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A large corpus of data has demonstrated the sensitivity of behavioral and neural measures to variation in the
availability of reward. The present study aimed to extend this work by exploring reward motivation in an
RSVP task using complex satellite imagery. We found that reward motivation significantly influenced neural
activity both in the preparatory period and in response to target images. Pre-stimulus alpha activity and, to a
lesser degree, P3 and CNV amplitude were found to be significantly predictive of reward condition on single
trials. Target-locked P3 amplitude was modulated both by reward condition and by variation in target detect-
ability inherent to our task. We further quantified this exogenous influence, showing that P3 differences
reflected single-trial variation in P3 amplitude for different targets. These findings provide theoretical insight
into the neural indices of reward in an RSVP task, and have important applications in the field of satellite im-
agery analysis.

© 2012 Elsevier Inc. All rights reserved.
Introduction

People are able to recognize target images very reliably even when
presented with successive images for a tenth of a second or less
(Keysers et al., 2001; Thorpe et al., 1996), and even when asked to
search according to general descriptions rather than specific low-level
perceptual features (Intraub, 1981; Potter, 1975). Complementing this
behavioral evidence, neuronal recordings have tracked the emergence
of category-specific activity in occipitotemporal cortex of both humans
(Liu et al., 2009) and non-human primates (Hung et al., 2005) within
100 ms of stimulus presentation. These findings bear on fundamental
theoretical issues in vision—in particular, the necessity of recurrent in-
formation flow for rapid and accurate perceptual processing (Thorpe
and Fabre-Thorpe, 2001; Serre et al., 2007)—and have important practi-
cal applications: Emerging technologies in military and industrial
settings produce vast quantities of data that potentially outstrip the pro-
cessing capacity of human operators. Harnessing the speed of sight in
these settings, for example by presenting relevant imagery in rapid seri-
al visual presentation (RSVP) format, in which a quick succession of im-
ages is presented at fixation, promises to alleviate these problems of
, University of Essex, Wivenhoe
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information overload—a focus of current research in the field of aug-
mented cognition (Mathan, 2008).

The present study investigated the impact of motivational (endog-
enous) and stimulus-driven (exogenous) influences on behavior and
neural activity in RSVP search for operationally relevant target
stimuli: military–industrial sites in satellite imagery. Previous re-
search with such stimuli has focused on the use of target-related neu-
ral activity—primarily the P3 component of the scalp-recorded
electroencephalogram (EEG)—in brain–computer interfaces to com-
plement or replace overt motor responses for signaling target detec-
tion (e.g., Gerson et al., 2006; Mathan, 2008; Mathan et al., 2006a,b,
2008; Parra et al., 2008; Poolman et al., 2008). Here we were addi-
tionally interested in EEG activity preceding task performance that
might be indicative of users’ attentional or motivational state and,
hence, might be predictive of their level of task performance. Positive
evidence on this point would have theoretical and practical signifi-
cance. Sensitivity of RSVP detection to motivational factors would in-
dicate that fast perceptual processing of complex visual stimuli is
subject to endogenous modulation, complementing and extending
recent evidence from experiments using near‐threshold detection
paradigms (e.g., Ergenoglu et al., 2004; Hanslmayr et al., 2005,
2007). Practically, neural measures of user state might prove useful
in brain–computer interfaces to flag periods of reduced motivation
or attentional focus in which missed targets or false alarms would
be more likely (Grier, et al., 2003; Mathan et al., 2006a). Indeed, re-
cent evidence has highlighted neural markers that directly correlate
with trial-to-trial variations in participants’ self-reported attentional
state (Macdonald et al., 2011). The present study utilized similar
single-trial analysis techniques (Parra et al., 2002) to assess the
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potential utility of both ERP and oscillatory EEG activity in assessing
participants’ motivation on single trials.

Wemanipulatedmotivation via reward: In some blocks of trials, our
participants received a financial reward for good performance in the
RSVP detection task,while in others they received nofinancial incentive.
A large corpus of data has demonstrated the sensitivity of behavioral
and neural measures to variation in available reward (Pessoa and
Engelmann, 2010), accompanied by increased activity in frontoparietal
networks implicated in visual attention (Engelmann et al., 2009).

