative sequencing with our discriminator for both stimulus-locked
(Fig. 2.2B) and response-locked (Fig. 2.4) analysis. Due to the earlier response times of their
subject population though, it is difficult to compare the exact timings of their results and ours.
Lastly, Radlo et al. used an experimental paradigm which was designed to evoke a P300 (i.e.
they used an oddball task, were the oddball was defined by the incorrect cue being given only
25% of the time) whereas our task is a three choice task in which all three pitch types are equally
likely. Thus we would not expect our results to generate a typical P300 neural response. However,
recalling that their P300 peak latencies followed their response time distributions, whereas our
discriminating component preceded responses in both stimulus- and response-locked analyses, we
can reason that our discriminator is utilizing a neural signal that precedes the response, and
therefore is not the same signal that Radlo et al. find on a group-level.
Incorrect Decisions and Prefrontal Cortices
The other major finding of this paper is that for incorrectly identified pitches there is a common
neuronal current source active across our population. The timing for this activity is determined
from the peak EEG-based discrimination within each pitch and within each subject; therefore it is
controlled for the variability between both subjects and pitches. The common neuronal activity is
found from the stimulus-locked discrimination between correct and incorrect identifications. The
timings of these peaks are after nearly all of the response time distribution. So while likely not
an indicator of upcoming performance, this common neuronal current source, which is peaked at
MNI (-35, 55, 20) in Brodmann Area 10, could be a largely post hoc evaluation of the executed
decision process.
While direct connection of this area in a baseball task has not been reported in the literature,
other studies have found its role in prospective and working memory. For instance in PET studies,
Burgess et al. [34, 35] and Okuda et al. [183] found activation of this area in a prospective memory
task, i.e., a task to be executed after a period of delay. fMRI studies have also shown this area to
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be active for working memory and other recall-based tasks [78, 218] . In light of these findings,
it is possible that the activation we find is a post hoc evaluation of the errant decision process,
since such a process must engage the prospective and working memory regions of the prefrontal
cortex.
Furthermore, this area has also been implicated in task difficulty. For example, Mangina et al.
[153] find that this location in BA 10, among others, plays a role in monitoring task difficulty.
Considering our result from incorrect trials in this context, it is possible that on these trials, the
subjects simply could not integrate the spatio-temporal information fast enough to make a correct
decision, thereby causing an incorrect response, which is only realized in the post-response selfevaluation period. Even though this aspect of the task was not the primary focus of our study,
since no explicit feedback was given to the subject on whether their response was correct, it is
nonetheless a possible reason for the neuronal current source localizing in BA 10.

2.3
2.3.1

Simultaneous EEG-fMRI
Introduction

Due to the speed of the decision process, we had used electroencephalography (EEG) with
millisecond-level precision to characterize neural activity during pitch classification in the previous section. EEG non-invasively measures the electrical potential due to brain activity at the
scalp. In the previous study, we determined the precise timing of neural activity that discriminates for a given pitch class and used that information to track where in a pitchs trajectory it is
classified vs. other pitches by the subject. Furthermore, we used low-resolution tomography to
localize a neural generator in the frontal cortex (Brodmann Area 10) that was active across our
subject population for incorrect pitch classifications.
Despite its high temporal resolution, EEG lacks high spatial resolution and so in the current
study we aim to fill that void. In particular, though EEG can precisely describe when activity
occurs it cannot tell precisely where in the brain activity is generated. Conversely, functional
magnetic resonance imaging (fMRI), though not as temporally precise as EEG, is a true 3D
imaging modality, enabling localization of specific brain regions associated with neural activations.
Therefore, in this section, we show preliminary results that used a unique combination of fMRI
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and EEG to provide a more detailed spatio-temporal description of the neural activity underlying
baseball pitch recognition than has yet been done.

2.3.2

Methodology

Subjects and Behavioral Paradigm
Three right-handed subjects (mean age-20 years) on a division I collegiate baseball team at the
time of the study participated. Informed consent was obtained for all subjects in accordance with
Columbia Universitys Institutional Review Board. Each subject viewed 468 simulated fastball,
curveball and control pitches broken into 6 equal blocks on a computer screen while in the MRI
scanner. Following our paradigm from earlier work [222], the simulated perspective was from
the catcher to demonstrate our proof of concept. Pitch simulations for fastball and curveballs
were created by solving a group of ordinary differential equations that describe the Newtonian
mechanics of pitch trajectories (please see equations 2.1-2.7).
Fastballs and curveballs have well-defined individual initial conditions. To create each pitch,
we only need to vary the initial velocity and the rotation angle. Each pitch was created by
randomly sampling distributions of initial conditions for velocity (fastballs: mean 82±3mph;
curveballs: mean 72±3mph), rotation angle, launch angle, and horizontal launch angle (see 2.1
for other parameter ranges). For the control pitch, we used a non-Newtonian trajectory pitch that
matched the speeds of both fastballs and curveballs, but had no motion in the plane perpendicular
to the initial trajectory. We added a constant 1s countdown bar before the pitch to simulate the
pitchers windup. Subjects responded with their pitch classification via a computer keyboard and
were instructed to do so before the ball reached the plate.

Simultaneous EEG and fMRI Acquisition
Whole brain fMRI was collected on a 3T Philips Achieva MRI scanner (Philips Medical Systems,
Bothell, WA) with 3mm isotropic voxel size and a repetition time of 2s (i.e., an image of the brain
was recorded every 2 seconds). EEG was collected simultaneously using a custom-built MRcompatible system consisting of a multi-channel magnet-compatible differential amplifier with a
43-bipolar electrode EEG cap [83, 213, 214].
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EEG Preprocessing and Analysis
We performed a single-trial analysis of the gradient artifact removed, filtered, and epoched EEG
to discriminate between a set of stimulus and response conditions. In the simultaneous EEG-fMRI
system, the MR gradients create artifacts in the EEG signal. We used a template subtraction
algorithm to remove the gradient artifacts before filtering and epoching. First, we considered
only behaviorally correct pitches, where the users response was within 100ms of the end of the
pitches trajectory, and trained the classifier to classify a given pitch (e.g., a fastball) vs. pitches
of the other classes (e.g., curveballs and controls). Second, we classified behaviorally correct
vs. incorrect pitches (e.g., correctly identified fastballs, curveballs, and controls vs. incorrectly
identified fastballs, curveballs, and controls, respectively).
Logistic regression was used as a classifier to find an optimal projection for discriminating
between the chosen two conditions over a specific temporal window [191, 192, 197]. For our
experiments, the duration of the training window (δ) was 50ms and the center the window (τ )
was varied across time τ = (−200 : 1200) in 25ms steps for stimulus-locked epochs. This time
period provided substantial time after the stimulus (i.e., the start of the pitch) to observe any
electrophysiological response to the pitch. We used the re-weighted least squares algorithm to
learn the optimal discriminating spatial weighting vector [117].
As with th pevious section, we quantified the performance of the linear discriminator by the
area under the receiver operator characteristic (ROC) curve, referred to here as Az , using a
leave-one-out procedure [192]. We quantified the statistical significance of Az in each window (τ )
using a relabeling procedure (please see previous section for more details).

Traditional fMRI Preprocessing and Analysis
fMRI investigates neural activity by measuring changes in blood flow throughout the brain. Our
bodys main source of energy is glucose, but, since the brain does not store any glucose, a neuron
must immediately replenish its energy supply after firing. This in turn leads to an increase in
oxygen rich blood flow to the area and what we call the blood oxygenation level dependent (BOLD)
response. The magnetic properties of oxygenated blood subtly change the imaging contrast in
MRI, which then allows us to investigate what areas of the brain are functionally active during a
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given task. Thus, the MRI becomes a functional MRI.
We performed two types of analyses on just the fMRI data a traditional event-related general
linear model (GLM) regression and a multi-voxel pattern analysis (MVPA). In general, the GLM
aims to explain the variation of a dependent variable in terms of a linear combination of several
reference functions. The dependent variable corresponds to the observed fMRI time course of
a voxel (volume element-3D pixel) and the reference functions correspond to time courses of
expected fMRI responses for different conditions of the experimental paradigm. The reference
functions are called regressors. A set of specified regressors forms the design matrix or the model.
To obtain a predictor time course, a condition box-car function is convolved with a standard
hemodynamic response function (i.e., a BOLD response template). A condition box-car function
may be defined by setting values to 1 at time points at which the modeled condition is defined
(e.g., fastball stimulus on”) and 0 at all other time points. Each predictor time course X gets
an associated coefficient (β), quantifying its potential contribution in explaining the voxel time
course y with some error .
The GLM is solved at each voxel and t-tests are used for statistical significance testing. The
regressors of interest in our baseball model are the onset times and durations of each pitch class
and their response times. The GLM analysis provides group level information for regions that on
average correlate to the hypothesis of interest (e.g., correct fastballs, correct curveballs, etc.). The
GLM is a useful post hoc technique for generating insight into what neural regions are needed to
perform a task, but it is not a predictive model.
In contrast to GLM, MVPA is a predictive model, similar to our EEG-based logistic regression
analysis, which allows us to develop fMRI-based classifiers for each subject and then predict pitch
classifications solely from the subjects fMRI data. Like the EEG classifiers discussed before, the
output of the MVPA model is an Az, indicating classifier performance.
The data was preprocessed using traditional pipelines for both analyses [83, 256]. For the
GLM analysis, we tested multiple hypotheses that were similar to our previous EEG research.
In particular, we tested for what brain regions selectively activate for 1) each correctly identified
pitch class and 2) correctly vs. incorrectly identifications within each pitch class. For the MVPA
analysis, we only present results on correctly identified pitch types, though we plan to consider
correct versus incorrect identifications in the future.
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Simultaneous EEG and fMRI Single-Trial-Variability Analysis
Even though GLM and MVPA allow increased spatial resolution compared to our earlier work with
EEG, we additionally sought to simultaneously leverage the complementary temporal precision
of our earlier work in EEG with the increased spatial resolution that is possible with GLM and
MVPA in fMRI. Therefore, we used the stimulus-locked single-trial analysis with logistic regression
to classify correct and incorrect pitch identifications in EEG and, from this analysis, created fMRI
regressors whose height modulated with the variation of the discriminating component in time (
Yτ ). This technique contrasts with the technique described earlier in which the regressor height is
modulated by stimulus presence (e.g., fastball stimulus on). In this way, we leveraged both EEGs
temporal and fMRIs spatial resolutions.

2.3.3

Results

EEG Correlates of Pitch Recognition
Continuing from our earlier work, we first calculated subject-mean EEG classifier performance,
quantified with the area under the ROC curve (Az) (Fig. 2.8). The trends and peaks of these
curves are consistent with our previous EEG-only recordings and analysis. The correct versus
incorrect results (dark blue) show two distinct peaks: the first peak starting near 500ms and the
second near 900ms. The first peak most likely represents the actual decision while the later peak
may represent an error processing and/or post decision evaluation. The fastball (red), curveball
(green), and control (cyan) curves all show strong discrimination past 400ms.

Traditional fMRI BOLD Correlates of Pitch Recognition
Confirming our earlier findings, we then turned to GLM analysis with fMRI. The GLM analysis
indicates areas of significant mean activation across all subjects and for all hypotheses tested
earlier with EEG. Fig. 2.9 shows areas of activation for the correct pitch identification hypotheses,
where the results (colored areas) of the GLM pitch type identification analysis are overlaid on
a standardized brain image. Regions correlating to fastball (red), curveball (blue), and control
(green) pitch identifications were generally found in posterior areas of the brain mostly associated
with visual processing and motion processing, specifically the lingual gyrus, lateral occipital cortex
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Figure 2.8: Mean EEG discrimination Az Plots. Mean Az plots for each EEG comparison. 0ms is the start
of the pitch.

(LOC), visual area MT, and Brodmann areas 18 and 19. These regions are all part of the human
visual processing stream: the lingual gyrus plays a part in visual encoding of complex images [151],
Brodmann area 18 helps in interpreting an image [120], the LOC plays a major role in object
recognition [90], Brodmann area 19 helps with attentional and multimodal integrating functions
[109], and the MT helps the perception of motion [247]. These results show the first attempts at
understanding the brain regions recruited for baseball pitch recognition.
We also tested for areas that are associated with correct and incorrect pitch identifications
(within pitch type). Our earlier EEG work found an area in the frontal region of the brain called
Brodmann area 10 that is more active during incorrect pitch identifications. The preliminary
fMRI results (Fig. 2.10) confirm this previous finding as we see a large activation for incorrect
trials (blue) in Brodmann area 10. While the pitch identification activations are mostly located
in the visual processing areas, the average activations for correct and incorrect trials are located
throughout the brain. The average correct trial activation pattern (red) has clusters of activation
located in the MT, LOC, globus pallidus, putamen, and frontal pole regions. Regions in the
MT and LOC indicate that there is higher activation in these late-stage visual processing areas
when the subjects are able to identify the pitches correctly. The putamen and globus pallidus are
important regions for motor control and processing [156]. The frontal pole regions found in this
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Figure 2.9: Correct Pitch Identification Traditional BOLD Analysis. Red areas indicate regions that have
higher activations during fastballs compared to other pitches, while blue areas indicate activations for
curveballs, and green indicates areas activated for control pitches. All contrasts have been thresholded at
Z>2.57 and family-wise error (FWE) cluster corrected at P<0.05.

task have been implicated in top-down processing of reward and subjective value. Conversely,
the activation pattern for incorrect classifications closely matches the neural networks related to
task difficulty [198], even though there is also substantial activation in the early visual processing
areas. The implication is that for incorrect pitch identifications the subject is seeing the pitch but
the information is not being passed or decoded correctly in the higher visual processing areas (e.g.,
MT, LOC) for the subject to answer correctly. Furthermore, the lack of sub-cortical activation
in involuntary and complex movement motor areas, such as the putamen and globus pallidus,
point to a disconnect in the motor sequence of events required to respond correctly. Finally, the
broad activation of the prefrontal cortex indicates an attempt by the subjects to call upon their
executive decision-making and conflict resolution mechanisms to classify the pitch. As a whole,
this analysis further elucidates which brain areas are both important for baseball pitch recognition
and indicative of when it fails.

MVPA classification
We then turned to predicting fMRI activity using multi-voxel pattern analysis (MVPA). The
MVPA resulted in substantially above-chance Az values (Fig. 2.11) for all subjects and pitch
comparisons. The classifier for fastballs versus curveballs (mean Az = 0.63) was the least accurate
classifier. This was expected because discriminating between a fastball and a curveball in this
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Figure 2.10: Correct vs. Incorrect Traditional BOLD Analysis. Red areas indicate regions that have higher
activations during correct trials, while blue areas indicate regions with higher activations for incorrect trials.
Both contrasts have been thresholded at Z>2.57 and FWE cluster corrected at P<0.05.

experiment is the most difficult distinction. The classifiers for fastball versus control (mean Az
= 0.73) and curveball versus control (mean Az = 0.83) performed well and followed the task
difficulty of each comparison. The EEG results earlier showed our ability to discriminate pitches
based solely on the electric scalp potentials with high temporal resolution but with poor spatial
resolution, now with MVPA we are able to show comparable classification results with high spatial
resolution. Our future work will attempt to link these two classifiers to achieve high temporal
and spatial resolution.

Figure 2.11: Mean MVPA Az results with standard error bars.
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Simultaneous EEG-fMRI Correlates of Pitch Classification
The previous results analyzed either the EEG or fMRI data separately. Below, we present preliminary results combining the complementary nature of EEGs temporal and fMRIs spatial resolutions
to further elucidate the temporal cascade of neural events underlying classification of a baseball
pitch.
The single-trial-variability analysis for the correct and incorrect pitch identifications revealed
multiple clusters in several different time windows. For brevity, we show a subset of the potential
analysis. In particular, we show the positive correlations between single-trial variability ( yτ ) and
the BOLD for only two windows (Fig. 2.12). The earlier cluster (675ms) is located in the posterior
cingulate while later clusters (925ms) are located in the superior frontal and paracingulate gyri.
These areas have been shown to be active for positive salient events [66] and introspection [81],
both of which are likely to exist in post-response time windows for correct pitch classifications.

2.3.4

Discussion

In this pilot study, we sought to show that the novel baseball stimuli can be implemented in a
simultaneous EEG-fMRI study. We sought to show the capabilities of our simultaneous system as
well as to get an understanding of the neural signals generated during this experimental protocol.
We were able to recruit Division I collegiate baseball players to be our subjects. We were able
to show that our single trial EEG results obtained from inside the MRI scanner were comparable
to previous results found in electrostatic-shielded rooms [222] (section 2.2). The stimuli also
generated strong enough neural responses to see results at the group level (Fig. 2.9,2.10). We
were able to use multivariate analyses to classify pitch types based on fMRI data alone (Fig. 2.11)
and use simultaneous EEG-fMRI to find some temporal dynamics involved in pitch recognition
(Fig. 2.12).
Though the ability to classify an incoming pitch is an important aptitude for a good hitter,
the implications of our results and this work go beyond the specific task and stimuli used in our
experimental paradigm. Rather, the ability to characterize the spatio-temporal neural activity of
any player in this regard goes beyond the statistical revolution in baseball analytics by showing
how the individual nervous system of a player is tuned (or not) to respond to situations of
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Figure 2.12: Correct vs. Incorrect Single-Trial-Variability BOLD Analysis. Areas that show a significant
positive correlation with the single-trial-variability discriminating component for correct trials at 675ms
(red) and 925ms (blue) windows. Z>2.57 and FWE cluster corrected at P<0.05.

strategic importance in baseball. This neural response is the foundation for the players response
that manifests itself in a swing, a take, a bunt, a steal, or any other aspect of the game that
requires split-second decision-making. Consequently, our neuroimaging methodology could serve
as a better direct metric of player performance, or potential performance, compared to current
statistical measures of past performance. In what follows, we propose some areas of application
for this novel technique, including baseball player evaluation, training and potential performance
augmentation. In the following chapters, the methodologies tested and developed in this chapter
will be used to study expertise.
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Chapter 3

Exploring spatio-temporal neural
differences between Experts at
trajectory tracking and Novices
3.1

Introduction

As shown in chapter 2, a novel baseball stimulus can produce neural responses recorded by both
EEG and fMRI. This was the first step in being able to probe the perceptual decision making of
expertise, since to measure perceptual expertise we need to test our experts in the domain of their
expertise [19, 97, 165, 173, 174, 277]. The work in chapter 2 laid the experimental foundation to
now test baseball experts.
We will use the stimuli in chapter 2 to measure neural and behavioral data to infer perceptual
and cognitive differences between experts (Division I baseball players) and novices. We will
record stand-alone EEG and simultaneous EEG-fMRI while experts and novices perform the
simulated baseball task developed in chapter 2. We will use the novel stimuli developed from
chapter 2 in a Go/NoGo task while we simultaneously record EEG and fMRI. We will then
investigate the cortical modulators of this perceptual decision making task using univariate and
multivariate analysis techniques. We will also investigate the cortical connectivity of expertise
using simultaneous EEG-fMRI data collected while the subjects rest and are not performing any
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task.

3.2

Knowing When Not to Swing: EEG Evidence that Embodied
Cognitive Processes Underlie Baseball Batter Expertise

3.2.1

Introduction

Deciding whether or not to swing at a baseball is a complex task where a 1/3-success rate is worth
millions of dollars a year and a likely spot in the Baseball Hall of Fame. This interceptive action
under severe time constraints requires that a batter predicts the location of a 3 inch diameter
ball by extracting anticipatory cues from the opponents actions [1, 36], integrating these with
perceptual cues from the spin and trajectory of the ball, and finally estimating the time at which
the ball will reach the plate. While accumulating and integrating this evidence, the batter is
deciding on the execution or inhibition of the interceptive action (i.e. whether or not to swing).
The extreme difficulty of this task together with the skill needed to perform it at even a
modest success rate has led to the hypothesis that professional baseball players have, like other
high-performing athletes, developed performance improving perceptual and cognitive abilities relative to non-athletes [165, 277]. There have been several studies that have investigated potential
neural correlates indicative of perceptual and cognitive performance enhancement specific to baseball players. For example, Radlo et al. [205], using electroencephalography (EEG), showed that
more advanced players had faster reaction times (RTs) and greater P300 latencies when classifying pitch types compared to intermediate players. Other groups have used the Go/No-Go
reaction time task [58] to examine the neural basis of inhibition in baseball players.Kida et al.
[128] investigated the RTs of baseball players in a Go/No-Go task and found that skilled baseball
players could execute the response to the Go stimulus more quickly than less skilled baseball
players, tennis players, and non-athletes. Nakamoto & Mori [173] repeated the Go/No-Go task
to examine whether baseball players shorter RTs were influenced by stimulusresponse compatibility (SRC) effects. Specifically, they found that baseball players simple RT, i.e. reaction time
when there is no perceptual decision needed, was not faster than that of matched controls, but
for baseball-specific stimuli, the stimulus-response compatibility mediated a faster response time
among experts. Additionally, basing their findings on previous work linking No-Go frontal P300
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strength to response inhibition, they found greater P300 amplitudes in baseball players when
the SRC was similar to baseball batting. More recently, the same group showed that baseball
players, performing a Go/No-Go task in which the subjects needed to coincide their response to
the arrival of a moving object, had larger amplitude N2s and P300s compared to controls [174].
This collection of previous work points to enhancement in perception-action coupling for players
vs. non-players, as well as the potential for the degree of perception-action coupling to correlate
with player performance.
There has been also been substantial work pointing to athletes employing embodied cognition.
Cognition is said to be embodied when it acutely depends upon features of the physical body of an
agent, that is, when aspects of the agents body plays a significant causal or physically constitutive
role in cognitive processing. For instance, Holt & Beilock [103] performed an experiment with
two groups of athletes (ice hockey and football players) and a novice control group where subjects
had to evaluate the plausibility of action-related sentences representative of everyday or sportspecific situations. They found that subjects responded most quickly to items that matched the
sentence-implied actions for everyday and non-sport-specific actions, however, only the athletes
showed faster response times for their respective sport-specific scenarios. Similar sport-specific
experiments that have offered evidence of embodied cognition include golfers [270], American
football players [269], and baseball players [271]. Recently, there has been empirical evidence that
supports the idea that the perception of objects in the sporting environment is embodied [85].
Given this preliminary evidence for embodied cognition and increased inhibitory responses
in high-performance baseball players, a likely cortical area central to this type of embodied-like
processing is pre-supplemental motor area (preSMA). Human lesion studies have shown that
damage to the preSMA leads to the impaired ability of patients to inhibit their responses [68,
200]. PreSMA fMRI activation has been shown in a variety of inhibitory paradigms, including
Go/No-Go [9, 100, 102, 227, 241] and stop-signal [9, 221, 241]. Recently, Albert et al. [5] used
electroencephalogram recordings to source localize the inhibition response to the preSMA during
a Go/No-Go paradigm. Stronger inhibitory P300s, like those found in Albert et al.,, have also
been linked to faster reaction times [175].
Another likely difference between expert baseball players and novices is in their respective
abilities for task-specific perception-action coupling. Perception-action coupling involves tightly
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integrating perceptual processing with action generation. It is likely linked to the development
of neural substrates, which improve with training, that enable rapid and reliable predictions
from incoming perceptual information. Moshe Bars visual prediction theory is consistent with
perception-action coupling in the visual domain, and points to specific cortical areas likely central
to differentiating experts from novices. Specifically, Bar [12, 13, 44, 137] notes the role of the
orbitofrontal cortex (OFC) in multimodal associations and links this capability with heightened
prediction capability in visual experts. He furthermore provides evidence that the OFC is part of a
larger visual expertise network that overlaps with the fusiform face area (FFA). Bar hypothesizes
that the associations driven in part by the orbitofrontal cortex combine with the visual expertise
driven in part by the FFA to produce superior prediction capabilities in visual experts. The
fusiform gyrus (FG), an area that includes the FFA, is best know for its face selectivity [89, 121,
147], though more recently, studies have shown that the FFA responds to non-face objects, if those
objects are associated with expertise [19, 20, 76, 162, 212, 246, 276] suggesting a role for FFA,
and potentially OFC, in perception-action coupling for expertise-driven rapid visual decisions.
In this section, we use high-spatial density EEG and single-trial analysis in order to capture
variability within and across individuals in a way that allows us to more fully test whether
cortical areas, consistent with perception-action coupling and embodied cognition, show activity
that differentiates expert baseball hitters from novice controls. Our previous work has shown that
single-trial analysis of high-density EEG can yield insight into rapid decision-making processes
[77, 149, 198, 215, 222, 223], unobservable when using trial averaging or analysis of single-electrode
information. This approach has been used to identify potential neural correlates of embodied
cognition in skilled musicians using EEG [223].
Here, we compare EEG activity measured from Division I Collegiate baseball players (experts)
to a set of matched novice controls for a novel Go/No-Go task that resembles an in-game baseballbatting situation. Using simulated baseball trajectories [222], we designed an experiment to match
the fraction of a second a batter has to recognize the pitch ”type and decide whether or not to
swing, given his target pitch. In the experiment, target pitches are cues presented to the subject
prior to the pitch, indicating the type of pitch that should elicit a Go response. This mirrors the
in-game situation of a batter sitting on a pitch. A mismatch between the players target pitch and
the resulting pitch can lead to no swing, a late swing on faster than expected pitches, or an early
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swing on slower than expected pitches. Fig. 3.1 illustrates the paradigm.