Of particular relevance here are previous reports of the impact of
reward incentives on activity in the scalp-recorded EEG. Such effects
have been investigated both in relation to the processing of stimuli
associated with reward, and in relation to anticipatory pre-stimulus
activity. Regarding the former, numerous studies have shown that
the amplitude of the P3, an ERP marker of the processing of motiva-
tionally significant events (e.g. Donchin and Coles, 1988; Polich and
Criado, 2006), is modulated as a function of reward (Ramsey and
Finn, 1997; Yeung and Sanfey, 2004; Gruber and Otten, 2010). Mean-
while, pre-stimulus ERP effects of reward have been studied in rela-
tion to the contingent negative variation (CNV), a slow negative
potential that develops prior to the onset of stimuli to which partici-
pants are required to make some form of response (Walter et al.,
1964). The results have been somewhat mixed. For example, whereas
some studies report variability in CNV amplitude as a function of
whether warning signals are associated with reward or punishment
(Pierson et al., 1987), other studies have reported negative results
(Sobotka et al., 1992). Adopting a blocked design similar to the
present study, Goldstein et al. (2006) explored the effect of reward
on a ERP activity during preparation for the onset of a task relevant
stimulus, with participants earning rewards for fast responses in
some blocks but not in others. They found that whereas P3 amplitude
to the warning stimulus increased as a function of reward, there was
no significant difference in CNV amplitude.

Thus, previous work has revealed robust effects of reward on cue-
and stimulus-locked P3 amplitude but less consistent influence on the
pre-stimulus CNV. Our first analyses focused on the influence of reward
on these ERP components. In addition, wemeasured oscillatory EEG ac-
tivity as a potentially informative index of motivation and attentional
state. A wealth of evidence has documented the relationship between
EEG alpha activity—oscillations in the 8–12 Hz range—and attention
(Klimesch, 1999): Alpha power typically varies inversely with atten-
tional focus, reducing in a topographically focused manner (i.e., over
contralateral occipital electrodes) when visual attention is directed to
spatially conscribed regions (e.g., Thut et al., 2006) and reducing more
broadly over occipitoparietal scalp regions when attention is directed
towards visual stimuli and away fromother sensorymodalities or inter-
nal cognitive operations (e.g., Ray and Cole, 1985). Correspondingly, re-
duced pre-stimulus alpha activity has been shown to be predictive of
conscious visual perception in near-threshold detection tasks. For ex-
ample, decreased alpha activity in the period prior to stimulus onset is
associated with improved detection of briefly flashed light stimuli
(Ergenoglu et al., 2004), variations in pre-stimulus alpha correlate
with subjective ratings of attentional state (Macdonald et al., 2011),
and participants with decreased pre-stimulus alpha tend to perform
better at detection of backward masked near-threshold stimuli
(Hanslmayr et al., 2005). Moreover, phase coupling of pre-stimulus
alpha power across scalp electrodes has been shown to be an effective
predictor of subsequent correct performance at the level of individual
trials with such tasks (Hanslmayr et al., 2007).We therefore anticipated
that themotivational influence of rewardwould be reflected in reduced
alpha power in the period before stimulus onset.

A key aim of the present studywas to investigate the influence of re-
ward on these EEG components in the context of a task—detection of
military-industrial sites in satellite imagery—that is analogous to the
work performed by intelligence analysts (e.g., Gerson et al., 2006;
Mathan, 2008; Mathan et al., 2006a,b, 2008; Parra et al., 2008;
Poolman et al., 2008). In this way we extended previous investigations
of rapid visual categorization andmotivational influences on perception
in two crucial respects. First, our design enabled us to assess the possi-
ble utility of EEG markers of attentional and motivational state in
applied settings. Of interest was whether EEG neural markers of atten-
tional andmotivational statemight be sufficiently clear and robust to be
usefulmarkers of user state in an operational brain–computer interface.
To this end, we conducted multivariate analyses to attempt to classify
the pre-stimulus correlates of motivation/reward on single trials,
as a preliminary investigation of whether the consistent between-
condition differences we observed in averaged EEG data would trans-
late to effective prediction of user state as it varies across trials.

A second crucial feature of the present task is that it involves stim-
uli that are considerably less controlled than those used in many typ-
ical lab paradigms that investigate fast visual categorization and
motivational influences on perception: Our stimuli included 20 differ-
ent target images (satellite images of surface-to-air missile sites) and
over 150 different distractor images (satellite imagery of varying ter-
rain), which were selected at random on each trial. Thus, the particu-
lar target stimulus used on a given trial, as well as the distractors
presented alongside it, might predict a significant portion of the var-
iance associated with accuracy. This aspect of our design enabled us
to assess the robustness of observed effects of reward to variability
in stimulus discriminability. In addition, it allowed us to investigate
exogenous, stimulus-driven influences on behavior and neural activ-
ity in fast perceptual categorization.

Previous work has demonstrated that the P3 is robustly elicited by
target stimuli in RSVP streams and may provide a useful single-trial
marker of target detection in brain–computer interfaces (Gerson et
al., 2006; Mathan, 2008; Mathan et al., 2006b, 2008; Parra et al.,
2008; Poolman et al., 2008). We aimed to extend these findings by
combining conventional ERP and multivariate single-trial EEG analy-
sis to analyze the informational content of this target-locked P3 as it
varied across stimuli and across trials. In particular, one possibility
is that the P3 indexes a categorical decision about whether or not
particular stimuli are salient targets, with little variability attributable
to the specific identity of those targets. However, recent evidence on
the error positivity (Pe), a P3-like ERP component elicited by incor-
rect responses in decision making tasks, has shown that this compo-
nent contains information about the trial-varying strength of
evidence that an error has occurred (Steinhauser and Yeung, 2010).
Here we assessed whether the target-locked P3 in fast visual catego-
rization conveys similarly rich information, in terms of varying reli-
ably with perceptual evidence strength, in which case it should vary
in amplitude as a function of the visibility of the particular target
presented (rather than reflecting an all-or-none categorical decision
about target presence or absence).

Thus, the present study investigated the impact of exogenous and
endogenous factors—motivation and stimulus difficulty, respectively—
on rapid visual categorization in a task with direct applied relevance.
Regarding endogenous influences, we anticipated that reward incen-
tives would improve behavioral performance and would influence
key pre-stimulus neural markers of motivational state—the P3 to
reward-signaling cues, the pre-stimulus CNV, and pre-stimulus os-
cillatory alpha power—thus demonstrating the sensitivity of fast
perceptual processes to endogenous modulation. Extending this
analysis, we investigated the degree to which these EEG markers
might provide robust estimates of motivational and attentional
state on single trials using multivariate classification analyses. Re-
garding exogenous influences, we predicted that stimulus discrimi-
nability would significantly impact behavioral and neural markers
of target processing. Of crucial interest was the degree to which
post-target P3 amplitude would vary with the discriminability of
the presented target, as an index of whether this component reflects
a binary classification of target identity or a continuous measure of
the strength of perceptual evidence relevant to the current decision.



592 G. Hughes et al. / NeuroImage 64 (2013) 590–600
Method

Participants

The study included 16 paid volunteers, 11 female and 5 male, ages
18–24 years. All participants were right-handed, had normal or
corrected-to-normal vision, and had no history of epilepsy. Individ-
uals taking psychoactive drugs were excluded from participating. In-
formed consent was obtained from each participant prior to the
experimental session. One participant was excluded from analysis
due to a problem with their EEG recording.
Experimental procedure

Participants were seated in an electrically shielded, dimly lit room
for the duration of the experimental session, 100 cm from the stimulus
presentation screen. The behavioral taskswere presented using E-prime
version 1.2. Responses were collected using a computer keyboard. Prior
to completing the experimental task (described in detail below), partic-
ipants completed a number of practice tasks to familiarize them with
the experimental stimuli. For all tasks, stimuli consisted of squares of
satellite imagery (provided by Defense Advance Research Projects
Agency; DARPA). Stimuli similar to those employed here have been
used in a number of previous studies (Gerson et al., 2006; Mathan,
2008; Mathan et al., 2006a,b, 2008; Parra et al., 2008; Poolman et al.,
2008).

Participants were first shown 10 examples target images to famil-
iarize them with the structure of the images. Targets were satellite
images containing surface-to-air missile (SAM) launch sites. These
sites contained between 5 and 7 small circular objects, arranged to
form a larger circle. To test whether participants could detect the dif-
ference between target and distractor images, they completed 40 tri-
als in which they were presented with a single image and asked to
press one key if the image was a target and another if it was a
distractor. Distractor images were made up of satellite imagery from
similar terrains to those portrayed in the targets, but without the
presence of the SAM sites. All participants performed with over 90%
accuracy on this task with a mean accuracy of 94.3% (mean d′=5.75),
Fig. 1. Schematic illustration of the experimenta
indicating that they could reliably differentiate targets from distractor
images.

Following this introductory task, participants were shown a single
example of a rapid serial visual presentation (RSVP) stream before
starting the training phase. The structure of the RSVP stream was
identical to that employed in the experimental task (see Fig. 1).
Each RSVP stream contained 10 images presented for 84 ms each
(12 Hz). In the training phase, participants were required to detect
the presence of a target presented within the RSVP stream. A target
was presented on half of all trials, and could occur in positions 3, 5
or 7 of the 10 image stream. Streams containing a target trial will
henceforth be referred to as ‘target trials’, and those with no target
as ‘distractor trials’. Participants were required to press a button on
the keyboard as soon as they detected a target image. On distractor
trials (thosewhich contained no target), participants were not required
to make a response. Participants received feedback on each trial to in-
form themwhether their response was correct. The training phase con-
tinued until participants had successfully reached a threshold of
correctly detecting at least 8 from the last 10 target trials,while also cor-
rectly rejecting at least 8 from the last 10 distractor trials. After each trial
they were presented with their current scores and were aware of the
accuracy rate that they were aiming for. Participants took between 22
and 130 trials to reach this criterion (mean=59 trials).