3.2.2

Methodology

Subjects
19 subjects, 9 collegiate Division I baseball players (mean age - 19.9 ± 1.1 yrs) and 10 non-player
novices (mean age -21.2 ± 1.6 yrs), participated in the experiment. None of the novice subjects
had any collegiate baseball experience. All of the expert baseball players were active players on
a collegiate baseball team. All subjects reported normal or corrected vision and no history of
neurological problems. All novices were right handed, while one of the baseball players was lefthanded. Informed consent was obtained from all participants in accordance with the guidelines
and approval of the Columbia University Institutional Review Board.
Stimuli Overview
Similar to our previous work [222], we simulated each pitch via a differential equation solver in
Matlab 2010a (Mathworks, Natick, MA, USA) (see Pitch Simulations below) and presented these
using PsychToolbox [27]. Pitches were simulated using 6-coupled differential equations [2, 8].
Please see equations 2.1-2.7.
Each of the three pitches –fastball, curveball, and slider – have well-defined initial conditions.
To create each pitch, we varied the initial velocity and the rotation angle. All initial velocities
were sampled from the same uniform distribution (78 ± 3 mph), though each pitch had its own
rotation angle distribution (Fastball (270°± 5°), Curveball (50°± 5°), Slider (0°± 5°)). For each
simulated pitch, an isoluminant green circle was plotted on a gray background for every frame
of the trajectory. The size of the circle increased as it approached the viewer, so as to give the
illusion of depth. When the ball crossed ”home plate”, the circle disappeared.
Behavioral Paradigm
Subjects viewed 5 blocks of 90 simulated baseball pitch trials on a computer monitor with a
jittered inter-stimulus interval (ISI) of mean = 3s, SE = 225ms. Subjects sat at a distance of
51” from the screen. The simulated view was that of the catcher sitting on a standard baseball
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diamond, i.e. at the end point of the pitch trajectory (horizontal view 3.93°, vertical view 1.12°).
The subject was presented with a pitch chosen at pseudorandom ( ”fastballs”, ”curveballs”, and
”sliders”), where the initial conditions of the trajectory were also jittered so that no two pitches
from the same category followed the exact same trajectory. We used these stimuli to create a
Go/No-Go paradigm. Preceding the pitch, a horizontal bar (S1) (horizontal view 3.93°, vertical
view 0.28°) appeared onscreen for 950ms, during which time the horizontal length of the bar
shrunk at a constant rate until it disappeared. The bar shrank from either left to right, or vice
versa, with equal pseudorandom uniform probability. While the bar was onscreen, a single-letter
cue indicated above it the possible pitch trajectory to follow (F for fastball, C for curveball, or S
for slider; horizontal view 0.28°, vertical view 0.28°). Once the bar shrank completely in length,
the pitch trajectory (S2) began from that point on the screen.
Subjects were instructed to press a button on a keyboard only if the trajectory cue matched

Figure 3.1: Schematic Illustration of the modified stimuli Go/No-Go Paradigm. Each trial starts with a
950ms countdown bar along with a letter (F/C/H) pitch cue. At the end of the countdown, an animated
green ball will appear following a simulated baseball trajectory. For 60% of the trials this trajectory will
be congruent with the cue letter while 40% of the time it will be incongruent. After the animation of the
pitch disappears (540-600ms), there is 500ms of a blank screen before the subject is given feedback (”+”
for correct responses or ”-” for incorrect responses).
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the actual pitch trajectory. For instance, if the cue above the horizontal bar was an F and a
fastball trajectory followed, then the subject would be expected to execute a button response
(i.e., a Go). If a curveball or slider trajectory were to follow the same cue, then the subject would
be expected to refrain from executing a button response (i.e., a No-Go). For this experiment, 60%
of trials were Go trials and 40% were No-Go trials in order to control for the oddball effect in a
more standard Go/No-Go paradigm. Subjects were told they must respond while the ball was
still on the screen. Visual feedback was presented after the trajectorys completion in the form
of a cross (+) for correct responses and dash (-) for incorrect responses. A Go response was not
considered correct unless the cue matched the trajectory and the button response occurred before
the end of the trajectory (i.e. before the simulated ball disappeared from the screen). All button
responses were right handed using the index finger, regardless of subjects handedness. Subjects
were instructed to respond, ”as fast and as accurately as possible.” Subjects performed an initial
training and practice phase where they had to score an accuracy of at least 60%. After subjects
reached this performance, we began recording EEG for 5 blocks of the experiment.
Data Acquisition and Preprocessing
EEG data was acquired in an electrostatically shielded room (ETS-Lindgren, Glendale Heights,
IL, USA) using a BioSemi Active Two AD Box ADC-12 (BioSemi, The Netherlands) amplifier
from 64 Ag/AgCl scalp electrodes arranged in the 10-20 System. Data were sampled at 2048 Hz.
A software-based 0.5 Hz high pass filter was used to remove DC drifts, a 60 Hz (harmonic) notch
filter to minimize line noise artifacts, and a 100 Hz low pass filter were applied before resampling
the data to 256 Hz. These filters were designed to be linear-phase to minimize delay distortions.
Stimulus events i.e., countdown, pitch type, responses were recorded on separate channels.
Independent components analysis (ICA) was run using EEGLAB [54] and FastICA [108] algorithm to remove eye-blink artifacts. Data were then re-referenced to the average across all
electrodes. In S2 stimulus-locked epoching (-1500ms to 2000ms), the average baseline was removed using data from -200ms to 0ms. An automatic artifact epoch rejection algorithm from
EEGLAB was run to remove all epochs that exceeded a probability threshold of 5 standard deviations from the average. Trials where the subjects RT was earlier than 100ms from pitch onset
were excluded from further analysis.
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Behavioral Analysis
Percent error rates and RTs were analyzed. Errors were broken down into both omissions and
commissions, i.e., no-responses and late responses in Go trials, and button presses in No-Go trials.
Repeated- measures ANOVAs on each behavioral measure were carried out using Trial type (two
levels: Go, No-Go) as the within-subject factor and group (expert/novice) as the between subject
factor. The Greenhouse-Geisser (GG) epsilon correction was applied to adjust the degrees of
freedom of the F ratios where necessary, and post hoc comparisons were also made in order to
determine the significance of contrasts by applying the Bonferroni procedure (alpha=0.05).
Data Analysis
We performed a traditional ERP analysis on the filtered, epoched, and artifact-removed EEG.
Our primary analysis focused on a single-trial approach to discriminate between a set of stimulus
or response conditions. First, we considered only behaviorally correct trials. Regularized logistic
regression was used as a classifier to find an optimal projection for discriminating between behaviorally correct Go and behaviorally correct No-Go trials over a specific temporal window [192].
This approach has been previously applied to identify discriminant neural components underlying
rapid perceptual decision-making [83, 222, 256, 257]. Specifically, we defined a training window
starting at either a pre-stimulus or post-stimulus onset time τ , with a duration of δ, and used
logistic regression (Eqn. 2.8) to estimate a spatial weighting vector that maximally discriminates
between EEG sensor array signals X for each class (e.g., Go vs. No-Go trials).
The result is a discriminating component that is specific to activity correlated with each
condition, while minimizing activity correlated with both task conditions. For our experiments,
the duration of the training window (δ) was 50ms and the center of the window (τ ) was varied
across time in 25ms steps. We used the re-weighted least squares algorithm to learn the optimal
discriminating spatial weighting vector [117]. We also estimated the electrical coupling coefficients
(Eqn. 2.9).
This equation describes the electrical coupling of the discriminating component that explains
most of the sensor activity. We quantified the performance of the linear discriminator by the area
under the receiver operator characteristic (ROC) curve, referred to here as AUC, using a leaveone-out procedure. We used the ROC AUC metric to characterize the discrimination performance
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as a function of sliding our training window from 0ms pre-stimulus to 1000ms post-stimulus (i.e,
varying τ ). We quantified the statistical significance of AUC in each window (τ ) using a label
permutation procedure. Specifically, we randomized the truth labels (i.e. trial was a Correct Go
or a Correct No-Go) for each trial and retrained the classifier. This was done 1000 times for
each subject at the 500ms window, giving a total of 19000 permutations. The AUC values from
these permutations were used to establish a p-value for the mean AUC at each time window. We
then controlled for multiple comparisons using a Bonferroni correction at p < 0.05. All significant
results are thus reported at p < 0.05 corrected for multiple comparisons.
Component-informed Source Localization
We used source localization (sLoreta) [193] to estimate the most likely cortical source distributions
that differentiated experts from novices for Correct Go and Correct No-Go trials. Specially, on
a subject-by-subject basis, we selected the window,τ , at which the LOO AUC value was the
maximum for the Correct Go versus Correct No-Go comparison e.g. times at which the neural
components were most discriminative.
Using these markers in time, we trial-averaged the EEG sensor data in the 50ms window
(τ ) across all epochs that were either Correct Go trials or Correct No-Go trials, creating two
grand average ERPs for each subject. Using these grand average ERP values, we then used
sLoreta to solve for the most likely current source distribution in the cortex based on the EEG
sensor data and array topology. We used these distributions in separate analyses to compare the
activation differences between experts and novices using a two-group independent T-test with
variance smoothing=0.1.
Contingent Negative Variation (CNV) and Pre-Stimulus Alpha Power Calculation
For estimating the CNV, data were baseline corrected (-200ms to 0ms) from S1 and then reepoched around S2. CNV was measured by taking the average amplitude at the Cz electrode
during the final 200ms of the S1-S2 interval [105]. To estimate the pre-pitch occipital alpha
power, we followed a similar analysis method as Lou et al. [149]. For each subject, we selected
the ICA component with a posterior scalp distribution and the highest ratio of alpha-power (8-12
Hz) to that of surrounding frequencies (6-14 Hz). This ICA component was band pass filtered
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from 8-12Hz after which we applied the Hilbert transform to obtain the temporal magnitude and
phase. Finally for each trial, we took the average alpha magnitude during the final 200ms of the
S1-S2 interval.
CNV and Alpha Power Analysis
Similar to analyzing the behavioral results, we analyzed mean pre-pitch CNV amplitude and
alpha power using repeated-measures ANOVAs on each measure using Trial type (four levels:
Correct Go, Correct No-Go, Incorrect No-Go, Incorrect Go) as the within-subject factor and
group (expert/novice) as the between-subject factor.

3.2.3

Results

Behavioral Performance
Table 3.1 presents group data for response times and error rates for Go and No-Go trials. A
two-way ANOVA on the response times showed a significant effect for the Group (F(1,17)=26.98,
p < .001, η 2 =0.607) and the Group x Trial interaction (F(1,17)=5.64,p=0.03, , η 2 =0.0087). Trial
type (F(1,17)=2.6,p=0.13,η 2 =0.004) did not pass our significance threshold of p < 0.05. The twoway ANOVA for error rates showed a significant main effect for Group (F(1,17)=9.55,p=0.007,
η 2 =0.226),Trial Type (F(1,17)=132.7, p < 0.001 , η 2 =0.79), and the Group x Trial interaction
(F(1,17)=5.89,p=0.027, η 2 =0.14).

Go Trials

NoGo Trials

RT (ms)

Error Rate (%)

RT (ms)

Error Rate (%)

Experts

445 (20)

8.4 (2.9)

439 (21)

44 (8.5)

Novices

489 (18)

22.7 (7)

490 (21)

46 (11)

Table 3.1: Mean behavioral response times (RT) and Error Rates for experts and novices. Standard
deviations are in parenthesis.
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Single-trial Analysis of Discriminating EEG Components
For this analysis, we only considered behaviorally correct trials (Fig. 3.2). However, the same
analysis was run for the comparisons of Correct Go versus Incorrect No-Go and Correct No-Go
versus Incorrect No-Go trials and reported in Fig. 3.3a and 3.3b. Classification analysis using
Incorrect Go trials were not run because of the small number of trials for experts as well as the
mixing of incorrect omissions and late commissions that make up the Incorrect Go trials.
Fig. 3.2 (left panel) shows the mean (across subjects, separated by group) performance (area
under the ROC curve: AUC) for stimulus-locked EEG components discriminative of Correct Go
vs. Correct No-Go discrimination trials. We found that experts and novices had similarly shaped
discrimination curves, however experts exhibited an earlier rise and larger peak than novices.
Both groups showed no significant early discrimination (discrimination before 300ms), however
discrimination rose sharply to a maximum AUC of 0.86 at 450ms for experts and 0.79 at 500ms
for novices. The experts discrimination curve also was shifted 75ms earlier relative to that for
the novices. To test for significant discrimination differences between experts and novices, we

Figure 3.2: Stimulus-locked EEG discrimination results for Correct Go versus Correct No-Go trials for
Novices (blue) and experts (red) (Left panel). Each AUC curve shows the mean and standard error
bars computed using leave-one-out discrimination. The significance line (dotted) is corrected for multiple
comparisons (line at p=0.05 Bonferonni corrected for 41 time window comparisons). Grey shading indicates
which time points showed a significant difference between experts and novices (independent groups t-test at
each window and an FDR correction for multiple windows). Stimulus-locked averaged normalized y-values
for Go and No-Go trials are plotted in the middle and right panels. Grey shading indicates which time
points showed a significant difference between experts and novices (p<0.05 FWE corrected).
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computed an independent groups t-test at each window. Shaded regions indicated significant
differences (p < 0.05 FDR corrected) in discrimination activity between experts and novices.
Experts show significantly higher discrimination than novices from 325 to 425ms.
While we see significant differences between experts and novices in the discrimination space,
we also wanted to see if this stronger discrimination is from expert/novice differences in the Go
or No-Go trials. To this end, each subjects max discriminating classifier was used to create
normalized y-values averaged across trials from 0 to 1000ms from onset of stimulus using eq. 8.
Each subjects time series was then averaged within group for both Go (Fig. 3.2 middle panel)
and No-Go (Fig. 3.2 right panel) trials. For Go trials, novices had significantly lower (stronger
Go response) ys from 598 to 660ms (p < 0.05 FWE corrected), while for No-Go trials; experts
had significantly higher ys from 371 to 535ms (p < 0.05 FWE corrected).
Group mean stimulus-locked forward models, shown as scalp and cortical source plots, are
given in Fig. 3.4. Plots are of selected time points (400-500ms) for both novices and experts,
where the center of the discrimination window is indicated at the top of each column. Dark red
and blue colors indicate strong correlation of the discriminatory component with the measured
scalp activity. The two main sources of discrimination are consistently located in the central

(a)

(b)

Figure 3.3: (a), Expert (red) and Novice (blue) mean classifier performance for discriminating Correct
No-Go trials versus Incorrect No-Go trials. Shaded region indicates significant (P<0.05 FDR Corrected)
windows of performance difference between experts and novices.(b),Expert (red) and Novice (blue) mean
classifier performance for discriminating Correct Go trials versus Incorrect No-Go trials. Shaded region
indicates significant (P<0.05 FDR Corrected) windows of performance difference between experts and
novices.
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frontal and parietal regions of the scalp plots.
Source Localization
We identified the temporal windows having the maximum AUC for each subject (see Methods),
and found that experts had a mean maximum AUC at 447 ± 45ms while the novices had a mean
maximum AUC at 495 ± 55ms (p=0.057, Independent Groups T-test). Using the EEG data
from these subject-specific time windows, we solved for the source distributions using sLoreta
(see Methods). For the first source localization, we performed a paired t-test for Correct Go vs.
Correct No-Go across both experts and novices. The resulting t-distribution is shown in Fig. 3.5A.
We did a permutation test (10000 permutations) to establish significance levels (p < 0.05) for the
null hypothesis of no difference in activity between Go and No-Go trials. We found significant
cortical source distributions in Brodmann areas 6 and 8, which include the frontal eye fields and
the preSMA (peak MNI coordinates- X=-5mm, Y=40mm, Z=50mm).
For the second source localization, we performed a group t-test between experts and novices

Figure 3.4: Group averaged stimulus-locked forward models, shown as scalp maps and cortical distributions,
for novices (A) and experts (B). Only behaviorally correct Go and No-Go trials are used to estimate these
forward models. Red indicates areas with stronger positive weighting for No-Go trials and blue shading
indicates areas for more positive weighting for Go trials. The center time of each window is given above
each plot.
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of the within subject paired difference between Correct Go and Correct No-Go source distributions. As for the first source localization, we did permutation testing to establish significance.
Fig. 3.5B shows significant regions where experts have stronger cortical neural generators than
novices (peak MNI coordinates- X=-5mm, Y=-5mm, Z=50mm). Significant regions include the
Anterior Cingulate Cortex (ACC) and Supplementary Motor Area (SMA). Lastly, we conducted
group t-tests for differences between experts and novices in Correct Go and Correct No-Go trials

Figure 3.5: sLoreta source distributions. (A) shows the source localization for the paired t-test for Correct
Go vs. Correct No-Go across both experts and novices. Blue regions indicate significant source localizations
for No-Go trials. (B) shows the group t-test between experts and novices of the within subject paired
difference between Correct Go and Correct No-Go. Blue regions indicate source localization areas where
experts have increased activation compared to the novices. (C) shows the differences between experts and
novices for Correct Go trials, (D) shows the differences between experts and novices for the Correct No-Go
trials, and (E) shows the differences between experts and novices for Incorrect No-Go trials. Again, for C,
D, and E blue regions indicate experts are stronger than novices. For all tests, 10000 permutations were
run to generate significance at the p<0.05 multiple comparison corrected level.
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separately. For Correct Go trials (Fig. 3.5C), experts had significantly stronger cortical source
distributions (peak MNI coordinates- X=15mm, Y=55mm, Z=-15mm) in frontal orbital gyrus
(BA 11) and fusiform gyrus (BA 37), while in Correct No-Go trials (Fig. 3.5D) a similar cluster
to Fig. 3.5B is shown, with activation in the SMA and ACC (peak MNI coordinates- X=-5mm,
Y=-10mm, Z=50mm). Finally, experts had significantly stronger cortical source distributions for
Incorrect No-Go trials (peak MNI coordinates X=-55mm, Y=0mm, Z=-30mm) in the middle
temporal gyrus (BA 21), superior temporal gyrus (BA 38), and superior frontal gyrus (BA 10/11)
(Fig. 3.5E).
Pre-Stimulus Alpha Power
We performed a two-way ANOVA for pre-stimulus Alpha power, however results were insignificant for all factors analyzed. Experts had a lower but insignificant difference from novices
(F(1,17)=0.750, p > 0.05, η 2 =0.0415). Trial type (F(3,51)=0.28, p > 0.05, η 2 =0.00028) and
the interaction of Group x Trial Type (F(3,51)=2.72, p > 0.05, η 2 =0.0028) was insignificant (Fig.
3.6b).
Contingent Negative Variation (CNV)
Fig. 3.6a shows the average CNV amplitude for experts and novices across the four trial types. A
two way ANOVA for CNV amplitude showed a significant main effect for the Group (F(1,17)=30.66,
p < 0.001, η 2 = 0.4512) and Trial type (F(3,51)=4.756,p=0.0053,η 2 =0.132, GGe=0.648), while
the Group x Trial interaction (F(3,51)=0.948,p > 0.05,η 2 =0.029) did not pass our significance
threshold. An analysis of the main effect of trial type showed Correct No-Go trials were significantly different from Incorrect No-Go trials (z=3.526,p=0.003) and significantly different from
Incorrect Go trials (z=3.005,p=0.019). We included an additional contrast for correct versus
incorrect trials that was also significant (z=3.195,p=0.0098).

3.2.4

Discussion

In this study, we identified spatio-temporal neural correlates that differentiate baseball players
and novice controls in a Go/No-Go task. This task simulates an important aspect of hitting,
though neither group (player or controls) was trained on the specific task. Group differences
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(a)

(b)

Figure 3.6: (a), Average Contingent Negative Variation (CNV) amplitude for experts and novices for the
four trial type conditions with standard error bars. (b),Pre-Stimulus Alpha power results for both experts
(black bars) and novices (white bars) show no significant differences across groups or trial types. Standard
errors are computed across subjects.

in neural activity manifested themselves in a combination of temporally precise discriminating
neural components, scalp forward model topology, spatial distribution of neuronal sources, and
pre-stimulus preparatory neural activity. Below we discuss these results within the context of the
perception-action and embodied cognition hypotheses.
Our behavioral observations — that experts have faster response times than novices for Go

Figure 3.7: Novice and Expert event related potentials (ERPs) at electrode Fz. Correct Go (red), Correct
No-Go (blue) and Incorrect No-Go (green) trials are all plotted for both novices (left) and experts (right).
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trials (Table 3.1) — confirms Kida et al. [128] and Nakamoto & Mori [173] reaction time findings.
Nakamoto and Mori reasoned that faster response times for baseball players were a result of the
SRC effects of the stimulus paradigm and stronger inhibition responses of the players. They
showed that the players response times were the fastest when the stimulus-response mapping was
the most similar to a baseball task and that the frontal P300 amplitude was larger in the players
when compared to controls.
Our single-trial results (Fig. 3.2) also support Nakamoto’s reasoning. EEG discrimination for
experts Correct Go versus Correct No-Go trials is significantly higher than for novices, beginning
at 325ms post-stimulus. An analysis of the scalp topologies of the forward model (Fig. 3.4) shows
stronger frontal inhibitory components of the experts than the novices. This frontal inhibitory
component is most likely a frontal P300. The averaged event-related potentials for the No-Go
trials for expert and novices at Fz showing the frontal P300 are plotted in Fig. 3.7. By splitting
the discrimination plot into the Go and No-Go components, we again confirm that the significant
differences between experts and novices is in the No-Go trials and therefore in the inhibition
response. With these results, we confirm previous findings that the stronger frontal inhibitory
components may contribute to the experts faster reaction times [173, 174].
Our results along with previous studies show strong evidence for neural differences between
baseball players and non-players. However, a primary drawback of prior studies is their use
of low resolution EEG. Radlo et al. [205] used only the Pz electrode while Nakamoto & Mori
[173, 174] used 5 and 9 electrodes in two separate experiments. These low electrode counts mean
the experimenters may have missed important differences between experts and novices in other
areas of the brain that our single-trial and source localization analyses can exploit. Furthermore,
the neural data analysis from prior work was limited to studying event-related potential (ERP)
component amplitudes and latencies.
Source localization revealed greater activation for correct No-Go trials compared to correct Go
trials in the preSMA across both expert and novice groups (Fig. 3.5A). Since our experimental
design removes the oddball confound, these results suggest the preSMA is an important structure
in the inhibition response. Our findings add to the growing literature supporting the theory that
the preSMA is critical for inhibition. Our finding is consistent with that of Albert et al. [5] using
a different stimulus paradigm and analysis procedure.
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While the source localization comparing correct No-Go to correct Go trials confirms previous
experimental results, our finding that expert baseball players have higher activation in the SMA
during successfully inhibited trials compared to novices is completely novel. Understanding the
functional and anatomical differences between the preSMA and SMA can help elucidate why
experts would recruit the SMA more than the novices for inhibitory actions (Fig. 3.5B/C).
The rostral preSMA and the caudal SMA make up the main components of the supplemental
motor cortex (SMC) [170]. Commonly, the vertical commissure anterior line (y = 0) serves as
an anatomical landmark to distinguish between these two regions of the SMC [199]. The general
functional dissociation between the SMA and preSMA is that the SMA is implicated in motor
response execution, while the preSMA is involved in response inhibition. Whereas the SMA has
strong connections with the primary motor cortex and spinal cord, the pre-SMA has substantial
connections with the prefrontal cortex and caudate. These patterns of connectivity support the
key roles of SMA and preSMA in movement planning/execution and inhibitory control, respectively. While the evidence for preSMA activation during Go/No-Go tasks is substantial, evidence
for SMA activation during inhibition tasks is sparse [264].
Previous studies have shown response inhibition consistently involves the pre-SMA, and the
only evidence for the involvement of SMA came from one micro-lesion study in humans (Sumner
et al., 2007). However, studies using monkeys have shown that the SMA has a role in the reactive
control of movement, by showing that some neurons in the SMA influence movement cancellation
[42, 217]. Following the initial human micro-lesion study of Sumner et al. [238], Boy et al. [26]
found that automatic inhibitory mechanisms that suppress automatic motor activations evoked
by cues are supported by GABA concentration in the SMA, as measured with magnetic resonance
spectroscopy. The authors further support this conclusion in a companion fMRI study that showed
that SMA signals, but not preSMA signals, were modulated in the inhibitory task [25]. Finally, a
group of recent fMRI experiments identified areas involved in proactive control of movements by
analyzing suppression of movements that are represented in the motor system but not performed.
These representations were created through motor imagery [122] or by observing the actions of
others [57] and they found SMA activation when motor execution had to be suppressed.
These final two studies raise the issue of whether the baseball players discrimination and higher
activation of the SMA are linked to an embodied cognition of the visual stimulus. Our results —
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that expert baseball players recruit the SMA during inhibition more than novices — suggests that
the baseball players are actively inhibiting their response as if they need to stop their physical
swing.
The primary thesis of embodied cognition is that our motor system influences our cognition
and perceptions, just as our cognitions influence our bodily actions [23, 45]. Studying expert
baseball players alongside novices allowed us to directly investigate embodied cognition because
of the experts acute sensori-motor-cognitive systems, developed and maintained over years of
training.
While source localization data for No-Go trials revealed stronger activation in the SMA for
experts, comparisons using the Go trials revealed stronger activations in the frontal orbital gyrus
(BA 11) and Fusiform Gyrus (BA 37) for experts (Fig. 3.5C). The combined activations of the FFA
and orbitofrontal cortex in correct Go trials fits with Bars theory of visual prediction and expertise
being mediated by similar neural structures [12, 13, 44, 137]. Our results for differential activation
in experts during correct Go trials, i.e., trials in which a successful trajectory prediction was made
and acted upon, reinforce Bars hypothesis of visual expertise and prediction being tightly coupled
cortical phenomena i.e. evidence of enhanced perception-action coupling in hitters.
The baseball players have become experts in pitch tracking through years of practice. Over
time, as with car recognition [162] or chess expertise [19], the expert baseball players fusiform gyri
may have become selective to differentiate baseball pitch-like objects. Thus, when performing a
task that was meant to be a simulation of baseball pitches, the experts fusiform areas were more
activated than the novices. This higher activation in the early visual processing stream could in
part lead to the faster response times and better behavioral accuracy in the experts compared to
the novices.
To check if the same cortical differences between experts and novices occurred in error trials,
we ran a separate analysis with Incorrect No-Go trials. As with previous results with Correct Go
and No-Go trials, we show that the experts are activating a separate cortical network for error
trials (Fig. 3.5E). Specifically, experts showed stronger activations in the middle temporal gyrus
(BA 21) and superior temporal gyrus ( BA 38).
Finally, previous studies have not looked for any preparatory neural differences between
baseball players and non-players during the pre-stimulus interval. However, there have been
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many studies investigating the preparatory neural activity during the pre-shot period of shooting,
archery, putting, and dart throwing. Many of these studies have focused on the spectral power
[97], specifically the alpha band (8-12 Hz); for a review see Miura et al. [165]. In this study, we
analyzed the preparatory alpha oscillations to compare the pre-stimulus responses of the experts
to the novices.
While previous studies have shown differences in alpha band power between high performance
athletes and novices, our results did not show a significant difference in alpha power between
the baseball players and novices. The lack of significant findings can be a result of our analysis
method, our experimental paradigm, and possibly the subject population. Studies that have
found differences in preparatory alpha oscillations have used a variety of scalp locations to find
differences in their subject populations, while in our experiment we only measured occipital alpha
power. Our experimental paradigm allowed for a relatively short ≈ 1sec preparatory period, while
experiments with riflemen and golfers that showed differences between experts and novices had
much longer preparatory periods of ≈ 3s. Our experiments short preparation time may not have
been long enough for the oscillation power differences to separate enough to be significant.
Whereas most studies have looked at spectral power for comparing high performance athletes,
Hung et al. found differences in broadband power of table tennis players by measuring the ERP
during their preparatory period before a cued stimulus [105]. Specifically, they measured the
Contingent Negative Variation (CNV), a slow negatively deflecting ERP in which the amplitude
increases during the time interval between a first warning stimulus (S1) and a second imperative
stimulus (S2) on which a decision needs to be executed. The CNV has been connected with
both motor preparation and cognitive processes including attention, expectancy, motivation, and
arousal [31, 110, 250].
When we looked at CNV, we saw large significant differences between groups and trial types
(Fig. 3.6a). We found that baseball players had significantly greater amplitude CNV compared to
that of the novices. We also found that Correct No-Go trials had significantly greater amplitude
CNVs compared to Incorrect Go and Incorrect No-Go trials and that correct trials had higher
CNVs than incorrect trials. These results suggest that the amount of motor preparation and other
cognitive processes, such as attention, expectancy and motivation, devoted to the task before the
visual stimulus can affect performance and be a marker for expertise.
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Rather than primarily basing our conclusions for embodied cognition only on post hoc behavioral metrics (as did Olmstead et al. [184] and others), we have focused on the neural markers
best measured with EEG (and possibly MEG) that would likely precede any behavioral response.
Furthermore, we have done so in a population of expert subjects whose cognitive systems are
highly specialized to perform the chosen stimulus. Although earlier studies have looked at these
markers in the aggregate and/or over long periods of time in comparison to the underlying neural
dynamics, our approach employs signal detection theory applied to EEG to more precisely localize
these task-relevant dynamics both in time and in sensor/voxel space.
Considered together, these results indicate a different cognitive process unfolding for expert
and novice baseball batters as they perform the baseball-like task studied here. These spatiotemporal neural differences, beginning as early as 200ms before the pitch trajectory starts and
lasting up to 700ms afterwards, provide evidence for a enhanced perception-action coupling and
embodied cognition in the expert group . We find here correlative evidence that these neural
differences translate into higher behavioral accuracies and faster response times in experts. Furthermore, for cases when an overt response is not observable (e.g., a No-Go), we find a neural
marker for expertise originating in the SMA, i.e., a marker for knowing when not to swing.
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3.3
3.3.1

Exploring baseball expertise using simultaneous EEG-fMRI
Introduction

In section 3.2, this work started to find the neural components of this expertise using a novel
stimuli with a Go/NoGo paradigm and EEG. Experts, overall, performed better at the Go/NoGo
task compared to novices both in terms of accuracy and faster response times (Table 3.1), thereby
shifting the speed-accuracy tradeoff curve instead of moving along the same curve as the novices.
Experts also showed neural differences in how they processed the task. Experts had higher and
earlier EEG discrimination of Correct Go and Correct NoGo trial types compared to novices.
These differences in discrimination were found to be most likely in the inhibition response during
the NoGo trials (Fig. 3.2). Source localization revealed experts to have stronger cortical sources
in the SMA for Correct NoGo trials and the fusiform gyrus for Correct Go trials. This work
showed that there are distinct spatio-temporal neural differences between expert baseball players
and novices during a baseball-like perceptual decision making task.
Source localization for EEG can provide general areas of activity differences within the cortex
but still remains an ill-posed problem where the results are dependent on the large assumptions
made about the cortical source model. Not only is source localization ill-posed, the scalp acts
as a filter that distributes the localized signal across all the electrodes. A better way to assess
whole-brain cortical activity at the mm-level is to use BOLD fMRI.
Several studies using fMRI have reported on the characteristics of athletes’ brains, however,
most have been studied in the context of the mirror neuron system (MNS) [211]. Humans often
watch and imitate another person’s movements when asked to perform an action. This phenomenon suggests that watching an action can facilitate performance. Calvo-Merino et al. [38]
investigated the differences in brain activity associated with watching an action that one has
learned to perform compared to watching an action that one has not learned to perform. In
their experiment, three groups, including 10 professional classical ballet dancers, 10 professional
capoeira dancers, and 10 non-athletes watched videos of ballet or capoeira. They found that ballet dancers showed greater activity in the MNS when watching ballet videos than when watching
capoeira videos, whereas capoeira dancers showed the opposite effect, suggesting that the MNS
was influenced by an individual’s personal motor repertoire.