Following this training phase, participants completed 6 blocks of the
experimental task, each containing 120 trials (Fig. 1). A new selection of
20 target imageswas used in the experimental phase (see Fig. 2 for a se-
lection of these images), along with 120 different distractor images. In
the six experimental blocks, participants no longer received feedback
on each trial. Each block of 120 trials was divided into sequences of 10
trials. In some sequences (reward sequences) participants could earn a
reward for good performance; for other sequences (non-reward se-
quences) there was no monetary incentive. These different sequences
began with a color-coded cue indicating whether the current sequence
was a reward or non-reward sequence. Each trial began with a fixation
cross which was presented for a variable period between 1000 ms and
1900 ms, in 10 increments of 100 ms following a uniform distribution.
Following the fixation cross, “GET READY” was presented in the centre
of the screen for 800 ms so that participants could begin to prepare for
the trial. Henceforth, this will be referred to as the warning stimulus. A
l procedure employed in the current study.



Fig. 2.Mean hit rate (with standard error bars) for the 20 targets used in the current experiment ordered by detectability. Three example targets showing the most frequently iden-
tified target, the most frequently missed target, and a target associated with intermediate detection.
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blank screen was presented for 200 ms immediately before the RSVP
stream began. The fixation point and the warning stimulus were
color-coded to remind participants whether the current sequence was
a reward or non-reward sequence, thus acting as compound cues that
signaled preparation for the coming trial as well as the presence or ab-
sence of reward incentive. Reward blocks were signified with the color
green, with non-reward blocks signified by the color red. To gain a re-
ward in the reward sequences, participants were required to achieve
8 of 10 correct responses, with each sequence containing 5 target trials
and 5 distractor trials. At the end of each sequence participants were in-
formed whether or not they had earned a reward. Participants received
50 pence for each reward sequence inwhich theymade at least 8 correct
responses, giving a maximum total reward for each participant of £18.
For non-reward sequences the text “this was not a reward sequence”
was presented.

EEG recording and analysis

EEG datawere recorded from 32 scalp locations and an additional six
external electrodes using Synamps2 amplifiers (Neuroscan, El Paso, TX).
External electrodes were attached to the left and right mastoids, the
outer canthi of the left and right eyes, and above and below the left
eye to measure eye movement and blinks. The EEG data were digitized
at 1000 Hz with a 200 Hz low-pass filter and a 0.1 Hz high-pass filter,
referenced to the left mastoid. Data were re-sampled offline to a
200 Hz sample rate. Ocular artifact correction was conducted in
Neuroscan using a regression-based approach (Semlitsch et al., 1986).
Data were segmented from −2000 ms to 2700 ms relative to the
onset of thewarning stimulus. Artifact rejectionwas conducted by visual
inspection. Subsequent analysis, data averaging and data handling used
EEGlab (Delorme and Makeig, 2004) and custom-built Matlab scripts.
Noisy channels were replaced by an interpolated weighted average
from surrounding electrodes using EEGlab (Delorme and Makeig,
2004). Analysis of the preparatory period was conducted relative to a
200 ms baseline prior to the onset of the warning. For analysis of
target-locked activity, we re-epoched our data relative to the onset of
the target, with the 200 ms prior to target onset acting as a baseline.
To compare target and distractor trials, we time-locked distractor trials
randomly to either position 3, 5 or 7 in the RSVP sequence with an
equal proportion of trials in each position.

Time–frequency decomposition of the individual trial EEG data
was conducted using EEGlab. We analyzed activity in the alpha fre-
quency (8–12 Hz), by conducting a Morlet wavelet decomposition
using 15 equally spaced frequency bins. At the lowest frequency,
wavelet size was set to 3 cycles, and increased by 0.5 cycles with each
frequency step (resulting in 10.5 cycles at the highest frequency). Sta-
tistical analysis was conducted by averaging together the activity of
the 15 bins. Individual participants’ oscillatory power was normal-
ized by subtracting the mean power across all trials (regardless of
condition) from the mean power of each condition. This was pre-
ferred over using a fixed baseline period for each condition since
any differences is alpha power may persist over the 10 trial
reward/non-reward mini-blocks, and therefore subtracting a base-
line separately for each condition would mask any such differences.
For visual presentation of the full range of frequencies (1–40 Hz) in
the form of time–frequency plots, we also extracted activity from 1
to 40 Hz in 100 frequency bins.