CHAPTER 3. EXPLORING SPATIO-TEMPORAL NEURAL DIFFERENCES BETWEEN
EXPERTS AT TRAJECTORY TRACKING AND NOVICES
61
Milton et al. [164] investigated brain activity related to motor planning in expert golfers and
non-athletes during their pre-shot routine. They demonstrated that the experts showed activity
primarily in the superior parietal lobule, the dorsal lateral PM, and the occipital area, whereas the
posterior cingulate, the amygdala—forebrain complex, and the basal ganglia were active in the
non-athletes. Kim et al. [130] also examined the differences in the neural networks of eight worldclass archers and eight non-athletes during an archery pre-performance routine. The resulting
fMRI data showed that the occipital and temporal gyri were activated when the athletes were
aiming, whereas the frontal area was primarily activated when the non-athletes were aiming. Kim
et al. [131] in a later study demonstrated that expertise effects stimulate brain activity not only in
the mirror neuron system but also in the neural networks related to theory of mind and episodic
memory. These studies all used visual stimuli, however, similar results have been found using an
auditory stimulus. Woods et al. [272] demonstrated that athletes show activation in areas known
to be involved in action planning when passively listening to sounds matched to their expertise
— suggesting that auditory perception of action can lead to the re-instantiation of neural areas
involved in producing these actions, especially if someone has expertise performing the actions.
Most fMRI studies involving athletes have focused on the action observation network (AON)—
a network connected with the mirror neuron system [281], and therefore did not perform any
task-based experimental protocols. Recently there have been a few studies testing the perceptual decision making of athletes using BOLD fMRI. Bernardi et al. [18] demonstrated that, as
compared to naive subjects, the brain functional architecture sustaining visuo-motor processing in
professional racing-car drivers undergoes both ’quantitative’ and ’qualitative’ modifications. They
found that experts had stronger functional connections among task-related areas during the two
tasks studied, and an increased information integration as reflected by a higher signal temporal
variability [18]. Bishop et al. [21] used elite soccer athletes to study their perceptual capabilities
during a soccer deception task. They found that the experts’ perceptual-cognitive superiority
was associated with greater activation of cortical and subcortical structures involved in executive
function and oculomotor control. Balser et al. [10] studied tennis experts and demonstrated that
the experts performed better than novices on both tennis anticipation tasks, with the experts
showing stronger neural activation in areas of the AON, namely, the superior parietal lobe, the
intraparietal sulcus, the inferior frontal gyrus, and the cerebellum.
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After an exhaustive search, there have been no studies found that investigated the expertise
of baseball players using BOLD fMRI. This thesis therefore represents the first attempt at understanding how baseball expertise manifests itself using fMRI, specifically perceptual decision
making task-based fMRI. In addition, this will also be the first investigation of neural expertise
using simultaneous EEG-fMRI.
Studying expertise with both EEG and fMRI allows one a more comprehensive set of spatiotemporal neural activity for indentifying differences between the experts and novices. By using
EEG alone most of the information can be found through timing and signal strength differences,
but the spatial information is limited. Conversely, fMRI provides very localized activations to
the mm-resolution but traditionally doesn’t provide any temporal information. By fusing the two
modalities, we can begin to study expertise at both the ms and mm spatio-temporal resolutions.
In this section, whole brain BOLD fMRI and simultaneously collected EEG was used to confirm
previous expert-novice neural differences found in EEG only experiments. In addition, novel EEG
and fMRI fusion techniques to study expertise were developed. Specifically, a single trial sliding
window analysis of EEG is used to develop a rating of expertise for each subject across the trial
which is used as a covariate of interest in the fMRI model, thereby, finding both the regions in
the brain that correlate with expertise and timing of these differences.

3.3.2

Methods

Subjects.
This study included 14 division I collegiate baseball players (all male, 19.57 ± 2.4 years) and
24 non-baseball players (all male, 20.92 ± 2.7 years) with an age range of 18-30 years. Three
of non-baseball players were not used in the task-based analysis due to movement during the
fMRI scanning. None of the non-baseball players had professional or collegiate baseball experience. Subjects reported no history of neurological problems and had normal or corrected vision.
All subjects gave informed consent according to the guidelines and approval of the Columbia
University Institutional Review Board.
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Figure 3.8: Illustration of expert/novice EEG-fMRI data fusion methodology. A, first, a 7fold sliding window logistic regression classifying EEG expert trials from novice trials across all subjects.
These can be either Correct Go or Correct NoGo trials. The sliding window logistic regression produces
an area under the receiving operator curve (AUC) for each window analyzed. For each windowcenter ,τ ,
the distance to the discriminating hyperplane for each trial is calculated (B). C, each subject’s y-values
are averaged and divided by their standard deviation producing a matrix Yτ,Subjn . D, these Y-values are
then used to construct sliding window AUC metrics by comparing how well the Y-values predict subject
expertise. E, significant windowcenter Y-values are then used as regressors in the fMRI general linear
model to find the spatial components of expertise at that time window.

Behavioral paradigm.
This behavioral paradigm has been applied and described previously in section 3.2.2 and in
Sherwin et al. [224] and is reproduced here for completeness.
Subjects used the VisuaStim Digital System (Resonance Technology) 600x800 goggle display to
view the computer screen that we used to show the simulated baseball pitches. On this computer
screen, subjects observed 450 simulated baseball pitches (5 blocks of 90 trials, 3 different types
of pitches) from the viewpoint of a baseball pitcher (at the end of the baseball’s trajectory).
While viewing these pitches, subjects completed a Go/No-Go task by determining if each pitch
matched its pre-stimulus cue. The program optseq2 [49] was used to select a mean jittered interstimulus interval (ISI) that enabled the rapid presentation of fMRI events without overlap from
the hemodynamic responses (mean of 3000ms and SE of 225ms).
In a training session prior to the simultaneous fMRI-EEG data acquisition, the subjects familiarized themselves with the different pitch types by completing practice trials of the Go/No-Go
task. Once they scored an accuracy of at least 60% (above the random chance accuracy of 50%),
they started the actual Go/No-Go task with simultaneous fMRI-EEG data collection.
Before each pitch, a single letter corresponding to the pitch (“F” for fastball, “C” for curveball,
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and “S” for slider) was shown on the screen (Horizontal view 0.28°and vertical view 0.28°) for
a mean time of 819 + 3.1 ms. While the letter was on the screen, a horizontal bar (horizontal
extent 3.93°, vertical 0.28°) shrank (horizontally) at a constant rate to either the left or right
side of the screen. If the pitch following the letter cue came from a left handed pitcher, then the
horizontal bar shrank towards the right and if the pitch came from a right handed pitcher, then
the horizontal bar shrank towards the left. After the horizontal bar shrank completely to either
the left or the right, the pitch started from that point on the left or right side of the screen (i.e.
pitches from left-handed pitchers started from the right side of the screen, and vice versa).
Each subject was instructed to respond by pressing a keyboard button with the index finger
of his right hand if the pre-stimulus cue matched the type of pitch that followed it (‘Go’ trials).
In addition, in order for a ‘Go’ response to be correct, the subject needed to respond while the
ball was still in the screen. If the pre-stimulus cue and the pitch did not match, the subject was
instructed to withhold his response (’No-Go’ trials). Feedback was given after every trial (for
both ’Go’ and ’No-Go’ trials) in the form of a “+” for correct responses in ’Go’ trials and correct
withholding of responses in ’No-Go’ trials and a “-” for incorrect ’Go’ and ’No-Go’ responses.
60% of the trials were ’Go’ and 40% of the trials were ’No-Go.’
Overall accuracy on the task was determined by calculating the percent of trials with a correct
response (the subject responded while the ball was still on the screen for ’Go’ trials and withheld
his response for ’No-Go’ trials). Go accuracy was determined by calculating what percent of all
the ’Go’ trials had a correct response (subject responded and this response happened while the
ball was still on the screen). ’No-Go’ accuracy was determined by calculating what percent of all
the ’No-Go’ trials the subject correctly withheld his response.
Pitch simulations
These pitch simulations have been applied and described previously — see section 2.2.2 and 3.2.2.
Simultaneous fMRI-EEG data acquisition.
A 3T Philips Achieva MRI scanner (Philips Medical Systems) with an 8 channel SENSE head
coil was used to collect MRI data. For each task block, functional echo planar imaging (EPI)
data sensitive to blood oxygenated level-dependent (BOLD) contrast were collected (2s TR, 20

CHAPTER 3. EXPLORING SPATIO-TEMPORAL NEURAL DIFFERENCES BETWEEN
EXPERTS AT TRAJECTORY TRACKING AND NOVICES
65
ms TE, 64 x 64 matrix, and 35 interleaved slices, 240 repetitions). After the task based data
collection, a five minute resting state scan was collected. Whole brain T1-weighted anatomical
images (1x1x1 mm) and single high volume EPI images (2x2x2 mm) were also obtained to help
with registration.
Simultaneous and continuous EEG data were acquired with a custom built MR-compatible
EEG system [83, 214, 224, 256, 257]. This system included a differential amplifier and a bipolar
EEG cap with 36 Ag/AgCl electrodes (including the left and right mastoids) arranged as 43
bipolar pairs. In order to minimize noise from subject head motion in the main magnetic field
and from inductive pickup from magnetic gradient pulses, we used twisted bipolar pair leads.
The 488 Hz-sampled EEG was synchronized with the scanner clock at the start of each functional
image acquisition by sending a transistor-transistor logic (TTL) pulse to the recording computer.
This was used in the gradient artifact removal during the offline EEG data preprocessing steps. 10
kΩ resistors were built into each electrode to ensure subject safety, and all electrode impedances
were kept below 20 kΩ.
EEG preprocessing.
EEG preprocessing was done with Matlab (Mathworks, Natick, MA). First, gradient artifact
removal was performed using a template subtraction algorithm [83]. Then, a software-based 0.5
Hz high pass filter was used to remove DC drifts, a 60 Hz (harmonic) notch filter to minimize
line noise artifacts, and a 100 Hz low pass filter were applied before resampling the data to 256
Hz. These filters were designed to be linear-phase to minimize delay distortions. Stimulus events
– i.e., countdown, pitch type, responses – were recorded on separate channels.
After filtering, ICA was run using EEGLAB [54] and FastICA [108] algorithm to remove eyeblink artifacts and other non-EEG artifacts. In stimulus-locked epoching (-1500ms to 2000ms),
the average baseline was removed using data from -200ms to 0ms. An automatic artifact epoch
rejection algorithm from EEGLAB was run to remove all epochs that exceeded a probability
threshold of 5 standard deviations from the average. Trials where the subjects RT was earlier
than 100ms from pitch onset were excluded from further analysis.
Ballistocardiogram (BCG) artifacts are more challenging to remove, because they share frequency content with EEG activity. BCG artifacts were removed from the continuous gradient-free
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Figure 3.9: Sliding window logistic regression results. Stimulus-locked EEG discrimination results
for Correct Go versus Correct No-Go trials for Novices (blue) and experts (red). Each AUC curve shows the
mean and standard error bars computed using leave-one-out discrimination. The significance line (dotted)
is corrected for multiple comparisons (line at p=0.05 FDR corrected for 41 time window comparisons).
Grey shading indicates which time points showed a significant difference between experts and novices
(independent groups t-test at each significant window and an FDR correction for multiple (26) windows).

data using a principal components analysis method [83, 214]. First, the data were low passed at
4Hz to extract the signal within the frequency range in which BCG artifacts are observed and then
the first two principal components were determined. The channel weightings corresponding to
those components were projected onto the broadband data and subtracted out. These BCG-free
data were then re-referenced from the 43 bipolar channels to the 34-electrode space to calculate
scalp topographies of EEG discriminating components.
Behavioral analysis
Please see section 3.2.2 for Behavioral analysis methodology.
Single-trial analysis of EEG
Methodology for single trial analysis of EEG data has been described in sections 2.2.2 and 3.2.2.
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fMRI preprocessing
Using FSL (FMRIB Software Library; [229]), we performed bias-field correction on all images to
adjust for field distortion artifacts caused by the EEG wires. We then performed slice-timing
correction, motion correction, 0.01 Hz high-pass filtering, and 5 mm full-width half-maximum
spatial smoothing on the functional data. Motion correction provided motion parameters, which
were later included as confounds in the GLM. To help reduce noise in our fMRI data, MELODIC
denoising was applied to the functional data using the methodology described in Kelly et al.
[127]. Functional and structural images were then registered to a standard Montreal Neurological
Institute (MNI) brain template after brain extraction, and each subjects image registration was
checked manually to ensure proper alignment.
Traditional fMRI analysis
We first ran a traditional fMRI analysis, using event-related and RT variability regressors in our
GLM. The event-related regressors were composed of boxcar functions with unit amplitude and
onset and offset matching that of the stimuli (Correct Go, Correct NoGo, Incorrect NoGo, and a
bad trial/Incorrect Go trial regressors). RT variability was modeled using parametric amplitude
boxcars with onset/offset matching the stimulus, and these were orthogonalized to the respective
event-related regressors. Orthogonalization was implemented using FSL, which utilizes the GramSchmidt procedure [237] to decorrelate the RT regressor from all other event-related regressors.
All regressors were convolved with the canonical hemodynamic response function (HRF), and
temporal derivatives were included as confounds of no interest. A fixed effects model was used
to model activations across runs, and a mixed effects approach (FLAME 1+2, [229]) used to
compute the contrasts across subjects. Statistical image results for these traditional analyses
were thresholded at z >2.3, and clusters were multiple-comparison-corrected at p = 0.05 [273].
Correct Go vs. Correct NoGo, Correct Go vs. Incorrect NoGo, and Correct NoGo vs. Incorrect
NoGo contrasts were also constructed.
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Figure 3.10: Traditional group-level BOLD contrast results. A, significant group-level activations
for the Correct Go >Correct NoGo (red) and Correct NoGo >Correct Go (blue) contrasts overlaid on the
MNI brain template. B, significant activations for the Correct Go versus Incorrect NoGo contrasts and
Correct NoGo versus Incorrect NoGo contrasts (C) are overlaid on the MNI brain template in radiological
convention. Statistical maps were thresholded at z >2.3, and clusters were multiple-comparison-corrected
at p = 0.05.

Expert versus novice traditional fMRI analysis
After the fixed effects model was run for each subjects trials, we ran traditional expert versus
novice mixed effects group differences for Correct Go, Correct NoGo, and the difference between
Correct Go vs. Correct NoGo contrasts. Statistical image results for these traditional analyses
were thresholded at z >1.8, and clusters were multiple-comparison-corrected at p = 0.05 [198, 273].
Expert versus novice EEG-fMRI fusion analysis
In order to combine EEG-fMRI to study expertise, we created a novel methodology for fusing the
two modalities. Similar to previous methods of using trial to trial variability to index a signal of
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interest in EEG[83, 256, 257], this methodology uses trial-to-trial variability of EEG to predict
subject expertise between experts and novices. Specifically, a sliding window logistic regression
analysis similar to sections 2.2.2 and 3.2.2 is run on Correct Go and Correct NoGo trials separately
to classify each trial as belonging to either an expert or novice. Instead of processing the data
within subjects, in this analysis time window (τ ) data was pooled across subjects creating a
data n × s matrix, n-trials (7213 for Correct Go, 2791 for Correct Go) by s-subjects (35). A
7-fold logistic regression was run for each trial type independantly, where for each fold all of one
expert’s and two novice’s data was held out for testing and the other data used for training.
As with previous sliding window logistic regression analysis, the time window center was varied
across the trial starting from 0ms from stimulus onset and shifted by 25ms until the final window
at 1000ms. The accuracy of the classifiers were assessed by the area under the receiver operator
curve (AUC) (Fig. 3.8A).
After the sliding window logistic regression, for each time window, each subject’s y-values
(Fig. 3.8B) were averaged and divided by the standard deviation of that subject’s trials y-values
to create an overall expertise y-value, Yτ,Subjn (Fig. 3.8C). For each window, the AUC was
determined by comparing the overall expertise y-value, Yτ,Subjn , to the expertise group (expert or
novice) for each subject (Fig. 3.8D). Significant windows were found using a permutation test.
1000 permutations, where the expertise of grouping was shuffled, was run on the 7-fold logistic
perm
regression for the 500ms window. Then, the AUC was calculated for YSubj
for each permutation.
n

P-values for each time window was calculated by comparing the true AUC values against the
distribution of the permutations. Windows were considered significant if they passed a FDRcorrected threshold of p < 0.05. Finally, significant window Yτ,Subjn ’s were then used as regressors
of interest in a GLM correlating subject expertise with fMRI activation. Statistical image results
for these analyses were thresholded at z >1.8, and clusters were multiple-comparison-corrected at
p = 0.05 [198, 273].

3.3.3

Results

Behavioral Results
Table 3.2 presents group data for response times and error rates for Go and No-Go trials. A twoway ANOVA on the response times showed a significant effect for the Group (F(1,33)=10.8,p =
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Go Trials

NoGo Trials

RT (ms)

Error Rate (%)

RT(ms)

Error Rate (%)

Experts

451.6 (24)

9.93 (3.5)

451.3 (27)

45.24 (9.1)

Novices

477.4 (24)

21.07 (13.9)

479.9 (22.3)

56.77 (13)

Table 3.2: Mean behavioral response times (RT) and error rates for experts and novices. Standard deviations are in parenthesis.

0.0024, η 2 =0.243). Trial type (F(1,33)=1.4,p=0.24,η 2 =0.0009) and the Group x Trial interaction
(F(1,33)=1.41,p=0.24, ,η 2 =0.0009) did not pass our significance threshold of p < 0.05. The twoway ANOVA for error rates showed a significant main effect for Group (F(1,33)=17.3,p < 0.001,
η 2 =0.203),Trial Type (F(1,33)=166.9,p < 0.001, η 2 =0.722), but the Group x Trial interaction
(F(1,33)=0.05,p=0.944, η 2 < 1x10−4 ) was not significant.
Sliding window logistic regression
For this analysis, we only considered behaviorally correct trials. Fig. 3.2 shows the mean (across
subjects, separated by group) performance (area under the ROC curve: AUC) for stimulus-locked
EEG components discriminative of Correct Go vs. Correct No-Go discrimination trials. We found
that experts and novices had similarly shaped discrimination curves, however experts exhibited an
earlier rise and larger peak than novices. Both groups showed no significant early discrimination
(discrimination before 300ms), however discrimination rose sharply to a maximum AUC of 0.87
at 500ms for experts and 0.79 at 525ms for novices. The experts discrimination curve also was
shifted 25ms earlier relative to that for the novices. To test for significant discrimination differences between experts and novices, we computed an independent groups t-test at each window.
Shaded regions indicated significant differences (p < 0.05 FDR corrected) in discrimination activity between experts and novices. Experts show significantly higher discrimination than novices
from 400 to 500ms.
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Figure 3.11: Traditional expert versus novice BOLD contrast results. A, group-level results for
experts having higher activation for the Correct Go trials overlaid on the MNI brain template. B, grouplevel results for experts having higher activation for the Correct NoGo trials overlaid on the MNI brain
template. Statistical maps were thresholded at z >1.8, and clusters were multiple-comparison-corrected at
p = 0.05.

Traditional fMRI results
Event-related BOLD responses to contrasts of Correct Go, Correct NoGo, and Incorrect NoGo
trials were present in multiple brain areas (Fig. 3.10). The Correct Go >Correct NoGo contrast
had significant clusters in motor and frontal cortices (Fig. 3.10A). The Correct NoGo >Correct
Go contrasts (3.10B) had significant clusters distributed across the entire cortex that are commonly found in experiments studying inhibition [102, 221, 227]. In addition to standard inhibitory
cortical activations, significant clusters were found in the middle temporal gyrus/V5 region that
has been found to be preferentially activated during motion prediction tasks [43, 139, 279]. The
Correct Go >Incorrect NoGo contrast had significant clusters in distributed throughout the brain
in both the basal ganglia (putamen,globas pallidus) and default mode networks (posterior cingulate, angular gyrus, and paracingulate gyrus) (Fig. 3.10B). The Incorrect NoGo >Correct Go
contrast had significant activations in the executive control network which includes bilateral anterior insula, frontal eye fields, and pre supplemental motor areas. The Correct NoGo >Incorrect
NoGo contrast had significant clusters in distributed throughout the brain similar to the Correct
Go >Incorrect NoGo contrast with the addition of occipital cortices (Fig. 3.10C).
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Contrast

Voxels

Cluster p-Value

z

MNI-X (mm)

MNI-Y (mm)

MNI-Z (mm)

Correct Go >Correct NoGo

1855

< 10−9

5.27

-36

-26

72

Postcentral Gyrus

4.85

-36

-22

56

Precentral Gyrus

10−4

4.03

-14

58

20

Frontal Pole

3.23

-8

42

4

Anterior Cingulate Gyrus

4.83

-40

-4

14

Central Opercular Cortex

5.99

38

24

2

Anterior Insula

5.42

2

18

50

Paracingulate Gyrus

5.36

22

6

68

Superior Frontal Gyrus

5.32

42

36

36

Middle Frontal Gyrus

4.26

6

-66

50

Precuneaus

3.81

-58

58

0

Middle Temporal Gyrus

3.77

54

-48

40

Angular Gyrus

4.77

-38

20

38

Middle Frontal Gyrus

4.33

-44

-2

46

Precentral Gyrus

Correct Go >Correct NoGo

879

<

Correct Go >Correct NoGo

321

0.0399

Correct NoGo >Correct Go

Correct NoGo >Correct Go

Correct NoGo >Correct Go

22516

2732

667

<

<

10−14

10−12

0.00026

Brain Regions

3.75

-30

48

16

Frontal Pole

5.16

-28

22

6

Anterior Insula

Table 3.3: Traditional fMRI results for the Correct Go versus Correct NoGo contrast. Significant cluster results for the traditional Correct Go versus Correct NoGo fMRI analysis.

Expert versus novice traditional fMRI results
After computing the traditional fMRI contrasts for each subject, an independent two groups ttest was run comparing the expert’s and novice’s Correct Go and Correct NoGo subject level
beta estimates. Significant clusters showing higher activations for experts were found in both the
Correct Go and Correct NoGo trial types (Fig. 3.11). Activations were located in the temporal
fusiform gyrus, middle temporal gyrus, anterior cingulate, and supplemental motor cortices for
Correct Go trials. Similarly for Correct NoGo trials, activations were found in the supplemental
motor areas, middle temporal gyrus, and fusiform gyrus.
Expert versus novice EEG-fMRI fusion results
Sliding window logistic regression AUC for comparing expertise in Correct Go and Correct NoGo
trials are plotted in Fig. 3.12A. Sliding window AUC results for classifying each subject’s expertise
based on the 7-fold logistic regression y-values are plotted in Fig. 3.12B. Correct Go trials (solid)
had a maximum AUC of 0.89 at 350ms, while Correct NoGo trials (dashed) had a maximum AUC
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Figure 3.12: Expert versus novice EEG-fMRI fusion results. A, Stimulus-locked 7-fold crossvalidated EEG discrimination results comparing novice versus expert Correct Go (solid) and Correct No-Go
(dashed) trials. B, sliding window discrimination of expert versus novices by subject after transformation
of the each subject’s trials y-values. The solid and dashed horizontal lines indicate the p <0.05 FDRcorrected threshold. C, a selection of significant Correct Go windows found from B showing brain regions
that positively (red) and negatively (blue) correlate with subject expertise at specified time windows. D,
a selection of significant Correct NoGo windows found from B showing brain regions that positively (red)
and negatively (blue) correlate with subject expertise at specified time windows. Statistical maps were
thresholded at z >1.8, and clusters were multiple-comparison-corrected at p = 0.05.

of 0.95 at 325ms. Significance thresholds are plotted as horizontal lines and are set at p <0.05
FDR-corrected for multiple windows.
The expertise y-values from the significant windows from the EEG analysis (Fig. 3.12B)
were then used as covariates of interest in finding areas of the brain that correlate with the
EEG expertise measures across the trial duration. For Correct Go trials, significant clusters
were found in almost all of the significant windows (Fig. 3.12C). Negative correlations were found
more in the earlier time windows (<400ms). Significant positive correlation clusters were found in
regions overlapping with the traditional expert >novice contrasts. Significant negative correlation
clusters were found during the 125ms window in the intracalcarine cortex and precuneus, during
the 275ms window in the superior lateral occipital cortex (LOC) and middle frontal gyrus, and
during the 375ms window in the inferior LOC. For positive correlations, significant clusters were
found distributed across the entire cortex and trial duration. Significant positive correlation
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Figure 3.13: Correct Go EEG-fMRI expertise fusion correlations. Plots showing correlations of the
EEG derived expertise values at the 375ms window and the Correct Go fMRI signal at a voxel in the (a)
MT (x=-64,y=-24,z=-10), (b) Hippocampus (x=-30,y=-12,z=-18), (c) sLOC (x=-28,y=-88,z=14). Expert
subjects are denoted in red while novices are in blue. Distribution plots on the outer axes are gaussian
kernel density estimates of the histograms for each data set.

clusters were found during the 250ms window in the precentral gyrus and SMA, during the 275ms
window in the superior frontal gyrus and middle temporal gyrus, during the 375ms window in the
hippocampus and fusiform gyrus, during the 425ms window in the posterior cingulate, during the
525ms window in the supra marginal gyrus among others (Table 3.4,3.5).
For Correct NoGo trials, significant clusters were found in almost all of the significant windows
(Fig. 3.12D). Negative correlations were found more in the later time windows (>400ms) after
the peak of expertise discrimination. Significant positive correlation clusters were found in regions
overlapping with the traditional expert >novice contrasts. However, significant clusters in the
correlation analysis are distributed far more broadly than in the traditional analysis. Positively
correlated clusters were found during the 225ms window in the SMA, temporal and frontal poles,
during the 275ms window in the superior frontal gyrus, lingual gyrus, and central opercular cortex,
during the 375ms window in the hippocampus and inferior LOC. Negatively correlated clusters
were found during the 250ms window in the middle frontal gyrus, during the 350ms window in
the occipital pole, during the 375ms window in the subcallosal cortex, during the 400ms window
in the superior frontal gyrus, during the 425 ms window in the preSMA, and during the 475ms
window in the inferior LOC among others (Table 3.6,3.7).
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Windowcenter

+/- Expertise Correlation

Max Z

# Voxels

p-Value

Hemi

MNI-X (mm)

MNI-Y (mm)

-

6.73

7106

< 10−10

-

5.27

2454

< 10−4

+

4.14

1097

+

5.6

-

MNI-Z (mm)

Brain Region

Division

R

2

-78

L

-32

-66

50

Lateral Occipital Cortex

superior division

-16

Cerebellum

0.0252

L

-54

-26

-14

Middle Temporal Gyrus

938

0.0028

R

2

-14

64

Precentral Gyrus

5.62

3466

< 10−6

R

8

-78

50

Precuneous Cortex

4.52

1105

0.0129

L

-38

-70

18

Lateral Occipital Cortex

-

5.39

1039

0.0187

R

46

28

36

Middle Frontal Gyrus

+

4.62

1491

0.00168

L

-12

20

68

Superior Frontal Gyrus

+

4.19

883

0.0461

L

-50

-34

0

Middle Temporal Gyrus

posterior division

-

7.14

2734

< 10−5

L

-8

-80

48

Lateral Occipital Cortex

superior division

-

4.23

895

0.0348

R

46

4

22

Precentral Gyrus

+

4.64

2190

< 10−4

L

-8

38

50

Superior Frontal Gyrus

+

4.29

1212

0.00548

L

-58

-20

-4

Middle Temporal Gyrus

125

posterior division

250

275

superior division

300

posterior division

325
-

5.45

877

0.0112

R

10

-68

54

Precuneous Cortex

+

3.55

969

0.00577

L

-66

-24

-10

Middle Temporal Gyrus

+

4.03

855

0.0132

L

-12

48

46

Superior Frontal Gyrus

+

4.16

2122

< 10−4

L

-62

-38

6

Middle Temporal Gyrus

+

4.28

1585

0.000349

L

-20

28

56

Superior Frontal Gyrus

posterior division

350
posterior division

375
-

3.96

784

0.029

L

-28

-88

14

Lateral Occipital Cortex

+

4.17

1255

0.00119

R

2

-78

-14

Cerebellum

inferior division

Table 3.4: Correct Go trial expertise EEG-fMRI fusion results. Significant clusters found by the
simultaneous EEG-fMRI methodology for Correct Go trials.