Since one aim of the present experiment was to determine the po-
tential utility of activity in the preparatory period for classifying par-
ticipants’ attentional state, we explored EEG activity on single trials
using a logistic regression classifier (Parra et al., 2002). This approach
identifies the spatial distribution of scalp EEG activity in a given time
window that maximally distinguishes two conditions, and delivers a
scalar estimate of component amplitude on each trial. The derived es-
timates are robust (i.e., have high signal-to-noise) because the dis-
criminating component acts as a spatial filter that estimates
component amplitude as a spatially weighted average across elec-
trodes for each trial, in much the same way that conventional ERP
analysis averages across trials to reduce noise (cf. Parra et al., 2002).
For the preparatory activity, we trained our classifier to distinguish
between reward and non-reward trials, while for activity in the
RSVP stream we distinguished between targets and distractors. The
feature vectors used for these classification analyses were 32-
dimensional, corresponding to the 32 scalp electrodes at which the
ERP and oscillatory EEG components of interest were quantified.
Input to the classifier analyses was thus a 32-point vector for each
time-point of each trial in the time window of interest, with the clas-
sifier value for a given trial derived by averaging across time-points.

To test the reliability of the classification between our conditions, we
used a 10-fold cross validation approach, such that we trained the clas-
sifier on 90% of the trials and tested it on the remaining 10% of the trials,
repeating this procedure 10 times on each occasion keeping a different
10% of the trials for testing. This procedure ensures that estimates of
classification are based on how well the logistic regression discrimina-
tor predicts activity on trials on which it was not trained, thus avoiding
over-fitting the data with the discriminating component.
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For each participant we quantified our ability to successfully clas-
sify individual trials by calculating the Az score. The Az score gives the
area under the receiver operating characteristic (ROC) curve, derived
from signal detection theory (e.g. Stanislaw and Todorov, 1999). To
test for the significance of our single-trial classification, we calculated
the distribution of this Az score by running 100 permutations of our
classifier. We compared this distribution to 100 permutations of Az
scores using randomized condition labels, to provide an estimate of
the null classification. We then compared the distribution of the
true and randomized Az scores, and calculated a z-score to determine
if classification performance was significantly above chance.

Behavioral results

Table 1 presents accuracy and reaction time (RT) data for target
and distractor trials for the reward and non-reward conditions. RTs
are presented for hits only since for false alarms it is not possible to
ascertain to which distractor image participants were responding,
such that RT cannot be defined unambiguously for these trials. RTs
for hits did not differ reliably between conditions, tb1. There was
no significant difference in the proportion of targets detected (hit
rate) for reward and non-reward sequences, tb1, but reward was as-
sociated with higher accuracy (i.e., fewer false alarms) on distractor
trials, t(14)=3.4; pb .01. Overall task performance (as measured by
d′) was therefore improved in the reward condition in comparison
to the non-reward condition, t(14)=2.35; pb .05. We also observed
a significant difference in the response criterion between reward
and non-reward conditions, with a significantly greater tendency to
report (via a non-response) that a target was not presented in the re-
ward condition, as compared to the non-reward condition, t(14)=
4.3; pb .01. This result suggests that participants adopted a more con-
servative strategy in the reward condition. The significant increase in
d′ for the reward sequences shows that our reward manipulation
resulted in a focused improvement on task performance.

Fig. 2 shows the mean and standard error for hit rate for each of
the 20 targets (ordered by detectability), along with examples of 3
different targets. As is evident from the figure, there was a great
deal of variability in detection performance for the 20 different tar-
gets. ANOVA confirmed that overall performance was significantly af-
fected by which target was presented, F(1, 14)=33.4, pb .01. This
variability in detection of different targets is in contrast to the exper-
iments described in the introduction, where the stimuli are often very
well controlled. This variability constitutes the main exogenous factor
that influencing participants’ performance, for which we will explore
the ERP markers in a subsequent section.

EEG results

Our initial analysis focused on EEG activity time-locked to the onset
of the warning stimulus, comparing blocks in which participants could
earn a reward with blocks in which no reward was available. These
analyses focused primarily on the P3 and CNV components, as well as
oscillatory alpha power. We predicted that P3 and CNV amplitude
should be increased in the reward condition, while alpha power should
Table 1
Accuracy and reaction times.