3.3.4

Discussion

In this thesis, we, for the first time, identified spatio-temporal neural correlates that differentiate
baseball players and novice controls in a Go/No-Go task using simultaneous EEG-fMRI. Group
differences in neural activity manifested themselves in a combination of temporally and spatially
precise discriminating neural components— within subject single trial discriminability, traditional
BOLD contrast differences, and spatio-temporal EEG-fMRI region discriminability. Below we
discuss these results within the context of our previous work on baseball expertise.
Our behavioral observations — that experts have faster response times than novices for Go
trials (Table 3.2) — confirms our previous findings in section 3.2 as well as Kida et al. [128] and
Nakamoto & Mori [173] reaction time findings. Nakamoto and Mori’s experimental protocol did
not show any behavioral accuracy differences due to the simplicity of the task. However, our
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Windowcenter

+/- Expertise Correlation

Max Z

# Voxels

p-Value

Hemi

MNI-X (mm)

MNI-Y (mm)

MNI-Z (mm)

Brain Region

+

5.14

702

0.0228

+

3.75

722

+

4.12

+
+

Division

R

48

40

16

Frontal Pole

0.0217

R

2

-22

78

Precuneous Cortex

708

0.0201

R

40

48

2

Frontal Pole

4.68

1171

0.00104

L

-12

-76

-6

Cerebellum

4.31

721

0.0293

L

-44

18

-6

Left Hippocampus

+

4.24

1256

0.00109

R

44

32

0

Frontal Pole

+

3.29

994

0.00615

R

22

-64

-18

Cerebellum

+

4.14

980

0.00677

R

46

-60

34

Postcentral Gyrus

+

4.06

739

0.0382

L

-4

-72

0

Lingual Gyrus

+

5.2

6188

< 10−9

R

8

-68

-6

Cerebellum

+

3.79

2026

0.000493

R

52

-8

48

Precentral Gyrus

+

5.18

1916

0.000775

R

46

6

30

Frontal Pole

+

4.18

1193

0.0194

L

-56

-50

-12

Lateral Occipital Cortex

+

4.79

1589

0.000661

L

-6

-70

-2

Lingual Gyrus

+

4.16

1432

0.00151

L

-18

-34

62

Postcentral Gyrus

+

5.66

1128

0.00814

L

-62

-60

14

Lateral Occipital Cortex

+

3.87

877

0.0364

R

46

18

12

Frontal Pole

+

4.21

1568

< 10−4

L

-58

-56

0

Middle Temporal Gyrus

posterior division

+

4.42

2127

< 10−5

L

-52

-66

-20

Lateral Occipital Cortex

inferior division

+

4.52

832

0.0211

0

-78

-20

Cerebellum

+

6.14

1975

< 10−4

L

-48

-66

-18

Lateral Occipital Cortex

+

5.05

1177

0.00558

R

42

40

28

Middle Frontal Gyrus

+

4.07

881

0.033

R

2

-16

-16

Right Thalamus

+

5.64

12106

< 10−15

L

-22

-84

-26

Cerebellum

+

5.66

3418

< 10−5

R

6

-10

56

Precentral Gyrus

400

425

450

475

500

525

inferior division

550

inferior division

575

600

625
inferior division

650

Table 3.5: Correct Go trial expertise EEG-fMRI fusion results. Cont’d Significant clusters found
by the simultaneous EEG-fMRI methodology for Correct Go trials.

EEG-fMRI behavioral results show similar differences to our EEG only task performance showing
experts performing significantly better than the novices.
The single-trial results (Fig. 3.11) match closely with the single-trial results from the EEG
only experiment. We find that experts have a stronger discrimination between Correct Go and
Correct NoGo trials compared to novices. These differences were significantly higher beginning at
400ms post-stimulus. The experts also reached their peak earlier than the novices. These results
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Windowcenter

+/- Expertise Correlation

Max Z

# Voxels

p-Value

Hemi

+

4.08

4878

< 10−8

L

+

4.93

4544

< 10−8

R

+

4.51

1930

0.000193

+

4.42

948

MNI-X (mm)

MNI-Y (mm)

MNI-Z (mm)

Brain Region

-52

4

-22

Temporal Pole

54

-6

-22

Temporal Pole

R

4

66

26

Frontal Pole

0.0308

R

4

-12

60

Precentral Gyrus

Division

225

250
-

4.84

915

0.0138

R

40

4

42

Middle Frontal Gyrus

+

4.58

2276

< 10−5

R

52

-2

-18

Temporal Pole

+

3.93

1565

0.000243

L

-58

-16

-4

Temporal Pole

+

3.68

947

0.0111

R

10

54

24

Frontal Pole

+

4.46

4247

< 10−7

R

50

-32

26

Central Opercular Cortex

+

4

2691

< 10−4

L

-36

2

-16

Temporal Pole

+

4.08

2331

< 10−4

L

-12

-74

-12

Lingual Gyrus

+

4.39

1671

0.00129

L

-2

54

0

Frontal Pole

+

4.81

1501

0.00285

R

4

-76

34

Occipital Pole

+

4.33

1287

0.00807

R

2

-48

70

Postcentral Gyrus

+

4.29

1100

0.0209

L

-26

28

42

Superior Frontal Gyrus

+

4.19

4974

< 10−9

R

54

-2

-18

+

6.45

3371

< 10−6

L

-56

-68

2

Middle Temporal Gyrus

+

4.15

1713

0.000232

L

-14

22

64

Superior Frontal Gyrus

+

4.17

2149

< 10−5

L

-48

-52

-4

Middle Temporal Gyrus

+

3.95

1506

0.000293

L

-12

50

46

Superior Frontal Gyrus

+

3.98

1269

0.00123

R

44

2

-22

Temporal Pole

275

300
Temporal Pole
posterior division

325
posterior division

350
-

5.79

861

0.017

L

-26

-90

-18

Occipital Pole

+

5.79

3493

1.11e-08

L

-52

-74

-2

Left Hippocampus

+

4.17

1192

0.00184

R

60

-8

-10

Temporal Pole

+

4.56

770

0.0328

R

2

-92

18

Cuneal Cortex

375
-

3.75

691

0.0323

L

-2

28

-20

+

5.43

2237

< 10−5

L

-46

-68

6

Subcallosal Cortex

+

3.69

794

0.014

R

60

-8

-10

-

3.39

1969

< 10−4

R

8

32

-18

Frontal Medial Cortex

-

3.64

1187

0.00276

R

30

52

16

Frontal Pole

-

4.59

887

0.0191

R

48

10

48

Middle Frontal Gyrus

-

5.41

818

0.0306

R

34

-82

-4

Occipital Pole

-

4.05

809

0.0325

R

44

-72

38

Lateral Occipital Cortex

-

5.21

803

0.0339

L

-36

-74

4

Occipital Pole

+

3.34

1168

0.00311

L

-36

-32

20

Superior Temporal Gyrus

-

4.88

2479

< 10−5

L

-4

-14

74

Precentral Gyrus

-

3.96

1646

0.000344

R

26

42

32

Frontal Pole

-

6.65

1481

0.000833

L

-38

-76

8

Cerebellum

-

4.32

1391

0.00137

R

24

-96

-8

Occipital Pole

Lateral Occipital Cortex

inferior division

Temporal Pole

400

superior division

posterior division

425

Table 3.6: Correct NoGo trial expertise EEG-fMRI fusion results Significant clusters found by the
simultaneous EEG-fMRI methodology for Correct NoGo trials.
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Windowcenter

+/- Expertise Correlation

Max Z

# Voxels

p-Value

Hemi

MNI-X (mm)

MNI-Y (mm)

MNI-Z (mm)

Brain Region

Division

-

5.1

2430

< 10−5

L

-16

-90

-18

Cerebellum

-

5.47

2230

< 10−5

R

30

-94

-10

Lateral Occipital Cortex

-

3.8

1342

0.000777

R

8

28

-16

Subcallosal Cortex

-

4.72

937

0.0107

0

-4

60

Superior Frontal Gyrus

-

4.32

771

0.0343

R

18

60

-4

Frontal Pole

-

5.08

731

0.0459

R

40

8

36

Middle Frontal Gyrus

+

4.62

742

0.0424

L

-50

-72

12

Lateral Occipital Cortex

-

5.09

2223

< 10−5

L

-42

-14

54

Precentral Gyrus

-

5.69

2214

< 10−5

L

-24

-86

-14

Cerebellum

-

5.95

2032

< 10−4

R

40

-82

-2

Occipital Pole

-

3.46

852

0.0243

L

-2

22

-20

Subcallosal Cortex

-

4.12

830

0.0283

R

36

4

28

Middle Frontal Gyrus

+

5.16

2343

< 10−5

L

-48

-64

-16

Lateral Occipital Cortex

+

4.11

1254

0.00184

L

-8

-76

-14

Lingual Gyrus

+

4.87

810

0.0324

L

-2

-78

20

Cuneal Cortex

-

3.86

2226

< 10−5

R

18

60

24

Frontal Pole

-

5.36

1546

0.000129

R

44

-58

-16

Occipital Pole

-

4.97

1067

0.00287

L

-46

-76

0

Occipital Pole

+

5.43

1143

0.00171

R

26

-76

26

Lingual Gyrus

+

4.01

695

0.0442

L

-56

-62

-2

Inferior Temporal Gyrus

-

4.24

3397

< 10−7

L

-2

60

4

-

4.99

1652

< 10−4

R

44

-60

-18

Occipital Pole

-

4.99

1455

0.000277

L

-28

-94

-16

Occipital Pole

-

3.75

739

0.0354

L

-34

-62

-22

Cerebellum

-

3.82

3165

< 10−7

R

20

64

4

Frontal Pole

-

5.49

2482

< 10−5

R

40

-80

0

Occipital Pole

-

4.43

1671

0.000143

L

-36

-72

8

Occipital Pole

-

4

753

0.0445

L

-32

-52

-36

Cerebellum

+

3.95

867

0.02

L

-50

-62

-12

Middle Temporal Gyrus

posterior division

+

3.34

929

0.00398

L

-42

-36

-16

Middle Temporal Gyrus

posterior division

-

4

705

0.0245

R

20

-100

-2

Occipital Pole

+

3.62

955

0.00326

L

-46

-22

12

Middle Temporal Gyrus

Frontal Pole

450

inferior division

inferior division

475

superior division

500

temporooccipital part

525
Frontal Pole

550

575

600

posterior division

675
-

3.43

815

0.039

0

42

2

+

5.37

4079

< 10−8

R

22

-70

46

Precentral Gyrus

+

5.91

2102

< 10−4

R

50

-62

-20

Cerebellum

+

5.68

810

0.0403

L

-60

-64

2

Lateral Occipital Cortex

-

3.96

1535

0.000127

0

62

6

Frontal Pole

inferior division

725

Table 3.7: Correct NoGo trial expertise EEG-fMRI fusion results. Cont’d Significant clusters
found by the simultaneous EEG-fMRI methodology for Correct NoGo trials.

are consistent with our EEG only analysis and shows the reproducibility of the within-subject
and across group differences between experts and novices.
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Traditional BOLD fMRI contrasts across groups had extremely significant clusters distributed
across the whole cortex. The results of these contrast match closely with previous studies using
the Go-NoGo paradigm. Activations for the Correct NoGo >Correct Go contrast show significant
clusters in the bilateral angular gyrus, preSMA, bilateral anterior insula, and bilateral SPL among
others (Fig. 3.10A). These regions have all been found to be preferentially activated during
inhibition in Go-NoGo tasks[107, 227, 228]. However, there are early visual processing areas —
such as middle temporal gyrus (MT)— that we find are preferentially activated that are usually
not found in Go/NoGo fMRI experiments. A possible explanation is that the MT is usually
implicated in motion discrimination tasks [15, 84, 124, 247]. Across the entire population, we see
that during Correct NoGo trials compared the Correct Go trials the area of the visual system
selective to motion is preferentially activated. This may be due to the extra ball movement
information needed to lead to a correct inhibitory response. This is supported by the Correct NoGo
>Incorrect NoGo trials showing the same MT complex having a higher activation. There have
also been single unit recordings in primates [190] as well as fMRI studies in humans [126] showing
the MT’s role in visual motion integration varies with difficulty. Thus during similar stimuli the
amount of activation in the early visual processing area seems to also be marker for behavioral
performance. In addition, Correct Go trials show higher activation than the Correct NoGo trials in
areas associated with motor actions (primary motor) and visual prediction (paracingulate gyrus)
[44].
Incorrect NoGo trials compared to Correct Go trials exhibited the characteristic executive
control and difficulty networks [99, 198]. These are comprised of the bilateral anterior insula,
preSMA, and dlPFC (Fig. 3.10B). These areas overlap strongly with the inhibition network and
therefor are not preferentially activated when compared to Correct NoGo trials (Fig. 3.10C)[221].
Correct Go and Correct NoGo trials have significantly higher activations in the basal ganglia and
default mode networks compared to the Incorrect NoGo trials (Fig. 3.10B,C). These networks
are important in motor control and attention, respectively.
A main focus of this study was to confirm the source localization in the previous section because source localization is an ill-posed problem the location of the results cannot be considered
conclusive. By performing the same experiment using fMRI we can get a more accurate representation of cortical activity differences between the expert baseball players and novices. An analog

CHAPTER 3. EXPLORING SPATIO-TEMPORAL NEURAL DIFFERENCES BETWEEN
EXPERTS AT TRAJECTORY TRACKING AND NOVICES
80
to the source localization run in the previous section (Fig. 3.5) is just looking at the traditional
group fMRI differences of experts and novices in both the Correct Go and Correct NoGo trials
separately (Fig. 3.11A,B). Significant differences for both trial types were only seen in the Experts >Novices contrast. For Correct Go trials, experts had significantly higher activations in the
SMA, MT, LOC, temporal occipital fusiform cortex (TOFC), temporal pole, and supramarginal
gyrus (SMG) (Fig. 3.11A). The traditional results confirm our source localization findings that
experts have a larger activation in the fusiform gyrus. This adds to the growing literature that the
fusiform gyrus plays a large role in the expertise of visual object recognition [19, 20, 76, 162, 276].
Preferential activation in the left MT may also give experts superior performance as this area is
implicated in motion processing. Another area that experts exhibited stronger activations was
the SMG. This area is part of the AON and plays a role in the somatosensory processing stream.
Surprisingly, we also see activation in the SMA in both the Correct Go and Correct NoGo expert/novice contrasts. The location of this activation is similar to the area found in the Correct
NoGo source activation results, thereby confirming our previous results that experts activate their
SMA preferentially compared to novices during this baseball-like task. Most of the clusters in the
Correct NoGo contrast overlap with the Correct Go trials. However, there is activation in the
hippocampus in the Correct NoGo trials that may provide evidence that the experts are using a
form of template matching during the pitch derived in the hippocampus, which plays a role in
working memory [144].
Fusing EEG and fMRI allowed for a significantly richer understanding of the differences in the
experts and novices processing of the baseball stimuli compared to traditional analyses of the two
modalities separately. The single-trial results comparing Correct Go versus Correct NoGo trials
showed significant differences in the discriminating capabilities between experts and novices when
comparing the trial within-subjects. Thereby, showing that the experts difference between Correct
Go and Correct NoGo trials are larger than the difference in novices. This may be a result of
slight insignificant increase in the amplitude in both the Correct Go and Correct NoGo separately
leading to a larger difference from novices but neither the Go or NoGo trials being significantly
different from the novices. To asses whether this is the case, we implemented a sliding window
single-trial analysis comparing the Correct Go and Correct NoGo trials of the experts and novices
(Fig. 3.12A,B). We found that for both trial types our classifier can accurately and significantly
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Figure 3.14: Correct NoGo EEG-fMRI expertise fusion correlations. Plots showing correlations
of the EEG derived expertise values at the 225 and 375ms window and the Correct NoGo fMRI signal at a
voxel in the (a) SMA (x=6,y=-18,z=56), (b) Subcallosal Cortex (x=-2,y=28,z=20), (c) Temporal occipital
fusiform cortex (TOFC) (x=38,y=-28,z=-24), (d) LOC (x=-54,y=-68,z=-10). Expert subjects are denoted
in red while novices are in blue. Distribution plots on the outer axes are gaussian kernel density estimates
of the histograms for each data set.

predict each subjects group affiliation starting as early as 125ms for Correct Go and 225ms for
Correct NoGo trials. These significant time windows last through the entire stimulus period
(>600ms). These results indicate that its not just the difference between Correct Go and Correct
NoGo trials but both trial types produce different neural responses between the groups.
The novel methodology for developing a neural correlate of expertise using EEG allowed us to
fuse the subject-wise correlate with the fMRI to produce time-localized correlations of expertise
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at the millimeter level in the brain. We found that for Correct Go trials expertise positively
correlated with activations in the SMA at 250ms, the SFG, STG, and paracingulate gyrus at
300ms, the hippocampus and MT at 375ms, posterior cingulate at 425ms, SMG at 525ms and
parts of the default mode network (DMN) at 650ms. Many of these regions were in the traditional
expert versus novices contrast but now we have the temporally precise timing of these activation
differences. Interestingly, some areas that significantly correlate with expertise were not present
in the traditional analysis — areas such as the SFG and hippocampus. The power of the new
methodology can be seen in Fig. 3.13B, as the overlap between the fMRI values of experts and
novices do not show a strong difference, but by regressing the expertise values derived from EEG
we can find a significant correlation (p<0.001). This is also true for all the significant negative
correlations found (Fig. 3.13C).
For Correct NoGo trials significant clusters with a positive correlation of expertise were found
in many of the same areas at overlapping time points as the Correct Go trials. Many of the
positive correlating clusters were prior to the reaction times therefor showing that the differences
being elucidated in this analysis can be traced to the decision process and not just to the final
decision. These results confirm our EEG only analysis of finding areas that conform with Bar’s
visual prediction theory [44]. Here, we find early visual processing areas — the TOFC (Fig.
3.14C), parahippocampal gyrus, and paracingulate gyrus (Fig. 3.12D) — being significantly
correlated with expertise, the same areas known to be used in visual prediction. In addition,
significant positive correlations in the right SFG at 300 and 275ms for Correct Go and Correct
NoGo trials maps directly to a region know to integrate information from the visual processing
areas. Heekeren et al. [99] showed that this region takes inputs from early visual processing areas
such as the parahippocampus gyrus and fusiform face area and helps in integrating the available
information to form a decision in a perceptual decision making task. This evidence taken together
helps to support the theory that expertise— specifically,sportive expertise— can produce more
efficient neural processing [10, 18, 21] for domain specific perceptual tasks.
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3.4

Simultaneous fMRI-EEG Post-Task Resting State Neural Circuitry in Expert and Non-expert Baseball Players and Potential Implications for Differences in Motor Learning and
Task-Processing Circuits

3.4.1

Introduction

In previous sections and other experiments, neural differences in expert and non-expert baseball
players have mostly been studied during task-based EEG studies [173, 174, 205]. Here, we used
a fMRI only and a simultaneous fMRI-EEG seed-based analysis in the post-task (Go/No-Go
baseball task) resting state to investigate differences in the neural circuitry in expert and nonexpert baseball players in order to potentially uncover differences in motor learning and cognitive
processing circuits. In our seed-based analyses, we used the fMRI BOLD signal, EEG alpha
power, and EEG beta power at the right and left supplementary motor area (SMA) as seed
regions because many studies have demonstrated that the SMA is involved in motor learning
[4, 92, 93, 216] and performance on Go/No-Go tasks [227]; thus, differential findings involving
the SMA circuitry may point to differences in motor learning circuits in experts and non-experts.
In addition, we chose to use the post-task resting state because it has been described as a “taskdriven” state [259] associated with learning [6, 145, 252] and cognition [88, 96, 255] as subjects
subconsciously process the task that they had recently experienced. In addition, our previous
work (sections 3.2 and 3.3) found SMA to be a marker for expertise. By studying neural circuitry
during this post-task resting state, especially with motor learning regions as our seed regions (the
right and left SMA), we may highlight some of the differences in the motor learning and cognitive
processing circuits at work in expert and non-expert baseball players.
Through the use of simultaneous fMRI-EEG, we can combine fMRI, which has high spatial
resolution, with EEG, which detects the alpha and beta oscillations in the brain, to create maps of
the brain activity associated with the alpha and beta waves. Specifically, we constructed different
seed regions from the mean alpha and beta power at the right and left SMA at every 2 second
interval, then investigated correlations between EEG alpha and beta power at the SMA and
activity in the rest of the brain’s voxels, as measured by the fMRI BOLD signal. Since the alpha
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wave plays a role in attention-related circuits [39, 132, 142, 208] and modulation of attention is
important for both motor learning [119, 274] and learning in general [145], neural circuitry related
to the alpha wave could point to brain regions involved in motor learning circuits. Similarly, the
beta wave plays a role in cognitive circuits [208, 258] and motor circuits, especially motor inhibition
circuits [284]. Consequently, beta wave findings could point to differences in cognitive processing
and motor inhibition circuits in expert and non-expert baseball players.
The use of simultaneous fMRI-EEG to map the brain activity associated with EEG oscillations
has been developed and applied in previous resting state studies, mostly to map the brain activity
associated with the EEG alpha power [82, 141, 219]. Here, we are applying this approach towards
studying the brain activity associated with EEG oscillations in a pseudo task-based state, the
post-task resting state. In addition, we are investigating the EEG activity at much smaller and
more specific seed regions, the left and right SMA, rather than across a number of electrodes or a
general region of the brain like the posterior lobe. Through these changes, we hope to study the
neural circuitry associated with the EEG alpha and beta power involved in more specific cognitive
processes like motor learning.
By identifying differences in post-task resting state neural circuitry in expert and non-expert
baseball players, we may work towards a better understanding of motor learning and cognitive
processing circuits, specifically by identifying features of these circuits at work in highly skilled
individuals. The work we present here uses a seed-based (SMA) fMRI only and simultaneous
fMRI-EEG approach to investigate differences in post-task resting-state circuits in expert and
non-expert baseball players in order to investigate motor learning and cognitive processing circuits.
Our hypothesis is that our fMRI only and EEG alpha power - fMRI BOLD correlational analyses
will find differences in connectivity or correlation between the SMA and motor learning regions
(frontoparietal and primary motor regions) in order to reflect differences in motor learning and
attention modulation in the two groups. We also hypothesize that there will be differences in EEG
beta power - prefrontal (fMRI) correlations in experts and non-experts due to the involvement of
beta rhythms and prefrontal brain regions in motor response suppression.
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3.4.2

Methods

Subjects
Data was collected on the same subjects from the previous section with the addition of 3 novice
subjects whose data was removed due to motion artifacts in the previous section.
Behavioral Paradigm
This behavioral paradigm has been applied and described previously [224].
Please see the ’Behavioral Paradigm’ in section 3.2.2.
Pitch Simulations
These pitch simulations have been applied and described previously, please see section 5.2.2 .
Resting State Simultaneous fMRI-EEG collection
2 minutes after completing the Go/No-Go perceptual decision-making task, 5 minutes of simultaneous fMRI-EEG data were collected while the subject was positioned supine in the MRI scanner
with his eyes open and fixated on a central point.
Simultaneous fMRI-EEG data acquisition
Please see ’Simultaneous fMRI-EEG data acquisition’ in section 3.2.2.
fMRI Data Analysis
Statistical Parametric Mapping software (SPM8: Wellcome Trust Centre for Neuroimaging, London, UK) and the Functional Connectivity (CONN) toolbox [267] were used to perform the fMRI
data preprocessing and analyses.
fMRI Preprocessing
SPM8 was used to preprocess the resting-state fMRI EPI images (slice-time correction, motion
realignment, normalization, and smoothing) and MPRAGE structural images (segmentation and
normalization). The realignment parameters from the motion realignment step were included as
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first level covariates in the fMRI analysis. Each subject’s gray matter, white matter, and CSF
images obtained from the segmentation step were input into CONN. Using CONN’s anatomical
aCompCor strategy, noise signals due to CSF, white matter, realignment parameters, and timeseries predictors of global signal were removed [16].
fMRI Connectivity Analysis
A seed to voxel connectivity analysis was performed between the right and left Supplementary
Motor Area (SMA) seed regions and the rest of the brain’s gray matter. We created a gray matter
mask (size 199768 voxels; 1 voxel = 2x2x2 mm3) by averaging the gray matter images from all of
the subjects (each subject’s gray matter image was created in the fMRI preprocessing step), then
setting a threshold for the average gray matter image. This mask was input into CONN so that
all the ROIs detected in the seed to voxel connectivity analysis were in the brain’s gray matter.
In the first level analysis, individual contrast images were created for each subject. In the
second level analysis, a general linear model made population-level inferences. To assess grouplevel differences (expert vs. non-expert baseball players) in connectivity involving the left and
right SMA seed regions, we used between subjects contrasts in our second level analysis. We also
conducted post-hoc Pearson correlation coefficient analyses between connectivity parameters from
the fMRI only analysis and overall accuracy on the Go/No-Go task while controlling for expertise
in order to analyze our findings in light of prior fMRI studies showing activated right-lateralized
circuits [33] and SMA involvement [227] in Go/No-Go tasks. To achieve this, we input an overall
accuracy regressor into our GLM and also controlled for effects due to expertise in our GLM (in
the 2nd level analysis). Through this approach, we searched for areas of the brain with activity
(as measured by fMRI BOLD signal) that varied with activity (fMRI BOLD signal) at our seed
region based on the person’s overall accuracy on the task, and excluding effects due to expertise.
To minimize type I and type II errors and determine a FWE-corrected p value <0.05, we
used AFNI’s 3dClustSim program. After inputting a search volume of 199768 voxels (the size of
the gray matter mask), the voxel size (2x2x2), the FWHM (8), and 10,000 iterations, we found
that our uncorrected p value and minimum cluster size threshold for significance was p <0.005
(uncorrected) and a minimum cluster size of 156 voxels.
For each ROI obtained from our group-level analyses, we extracted parameter estimates/β
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weights (measure of connectivity strength; in arbitrary units) for each subject, then conducted
post hoc independent samples t-tests and plotted average connectivity parameter (and standard
error) in each group to show the strength of the connectivity in each of the groups.
EEG Preprocessing
EEG (resting state data) preprocessing was done with Matlab (Mathworks, Natick, MA). First,
gradient artifact removal was performed using a template subtraction algorithm [83]. Then, a
software-based 0.5 Hz high pass filter was used to remove DC drifts, a 60 Hz (harmonic) notch
filter to minimize line noise artifacts, and a 100 Hz low pass filter were applied before resampling
the data to 256 Hz. These filters were designed to be linear-phase to minimize delay distortions.
Stimulus events – i.e., countdown, pitch type, responses – were recorded on separate channels.
Ballistocardiogram (BCG) artifacts are more challenging to remove, because they share frequency content with EEG activity. BCG artifacts were removed from the continuous gradient-free
data using a principal components analysis method [83, 214]. First, the data were low passed at
4Hz to extract the signal within the frequency range in which BCG artifacts are observed and then
the first two principal components were determined. The channel weightings corresponding to
those components were projected onto the broadband data and subtracted out. These BCG-free
data were then re-referenced from the 43 bipolar channels to the 34-electrode space.
fMRI-EEG Correlational Data Analysis
We performed cortical source imaging using eConnectome [98]. eConnectome uses the cortical
current density source model to solve the inverse problem in order to determine cortical source
distribution. After producing a high resolution cortical surface, it down-samples the cortical
surface to 7850 current dipoles spread evenly across and perpendicular to the cortical surface.
The dipole strengths on the cortical surface were estimated and the dipole strength was averaged
at both the right and left SMA in order to construct time-frequency region of interest (ROI) time
series for the right and left SMA ROI’s.
A Morlet transformation was applied to the ROI time series in order to obtain a power-time
series. The power corresponding to alpha (8-12 Hz) and beta (15-30 Hz) waves was normalized
by dividing the power at each time point by the mean power at that time point. The EEG data
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Figure 3.15: Resting-state EEG-fMRI methods diagram. A,EEG data was first preprocessed by
removing gradient artifacts, then filtered,down-sampled, BCG removed, and rereferenced to 34-electrode
space.Dipole strengths on the cortical surface were then estimated and averaged at both the left and right
SMA. A morlet transformation was applied to the time series to generate the α and β power fluctuations
across time. Finally, the α and β power time series was convolved with the canonical hemodynamic response
function (HRF). B, fMRI data was preprocessed (slice-time correction, motion realignment, normalization,
and smoothing) and for MPRAGE structural images (segmentation and normalization). Filtered BOLD
time courses from the left and right SMA ROI’s were averaged to be seed regions for further analysis. C,
covariates of interest were created either by the grouping of subjects by expertise or creating continues
regressors based on each subject’s task performance. D, finally, a seed to voxel connectivity analysis was
performed between the right and left Supplementary Motor Area (SMA) seed regions (fMRI and/or α and
β power time series) and the rest of the brain’s gray matter. Statistical parametric maps were created by
analyzing expertise group differences or correlating subject performance with seed to voxel connectivity.