Non-reward Reward

RT 432 (67) 449 (119)
Hit rate 0.64 (0.13) 0.64 (0.13)
False alarm rate 0.24 (0.14) 0.18 (0.12)
Sensitivity (d′) 1.2 (0.7) 1.4 (0.7)
Criterion (c) 0.21 (0.23) 0.32 (0.21)
be decreased. For each of these effects wewere also interested in deter-
mining their reliability on single trials as a potential way to track partic-
ipants’ attentional state.

ERPs in preparatory period

Fig. 3 plots grand averaged ERPs time-locked to the onset of the
warning stimulus, at electrode Cz. We quantified the P3 using a
time period from 300 to 500 ms, where a significant difference was
observed between reward and non-reward conditions, peaking at
electrode Pz, t(14)=6.14, pb0.01. The CNV was analyzed in a time
window from 700 to 1000 ms, where we observed significantly
more negative amplitude for reward trials, peaking at electrode Cz,
t(14)=3.66, pb0.01. Each of these effects was highly reliable across
subjects, with the P3 difference in the predicted direction for all 15
participants, and the CNV modulation observed in 13 out of 15
participants.

To assess the reliability of these effects on single trials,we conducted
a logistic regression classifier analysis on each participant to attempt to
distinguish reward and non-reward trials. To limit our analysis to the
frequencies driving the P3 and CNV components, we first filtered the
data using low-pass filters of 12 Hz (for the P3) and 3 Hz (for the
CNV). Classification performance was assessed using bootstrap signifi-
cance values derived from permutation tests on randomized data. This
analysis revealed modest classification reliability. Above-chance classi-
ficationwas achieved for 6 participants for the P3 and for 7 participants
for the CNV from a total of 15 participants (Fig. 3B and C).

Alpha power in the preparatory period

Fig. 4A shows a time–frequency decomposition for the difference
between reward and non-reward trials in the preparatory period. A
clear difference in alpha activity—i.e., in oscillatory EEG power around
10 Hz—is evident throughout the period. Fig. 4B shows a clear alpha
desynchronisation following the onset of the warning stimulus, with
greater alpha reduction for reward trials. Statistical analysis using the
entire preparatory period (from0 to 1000 ms) revealed significantly re-
duced alpha activity for reward trials, peaking at POz, t(14)=4.14,
pb0.01. This finding is in line with previous research, as reviewed
above, which shows that alpha activity prior to the onset of a stimulus
predicts performance in a variety of visual discrimination tasks. In our
study this difference is observed between reward and non-reward con-
ditions, rather than in association with later target performance, and is
likely driven by an increase in attention/motivation during the reward
condition. Aswith our previous analysis, we conducted single-trial clas-
sification to determine the degree to which the difference in alpha am-
plitude was stable across individual trials. Fig. 4C shows the Az scores
derived from the logistic regression classifier for the true and random-
ized data. As can be seen from the figure, single-trial classification per-
formance was significantly greater than chance for 13 out of 15
participants. This significant difference in single-trial alpha amplitude
prior to the onset of the RSVP stream suggests that measuring fluctua-
tions in alpha activitymay provide a basis for detecting trialswhere par-
ticipants were likely in a low attentional/motivational state. This
information would be useful, for example, in flagging up these images
for a second pass of analysis (Mathan et al., 2006a, 2008).

To test further whether this significant single-trial classification
could be implemented as a tool for identifying trials in which partic-
ipants were in a reduced motivational state, we extracted trials with
the most extreme values on our different EEG markers of reward
(P3, CNV and alpha amplitude). Of interest was whether trials identi-
fied as having low motivational state according to these measures
belonged to the non-reward condition. This analysis was conducted
using the single-trial classifier output values for each of our three
measures, where a score of 1 would signify a prototypical reward
trial and 0 a non-reward trial. We identified the highest and lowest