(8-12 Hz and 15-30 Hz) were then convolved with a canonical hemodynamic response function so
that it modeled blood oxygen level dependent (BOLD) changes. An average value was obtained
for every 2-second interval for the alpha (8-12 Hz) and beta (15-30 Hz) power time courses.
The alpha (8-12 Hz) and beta (15-30 Hz) power time courses at the right and left SMA were
entered as first-level covariates into the CONN toolbox and were used as seed regions in a seed
to voxel analysis between these seeds and the whole brain gray matter mask. The same 1st level,
2nd level, and post hoc analyses described above for the fMRI connectivity analyses were done
with the alpha and beta power at the right and left SMA as seed regions. In addition, effects due
to the fMRI signal at the SMA were controlled for by inputting this into CONN as a confounder
during the preprocessing step.
Post-hoc Pearson correlation coefficient analyses were done between correlational parameters
from the simultaneous EEG beta power - fMRI BOLD analysis and ’No-Go’ accuracy based on
prior evidence of EEG beta power involvement in motor response inhibition [284]. We input a
’No-Go’ accuracy regressor into our GLM and also controlled for effects due to expertise in the
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Figure 3.16: Expertise differences in the functional connectivity to the SMA. A, overlay of the
functional connectivity differences at the left insula between experts and novices to the right (red) SMA,
left (blue) SMA, and overlap (magenta). B, post-hoc tests show significant differences between the two
groups, with experts having a significantly higher connectivity to the left and right SMA at the left insula.

GLM. Through this approach, we searched for areas of the brain (as measured by fMRI BOLD
signal) with activity that varied with the EEG beta power at the SMA based on each subject’s
’No-Go’ (motor response inhibition) accuracy, and excluding effects due to expertise.

3.4.3

Results

fMRI only: Group differences
A significant group effect was found in resting state functional connectivity between the right
SMA (AAL atlas) and the left insula (MNI peak [-42 10 -8], T = 3.84, Z = 3.49, p <0.001, cluster
volume of 1920 mm3 ) (Fig. 3.16A). Post-hoc t-tests revealed that experts had higher connectivity
between the right SMA and the left insula than non-experts (T = 3.74, p <0.001)(Fig. 3.16B).
Similarly, a significant group effect in functional connectivity was also found between the left
SMA (AAL atlas) and the left insula (MNI peak [-44 6 -6], T = 3.68, Z = 3.37, p <0.001, cluster
volume 2208 mm3 )(Fig. 3.16A). Post-hoc t-tests revealed that experts had significantly higher
connectivity than non-experts (T = 3.66, p <0.001)(Fig. 3.16B).
fMRI only: Controlling for expertise
After controlling for expertise in the GLM, functional connectivity was found to vary with task
performance (overall accuracy) across all subjects between the R. SMA and the R. insula (MNI
peak [42 -18 -14], T = 4.88, Z = 4.23, p <0.001, cluster volume 2088 mm3 ) and the right superior
frontal gyrus (MNI peak [24 44 34], T = 4.41, Z = 3.91, p <0.001, cluster volume 1552 mm3 )(Fig.
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3.17A,dark red). Similarly, after controlling for expertise in the GLM, functional connectivity
varied according to task performance between the L. SMA and the R. insula (MNI peak [42 -14
0], T = 3.97, Z = 3.58, p <0.001, cluster volume 2456 mm3 ) (Fig. 3.17A,orange).
Pearson coefficient correlation tests revealed that connectivities were positively correlated with
overall accuracy scores in the Go/No-Go task for the R. SMA – R. SFG connectivity (r = 0.56, p
value <0.001) (Fig. 3.17C), R. SMA – R. insula connectivity (r = 0.36, p value = 0.03) and the
L. SMA – R. insula connectivity (r = 0.509, p value = 0.001) (Fig. 3.17B).

Figure 3.17: SMA functional connectivity correlates with task performance. A, overlay of significant clusters where task performance correlates with functional connectivity to L. SMA(orange) and R.
SMA(dark red). B, scatter plot of the functional connectivity to the L. SMA from the R. insula by the
behavioral accuracy of each subject controlling for expertise(r = 0.509, p value = 0.001.). C, scatter plot
of the functional connectivity to the R.SMA from the R. SFG by the behavioral accuracy of each subject
controlling for expertise (r = 0.56, p value <0.001).
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Seed

Contrast

MNI

Region Name

Voxels

T-Score

Z-Score

Coordinates

fMRI BOLD

X

Y

Z

-42

10

-8

240

3.84

3.49

-44

6

-6

276

3.68

3.37

R. insula

42

-18

-14

261

4.88

4.23

R superior frontal gyrus

24

44

34

194

4.41

3.91

R insula

42

-14

0

307

3.97

3.58

Experts >Non-experts

L insula

Non-experts >Experts

(None)

Experts >Non-experts

L insula

Non-experts >Experts

(None)

at R SMA

fMRI BOLD
at L SMA

fMRI BOLD

Overall Accuracy Regressor,

at R SMA
Controlling for Expertise
Positive Correlations
fMRI BOLD

Overall Accuracy Regressor,

at L SMA
Controlling for Expertise
Positive Correlations

Table 3.8: fMRI Only: Seed-based post-task resting state functional connectivity of right and left SMA
with the rest of the brain’s gray matter voxels. Reports all clusters with uncorrected p <0.005 and minimum cluster extent threshold (contiguous voxels) 156 voxels. Abbreviations: MNI = Montreal Neurologic
Institute; L = left; R = right; BOLD = blood oxygen level dependent.

Simultaneous fMRI-EEG alpha power results
After using the EEG alpha power at the R. SMA as a seed region and controlling for the fMRI
signal at the R. SMA (to ensure that the alpha power is independent from the fMRI BOLD
signal at the R. SMA), we found significant group effects in R. SMA alpha power – fMRI BOLD
correlation. Non-experts had significantly greater correlation between EEG alpha power at the
right SMA and fMRI BOLD signal at the left superior frontal gyrus (MNI peak [-22 2 46], T =
4.16, Z = 3.74, p <0.001, cluster volume 2624 mm3) and the left insula (MNI peak [-36 16 0], T
= 3.92, Z = 3.56, p <0.001, cluster volume (2360 mm3). Experts had greater correlation between
EEG alpha power at the right SMA and fMRI BOLD signal at the right middle temporal gyrus
(MNI peak [46 -42 0], T = 5.26, Z = 4.50, p <0.001, cluster volume (3944 mm3 ).
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Figure 3.18: SMA α power correlations differences between experts and novices. A, group-level
activations for L. SMA α-power correlations contrast for novices >experts. Multiple significant clusters
are displayed including L. insula. B, post-hoc tests show significant differences between the two groups,
with experts having a significantly lower α-connectivity to the left SMA at multiple regions.C, group-level
activations for R. SMA α-power correlations contrast for novices >experts (blue) and experts >novices
(red). Multiple significant clusters are displayed including L. insula and R. middle temporal gyrus. D,
post-hoc tests show significant differences between the two groups, with experts having a significantly
lower α-connectivity to the right SMA in the L. insula and L. superior frontal gyrus and significantly
higher α-connectivity in the R. cerebellum and R. middle temporal gyrus.

Post hoc t-tests revealed that there are strong negative correlations in experts, but negligible
correlations in non-experts between the EEG alpha power at the R. SMA and fMRI BOLD at the
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left insula (t-value = 3.75, p <0.001). Post-hoc t tests revealed that there were inverse correlations
in experts, but positive correlations in non-experts between the EEG alpha power at the R. SMA
and the fMRI BOLD signal at the left superior frontal gyrus (t-value = 3.75, p <0.001). Post hoc
t tests revealed positive correlations in experts and negative correlations in non-experts between
EEG alpha power at the R. SMA and the fMRI BOLD signal at the right middle temporal (t-value
= 4.10, p <0.001).
An analysis with the EEG alpha power at the left SMA as the seed revealed group differences
in correlation between the EEG alpha power at the left SMA and fMRI BOLD signal at the R.
Precentral (MNI peak [58 -8 14], T = 5.04, Z = 4.36, p <0.001, cluster volume 1912 mm3 ), R.
Superior parietal (MNI peak [22 -64 54], T = 4.09, Z = 3.68, p <0.001, cluster size = 2992 mm3 ),
R. Superior frontal gyrus (MNI peak [32 52 36], T = 3.97, Z = 3.59, p <0.001, cluster volume
1496 mm3 ), R. inferior frontal gyrus (MNI peak [52 30 0], T = 3.86, Z = 3.51, p <0.001, cluster
volume 1576 mm3 , L. insula (MNI peak [-28, 20, 6], T = 3.66, Z = 3.35, p <0.001, cluster volume
1312 mm3 ), and the L. superior parietal (MNI peak [-20 -60 66], T = 3.48, Z = 3.21, p <0.001,
cluster volume 1472 mm3 ).
Post hoc tests revealed that there were negative correlations in experts and positive correlations
in non-experts for the EEG alpha power at the L. SMA – R. superior parietal fMRI BOLD (tvalue = 3.61, p <0.001), L. SMA – R. superior frontal gyrus (t-value = 3.54, p <0.001). Post
hoc test revealed that there were negative correlations in experts and negligible correlations in
non-experts between the EEG alpha power at the L. SMA and the fMRI BOLD signal at the
right inferior frontal gyrus (t-value = 3.45, p = 0.001), left insula (t-value = 3.29, p = 0.002),
and the left superior parietal (t-value = 3.24, p = 0.003).
Simultaneous fMRI-EEG beta power results
EEG beta power at the R. SMA was used as a seed region and effects due to the fMRI signal at
the R. SMA were controlled for. Significant group difference were found with EEG beta power
at the R. SMA seed and fMRI BOLD signal at the left superior frontal gyrus (MNI peak [-16 26
58], T = 4.52, Z = 4.00, p <0.001, cluster volume 1608 mm3 ). Post hoc tests revealed that the
correlation was inverse in experts but positive in non-experts (t-value = 4.23, p <0.001).
EEG beta power at the L. SMA was also used as a seed and effects due to the fMRI signal at
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Seed

Contrast

MNI

Region Name

Voxels

T-Score

Z-Score

Coordinates

EEG Alpha power at R SMA

Experts >Non-experts

Controlling for fMRI

X

Y

Z

R cerebellum

28

-88

-36

493

5.66

4.76

R middle temporal gyrus

46

-42

0

442

5.26

4.50

signal at R SMA
Non-experts >Experts

EEG Alpha Power at L SMA

Experts >Non-experts

L superior frontal gyrus

-22

2

46

328

4.16

3.74

L insula

-36

16

0

295

3.92

3.56

(None)

Controlling for fMRI
signal at L SMA

Non-experts >Experts

R precentral

58

-8

14

239

5.04

4.36

R superior parietal

22

-64

54

374

4.09

3.68

R superior frontal gyrus

32

52

36

187

3.97

3.59

R inferior frontal gyrus

52

30

0

197

3.86

3.51

L insula

-28

20

6

164

3.66

3.35

L superior parietal

-20

-60

66

184

3.48

3.21

Table 3.9: Simultaneous fMRI-EEG Alpha Power: Seed-based post-task resting state functional correlation
of EEG alpha power at the right and left SMA with the rest of the brain’s gray matter voxels (fMRI BOLD
signal). Reports all clusters with uncorrected p <0.005 and minimum cluster extent threshold (contiguous
voxels) 156 voxels. Abbreviations: MNI = Montreal Neurologic Institute; L = left; R = right; BOLD =
blood oxygen level dependent.

the L. SMA were controlled for. Significant group differences were found between the EEG beta
power at the L. SMA seed and fMRI BOLD signal at the L. superior frontal gyrus (MNI peak
[-18 26 60], T = 4.99, Z = 4.32, p <0.001, cluster volume 2416 mm3 ) and left posterior cingulum
(MNI peak [-8 -42 10], T = 3.82, Z = 3.47, p <0.001, 1912 mm3 ).
Post-hoc Pearson coefficient correlation tests revealed that after controlling for expertise in
the GLM, there were significant negative correlations between the EEG beta power at the R.
SMA - fMRI BOLD L. SFG correlation and the “No-Go” accuracy (r = -0.61, p <0.001). There
were no significant correlations with the “No-Go” accuracy using the EEG beta power at the left
SMA as the seed region.

3.4.4

Discussion

The goal of this work was to identify differences in expert and non-expert baseball players’ posttask resting-state circuits involving the SMA in order to potentially uncover differences in the
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Seed

EEG beta power at R SMA

Contrast

Region Name

MNI Coordinates
X

Y

Z

-16

26

58

Voxels

T-Score

Z-Score

201

4.52

4.00

Experts >Non-experts

(None)

at R SMA

Non-experts >Experts

L superior frontal gyrus

EEG Beta power at L SMA

Experts >Non-experts

(None)

Controlling for fMRI

Non-experts >Experts

L superior frontal gyrus

-18

26

60

302

4.99

4.32

L cingulum posterior

-8

-42

10

239

3.82

3.47

L anterior cingulate cortex

-10

40

12

170

4.67

4.09

L superior frontal gyrus

-6

32

56

287

4.32

3.84

Controlling for fMRI signal

signal at L SMA

EEG Beta power at R SMA

No-Go Accuracy regressor

Controlling for fMRI signal

Controlling for expertise

at R SMA

Negative Correlations

Table 3.10: Simultaneous fMRI-EEG Beta Power: Seed-based post-task resting state functional correlation
of EEG beta power at the right and left SMA with the rest of the brain’s gray matter voxels (fMRI BOLD
signal). Reports all clusters with uncorrected p <0.005 and minimum cluster extent threshold (contiguous
voxels) 156 voxels. Abbreviations: MNI = Montreal Neurologic Institute; L = left; R = right; BOLD =
blood oxygen level dependent.

neural circuitry underlying motor learning and cognitive task processing circuits. To achieve this
goal, we analyzed post-task simultaneous fMRI-EEG (alpha and beta power) resting state data
collected after expert and non-expert baseball players performed a Go/No-Go task that simulated
different types of baseball pitches. Our results indicate that (1) differences in the bilateral SMA –
L. insula connectivity in experts and non-experts may reflect differences in motor learning in these
two groups, (2) attention-modulatory processes differ in experts and non-experts in the post-task
state and may underlie differences in motor learning, and (3) active cognitive processing of motor
inhibition may occur in the post-task resting state and may be dependent on both expertise actual
motor inhibition (No-Go) task performance.
“fMRI Only” Analysis: Differences in the bilateral SMA – L. Insula circuit in experts
vs. non-experts and potential implications for motor learning.
Expert baseball players had significantly greater connectivity between the left and right SMA
and the left insula in the post-task resting state. In contrast, in our posthoc analysis where we
examined differences in functional connectivity in all the subjects (experts and non-experts) while
controlling for expertise, we found that people who performed better on the task had significantly
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higher connectivity between the left and the right SMA and right-lateralized regions (specifically,
the right insula, right hippocampus, and right superior frontal gyrus) in the post-task resting
state. Given that the seed regions in our analyses, the left and right SMA, are involved in motor
learning [4, 92, 93, 216] and that the post-task resting state represents a “task-driven” state of
learning [6, 145, 252] and cognition [88, 96, 255], these differences in connectivity between experts
and non-experts may represent different motor learning circuits in these two groups.
In the literature, the left-hemisphere has been found to play a larger role in motor learning
circuits [75, 168, 239]. A review paper clarified the roles of the right and left hemispheres in
motor learning by showing that right hemisphere motor regions have strong activation during the
early phases of motor learning while activation in the left hemisphere’s motor regions increases
with practice and that ultimately, visuo-motor skills are stored in the left hemisphere [93]. Our
finding of left hemisphere involvement in experts and right hemisphere involvement in high task
performers (when controlling for expertise) in the post-task resting state may point to differences
in motor learning in the expert and non-expert groups.
We specifically found higher bilateral SMA – left insula connectivity in experts and though the
insula is not typically thought of as a motor learning region, recent evidence has not only pointed
to the role of the insula in motor circuits and learning circuits, but have also specifically identified
differential activity of the left insula based on expertise or prior experience in a given field. A
recent walking study pointed to the role of the insula in motor circuits. This study compared high
fit and low fit people and found that the high fit people (i.e. an “expert” group) had more insular
activation during motor imagery [79]. In addition, the insula, especially the left insula, has been
found to be involved in learning and specifically, it has been demonstrated that practice affects
left insula activity [41]. In a recent study, the insula was found to be involved in one of the initial
phases of learning. Importantly, it was found in this study that activity in the left insula was
higher when musicians listened to a piece that they had previously rehearsed compared to a piece
that they had never heard before. This suggests that the left insula is particularly important in
learning when a person has prior experience in a certain field. Further evidence supporting the
role of the insula in learning is seen in studies focusing on error processing. Studies have found
activation in the bilateral insula during error processing in Go/No-Go tasks [101, 163] and during
error processing in general [24, 203, 248]. Error processing facilitates learning by guiding a person
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to recognize, and ultimately avoid making a specific error in the future. Error processing during
Go/No-Go tasks specifically may lead to motor learning since effective motor circuits are key to
performance on this task.

Figure 3.19: SMA β power correlations differences between experts and novices. A, group-level
activations for L. SMA (bright green) and R.SMA (dark green) β-power correlations contrast for novices
>experts. B, post-hoc tests show significant differences between the two groups, with novices having a
significantly higher connectivity to the left and right SMA at the left superior frontal gyrus.

Support for a possible mechanism by which differential motor learning circuits involving the
SMA and the left insula in experts and non-experts work comes from a finding from our EEG
alpha power – fMRI results (EEG alpha –fMRI correlational analyses discussed in more depth
in the next section). We found that the correlation between EEG alpha power at the right and
left SMA and fMRI BOLD signal at the left insula is strongly negative (inverse relationship)
for experts but negligible (close to 0) for non-experts. Of note, we controlled for the fMRI
signal at the right and left SMA (respectively), so the alpha power at the right and left SMA
is independent from the fMRI signal there during this correlation. Given the role of EEG alpha
oscillations in attentional [140, 142, 208] and inhibitory processes [114, 133], our findings suggest
that a neural circuit between the bilateral SMA and left insula may have an attention-modulatory
role. Modulation of attention is important for motor learning to occur [119, 233, 274, 275], so the
modulation of attention suggested by the inhibitory relationship between the alpha power at the
R. and L. SMA and the fMRI signal at the L. Insula suggests that a modulation of attention may
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underlie differential motor learning circuits in expert and non-expert baseball players.
Differential activity of the left insula based on prior experience (expertise) has also been
found in the context of attention. In fact, recent expert vs. non-expert meditation studies have
consistently found higher activation in the left insula in the expert meditators and have suggested
that this may reflect expert vs. non-expert differences in the recruitment of attention-related
neural resources [150, 154]. Since selective attention is important for implicit learning [115] and
similar brain regions are activated in implicit and explicit learning [268], modulation of attention
may indicate a mechanism by which a motor learning pathway may be occurring.
Taken together, the higher bilateral SMA – left insula connectivity (fMRI BOLD) in experts
and stronger inverse correlation between alpha power at the SMA and fMRI signal at the left
insula in experts reflect differential motor learning circuits in experts and non-experts in the
post-task resting state, and that these differences may arise from a modulation of attention.
Simultaneous fMRI-EEG alpha power: Different post-task attention modulation in
experts vs. non-experts.
In the simultaneous fMRI – EEG (alpha power) analyses, we found that there were significant
differences between experts and non-experts in the correlation of alpha power at the right and
left SMA with the fMRI signal in the bilateral fronto-parietal and primary motor regions. After
post hoc analyses, we found that these were inverse correlations in experts, but positive correlations in non-experts. Another simultaneous fMRI-EEG resting-state study hypothesized that
inverse correlations between alpha power at electrodes across the whole brain and fMRI-BOLD signal in fronto-parietal brain regions reflect attention-modulatory circuits. Accordingly, attentiondemanding cognitive activity in the brain would result in stronger inverse relationships between
EEG alpha power at a specific region of the brain and fMRI-BOLD activity in fronto-parietal
regions [141]. These principles would suggest that in our study, some specific attention-related
processes were occurring in the brains of the expert baseball players after the task, but not the
non-experts (since experts had inverse correlations but non-experts had positive correlations). In
task-based settings, inverse correlations have been found between the EEG alpha and beta signals
in the motor cortex and the fMRI BOLD activity there [210, 278]. In light of this, our findings
of inverse correlations between EEG alpha power at the SMA and fMRI BOLD activity in the
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fronto-parietal and primary motor regions may point to specific areas of the brain that are active
in the post-task resting state.
Fronto-parietal brain regions have also been found to be particularly important components
of motor learning circuits [93] as well as a number of motor processing circuits, such as those
involved in spatial and action perception [157], action observation [32], action imagination [116],
and listening to motor sequences [244]. Fronto-parietal brain regions have also been found to
be important in attention [47, 171] and spatial attention control [202]. Given the links between
attention modulation and motor learning [119, 274] and the overlap in brain regions found to
be activated in motor learning, motor processing circuits, and attention modulatory circuits,
our findings of differential alpha power – fMRI BOLD correlations in experts vs. non-experts
may point to differences in attention modulatory processes underlying motor learning circuits in
experts and non-experts.
Simultaneous fMRI-EEG beta power
In our EEG beta power (at bilateral SMA) – fMRI BOLD correlation results, we found inverse
correlations between EEG beta power at both the left and right SMA and the L. Superior Frontal
Gyrus in experts, but positive correlations in non-experts. Of note, we controlled for the fMRI
signal at the left and right SMA, which suggests that the beta power at the SMA is independent
from the fMRI BOLD signal there. In our post-hoc Pearson coefficient correlational analysis, we
found that correlation between EEG beta power at the SMA and fMRI BOLD signal at the left
superior frontal gyrus varied inversely with “No-Go” accuracy on the task. In other words, high
inverse correlations between the EEG beta power at the left and right SMA and fMRI BOLD
activity at the left superior frontal gyrus corresponded to the best “No-Go” accuracies while
high positive correlations corresponded to the worst “No-Go” accuracies. The similarity in the
correlation between EEG beta power at the SMA and fMRI BOLD signal in the gray matter when
assessing group level differences and when searching for ROI’s based on “No-Go” accuracy (while
controlling for expertise) suggests that similar cognitive processing or motor learning circuits
may be at work for both experts as well as non-experts who performed well on motor response
suppression.
The beta wave has been shown to reflect cognition-related processes during rest [141] and
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during tasks [208]. Studies also focus on the beta wave’s involvement in motor activity [95, 135]
and indicate that beta wave synchronization after movement represents an idling motor cortex
[40, 196]. Studies have also shown that the EEG beta rhythm changes that occur during actual
movements can also be incurred during the imagination of these motor movements [161, 195] and
during the observation of these motor movements [169]. Since beta wave changes were seen in
the imagination and observation of motor movements, the changes that we observed in the posttask resting state may similarly represent active processing of the inhibitory task and possibly
the functioning of motor learning circuits. The inverse beta power (at the SMA) – fMRI BOLD
left prefrontal correlation that we found in experts and subjects with highly accurate “No-Go”
responses during the post-task resting state may reflect a process similar to the desynchronization
of the beta waves that occurs during motor movements and the positive correlations seen in nonexperts may reflect an idling motor cortex in a process similar to the after-movement beta wave
synchronization.
Beta waves have specifically been found to be involved in motor response inhibition in a
couple studies. In a Go/No-Go task involving macaque monkeys, beta waves were found to
have a significant rebound in activity after desynchronization only after ’No-Go’ responses [284],
suggesting special involvement of beta waves in response inhibition. Also, in a stop-signal task,
an inhibitory prefrontal-primary motor circuit involving beta waves was found during behavioral
stopping [240]. Our finding of an inverse correlation between beta power at the SMA and fMRI
BOLD activity in a left prefrontal region in experts and non-experts who performed well on ’NoGo’ accuracy may resemble a similar inhibitory mechanism because it suggests that in order for
there to be high beta power at the SMA, there must be low left prefrontal activity, and vice versa.
This may happen if one of the two brain regions is exerting inhibitory control over the other.
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Chapter 4

Development and testing of
multivariate multimodal data fusion
techniques
4.1

Introduction

For even the simplest decisions, it is thought that neural activity cascades across the brain in a
coordinated manner to ultimately produce our behavior, though observing this cascade in humans
has been particularly challenging. This fast cascade generally occurs on a time scale of less than a
second, too fast for fMRI imaging to record both the spatial and temporal dynamics at play, as the
fMRI signal takes seconds to peak. EEG, on the other hand, has a very fast sampling rate (up to
5kHz), but it lacks the spatial resolution to observe the spatial cascade of human brain dynamics.
This chapter will focus on how to fuse these two modalities in a data-driven methodology to
infer the cascade of processes underlying rapid decision-making. Previous methodologies have
focused on known EEG markers of the decision processes—P1, N2, N170, P300, α-band power
[52, 106, 159, 178, 181, 261] — or have used supervised data-driven approaches like ICA to
combine EEG with fMRI data [29, 111, 112, 152, 185]. These techniques generally focus on a
specific temporal window (P1 ≈100ms,N170≈170ms, or P300≈300ms) and cannot infer the entire
cascade of the decision process. Goldman et al. [83] and Walz et al. [257] have used machine
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learning techniques to find decision relevant projections of the EEG data, which then can be used
to find correlates in the fMRI space for specific time windows, thereby finding a spatio-temporal
cascade of neural modulators of a very simple target detection task. However, these techniques are
heavily supervised and generally do not span across the entire trial and therefore cannot describe
the whole cascade of neural activity that produces traditional fMRI activation maps.
From previous work, we know that evidence for a decision persists across the entire trial period
and can be measured through EEG ([198, 222, 257] along with Chapters 2-3). The single-trial
analysis methodology provides a framework to find decision relevant projections throughout the
course of the trial. Here, we will exploit how evidence for a decision persists across the entire
trial period to develop a novel encoding model methodology to fuse the two modalities. Recently,
encoding models have been used as an alternative to general linear modeling of fMRI voxels, as
they can in principle provide a complete functional description of a region of interest [176]. Also,
encoding models are heavily data driven and need less supervision compared to other techniques,
thereby making an encoding model a key methodology to fuse EEG and fMRI.
In this chapter, we will show that, with simultaneous acquisition of EEG and fMRI (EEG/fMRI),
together with an encoding model for linking measurements from the two modalities, we can infer high-resolution spatio-temporal dynamics that underlie rapid perceptual decision-making —
decisions made in less than a second. This method, which resolves full-brain activity at 25ms
temporal resolution, can uncover feedback processes that would otherwise be masked by the temporal averaging and slow dynamics of traditional fMRI. More broadly, our results demonstrate
a general non-invasive methodology for measuring high spatiotemporal latent neural processes
underlying human behavior.

4.2

Imaging Human Brain Dynamics During a Rapid Perceptual
Decision

4.2.1

Introduction

Here, we exploit one of the major advantages of simultaneous EEG/fMRI, namely the ability to
relate trial-to-trial variability in the two modalities, specifically to identify brain dynamics reflective of stimulus uncertainty during a rapid, visually-driven perceptual decision. We focus on a
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rapid visual alternative forced choice (AFC) task – discriminating the object class in an image
corrupted by noise – which has been well-studied using EEG and fMRI separately (Fig.4.1A,B). In
this task, the level of stimulus evidence systematically affects behavioral performance (accuracy
and response time) [63]. When EEG is recorded, this task has been shown to elicit differential neural responses in trial averaged event related potentials (ERPs) to high vs. low stimulus
evidence [11, 197]. Similarly, fMRI studies have shown that this task results in a number of spatially distributed cortical areas that correlate with the level of visual stimulus evidence [99, 198].
Our simultaneously recorded EEG/fMRI measurement produces the same results for behavior
(Fig.4.1C,D), EEG activity (Fig.4.1E) and localization of fMRI activations (Fig.4.1F and 4.2)
that are observed when these measurements are made separately.
Our goal was to use EEG/fMRI in a way that provides a more integrated picture of the brain
dynamics that govern how stimulus evidence modulates the constituent processes underlying perceptual decisions. Specifically, we related the temporally persistent differential EEG activity to the
spatially distributed fMRI activation via a novel encoding model of the simultaneously-acquired
multi-modal neuroimaging data. Encoding models have become an important machine learning
tool for analysis of neuroimaging data, specifically fMRI [176]. In most cases encoding models
are used to learn brain activity that encodes or represents features of a stimulus, such as visual
orientation energy in an image/video [94, 125, 180], acoustic spectral power in a sound/speech
[226], or visual imagery during sleep [104]. Here, we employ an encoding model to relate the two
simultaneously collected neuroimaging modalities. Specifically, we learn an encoding of the temporally precise trial-to-trial variability of the differential EEG activity using a voxel-wise model
of the fMRI.

4.2.2

Methods

Methods overview
Our approach is illustrated in Figure 4.3. Briefly, our decoding model uses a linear classifier
to learn spatial filters on narrow windows of the EEG that discriminate high vs. low stimulus
evidence trials. This temporally-specific method is repeated at 25ms steps, starting from stimulus
onset to past the average response time. Each classifier is associated with a set of discriminant
values which can be represented as a vector yτ , where each element of the vector is a value
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for a given trial for the time step, τ . This value represents the distance of the trial from the
discriminating hyperplane and can be seen as as measure of the the EEG classifier’s estimate of
the level of stimulus evidence for that trial [83, 192, 222, 256].
Discriminant vectors are collected across time steps along with a response time vector to
construct a matrix Y , which contains a temporally precise representation of the trial-to-trial EEG
variability that reflects high vs. low stimulus evidence. To remove possible correlations of this
variability across time (Fig. 4.4), singular value decomposition (SVD) is performed to remove this
correlation, and it also reduces the dimensionality of the data approximately 2-fold. An encoding
model is then fit, namely a model in which weights are estimated for each time-localized EEG
window, to predict the trial-to-trial variability of the fMRI for each voxel. Importantly, the model
can be validated and interpreted within the context of the relationship between time localized
EEG variability and spatially distributed BOLD variability.

Subjects
21 subjects (12 male, 9 female; age range 20-35 years) participated in the study. The Columbia
University Institutional Review Board (IRB) approved all experiments and informed consent was
obtained before the start of each experiment. All subjects had normal or corrected-to-normal
vision.

Stimuli
We used a set of 30 face (from the Max Planck Institute face database), 30 car, and 30 house
grayscale images obtained from the web (image size 512×512 pixels, 8 bits/pixel). They were all
equated for spatial frequency, luminance, and contrast. The stimulus evidence (high or low) of
the task was modulated by systematically affecting the salience of the image via randomization
of image phase (35% (low) and 50% (high) coherence) [48].

Experimental task
The stimuli were used in an event-related three-alternative forced choice (3-AFC) visual discrimination task. On each trial, an image of either a face, car, or house was presented and subjects were
instructed to respond with the category of the image by pressing one of three buttons on an MR
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compatible button controller. Stimuli were presented to subjects using E-Prime software (Psychology Software Tools) and a VisuaStim Digital System (Resonance Technology) with 600×800
goggle display. Over four runs, a total of 720 trials were acquired (240 of each category with 120
high trials) with a random intertrial interval (ITI) sampled uniformly between 2-2.5s. Each run
lasted for 560 seconds.

fMRI acquisition
Blood-oxygenation-level-dependent (BOLD) T2*-weighted functional images were acquired on a
3T Philips Achieva scanner using a gradient-echo echo-planar imaging (EPI) pulse sequence with
the following parameters: Repetition time (TR) 2000ms, echo time (TE) 25ms, flip angle 90°,
slice thickness 3mm, interslice gap 1mm, in-plane resolution 3x3mm, 27 slices per volume. For
all of the participants, we also acquired a standard T1-weighted structural MRI scan (SPGR,
resolution 1x1x1mm).

Functional image pre-processing
The main imaging preprocessing was performed with FSL (www.fmrib.ox.ac.uk/fsl/). Additional
analyses were conducted outside FSL using Matlab. Functional images were spatially realigned
to the middle image in the times series, corrected for slice time acquisition, spatially smoothed
with a 6mm FWHM gaussian kernel, and high pass filtered (100s). The structural images were
segmented (into grey matter, white matter and cerebro-spinal fluid), bias corrected and spatially
normalized to the MNI template using ‘FAST’ [283]. Functional images were registered into MNI
space using boundary based registration (BBR) [87].

EEG acquisition
We simultaneously and continuously recorded EEG using a custom-built MR-compatible EEG
system [83, 213, 214, 257], with differential amplifiers and bipolar EEG montage. The caps were
configured with 36 Ag/AgCl electrodes including left and right mastoids, arranged as 43 bipolar
pairs. Bipolar pair leads were twisted to minimize inductive pickup from the magnetic gradient
pulses and subject head motion in the main magnetic field. This oversampling of electrodes
ensured data from a complete set of electrodes even in instances when discarding noisy channels
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was necessary. To enable removal of gradient artifacts in our offline preprocessing, we synchronized
the EEG with the scanner clock by sending a transistor transistor logic pulse at the start of each
of 280 functional image acquisitions. All electrode impedances were kept below 20 kΩ, which
included 10 kΩ resistors built into each electrode for subject safety.

EEG data preprocessing
We performed standard EEG preprocessing offline using MATLAB (MathWorks) with the following digital Butterworth filters: 0.5 Hz high pass to remove direct current drift, 60 and 120 Hz
notches to remove electrical line noise and its first harmonic, and 100 Hz low pass to remove highfrequency artifacts not associated with neurophysiological processes. These filters were applied
together in the form of a linear-phase finite impulse response filter to avoid distortions caused
by phase delays. We extracted 1500 ms stimulus-locked epochs (-500-1000), removed the baseline from the 200 ms before stimulus. Through visual inspection, we discarded trials containing
motion and/or blink artifacts, evidenced by sudden high-amplitude deflections.

Sliding window logistic regression
We used linear discrimination to associate each trial with the level of stimulus evidence represented in the EEG. We considered only high stimulus and low stimulus evidence trials irrespective
of behavioral accuracy. Regularized logistic regression was used as a classifier to find an optimal
projection for discriminating between high and low stimulus evidence trials over a specific temporal window [192]. This approach has been previously applied to identify neural components
underlying rapid perceptual decision making [83, 222, 256, 257].
Specifically, we defined 50 ms duration training windows centered at time, τ , ranging from 0
ms before the stimulus to 800 ms following the stimulus in 25 ms steps. We used logistic regression
to estimate a spatial weighting,on N EEG channels, vector (wτ which is N x 1) which maximally
discriminates between EEG sensor array signals E for each class (e.g., High vs. Low stimulus
evidence trials):
yτ = wτT Eτ

(4.1)

In eqn. 1, Eτ is an N x p vector (N sensors per time window τ by p trials). For our experiments,
the center of the window (τ ) was varied across the trial in 25ms time-steps. We quantified the
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performance of the linear discriminator by the area under the receiver operator characteristic
(ROC) curve, referred to here as AUC, using a leave-one-out procedure. We used the ROC AUC
metric to characterize the discrimination performance as a function of sliding our training window
(i.e, varying τ ). For each subject, this produces a matrix Y where the rows correspond to trials
and the columns to training windows, i.e. Y is the combination of the calculated yτ for each time
window.

Figure 4.1: The perceptual decision making task and the effect of stimulus evidence on behavior, and independent EEG and BOLD activities. A, 3-AFC task where stimulus evidence for each
category is modulated by varying the phase coherence in the image. B, Example of face images with high
stimulus evidence (high coherence: 50%) and low stimulus evidence (low coherence: 35%). Behavioral performance shows significant differences, as a function of stimulus evidence, in accuracy (p<10−12 , two-sided
paired t-test) (C) and response time (p<10−8 , two-sided paired t-test) (D) across the group. E, Grand
average stimulus-locked event related potentials (ERPs) for electrode Pz shows that differences in stimulus
evidence span the time from stimulus to response. F, fMRI analysis showing cortical areas correlated with
high (red) vs. low (blue) stimulus evidence across the entire trial (Z>2.57 with p<0.01 Family-Wise Error
cluster corrected) (Additional views in Fig. 4.2).

Traditional fMRI analysis
We first ran a traditional general linear model (GLM) fMRI analysis, using event-related (high and
low stimulus evidence) and response time (RT) variability regressors. The event-related regressors
comprised boxcar functions with unit amplitude and onset and offset matching that of the stimuli.
RT variability was modeled using the z-scored RT as the amplitude of the boxcars with onset
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Figure 4.2: Traditional high versus low stimulus evidence BOLD response with Heekeren et al.
[99] activations. Traditional fMRI high versus low stimulus evidence activations with matching(yellow
and purple spheres) from Heekeren et al. [99] overlaid. Activations from a traditional fMRI GLM analysis
of high stimulus evidence (Red) trials versus low stimulus evidence (blue) trials are shown in multiple
views of a group averaged inflated brain. Significant cluster sizes and peak voxels are shown in table 4.1.
Voxels are first thresholded at p <0.005 and then clusters are family wise error-corrected at p <0.01 [179].
Heekeren et al. [99] activations are peak voxel locations with p <0.001 uncorrected. Our traditional fMRI
results comparing high vs low stimulus evidence closely match those of Heekeren et al. [99], despite the
fact that 1) their task was a 2-AFC (face vs house) task and ours was a 3-AFC (face vs car vs house) task
and 2) differences in statistical thresholding techniques between the two studies.

at stimulus time with the offset matching that of the stimuli, and these were orthogonalized
to the event-related regressors. Orthogonalization was implemented using FSL, which employs
the Gram-Schmidt procedure [237] to decorrelate the RT regressor from all other event-related
regressors. All regressors were convolved with the canonical hemodynamic response function
(HRF), and temporal derivatives were included as confounds of no interest. An event-related
high versus low stimulus evidence contrast was also constructed. A fixed-effects model was used
to model activations across runs, and a mixed-effects approach was used to compute the contrasts
across subjects. Activated regions that passed a family-wise error (FWE) [179] corrected cluster
threshold of p <0.01 at a z-score threshold of 2.57 were considered significant.
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fMRI deconvolution
Associating fMRI data to each trial is challenging for two main reasons: (a) the temporal dynamics
of the hemodynamic response function (HRF) evolve over a longer time-scale than the mean ITI
of the event-related design, resulting in overlapping responses between adjacent trials; and (b) the
ITI was random for each trial so that the fMRI data was not acquired at a common lag relative
to stimulus onset. To overcome these issues, we employed the ‘least squares - separate’ (LS-S)
deconvolution [167] method to estimate the voxel activations for each trial. For every trial, the
time series of each voxel is regressed against a “signal” regressor and a “noise” regressor. The
“signal” regressor is the modeled HRF response due to that trial (a delta function centered at
stimulus onset convolved with a canonical HRF), while the “noise” regressor is the modeled HRF
response due to all other trials (superimposed linearly). The resulting regression coefficients of
the “signal” regressor represent the estimated voxel activations due to that trial. These voxel
activations are then organized into a single brain volume per trial. We extracted 58697 voxels
from a common gray matter group mask at 3mm3 spatial resolution that excluded white matter
and CSF and assembled the resulting voxel activations into rows of the data matrix F .

Single subject encoding model
To relate the EEG data with the fMRI, we devised a subject-wise spatio-temporal decomposition
using singular value decomposition (SVD). Let F be m × p matrix denoting m-voxels and p-trials
and is the deconvolved high/low stimulus evidence fMRI data for each trial. Let Y be the r × p
matrix denoting r-windows (33 EEGτ windows and response time (RT)) and p-trials. For each
trial, the first row of Y is the response times while subsequent rows are the y values at each
window time. Let W be a m × r matrix that is the weights on Y that solve for F .
F = WY

(4.2)

Normally, if we solve for W using the least squares approach, we get (2):
W = (F Y T )(Y Y T )−1

(4.3)

However, each time point might be highly correlated with its neighbors, which reduces the stability
of the least-squares regression. We can use SVD to reduce the feature space and improve our
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estimation of W (the weights on each window).
Y T rain = U ΣV T

(4.4)

Where U is an r × r orthonormal matrix, Σ is r × p diagonal matrix and V is p × p orthonormal
matrix. After SVD on Y T rain , we reduce the feature dimensions on Y T rain to retain 75% of the
variance by only keeping v components. To do this, we select the first v rows of Σ and zero the
other rows. We now have Σ̃ as our reduced spaced matrix. If we now recalculate our least squares
solution where we have replaced Y by its reduced form U Σ̃V T in equation 3:
Ŵ = (F T rain V Σ̃T )(ΣΣT )−1 U T

(4.5)

So for each leave one out fold, we first calculate the SVD of the training set. Calculate the number
of components to keep and then solve for Ŵ . To test, we then apply the weights to the left out
test data Y T est to estimate the encoded fMRI data F̂ for the encoding part:
F̂ = Ŵ Y T est

(4.6)

While for the decoding model using the left out test data F T est :
Ŷ = Ŵ T F T est (Ŵ T Ŵ )+

(4.7)

Here, (Ŵ T Ŵ ) is not invertible, and so we use the pseudo-inverse.
At this point, we have F̂ , a m × p matrix with m-Voxels by p-trials. For each voxel j, we
calculate the correlation of F̂j with Fj , resulting in the matrices Rf M RI (Pearson Correlation
Map) and P f M RI (p-value map of the Pearson Correlation) that are m × 1. The P f M RI was then
converted to a z-score map. We construct the m × r weight matrix W by taking the average of all
the trained Ŵ matrices. To test which time windows were significant, we also calculate, RτEEG ,
the correlation between Ŷτ and Yτ .

Group level spatio-temporal analysis
For group level statistics, we first analyzed the RτEEG vectors across all subjects. The RτEEG
vectors were converted into their p-values, and for each time window (τ ), used to compute combined Stouffer p-values [51]. These group level results were then false discovery rate corrected
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Figure 4.3: Integrated EEG/fMRI Analysis Pipeline: A, A subject views the 3-AFC task with
random high or low stimulus evidence images of faces, cars, or houses. EEG (B) and fMRI (C) are
acquired simultaneously during the behavioral experiment with each modality pre-processed independently.
D, Processed EEG data is used to estimate time-localized discriminating components. Components (yτ ) are
estimated for each time window τ by a linear projection of the data so that that they optimally discriminate
high from low stimulus evidence on a trial-to-trial basis. E, The fMRI BOLD data is then used to build
an encoding model (F) of the reduced dimension component data using SVD regression on a subject-by-by
subject basis. G, The encoding model predicts the fMRI voxel responses from left out trials using only
the EEG discriminating components as input. To find group level voxels where our model prediction was
significant, each subject’s p-value maps for the leave-one-out correlation were converted into their respective
z-values and voxel-wise significance was calculated using threshold-free cluster enhancement (TFCE). A
group-level analysis is performed on the model weights (F). The model weights (F) vary across voxels,
windowcenters, and subjects (H). I, Spatio-temporal TFCE (stTFCE) is used to create statistical nonparametric maps (SnPMs) across all voxels and windowcenters while controlling for multiple comparisons.

(FDR) for multiple comparisons[17]. To identify group level voxels where our model predictions
were significant, each subject’s p-value maps for the leave-one-out correlation were converted into
their respective z-values and voxel-wise significance was calculated using threshold-free cluster enhancement (TFCE) using a non-parametric randomization procedure implemented in FSL [231].
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Figure 4.4: Single-trial correlations between temporally-localized discriminators. The Pearson
correlation image of each time window’s y-value correlation (R) averaged across subjects. Neighboring
time windows have higher correlations (R >0.65) than time windows more than 150ms apart (R <0.3).
The high correlations of the neighboring time windows creates instability in a regular general linear model,
thus our use of the SVD decomposition in our encoding model methodology.

Voxels were considered significant if they passed a conservative false discovery rate threshold of
p<0.01.
These significant voxels were then used as a mask to temporally localize activations by computing the voxels that were consistent in their direction ( positive (high stimulus evidence)/ negative
(low stimulus evidence) ) and timing (τ window). To this end, we implemented a spatio-temporal
TFCE (stTFCE) in both space (neighboring voxels) and time (neighboring time windows - response time window not included) and computed significance through a randomization procedure.
33000 permutations (1000 permutations per window) were run by randomly altering the sign of
each subject and the temporal ordering of the windows, as we were testing whether the weights
are consistent in sign, voxel space, and temporal window. P-values were calculated by comparing
the true stTFCE value with the distribution of permuted values. Again, voxels were considered
significant if they passed FDR correction at p<0.05 (high stimulus evidence: p <0.0019, low stimulus evidence: p <0.00036). Note, that now our number of multiple comparisons is the number
of voxels in the FDR-mask (20256) times the number of time windows (33). We analyzed the
response time separately with a standard TFCE randomization procedure implemented in FSL.
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Figure 4.5: EEG Discrimination and Encoding Model Results. A, The average area under the
receiver operating curve (AUC) for the sliding window logistic regression EEG discrimination analysis,
comparing high versus low stimulus evidence trials with standard error across subjects (shading). B, A
single subject’s discriminating y-value distributions for high (red) and low stimulus evidence (blue) trials
for two EEG time points (225ms and 600ms). C, Significant fMRI voxels resulting from the group level
analysis for the encoding model (p<0.01 TFCE-False Discovery Rate (FDR) corrected). Activity is seen
encompassing early visual processing regions, attention networks, and the task positive network (Fig. 4.6).
D, A random subset of 100 (50 for each stimulus evidence condition) from 700 total trials of the actual
(circle) and predicted (diamond) BOLD responses from the encoding model, for an example subject at
a single voxel (MNI X/Y/Zmm: -27/-54/-15, r=0.206, p <10−6 ). High and low stimulus evidence trials
are shown separately for clarity. E, The group average correlation of the predicted y-values with the true
y-values across the trial duration. Blue shading represents the standard error across subjects. Significant
(p<0.05 FDR-corrected) time windows across the group are noted by the shaded grey regions.

Perceptual decision movie
To visualize the spatiotemporal characteristics of the perceptual decision across the brain, we
have made a short movie of the activations from the encoding model analysis. Activations in the
movie were thresholded at p <0.01 stTFCE uncorrected. Please click here for the link.
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Figure 4.6: Significant voxels for the encoding model. After estimating the encoding model for each
subject (see Methods), we ran a non-parametric permutation test (10,000 permutations) across subjects
using each subject’s z-score map of the Pearson correlation p-value comparing the fMRI voxel response
and the models predicted response. Significant fMRI voxels resulting from the group level analysis for
the entire encoding model (p<0.01 TFCE-False Discovery Rate (FDR) corrected) are shown. Activity is
seen across the entire brain, encompassing early visual processing regions (cuneus, fusiform gyrus (FG),
lateral occipital cortex (LOC)), dorsal (intraparietal sulcus (IPS), frontal eye fields (FEF)) and ventral
(tempoparietal junction (TPJ), ventral frontal cortex (VFC)) attention networks, and the task positive
network (anterior insula (AI), anterior cingulate cortex (ACC), dorsolateral and ventrolateral prefrontal
cortex (dlPFC,vlPFC)). These significant voxels create the mask to be used later on the encoding model
weights.

Dynamic causal modeling
The encoding model described above provided timing information for BOLD activations sensitive
to the level of stimulus evidence. To validate this timing, we implemented single-state linear
dynamic causal modeling (DCM; [72, 235]) using DCM10 in SPM8,and applied this to the BOLD
data to test the hypothesis that the temporal sequence of BOLD activations we found in our
EEG-fMRI encoding method was most likely, relative to other possible sequences of these same
activations, given only the BOLD data. We used the results of the encoding model to select
seven regions of interest that spanned the entire trial. For the first region (labelled 175 in our
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figures), we computed the union of activations during the 175ms and 200ms windows. Activations
of the 225ms (225) and 250ms combined with 275ms (250) windows become the second and third
regions. We computed the union of activations during the 325ms and 350ms windows to create
the fourth (325). For the fifth region (400), we computed the union of the activations during
the 400ms-450ms windows. For the sixth region (650), we computed the union of the activations
during the 650ms and 675ms windows. Finally, the union of the activations during the 725-800ms
windows was computed to create the seventh region (725). We removed any overlapping voxels
between any of the regions and then extracted time series from individual subjects preprocessed
functional data in MNI space by estimation of the first principal component within each region.
We constructed 11 models to investigate the directed connectivity of these regions to validate
the temporal ordering found by the encoding model. Each model was feed-forward with first node
in each model as the input region. For five of the models, we randomized the temporal ordering
of the early regions (175, 225, 250) and the late regions (325, 400, 650, 725) separately. For the
other five models, we fully randomized the temporal ordering of all the regions. The final model
(11th) was the temporal ordering of the regions inferred from our EEG-fMRI encoding model
analysis.
We used fixed-effects Bayesian model selection (BMS) to compare these 11 models both on
a single-subject level and at the group level. BMS balances model fit and complexity, thereby
selecting the most generalizable model. It estimates the relative model evidence and provides
a distribution of posterior probabilities for all of the models considered. We also compared
families of similar models [194]; the model space was divided into two families (early/late or
fully randomized). Finally, we used Bayesian parameter averaging (BPA) to provide group-mean
intrinsic connection strengths and their probabilities for the winning model.

4.2.3

Results

Results of the EEG analysis show discriminant information for stimulus evidence spanning the
trial (see Fig. 4.5A), beginning roughly 175ms post-stimulus to past the response time. A dip
occurs around 300ms, indicating stimulus evidence is less discriminative at this time and serves to
demarcate early and late processes. The early process corresponds to the time of the D220 event
related potential (ERP), which has been shown to modulate with the degree of task difficulty,
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whether via stimulus noise or task demands [197]. The later and more prolonged component is
likely related to more cognitive and motor preparatory processes that differ between high and low
stimulus evidence trials.
We find these components to be discriminating but uncorrelated across the trial, Fig. 4.4
and 4.5B, indicating that while the task component (level of stimulus evidence) persists across
the trial, it couples to different processes that can be uniquely “tagged” by their trial-to-trial
variability since it is estimated independently at multiple time steps. An example of the quality
of the encoding model is shown in Fig. 4.5C (additional views in Fig. 4.6), where a highly
significant voxel from the full model is shown, with the trial plots in Fig. 4.5D showing the
trial-to-trial variability of BOLD signal at that voxel together with predicted variability given the
EEG and encoding model. The encoding model can also be evaluated as a decoding model with
the BOLD activity used to predict the trial-to-trial variability in the EEG for unseen data–data
for which the encoding model was not trained. Fig. 4.5E shows these results, expressed as the
correlation between the measured and predicted EEG trial-to-trial variability across the 800ms
epoch. The shape of the curve is highly consistent with that observed for the EEG data itself
(Fig. 4.5E) (additional analysis of the fidelity of the model is shown in, Fig. 4.8).
Given the encoding model, we can unwrap the BOLD activity across time by identifying when
during the epoch the weights for each voxel in the encoding model are significant. Fig. 4.9A
shows these results for a group level analysis. We see a progression of activity, at 25ms resolution,
which proceeds simultaneously down the dorsal and ventral streams of visual processing for the
first 250ms. After that the cascade becomes more complex with recurrent activations in the IPS
at 450ms and 775ms (see Fig.4.9B), feedback to SPL at 650ms and activation of ACC at 650ms
along with other regions (see Fig. 4.14 and 4.15 and Tables 4.2-4.4). The recurrent activity
is particularly significant since it would not be observable via a traditional fMRI general linear
model (GLM) analysis, which integrates over time. Specifically, the changing sign of the middle
temporal gyrus (MT) encoding weights in Fig.4.9B would manifest itself as no activity in the MT
for a traditional fMRI GLM analysis–the change in sign would cancel the effective correlation in
the GLM (see Fig. 4.1F and 4.2). The areas where we see activation are consistent with previous
reports in the literature [99, 198]; however, here, we are able to link activations across time and
to infer feedback that suggest richer dynamics than previously reported.
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4.2.4

Discussion

The goal of this work was to create a novel methodology for fusing EEG and fMRI that can
temporally ”tag” traditional fMRI activation maps. To this end, we used an encoding model to
fit fMRI voxel responses using decision relevant projections of EEG data across the entire trial
in one analysis step. This methodology differs from previous simultaneous EEG-fMRI fusion
techniques in a couple of important ways. First, encoding models have been used previously for
linking stimuli to voxel responses but never linking simultaneously collected EEG data. Second,
this methodology is agnostic to the temporal window of interest as we use the entire trial EEG
data as inputs to the encoding model. Third, because we use the entire trials worth of data, we
can decompose the traditional fMRI activations into the entire spatio-temporal cascade of neural
activations with high temporal resolution. Below, we discuss potential validation of our results
and possible future directions.
As a way to provide a validation of the dynamics inferred by our encoding model, we used
dynamic causal modeling (DCM) [72] to test the hypothesis that the temporal sequence we observe
is highly likely under a set of alternative sequences. Note that we do not directly use the EEG
or the time course that it predicts, based on the trial-to-trial variability, to fit the DCM models
in this analysis. Instead, we constructed sequential models using the spatially distributed BOLD
activations we obtained from our encoding model, creating an effective “node” at each time step
τ that represents the average hemodynamics across the spatial regions identified by the encoding
model (see Fig. 4.7a and 4.7b). We ran a DCM analysis that evaluates this model relative to two
families of models and 10 models together (see Fig. 4.10). We found that the most likely model
is the one consistent with the time course inferred from our encoding model.
Using trial-to-trial variability of temporally precise task relevant components in EEG enables
us to build a novel encoding model for temporally “tagging” BOLD data collected simultaneously
with EEG. We have shown that, for the case of components discriminative of stimulus evidence,
this variability can be used to tease apart the cascade of activity across the trial associated with
that component (see Fig. 4.11,4.12,4.13). In effect, the discrimination indexes the activity of
interest (e.g. level of stimulus evidence) and the trial-to-trial variability tags the timing. Clearly,
other EEG components that are task related and reflect attention or evidence accumulation processes can potentially also be useful to “tag” BOLD data, providing a way to observe positive and
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negative neural activity otherwise hidden in standard event related fMRI-only analyses, which
mask such activities due to their superposition across time. These single modality analyses are
also unable to observe the apparent processing feedback in the cascade that we can see in Fig.
4.9 in the SPL, IPS, MT, sLOC, and FG. In summary, we have shown that simultaneously acquired EEG/fMRI data enables a novel non-invasive pathway into the high resolution spatial and
temporal processing of the human brain with the potential for providing a more comprehensive
understanding of the neural basis of complex behaviors.
Contrast

Voxels

Cluster p-Value
−6

Hi>Lo

10841

p<10

Hi>Lo

6806

p<10−6

Hi>Lo

3718
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Hi>Lo

498
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Lo>Hi

2935

p<10−6

Lo>Hi

2012
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Lo>Hi
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Lo>Hi

692

0.000188

Lo>Hi
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0.000295

Lo>Hi

468
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z

MNI-X (mm)
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4.85
4.62
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5.3
5.14
4.83
4.74
5.46
5.37
3.82
4.88
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2.79
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3.44
3.36
4.09
3.6
3.57
3.73
3.69

-4
-28
-40
2
38
22
36
-2
-8
8
-60
-52
-54
-42
-42
-40
-32
-32
-6
-2
-8
-26
-32
-10
56
50
42
34
40
42
36
30

-58
-72
-60
-50
-46
-4
-80
58
54
56
-2
-12
10
30
6
6
26
24
24
22
32
-66
-64
-72
28
8
36
22
18
10
-50
-62

28
-10
22
26
-22
-16
-12
28
22
26
-20
-12
-24
18
30
36
-2
6
40
52
28
42
46
42
28
34
28
4
12
2
46
36

Precuneous
Occipital Fusiform Gyrus
Angular Gyrus
Posterior Cingulate Gyrus
Temporal-Occipital Fusiform Cortex
Amygdala
Lateral Occipital Cortex
Frontal Pole
Superior Frontal Gyrus
Superior Frontal Gyrus
Middle Temporal Gyrus
Superior Temporal Gyrus
Temporal Pole
Inferior Frontal Gyrus
Precentral Gyrus
Middle Frontal Gyrus
Frontal Orbital Cortex
Insular Cortex
Paracingulate Gyrus
Superior Frontal Gyrus
Anterior Cingulate Grys
Intraparietal sulcus
Superior Pareital Lobule
Precuneous
Middle Frontal Gyrus
Precentral Gyrus
Frontal Pole
Insular Cortex
Frontal Operculum Cortex
Central Operculum Cortex
Superior Pareital Lobule
Intraparietal sulcus

Table 4.1: Traditional High versus Low stimulus evidence BOLD response. Per-voxel thresholded
at p<0.005 then FWE cluster-corrected at p<0.01. Traditional fMRI voxel sizes were 2x2x2mm.
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(a)

(b)

Figure 4.7: Dynamic causal modeling regions of interest. (a), Regions of interest (ROI) had
large amounts of overlapping voxels. We calculated how much overlap there was between ROIs by
# of V oxels in both Comparison W indow and T arget W indow
. Final ROIs were then created by removing all
# V oxels in Comparison W indow
voxels that were not unique to an ROI. (b) shows the final ROIs created. Early timing ROIs (red, orange,
yellow) are concentrated in the early visual processing and sensory areas, while later ROIs (green, blue,
purple, violet) are spread throughout the cortex. The average time series from each of these regions form
the inputs into the dynamic causal modeling (DCM) analysis.