Fig. 3. (A) Grand average ERP at electrode Cz during the preparatory period for reward and non-reward conditions from −200 ms to 1000 ms relative to the onset of the warning
stimulus (W). Topoplots show reward minus non-reward for the first and second time windows (highlighted in grey). Plots in the lower panels show permutation tests for single‐
trial classifier for reward versus non-reward in the P3 (B) and CNV (C) time windows.
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100 trials on each of these measures and then calculated the propor-
tion of these trials belonging to the reward or the non-reward condi-
tions. For CNV, 71.1% of the 100 trials with highest values were
associated with the reward condition, while only 32% of the lowest
trials were, with this difference stable across participants (t(14)=
25.3, pb .001). Similar values were observed for P3 amplitude (71.5%
vs. 31.5%, t(14)=22.6, pb .001) and alpha power (69.3% vs. 33.2%,
t(14)=15.4, pb .001). A further improvement was achieved by
sorting the combined classifier output values for the 3 measures
(77.2% vs. 31.5%, t(14)=33.9, pb .001). Given the significant cost
of a missed target in triage of satellite imagery, any significant
Fig. 4. (A) Grand average time–frequency plot at electrode Pz relative to onset of the warning
topography of alpha difference in indicated time window. (C) Az scores for alpha classificati
icance values derived from permutation tests with randomized trial labels.
improvement in successful identification of target images could be
of great practical value. Therefore, being able to identify with around
70% accuracy the trials that analyst were most likely to have
mis-analysed due to a lapse in attention could provide an important
tool for improving the accuracy of image analysis.

To assess the extent to which our reward indices in the preparato-
ry period might predict behavioral performance in the target detec-
tion task, we conducted a similar analysis to that described above,
but rather than calculating the proportion of the 100 trials that
belonged to the reward or non-reward condition, we calculated the
average accuracy for the 100 trials with the highest and lowest
stimulus (W) for reward minus non reward. (B) Alpha power at electrode Pz alongside
on for each participant, contrasting classification performance against bootstrap signif-



Fig. 5. Grand average ERP at electrode Pz (for Cz see below) relative to stimulus onset
(S) for target and distractor trials for reward and non-reward conditions. Topographic
plots for reward versus non-reward in the early time window (B) and for reward ver-
sus no reward (C) and target versus distractor (D) in the late time window.
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classifier values.We observed no significant differences in our CNV (t b1)
or alpha analysis (t b1), but we did observe a significant difference in
our analysis of the preparatory P3 (t(14)=2.88, pb .05), such that
trials with a large classifier value were associated with higher accu-
racy (0.762) than trials with small classifier values (0.732). This find-
ing suggests that P3 amplitude to the warning stimulus is not only
modulated by reward motivation, but that this modulation is also as-
sociatedwith differences in target detection performance. This result
is particularly striking given that a large proportion of the variance in
target detection performance in the current task was related to the
difficulty of the specific target image.

To further understand the relationship between our different
modulations in the preparatory period, we also attempted to corre-
late the different effects with one another on single trials. Alpha
power classifier values were significantly (at pb .05) positively corre-
lated with P3 values for 6 participants and with CNV values for 10
participants. Overall, the correlation for the 15 participants was sig-
nificantly greater than zero for both P3 (mean r=.078, t(14)=6.1,
pb .001) and CNV (mean r=.097, t(14)=7.1, pb .001). A strong and
reliable correlation was observed between P3 and CNV values in all
participants (at pb .001) with a mean correlation of 0.52. These corre-
lations suggest that although our different effects were moderately
correlated with one another on single trials, each of the effects also
contains unique variance which could be used to predict reward
state or task performance. This point is also highlighted by the obser-
vation that combining the three measures improved classification of
reward state, and by the fact that only P3 amplitude reliably predicts
subsequent task performance.

In summary, our analysis of pre-stimulus ERP activity revealed re-
liable reward-related modulation of the P3 and CNV between the
warning stimulus and RSVP onset. We additionally observed a signif-
icant reduction in alpha power during this period. Each of these ef-
fects is in line with our behavioral effects, and suggests that our
manipulation of motivation via reward affected both target detection
performance and well-established EEG markers of attention and an-
ticipation. The reliability of the alpha modulation on single trials sug-
gests that this measure may be useful in identifying periods in which
participants’motivation is reduced and they are therefore likely to re-
spond less accurately in the target detection task. Furthermore, all
three of our measures proved effective at identifying trials with a
high probability of belonging to the reward or non-reward condi-
tions. We additionally observed a relationship between P3 classifier
values in the preparatory period and accuracy of target detection per-
formance. We will return to these points in the discussion section.