CHAPTER 4. DEVELOPMENT AND TESTING OF MULTIVARIATE MULTIMODAL
DATA FUSION TECHNIQUES
120

Figure 4.8: Decoding classification performance. (A), Fig. 4.5A showing the EEG classification
performance across the trial duration. To better understand the data, we split the 21 subjects into tertiles
based on total AUC, from the EEG discrimination, across the entire trial (B). In addition to assessing the
decoding model performance by finding the correlation of the predicted y’s with the real y’s, we computed
the AUC for each window given the predicted y’s from inverting the encoding model. (C), Decoding
accuracy (AUC, with standard error bars) for each temporal window when we invert the encoding model
and use it as a decoder. Results are for test data and then split by the same groupings (D) in (B). Our
results show that better EEG-only discrimination improves the decoded discrimination.
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Figure 4.9: Group-Level Encoding Model Weights Results. A, a subset of thresholded (p<0.05
FDR-Corrected, k=10) group level statistical parametric maps created by stTFCE randomization procedure on the encoding model weight matrices show the progression of spatial activity across the trial
(see Fig. 4.14 and 4.15 and Tables 4.2-4.4). B, Union across time windows of significant voxels for
high (red) and low (blue) stimulus evidence activations. Voxels with high and low activations at different time windows are displayed in green (Fig. 4.11). Yellow markers lead to displays of the weights in
the encoding model for specific voxels(fusiform gyrus (FG)-R:36/-51/-18,FG-L:-42/-42/-18,superior lateral occipital cortex (sLOC):24/-63/36,superior parietal lobule (SPL):27/-51/54, anterior cingulate cortex (ACC):-6/24/30,intrapariatel sulcus (IPS):-30/-60/39,middle frontal gyrus (MFG):-45/27/30, middle
temporal gyrus (MT):-57/-60/0) during the trial epoch. Asterisks indicate times that the weights are
significantly different from zero.
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Figure 4.10: DCM models and results. (a) shows each model configuration. Model 1 is the correct
ordering found from the encoding model results. Red nodes represent early windows (<300ms), while blue
nodes represent late windows. Models 2,3,6,7,8 are random orderings of the nodes that still preserved the
early/late timing structure. Models 4,5,9,10,11 are fully randomized. The inputs to each node are the
timings of stimulus onset for high and low stimulus evidence trials. Each model is designed to be feed
forward. (b,c) show the model posterior probability after running the bayesian model selection across all
models and model families (early-late/random). Model 1, along with the early-late family,is clearly the
most probable model, indicating our encoding model ordering is the most likely configuration of these
nodes in time.
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Figure 4.11: Significant voxels from encoding model weights analysis. Significant voxels (p <0.05
stTFCE FDR-corrected) found from the group-level encoding model weights analysis. Shown are the voxels
collapsed across all time windows displayed on the mean inflated brain. High stimulus evidence activations
are in red, while low stimulus evidence activations are in blue. Voxels where high stimulus and low stimulus
activations occur at different times across the trial in the same location are in green.
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Figure 4.12: High stimulus evidence activations. Shown are voxels with significant high stimulus
traditional fMRI (yellow) and encoding model weights (from Fig. 4.9) across the entire trial (red). Overlapping activations between the traditional fMRI and the significant encoding model weights are shown in
green.
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Figure 4.13: Low stimulus evidence activations. Shown are voxels with significant low stimulus
traditional fMRI (light blue) and encoding model weights (from Fig. 4.9) across the entire trial (dark
blue). Overlapping activations between the traditional fMRI and the significant encoding model weights
are shown in magenta.
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Figure 4.14: Significant activations during the perceptual decision. High (red) and low (blue)
stimulus evidence activations across time and space are shown. Activations span the entire trial and cortex
(Please see Table 4.2-4.4 for cluster sizes and locations).
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Figure 4.15: Significant activations during the perceptual decision. High (red) and low (blue)
stimulus evidence activations across time and space are shown. Activations span the entire trial and cortex
(Please see Table 4.2-4.4 for cluster sizes and locations).
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6
69
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42
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Lateral Occipital Cortex
Occipital Fusiform Gyrus
Superior Frontal Gyrus
Lateral Occipital Cortex
Lateral Occipital Cortex
Supramarginal Gyrus
Central Opercular Cortex
Lateral Occipital Cortex
Middle Temporal Gyrus
Temporal Occipital Fusiform Cortex
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Frontal Pole
Planum Polare
Superior Parietal Lobule
Precentral Gyrus
Frontal Pole
Occipital Fusiform Gyrus
Frontal Orbital Cortex
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R
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R
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R
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R
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15
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-45
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3
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0
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6
57
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54
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9
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Precentral Gyrus
Precentral Gyrus
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Middle Temporal Gyrus
Supramarginal Gyrus
Precentral Gyrus
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Hi
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Hi
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>Lo
>Lo
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23
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16
13
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R
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R
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L
L
L

-45
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-60
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-45
-51
-39
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-30
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9
-27
63
54
-15
-27
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21
60

Lateral Occipital Cortex
Cerebellum
Lateral Occipital Cortex
Superior Parietal Lobule
Temporal Occipital Fusiform Cortex
Cerebellum
Lateral Occipital Cortex
Parietal Operculum Cortex
Lateral Occipital Cortex

Lo
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>Hi
>Hi
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31
31
29
14

L
L
L
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-45
-18
-51
-9

36
-84
-15
0

18
39
48
72

Frontal Pole
Lateral Occipital Cortex
Postcentral Gyrus
Superior Frontal Gyrus

inferior division

200
inferior division
posterior division
posterior division
superior division
superior division

225
superior division

superior division
inferior division
anterior division
superior division
temporooccipital part

superior division

250
superior division

pars triangularis
temporooccipital part
posterior division

275
inferior division
superior division

inferior division
superior division

325
superior division

Table 4.2: Group Encoding Model results. Significance calculated by spatio-temporal Threshold Free
Cluster Enhancement with p<0.05 FDR corrected.
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L
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Cingulate Gyrus
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Frontal Pole
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anterior division

Hi >Lo
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R

57

0

24

Precentral Gyrus
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16

L

-3

-63

66

Lateral Occipital Cortex
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Lo >Hi
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36
18
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36
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24

3
30

Insular Cortex
Cingulate Gyrus
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Lo
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42
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15
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L
L
L
L
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-3
-45
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-57
-36
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15

30
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Table 4.3: Group Encoding Model results. Significance calculated by spatio-temporal Threshold Free
Cluster Enhancement with p<0.05 FDR corrected.
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Windowcenter
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10
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L
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R
L
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36
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30
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6
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24
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Postcentral Gyrus
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Lo
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Lo
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>Hi
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49
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11
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-66
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18
3
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3
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-45

39
39
27
3
27
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-15
39

Lateral Occipital Cortex
Precuneous Cortex
Middle Frontal Gyrus
Insular Cortex
Precentral Gyrus
Lateral Occipital Cortex
Middle Frontal Gyrus
Frontal Pole
Superior Parietal Lobule

superior division
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Lo
Lo
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Lo
Lo
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>Hi
>Hi
>Hi
>Hi
>Hi
>Hi
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45
45
29
23
17
14
12
10

L
L
L
R
R
R
R
R
L

-21
-48
-30
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9
30
9
18
-39
0

-66
3
21
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6
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3
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54
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Lateral Occipital Cortex
Middle Frontal Gyrus
Insular Cortex
Lateral Occipital Cortex
Precuneous Cortex
Superior Frontal Gyrus
Lateral Occipital Cortex
Frontal Pole
Temporal Occipital Fusiform Cortex
Superior Frontal Gyrus

L
L
R
L
R
L
L
L
R

inferior division

superior division
pars opercularis
anterior division
superior division
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inferior division
inferior division

superior division
anterior division
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inferior division
inferior division

superior division

725

750
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superior division

800
superior division

superior division

superior division

Table 4.4: Group Encoding Model results. Significance calculated by spatio-temporal Threshold Free
Cluster Enhancement with p<0.05 FDR corrected.
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Chapter 5

Improving fMRI sensitivity through
prospective motion correction
5.1

Introduction

For the EEG-fMRI experiments in Chapters 2-4, subjects were wearing an EEG cap and other
external electrodes. They were confined in the padded MR coil and outfitted with goggles from
which they viewed the experiments. The setup can be uncomfortable for subjects, which led to a
lot of movement during the experimental session. Due to motion, we typically must exclude 5-10%
of our subjects in our studies. Even after data rejection, motion artifacts can cause decreases in
signal to noise (SNR), which reduces the power of the study. Given the inherent low SNR in
simultaneous EEG-fMRI acquisitions, any subject head motion can add variability to the data
much larger than the signal of interest.
In this chapter, we will investigate prospective motion correction as a way to increase data
quality and thus statistical power for fMRI and EEG-fMRI studies. Specifically, prospective active
marker motion correction (PRAMMO), a hardware and software interface built for the Philips
1.5T Achieva, can improve statistical power for an fMRI study during normal subject movement.
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5.2
5.2.1

PRAMMO in fMRI
Introduction

Functional magnetic resonance imaging (fMRI), which exploits the blood oxygen level dependent
(BOLD) signal, is among the most widely used tools in cognitive neuroscience and neurobiology
and has recently been adopted as a clinical modality for detecting, assessing and tracking functional changes in neurological disease[53, 158, 189, 242, 253]. fMRI provides a non-invasive and
relatively high spatial resolution (2-3mm in-plane) method for observing functional activity from
the entire brain volume. It is used not only to investigate task-related changes in hemodynamics
[138], but also to probe brain networks [22, 37, 70, 86, 177, 206] and hemodynamic correlates of
other neural measures [83, 225, 254] during functional tasks, at rest, and during sleep [7, 50, 236].
The BOLD signal in fMRI is most commonly captured with echo planar imaging (EPI) sequences, which allow for the rapid acquisition of whole brain volumes on a slice-by-slice basis
at closely sampled time-points; an acquisition of the entire brain volume requires approximately
2 seconds. Typically, the BOLD signal of interest is very small (1-5%) relative to the overall
measured signal variability[207]. Therefore, data analysis relies on statistical methods that integrate information over multiple acquisition volumes, making them extremely sensitive to head
motion during the experimental protocol. Even small head movements during acquisition can
reduce BOLD signal sensitivity, for example by causing partial volume mixing effects due to the
relative slice alignment changing during acquisition, resulting in fluctuations in signal intensity
comparable to the signal of interest itself. These motion artifacts lead to inaccurate and poor
quality activation maps [71, 73, 91, 134]. While all subject populations are susceptible to motion
artifacts, these problems are likely to be exacerbated in clinical fMRI studies, as patients are more
likely to move than healthy volunteers [30, 73, 134, 209, 234].
To correct for head motion, fMRI studies typically use retrospective image analysis techniques,
most commonly FSL’s MCFLIRT [113] and SPM’s SPM REALIGN [74]. These algorithms estimate the parameters of the six degrees of freedom (6-df) transformation of a rigid body movement
by assuming the sequentially measured brain slices that make up a volume are a single rigid object,
and use these parameters to align all the slices in each volume in the data time series identically
after image acquisition. Retrospective alignment methods rely on interpolation schemes, which
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can blur the data and, further, cannot fully account for the effects of through-plane motion and
local spin history effects [74]. Also, these techniques commonly compensate for inter-volume movements, but neglect intra-volume movement between slices [182]. If subject motion occurs during
acquisition of a brain volume, slices within that volume would be captured at different angles
and/or spacing lengths violating the assumption of rigid body motion on which these techniques
rely.
Recently, a number of prospective realignment techniques have been developed that attempt
to keep constant the scan plane orientation and position with respect to the head, throughout
the acquisition. These methods aim to track the 6-df motions and correct the acquisition on-line.
Broadly speaking they can be classified into image-based methods [245] which can only correct for
inter-volume movements, navigator-based methods [62], which acquire extra data along various
three-dimensional k-space trajectories to estimate the 6-df [201, 251, 263, 265, 266], and markerbased methods which follow in real time the position of external markers attached to the head
either by optical tracking [69, 143, 204, 232, 280] or using MRI [56, 61, 64, 67, 136, 186, 187, 282].
Our group has developed prospective active-marker motion correction (PRAMMO) for structural
[187] and echo-planar brain scans and demonstrated potential advantages of the approach for
functional imaging [186, 188]. However, our initial experiments were done assuming substantial
and highly controlled motion as well as results reported for individual subjects.
Since most fMRI studies report results at the group level (across a subject population) the
true utility of prospective correction methods must be demonstrated across a more representative
population size, with realistic task paradigms and natural experimental conditions. So far no study
has investigated the effects of prospective active marker real time motion correction in this way,
and therefore it is difficult to determine if the extra cost and inconvenience of using a prospective
system is justified by a resulting improvement in data quality and statistical power. Here we
assess, in vivo, the difference in statistical power provided by PRAMMO versus conventionally
used retrospective techniques for three well-established visual and motor paradigms in a realistic
acquisition situation. We report the statistical effects of PRAMMO correction in fMRI at the
group level, showing it substantially increases both the size and significance of the activated
regions in all the paradigms. We further show that most of the improvement in the statistical
power arises from a small increase in effect size and reduction in variance.
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5.2.2

Methodology

Active Marker Tracking Device and Scan-Plane Update
Details of the tracking hardware and scan-plane update scheme have been previously presented[186,
187] and are briefly reviewed here. Motion tracking was performed using three active markers
integrated into a rigid plastic headband worn by the volunteer. Three markers in 3D space are
sufficient to fully describe any arbitrary rigid-body head motion. Each marker is a solenoid inductor, tuned and matched to 64.3 MHz, containing a small glass sphere (3 mm diameter) filled with
Gd-doped water solution. The markers are attached to a Synergy Multi-Connect box (Philips
Healthcare, Best, the Netherlands; by IGC Medical Advances), which then connects to the scanner
(see ref. [187], Fig. 1).
Real-time, slice-by-slice prospective correction in a single-shot EPI scan is achieved by interleaving a rapid track-and-update module into the imaging sequence before the acquisition of
each EPI-slice (see ref. [186], Fig. 1). The tracking module contains a short tracking pulsesequence of orthogonal one-dimensional projection-readouts that measures the three-dimensional
positions of the active markers. Because the markers are on separate receive channels, they are
measured simultaneously and unambiguously identified. The spherical samples are excited by a
weak, nonselective RF-pulse (Flip Angle=4/degree) from the volume coil, minimizing the effects
on imaged spins. A peak search and quadratic fit in frequency is used to estimate each marker’s
position along the projected axis. Previous studies have demonstrated measurement precision
and accuracy with this method to be 0.01 and 0.3 mm, respectively[186].
In the update module for every slice acquisition, the current marker positions are compared
with their initial reference positions (measured by the first tracking module at the beginning
of the scan), and the 6-df rigid-body transform (three rotations θx ,θy , θz ,and three translations
tx , ty , tz , given in the image coordinate-system) is calculated[249]. The transform is then fed
back to prospectively update the scan-plane of the next slice for rotational and translational
head motion-by dynamically modifying the relevant imaging RF, gradient, and data acquisition
attributes-before the subsequent EPI readout. The total time for each track-and-update is ≈25
msec.
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Subjects
Fourteen healthy subjects (3 female, ages 21-55) participated in this study. Two data sets were
discarded due to hardware malfunctions during the exam making our final n=12. Volunteers were
asked to remain motionless for all scans, as they would be during a typical functional imaging
protocol. The Columbia University Institutional Review Board (IRB) approved all experiments
and informed consent was obtained before each exam.
Paradigms
Prospective active marker motion (PRAMMO) correction was evaluated using three well-established
block design paradigms: Flickering checkerboard (FC), Face localizer (FL), and Finger tapping
(FT). For all the tasks, a block design that alternated between “control” and “stimuli” was presented. For the FC paradigm, stimuli blocks of 15s displaying a checkerboard flashing at 7Hz were
interleaved with 15s fixation cross control blocks. The stimuli blocks were repeated five times for
a scan time of 175s. In the FL paradigm, subjects were passively shown faces at a rate of 1Hz
for blocks of 20s interleaved with blocks of isointense Gaussian random noise images presented at
the same rate. The blocks were repeated six times for a scan time of 265s. For the FT paradigm,
the subject responded to the text “TAP!” by tapping his/her right fingers until “REST” was
displayed. These blocks were each 15s and were repeated 5 times for a scan time of 180s.
In each paradigm, two scans of PRAMMO “on” and two scans of PRAMMO “off” were
acquired in a random order blinded to the subject. For scans with correction “off,” all tracking
and geometry calculations were performed and logged but were not applied to update the scan
plane. A single TTL pulse sent from the scanner, at the start of the scan, to the presentation
computer provided precise timing control of the paradigm runs.
Data Acquisition
Experiments were performed on a 1.5-T Philips Achieva (Philips Healthcare, Best, The Netherlands). Imaging was performed with a standard quadrature birdcage coil, and tracking via activemarker headband. Slice-by-slice prospective correction (tracking parameters: TE/TR = 1.8/4.3
ms, FA = 4 degrees, resolution = 1 mm, rejection threshold = 10 mm) was applied to an axial,
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single-shot two-dimensional-EPI time series (imaging parameters: TE/TR = 40/1680 ms, FA =
80 degrees, FOV = 220 x 220 mm, voxel size = 3 x 3 mm, thickness/ gap = 5/1 mm, slices = 13,
phase-encode direction = right-left, shim = first-order [subject-specific], 76 repetitions for FC,
115 for FL, and 78 for FT).
Images were reconstructed using the scanner’s standard processing pipeline. Scan durations
increased due to extensive real-time logging of tracking information required at this developmental
stage, increasing the effective TR to 2.3s. Instead of full brain coverage with longer TRs, we chose
to increase the number of repetitions by reducing the number of slices per volume. With logging
disabled, scan duration is reduced by ≈27%. A single EPI scan with 25 slices was acquired to help
in registration along with a T1-weighted structural 3D-MPRAGE (TE/TR/TI/shot interval= 4
ms/ 8.3 ms/1000 ms/1500 ms, FA= 8, FOV=240 x 240 x 150 mm, voxel size = 1.25 x 1.25 x 2
mm, slices = 125, ETL =48, scan time=6:50 min:s). Respiration measures were taken for nine
of the subjects using the scanner’s respiratory bellows monitor (Philips Healthcare, Best, The
Netherlands) and continuously sampled at 500Hz throughout each scan.
fMRI preprocessing and analysis
To investigate the advantages of PRAMMO over standard retrospective motion correction techniques (e.g. as provided in SPM and FSL), we performed a general linear model (GLM) analysis
using the FMRIB software library [230]. All fMRI data, both PRAMMO “on” and “off”, was preprocessed with the following: brain extraction, spatial smoothing using a Gaussian kernel of 5mm
FWHM, and high-pass filtering with the high-pass cutoff at 100s. PRAMMO “off” scans were sent
through three separate analysis pipelines: 1) retrospectively motion corrected using MCFLIRT
[230] , 2) retrospectively motion corrected using SPM REALIGN (Statistical Parametric Mapping
v8 (SPM8), Wellcome Trust, London, UK) and 3) no motion correction. Retrospective motion
correction was not applied to PRAMMO “on” scans. Since the block design of the fMRI paradigm
makes slice-time correction unneeded we did not use it in most of our analysis although, to confirm it did not affect the comparison of PRAMMO “on” to “off” (because it mixes space and
time domains), a complete analysis of each paradigm was run using it. The full three-level (scan,
subject, and group) fMRI analysis was run separately for each experiment and motion correction
technique. Thus, 4 group level mixed-effects results were obtained for each functional paradigm,
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one from the PRAMMO “on” data and three from the PRAMMO “off” data. At each level,
activated regions that passed a corrected cluster threshold of p < 0.05 at a z-score threshold of
2.3 were considered significant.
In addition to the standard group mean for each motion correction technique, we ran three
fixed-effects paired t-tests at the subject level to compare PRAMMO with each retrospective correction technique-PRAMMO “on” to 1) PRAMMO “off” with MCFLIRT correction, 2) PRAMMO
“off” with SPM REALIGN correction, and 3) PRAMMO “off” with no motion correction, Activated regions were considered significant if they passed a voxel threshold of p < 0.001(uncorrected).
In a second analysis to explore the advantages of PRAMMO at the subject level, a region of interest analysis was used to compare subject level mean z-scores and mean beta and variance changes
from baseline. To create the ROIs for all three experimental paradigms, each motion correction
technique’s group level activation maps were thresholded at p < 0.001. The intersection of activated voxels across all four techniques was used as the paradigms region of interest. For each subject and motion correction technique, the means of the z-scores, beta and variance percent signal
change from baseline within the paradigm’s ROI were calculated. A paired Wilcoxon Signed Rank
test collapsed across experimental paradigms was used to determine significant within-subject differences between PRAMMO and retrospective motion correction techniques for z-scores, beta and
variance signal changes.
We also compared the subject motion recorded by the active markers between the “on” and
“off” trials. The mean RMS displacement as well as the mean relative (repetition-to-repetition)
RMS displacement was calculated for each trial. A group student’s t-test on the motion data in
total and within each paradigm was used to make sure the subjects’ movements were comparable.
POSSUM Simulations
Using FSL’s POSSUM simulation, we tested whether continuous motion leads to underestimation of the motion parameters by MCFLIRT. All simulations were on a brain of comparable
size and location to the real PRAMMO data (3x3x5mm with 13 slices and 1mm Gap), however
only 20 repetitions were simulated for computational reasons. The first simulation with synthetic
motion data (Fig. 5.9a) confirms the underestimation of motion by MCFLIRT. The average absolute displacement for the actual motion was 0.33mm and the estimated average displacement
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Figure 5.1: A. Motion plot (rotations and translations) as measured by the PRAMMO tracking coils (one
measurement per image slice) for a single scan. Rotations and translations in x (Red), y (Blue), and
z (Green) planes are shown. Note the respiratory oscillations in the motion data. B. Motion Estimate
Correlations. Points are the mean root mean squared (rms) deviations from the middle volume of each
scan session across all subjects. “Off” denotes scans in which PRAMMO was not applied but tracking coil
locations (Coil) were still logged. “On” denotes scans in which PRAMMO was on and applied. FSL “off”
and SPM “off” vs. the PRAMMO tracking coil show similar correlations. FSL “on” and SPM “on” vs. the
PRAMMO tracking coil exhibit non-linear correlation patterns indicating that in the PRAMMO on case,
subject motion has been corrected to a point where FSL and SPM are modeling noise image time series.

by MCFLIRT was 0.25mm. This trend is then repeated when the simulations are run with the
PRAMMO motion measurements (Fig. 5.9a-5.9c). In addition to testing the continuous motion
case, we tested whether instantaneous motion between volumes also makes MCFLIRT underestimate the amount of true motion. Fig. 5.9a plots the translations and absolute displacements for
the instantaneous motion case for the same synthetic motion data from Figure S6. For continuous motion, MCLFLIRT underestimated the amount of true motion by ∼ 24%; for instantaneous
motion, MCFLIRT underestimated the amount of true motion by ∼ 13%. Also, the RMSE for
continuous data was 0.0784mm, while the RMSE for instantaneous data was 0.0477mm.

5.2.3

Results

Motion Tracking
All group Students’s t-tests on the motion data indicate that the amount of motion was not
significantly different for all PRAMMO “on” (0.24 +/- 0.17 mm) and “off” (0.27 +/- 0.20 mm)
scans (p = 0.26 two-tailed Students t-test). There was also no difference between“on” and “off”
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within paradigms (p = 0.85 for FC, p = 0.13 for FL, and p = 0.86 for FT). Even though subjects
were instructed to remain still throughout the scan, small head drifts and respiratory movements
were common in the data. An example motion plot for a single scan is shown in Fig. 5.1A as well
as a finer temporal resolution of the same plot in Fig. 5.2.

Figure 5.2: Example translation plot of same
scan as Fig. 5.1 for the time window of 8090s. Circular markers are PRAMMO measurements.

To assess the performance of all the motion correction techniques, linear correlations of the
mean absolute root mean squared (RMS) motion measurements (PRAMMO) and estimates (FSL,
SPM) for both the PRAMMO “on and “off” scans are plotted in Fig. 5.1B. The linear correlation
between PRAMMO measurements and FSL estimates in the PRAMMO “off” case is displayed
as the blue fit (R2 = 0.76) while the correlation between PRAMMO measurements and SPM
estimates is the red fit (R2 = 0.74). In the PRAMMO “on” case, the green and cyan fits are the
correlations between PRAMMO measurements and FSL estimates (R2 = 0.38) and PRAMMO
measurements and SPM estimates (R2 = 0.26), respectively. As expected, the FSL and SPM
estimates were approximately equal to each other for both the “on” and “off” cases but showed
less of a relationship to the PRAMMO corrected motions in the “on” case. The mean estimated
motions for PRAMMO “on” scans by FSL and SPM were 0.10 ± 0.05mm and 0.12 ± 0.06mm.
The motion estimates from FSL and SPM only accounted for approximately 75% of the measured
motion in the “off” case (slopes = 0.74 ± 0.10 and 0.76 ± 0.11 95% CI respectively).
Subject Level and Traditional Group GLM of Motion Correction Data
At the single-subject level, each task elicited a strong BOLD response in task-related areas, which
is shown for a single voxel in the raw and smoothed data (Fig. 5.3,5.4). At the group level, brain
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Figure 5.3: Single voxel (MNI coordinates:16,-90,-2mm) time series of unsmoothed(A) and smoothed
data(B) for a single subject and run, showing both PRAMMO “on” and PRAMMO “off” data for the
Flickering Checkerboard experiment. The voxel was chosen as the max z-score for Group Level Mixed
Effects results for both PRAMMO “on”(z=6.19) and PRAMMO “off”(z=6.31) with no retrospective correction.

regions that passed the cluster threshold for each experimental paradigm and motion correction
technique are displayed in Fig. 5.5. The columns represent different motion correction techniques,
while the rows are the different experimental paradigms. The locations of activation are consistent
across techniques and appear in the expected regions for each paradigm: large activations in the
occipital lobe and visual cortex for FC, predominately right-sided Fusiform Face Area (FFA) and
Lateral Occipital Cortex (LOC) for FL, and left primary motor cortex for FT. Data corrected
with PRAMMO (PRAMMO “on”) consistently had larger cluster sizes and higher mean cluster
z-scores than the other motion correction methods. Cluster sizes (wide bars) and mean z-scores
(thin bars) for each paradigm and correction technique are reported in Fig. 5.6. No significant
difference in the results was observed when slice-timing correction was carried out (data not
shown).
Voxel-wise Paired t-test
Fig. 5.7 shows voxels where the PRAMMO “on” datasets have statistically higher activations
compared to PRAMMO “off” corrected with FSL, SPM, and when no retrospective motion correction technique is applied. The columns represent different motion correction techniques, while
the rows are the different experimental paradigms. Areas of increased statistical significance
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Figure 5.4: Group Average normalized single voxel time series (MNI Coordinate:16,-90,-2mm) for Flickering
Checkerboard with standard error on the A)unsmoothed and B) smoothed datasets. This plot concatenates
both runs for each subject. This plot shows that the single subject plot (Fig. 5.3) is representative of the
group. The voxel was chosen as the max Z-score for Group Level Mixed Effects results for both PRAMMO
on(z=6.19) and PRAMMO off(z=6.31) with no retrospective correction.

(p < 0.001 uncorrected) are located in the same areas as those found using the traditional group
general linear model (GLM). PRAMMO increased statistical significance in the occipital lobe and
visual cortex for FC paradigm and in the bilateral FFA as well as LOC for FL paradigm. No
significant difference was seen for the FT paradigm.
Region of Interest Analysis
The paradigms regions of interest were quite large, encompassing volumes of 26.6cc(3320 voxels)
for FC, 5.7cc(708 voxels) for FL, and 7.7cc(963 voxels) for FT. Mean z-scores and percent signal
change from baseline for Beta and Variance are plotted in Fig. 5.8. Bars represent mean across
all three experimental paradigms. A two-tailed paired Wilcoxon Signed Rank test was used to
determine significant differences between PRAMMO and the two retrospective as well as the
no correction techniques. An “*” indicates that techniques mean is significantly different from
PRAMMO at the p < 0.05 level. The ROI analysis shows PRAMMO has higher mean z-scores and
Betas than all three other techniques, and lower (no correction) or similar (FSL, SPM) Variance.
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Figure 5.5: Statistical z-score maps for the fMRI group analysis (n=12) of each motion correction technique
(columns) applied to all 3 experimental paradigms (rows). The first column shows the group results when
the data was acquired with PRAMMO “on”. The second, third and fourth columns are the results from
the data acquired without PRAMMO (PRAMMO “off). Columns 2 and 3 are retrospectively realigned
using FSL and SPM algorithms respectively. No motion correction algorithm is applied to the data in the
last column. Statistical maps are cluster thresholded by z > 2.3 and cluster significance p < .05. Color
bars are provided to show scales of activation.

POSSUM Simulations
The results of the simulations help clarify the discrepancy we are seeing between the PRAMMO
measurements and MCFLIRT and SPM estimates in the real data. First, Fig. 5.1B seems to
capture an accurate representation of the relationship between recorded motion and retrospectively estimated motion. Secondly, the difference between the measurements and recordings can
be broken down into two categories a small underestimation bias inherent to the retrospective algorithms and an additional bias due to continuous motion. The addition of continuous motion can
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}

PRAMMOoff

Figure 5.6: Cluster Size and Mean z-score bar plots. Quantitative analysis of the group level (n=12)
cluster activation sizes and mean z-scores within the cluster for all 3 paradigms and the bilateral clusters
for the Face Localizer experiment. The wide bars represent the number of activated voxels in the significant clusters, while the thin bars represent the mean z-score within that cluster. In all experiments,
PRAMMO provided larger significant clusters compared to retrospective motion correction techniques or
to no correction.

cause blurring in the image, which can then reduce the accuracy of the retrospective algorithms.
On top of this blurring, motion during volume acquisition can cause slices to be misaligned. This
misalignment can be exacerbated during interleaved scans where the misalignment is distributed
through the entire brain (neighboring slices are more likely to be misaligned). Continuous motion
invalidates rigid body assumptions that both FSL and SPMs least-square algorithms depend on.
The simulations translation plots also points to areas that cause the underestimation. Sinusoidal
movements within a volume acquisition (Fig. 5.9a-5.9c) can be one of the main causes of underestimation. If we assume that the estimates of motion are the average of the actual motion
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Paired t-test Comparison
PRAMMOon vs. Retrospective Techniques with PRAMMOoff
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Figure 5.7: Paired t-test comparing PRAMMO “on” vs. Retrospective Techniques. The first column shows
z-scores of a group paired t-test showing the areas of increased statistical power for PRAMMO “on” data
compared to PRAMMO “off data that has been retrospectively aligned using FSL’s MCFLIRT, SPM’s
spm realign algorithm, and No Retrospective Correction for Flickering Checkerboard and Face Localizer
paradigms (rows). Maps are thresholded at p < 0.001 (uncorrected). Results for Finger Tapping paradigm
did not pass threshold and therefore are not shown.

throughout the volume than sinusoidal motion would cause a significant underestimation of the
true motion.
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Figure 5.8: Region of Interest Analysis Bar plots. A. Mean subject level ROI z-score across all subjects
and experiments. Each bar represents the mean of 36 (12 subjects x 3 experiments) mean z-scores. B.
Percent signal changes from baseline for the betas and variances across all subjects and experiments. A
“*” indicates significant difference from PRAMMO at the p < 0.05 level, Wilcoxon Paired Signed Rank
Test.
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5.2.4

Discussion

This paper demonstrates that our prospective active marker motion correction system, PRAMMO,
provides significantly higher quality activation maps compared to standard retrospective motion
correction techniques during three common fMRI experiments. Not only did our system provide
larger activation areas but also statistically significant increases in z-scores for activated regions
at the group level which appeared to be due to both a small increase in β-values and a decrease
in the residuals of the individual subject GLM fits.
Most studies have analyzed their prospective motion correction systems for fMRI by calculating a quality metric of images taken with the prospective correction “on” and comparing it with
the correction “off” for cases with and without motion [201, 232, 251, 263, 265, 280]. Our previous
study analyzed PRAMMO not only by a quality metric but also by simulating an fMRI experiment, which showed PRAMMO increased statistical significance in activated regions of interest
over retrospective techniques in the “deliberate motion” case[186]. We subsequently confirmed
these results in an actual fMRI experiment involving a breath-holding task[188]. One study by
Speck et al. showed that their optical correction system increases the number of activated voxels
while decreasing both false positives and false negatives in an in-vivo visual fMRI paradigm[232].
However, this study involved exaggerated ± 15 degrees rotation every 10 seconds, and a small
sample size (n=2).
In our present study, the subjects’ heads were not fixed although they were instructed to keep
as still as possible which still allowed for free motion during the scans. Using the positions of
the active marker, we showed that the type and range of movement was consistent across scans
and subjects and within the range of a typical fMRI experiment (<1mm RMS displacement).
After retrospective correction, we compared the FSL and SPM REALIGN algorithm’s motion
estimates to PRAMMO’s active marker measurements. The high coefficients of determination for
FSL (R2 = 0.74) and SPM (R2 = 0.76) indicate good agreement with PRAMMO. However, there
is a discrepancy of ≈25% between the measured motion and estimated motion for both FSL and
SPM . The reduction in accuracy could be due to image blurring and slice misalignment during
acquisition when movement is present. Interestingly, both algorithms assessed their accuracies
by taking motion estimates and applying the 6-df transforms to sample datasets and running
their motion correction techniques[73, 113] with reported accuracies of ≈0.1mm. However, the
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algorithms can only process inter-volume registrations, and thus intra-volume movements, which
in effect change the shape of the imaged brain from volume to volume, may affect the algorithms’
accuracies when compared to PRAMMO. It has been previously shown using an MRI simulator
that continuous motion during an EPI time series can increase the RMS error of parameter
estimation by a factor of 1.7[59, 60]. To confirm that we are seeing an underestimation by FSL
and SPM and not an overestimation by our tracking coils, we replicated the results of Drobjnak et
al. with both synthetic and PRAMMO recorded motion data (Fig. 5.9a-5.9c). FSL consistently
underestimates the amount of motion similar to our real data. Further experiments are need to
confirm, but our results indicate that we may be observing a true underestimation of motion by
retrospective techniques with real data.
For runs when PRAMMO is on, and thus the subject motion is being corrected in realtime, the coefficients of determination are smaller (R2 = 0.38 for FSL and R2 = 0.26 for SPM),
suggesting that the retrospective algorithms are modeling noise in the images instead of motion
since the motion has been effectively removed. As a further validation of the success of the
PRAMMO feedback, the estimated error for both FSL and SPM motion correction routines (the
vertical spread of the PRAMMO on points in Fig. 5.1B) is approximately 0.1mm, the same
value reported for the accuracy of these routines. This strongly suggests that the underlying data
represents an unmoving head since if there were extra motion it should increase the expected
variance.
For each paradigm, group level fMRI maps using PRAMMO either had larger clusters and/or
higher mean z-scores than those using the retrospective correction techniques. In the FC paradigm,
the PRAMMO map’s activation size was over 10% larger that of FSL, SPM and the no correction
analysis. The FL and FT paradigm showed similar results. Also, only PRAMMO preserved the
cluster in the Supplementary Motor Cortex for the Finger Tapping experiment. This highlights
PRAMMO’s effect on improving statistics in areas close to a tissue/CSF or tissue/air boundary,
such as the FFA or orbito-frontal regions of the brain, where small through-plane motions can
have a larger impact on signal degradation. The PRAMMO cluster also covers more of the inferior part of the post-central gyrus compared to all the other techniques for the FT paradigm.
These increases in size of the activated regions are consistent with Speck at et al, who have also
described significant increases in activation in a visual paradigm with their optical system[232].
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Figure 5.9: (a), POSSUM Motion Simulation results with synthetic motion data. Translations (left) and
absolute displacement (right) is displayed in the two graphs. Asterisks represent estimated motion from
MCFLIRT. The mean absolute displacement for both the real (red) motion and MCFLIRT (blue) estimated
motions are shown by the straight dotted line. The absolute displacement RMSE for MCLIRT for this data
is 0.0784mm. (b),POSSUM Motion Simulation results with real PRAMMO measurement motion data. (c),
POSSUM Motion Simulation results with instantaneously sampled synthetic motion data. The absolute
displacement RMSE for MCFLIRT for this data is 0.0477mm. This indicates that continuous motion may
cause an increase in RMSE by a factor of 1.65.

While the group activation maps show PRAMMOs ability to increase cluster size at the group
level, the reason for this improvement is not entirely clear due to the mixed-effects model. To
investigate this further, we ran both a Voxel-wise paired t-test and a Region of Interest analysis
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to determine how and in what areas PRAMMO produces better activations. The paired t-test
indicates that within subjects, PRAMMO has higher activations at the center of the clusters (Fig.
5.7).
Also, an ROI approach was used to further investigate within-subject differences. We showed
that PRAMMO significantly increases mean z-scores across large ROIs and paradigms. FSL and
SPM have reduced z-scores compared to PRAMMO because the blurring caused by interpolation
during retrospective correction reduces FSL and SPMs beta estimates. Both algorithms reduce
the variance compared to no retrospective correction; however, PRAMMO reduces the variance
without lowering the beta estimate and therefore maintains higher z-scores (Fig. 5.8). PRAMMO
significantly increases z-scores compared to no retrospective correction by lowering both the GLM
variance (two-sided paired Wilcoxon Signed Rank test, p=0.07) and by slightly increasing the beta
estimate (two-sided paired Wilcoxon Signed Rank test, p = 0.12). Previous prospective motion
correction studies with fMRI paradigms[232, 263] attribute their improved results to a drop in
variance. However, this claim was never investigated or shown with experiments.
Gaussian smoothing creates another potential confound in this analysis. The smoothing links
the spatial extent and amplitude so as to make it difficult to decipher whether PRAMMO has
larger clusters in the group results because of higher amplitude at the center or if PRAMMO
increases signal and decreases variance in a larger area. To address this concern, we reran the
entire subject and group analysis without smoothing and instead of using Family-Wise Error
Correction (which requires a smoothness estimate), we used False Discovery Rate to correct for
multiple comparisons. Similar to the smoothed results, at the subject level PRAMMO slightly
increases the number of voxels that pass threshold. To compare to the smoothed datasets group
results, we ran the group level mixed effects analysis with FDR correction. These results indicate
that the increase in cluster size at the group level is due to an increase in signal and decrease in
variance across a large area and not just at the center of the clusters.
Presumably, PRAMMO creates higher quality activation maps by updating the image axis
with every slice acquisition, which reduces the volume of spins with incorrect spin-excitation
history entering the imaging plane by keeping the scan orientation the same for each measurement
and also by removing the blurring caused by interpolation during retrospective correction. Using
PRAMMO, the captured brain volume is a true rigid body, and thus the assumption of fMRI image
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analysis–that each voxel represents the identical brain region across the data time series–holds
true.
A potential drawback of our experimental design was that each paradigm had only two scans
for PRAMMO “on” and “off”. This may allow for one “on” or “off” scan in which the subject was
not paying as much attention to bias the results. However, we dont believe this to be a serious
issue as the subject was blinded to when PRAMMO was “on” or “off” and the data is consistent
across a large number of subjects and paradigms.
Since in fMRI the temporal sampling of the brain volume is slow (e.g TR 2-3 s) relative to
the frequency of significant movement by the subject, methods which enable both inter and intra
volume correction offer the most potential to improve SNR and sensitivity of hypothesis testing.
The results we report here thus demonstrate that inter and intra volume correction via real-time
tracking of active-markers increases sensitivity to BOLD signal changes so as to substantially
improve statistical power at the group level.
In summary, we have shown that PRAMMO significantly increases the spatial extent and/or
mean statistical significance of task-specific BOLD signals acquired in fMRI studies having typical amounts of subject motion. Our results are consistent with previous research[186, 232] but
have further demonstrated the utility of the technique via increasing the number of subjects and
showing that prospective motion correction not only improves individual subject data, but also
statistically improves fMRI results at the group level, relative to commonly used retrospective
techniques. Given that this increase was found for motion under half a voxel in size, our results
show that PRAMMO could have a significant impact for fMRI studies with even the most compliant (e.g. minimal motion) subjects. Our earlier work[186, 188] has shown that PRAMMO is
effective for larger amplitude motion as well, and thus, is useful for imaging less compliant subjects, challenging clinical or pediatric populations, or states such as sleep where motion over time
may become problematic. As our prospective active marker correction can be implemented with
relatively minor changes to hardware and software and can be added to any clinical or research
scanner with multi-channel capability, PRAMMO would be feasible for use in most clinical or
research settings. It should be noted as well that PRAMMO can be added to other functional
sequences such as connectivity mapping or arterial spin labeling (ASL), spectroscopic imaging,
tract mapping such as diffusion tensor imaging (DTI), or other anatomical sequences to minimize
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the effects of motion on data quality for these types of images as well. Thus, as PRAMMO improves fMRI data significance at both the individual and group level, it may facilitate imaging
of challenging subjects or populations who may otherwise not be able to be adequately imaged.
And, as it can easily be added to a multitude of data acquisition paradigms, PRAMMO could
have wide impact on both neuroscientific and clinical functional as well as anatomical imaging.
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Chapter 6

Concluding Remarks and Future
Directions
The goal of this dissertation was to use neuroimaging to study the effect of expertise on brain
network dynamics during rapid perceptual decision making tasks, specifically the split-second
decisions faced by elite baseball batters. To this end, it was necessary to develop novel stimuli and experimental methodology to study the brain network dynamics of baseball expertise in
both the temporal domain (EEG) and spatial domain (fMRI). This dissertation provides the first
experiments into the brain network dynamics of expert baseball players using high density EEG
and fMRI both independently and combined through simultaneous EEG-fMRI. This work focused
on leveraging the complementary strengths of the two neuroimaging modalities (EEG,fMRI) to
create novel fusion techniques that can provide richer network dynamics than either modality
can separately provide. On top of the methodologies for simultaneous EEG-fMRI fusion, this
dissertation also showed that motion correction hardware can be implemented to significantly improve signal-to-noise for fMRI acquisition by reducing motion artifacts, which highly contaminate
simultaneous EEG-fMRI data.
The first step to study baseball batter expertise was to show that novel baseball-derived
stimuli can produce neural correlates of perceptual decision making with sufficient SNR in EEG,
fMRI, and simultaneous EEG-fMRI. Chapter 2 showed that a this novel stimuli elicited neural
correlates of baseball-pitch recognition in both the EEG (Fig. 2.2), fMRI (Fig. 2.9,2.12), as well
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as simultaneous EEG-fMRI (Fig. 2.8,2.12). These results laid the methodological groundwork to
study expertise using single-trial analyses.
Chapter 3 provided the main experiments studying the effects of baseball expertise in perceptual decision making. The experiments were conducted on Division I baseball players and
non-baseball playing undergrads using EEG and simultaneously collected EEG-fMRI. The stimuli developed from earlier experiments were used in a Go-NoGo paradigm to study the different
neural dynamics of expert baseball batters compared to novices. Expert baseball players showed
behavioral differences in all of the experiments as well as neural differences during the preparatory,
the perceptual, and even after the decision phase of the trial in both the EEG and EEG-fMRI
experiments. We also found that experts had significantly different brain network connectivity
patterns in a post-task resting state analysis. The overlapping nature of the EEG and simultaneous EEG-fMRI experiments allowed us to show that the neural differences in baseball expertise
during perceptual decision making were consistent in separate experiments.
These results indicate a different cognitive process unfolding for expert and novice baseball
batters as they perform the baseball-like tasks studied here. We find here correlative evidence
that these neural differences translate into higher behavioral accuracies and faster response times
in experts. These spatio-temporal neural differences, beginning as early as 200ms before the pitch
trajectory starts and lasting up to 700ms afterwards, spatially located in the SMA, FG, SFG,
MT, paracingulate gyrus and temporal pole among other areas, provide evidence for an enhanced
perception-action coupling and embodied cognition in the expert group. These findings reinforce
many studies implicating these areas in mediating visual prediction and expertise [12, 13, 19, 44,
76, 137]. We also find that our results confirm many prior fMRI studies showing that athletes
have stronger activations in the action observation network while they observed or listened to the
domain of their expertise [10, 18, 21, 38, 130, 131, 164, 211, 272].
Chapter 4 expands upon the multivariate multi-modal fusion methodologies developed in
Chapter 3. Previous work on simultaneous EEG-fMRI fusion, generally only use a priori EEG data
to regress onto the fMRI data [29, 52, 83, 106, 111, 112, 152, 159, 178, 181, 185, 198, 256, 257, 261].
Thus these methods do not use the entire EEG signal and instead only analyze specific ERP components or time windows of interest. Also, these methodologies only find regions that modulate
the specific components of interest and cannot provide timing information of the traditional fMRI
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contrasts. The encoding model developed in this dissertation provides a framework to begin to
label voxels in traditional fMRI contrasts with their timing information—not relative to another
voxel, but with sub 50ms precision while being completely non-invasive. This encoding model was
able to tease apart traditional fMRI activation maps into their temporal order with significant
voxel overlap between the encoding model results and traditional results. The encoding model
was also able to show regions that are activated at multiple time points throughout the decision,
indicating temporal dynamics that were hidden previously. The temporal ordering of the regions
found match closely with previous research studying general mechanisms of perceptual decision
making [99, 198]; however, the work here provides the temporal decomposition of these previously
found regions of activation.
High quality artifact free data is optimal in order for all of these novel methodologies to work.
In Chapter 5, prospective active marker motion correction (PRAMMO) was shown to statistically
improve fMRI image quality for task-based analyses. This work shows that data quality and tools
to improve data quality are extremely important for fMRI analysis and especially simultaneously
collect EEG-fMRI data. This work showed the SNR improvement of using PRAMMO correction
in fMRI at the group level.
The expertise work conducted in this dissertation raises ample open questions for future research. Possible future research can focus on how differing levels of baseball expertise (collegiate,
minor, and major league skill levels) modulate the same areas we found here. What possible
neural markers can be found that correlate with on-field performance? How much of the neural
differences were trained versus innate to the players? Can neural feedback or neural stimulation
enhance or disrupt the perception-action coupling exhibited by the experts? While these questions lay outside the scope of this dissertation, the work here provides a roadmap to begin to
answer these questions.
The main focus of this dissertation was on baseball expertise, however, the multimodal fusion
methodology developed in Chapters 3 and 4 provide novel tools to study group differences using
EEG-fMRI. The work in Chapter 3 was the first time simultaneous EEG-fMRI was used to
study expertise, while the work in Chapter 4 developed a data driven encoding model EEG-fMRI
fusion methodology for perceptual decision making tasks that can provide millisecond temporal
and millimeter spatial resolution with unprecedented accuracy, and Chapter 5 provided an extra
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tool to improve data quality during EEG-fMRI collection. These tools taken together provide
researchers with another dimension—temporal ordering of brain activations— to probe behavioral,
psychological, or even compromised states during perceptual decision making.
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Calvo-Merino, B., Grèzes, J., Glaser, D. E., Passingham, R. E., & Haggard, P. (2006). Seeing or Doing?
Influence of Visual and Motor Familiarity in Action Observation. Current Biology, 16 (19), 1905–1910.

[39]

Capotosto, P., Babiloni, C., Romani, G. L., & Corbetta, M. (2009). Frontoparietal cortex controls spatial
attention through modulation of anticipatory alpha rhythms. The Journal of neuroscience : the official
journal of the Society for Neuroscience, 29 (18), 5863–5872.

[40]

Cassim, F., Monaca, C., Szurhaj, W., Bourriez, J.-L., Defebvre, L., Derambure, P., & Guieu, J.-D. (2001).
Does post-movement beta synchronization reflect an idling motor cortex? NeuroReport, 12 (17).

[41]

Chein, J. M., & Schneider, W. (2005). Neuroimaging studies of practice-related change: fMRI and metaanalytic evidence of a domain-general control network for learning. Brain research. Cognitive brain research,
25 (3), 607–623.

[42]

Chen, X., Scangos, K. W., & Stuphorn, V. (2010). Supplementary motor area exerts proactive and reactive
control of arm movements. J Neurosci, 30 (44), 14657–14675.

[43]

Cheong, D., Zubieta, J.-K., & Liu, J. (2012). Neural correlates of visual motion prediction. PloS one, 7 (6),
e39854.

REFERENCES

158

[44]

Cheung, O. S., & Bar, M. (2012). Visual prediction and perceptual expertise.

[45]

Clark, A. (1999). An embodied cognitive science? Trends in cognitive sciences, 3 (9), 345–351.

[46]

Conroy, B. R., Walz, J. M., & Sajda, P. (2013). Fast bootstrapping and permutation testing for assessing
reproducibility and interpretability of multivariate FMRI decoding models. PloS one, 8 (11), e79271.

[47]

Coull, J. T., Frith, C. D., Frackowiak, R. S. J., & Grasby, P. M. (1996). A fronto-parietal network for rapid
visual information processing: a PET study of sustained attention and working memory. Neuropsychologia,
34 (11), 1085–1095.

[48]

Dakin, S. C., Hess, R. F., Ledgeway, T., & Achtman, R. L. (2002). What causes non-monotonic tuning of
fMRI response to noisy images? Current biology : CB , 12 (14), R476–7; author reply R478.

[49]

Dale, A. M. (1999). Optimal experimental design for event-related fMRI. Human brain mapping, 8 (2-3),
109–114.

[50]

Dang-Vu, T. T., Schabus, M., Desseilles, M., Albouy, G., Boly, M., Darsaud, A., Gais, S., Rauchs, G.,
Sterpenich, V., Vandewalle, G., Carrier, J., Moonen, G., Balteau, E., Degueldre, C., Luxen, A., Phillips, C.,
& Maquet, P. (2008). Spontaneous neural activity during human slow wave sleep. Proceedings of the National
Academy of Sciences of the United States of America, 105 , 15160–15165.

[51]

Darlington, R. B., & Hayes, A. F. (2000). Combining independent p values: extensions of the Stouffer and
binomial methods. Psychological methods, 5 , 496–515.

[52]

De Martino, F., Valente, G., de Borst, A. W., Esposito, F., Roebroeck, A., Goebel, R., & Formisano,
E. (2010). Multimodal imaging: an evaluation of univariate and multivariate methods for simultaneous
EEG/fMRI. Magnetic resonance imaging, 28 (8), 1104–12.

[53]

DeCharms, R. C., Maeda, F., Glover, G. H., Ludlow, D., Pauly, J. M., Soneji, D., Gabrieli, J. D. E., &
Mackey, S. C. (2005). Control over brain activation and pain learned by using real-time functional MRI.
Proceedings of the National Academy of Sciences of the United States of America, 102 , 18626–18631.

[54]

Delorme, A., & Makeig, S. (2004). EEGLAB: an open source toolbox for analysis of single-trial EEG dynamics
including independent component analysis. J Neurosci Methods, 134 (1), 9–21.

[55]

Delucia, P. R., Cochran, E. L., PATRICIA, R., & LUCIA, D. (1985). PERCEPTUAL INFORMATION FOR
BATTING CAN BE EXTRACTED THROUGHOUT A BALL’S TRAJECTORY. Perceptual and motor
skills, 61 (1982), 143–150.

[56]

Derbyshire, J. A., Wright, G. A., Henkelman, R. M., & Hinks, R. S. (1998). Dynamic scan-plane tracking
using MR position monitoring. Journal of Magnetic Resonance Imaging, 8 , 924–932.

[57]

Dinomais, M., Minassian, A. T., Tuilier, T., Delion, M., Wilke, M., N’Guyen, S., Richard, I., Aube, C., &
Menei, P. (2009). Functional MRI comparison of passive and active movement: possible inhibitory role of
supplementary motor area. Neuroreport, 20 (15), 1351–1355.

[58]

Donders, F. C. (1969). On the speed of mental processes. Acta psychologica, (pp. 412–431).

[59]
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