Target-locked ERPs

In subsequent analyses, we turned to exploring EEG activity fol-
lowing target onset. In particular we aimed to determine which
factors—for example, reward and target detectability—influence EEG
activity following a target. Our initial analysis focused on the possible
modulation of target-locked P3 amplitude dependent on reward
(Fig. 5A). We conducted analysis in two time windows, an early win-
dow from 50 to 150 ms after target onset and a later window from
200 to 400 ms after target onset. At electrode Pz (Fig. 5A) we ob-
served a significant effect of reward in the early time window (50–
150 ms), F(1, 14)=8.47, pb .05, and a significant interaction between
reward and trial type (target vs. distractor), F(1, 14)=6.37, pb .05.
Follow up tests confirmed a significant effect of reward for target tri-
als, t(14)=4.07, pb .01, but not for distractor trials, t(14)=1.17, p=
0.26. The topographic plot (Fig. 5B) of the difference between targets
in the reward and non-reward condition shows a maximum over cen-
tral electrodes. Indeed, this difference was also significant along mid-
line electrodes Fz, FCz, Cz, and CPz (at pb0.01), with none of the
corresponding comparisons for distractor trials reaching significance
(all t valuesb1.7).
In the later time window at electrode Pz there were significant ef-
fects of target, F(1, 14)=30.67, pb .001, and reward, F(1, 14)=19.18,
pb .001, in addition to a significant interaction, F(1,14)=5.82,
pb0.05. Follow up tests confirmed a significant effect of reward for
target trials, t(14)=3.12, pb .01, and significant, but smaller, effect
of reward for distractor trials, t(14)=2.2, pb .05. The topography of
the reward effect was again maximal over frontocentral electrodes
(Fig. 5C), with a posterior maximum for the comparison between tar-
gets and distractors (Fig. 5D). This may reflect the differential influ-
ence of these two conditions on the P3a and P3b respectively, as
discussed in more detail below.

In addition to exploring endogenous influences such as reward,
the current study aimed to determine the degree to which exogenous
factors, such as variability in target detectability, influence perfor-
mance and ERP markers during the target detection task. This was
particularly important in our task as we were attempting to assess
possible application of EEG measures in an applied setting, where
stimulus discriminability is not well controlled. As described earlier,
we observed significant variation in performance for the 20 targets
used in our study. To explore the possible modulation of target-
related ERP components related to this variability in detectability,
we compared easy hits with difficult hits. Targets were categorized
as easy or difficult separately for each participant dependent on the
particular participant's average hit rate over the 10 repetitions of
each target. We included only correctly identified targets in the cur-
rent analysis (hits) as we were interested in exploring variation in
target-related activity when participants detected the target, depen-
dent on the how easy the particular target was to detect, and inde-
pendent of motor activity (since all hit trials featured a keypress
response). We investigated the potential modulation of the P3 by tar-
get difficulty by analyzing ERP amplitude at Pz from 200 to 400 ms
after target onset for easy and difficult targets (Fig. 6A). This analysis
revealed reliably greater P3 amplitude for easy than for difficult
detected targets, t(14)=2.5, pb .05. This difference suggests that
bottom-up features of the stimuli can influence neural responses as-
sociated with target detection.



Fig. 6. (A) Grand average ERP at electrode Pz relative to stimulus onset (S) for hits only for easy and difficult targets. (B) Az scores for classification of targets versus distractors in the
P3 time window compared to randomized condition labels. (C) Average distribution of P3 classifier scores for all participants for easy and difficult hits. A classifier score of 0 would
represent a prototypical distractor trial while a score of 1 would represent a prototypical target trial.
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To explore the dependency of P3 amplitude on target difficulty in
more detail, we conducted logistic regression classification on our
target-locked ERP data to extract classifier scores for individual trials.
Since the classifier reflects a spatial filtering of the data, this approach
should significantly increase signal-to-noise ratio in the analysis
(Parra et al., 2002). Fig. 6B plots classifier performance for the P3 time
window for classification of targets versus distractors, contrasted with
bootstrap significance values derived from permutation tests with ran-
domized condition labels. Eleven out of 15 participants showed above‐
chance discrimination between the two conditions. For this analysis we
combined all target trials together, irrespective of which position the
target was presented, since in a real-world setting the targets could ap-
pear at any point in the RSVP stream. However, it is important to note
that target-locked P3 might be somewhat reduced when a target is
presented earlier in the RSVP stream (Kranczioch and Bryant, 2011)
and this effect might adversely affect our ability to classify targets
appearing in position 3. Nonetheless we observed significant
single-trial classification for the majority of participants, suggesting
that although target position might influence P3 amplitude, we are
still able to successfully classify targets versus distractors irrespective
of target position.

We were specifically interested in using the across-trial distribu-
tion of classifier-derived P3 amplitudes to shed light on the precise
nature of the target discriminability effects we observed. One possi-
bility is that low detectability targets would be associated with an
overall shift in the distribution of P3 amplitudes, reflecting a global
reduction in the efficacy with which these stimuli are processed.
However, it could also be that there is no overall shift in the ampli-
tude distribution for low detectability targets, but rather a change in
the shape of that distribution, with a bulge in the low tail that is indic-
ative of an increased proportion of correct guesses (in which a correct
response is made on the basis of weak perceptual evidence and a cor-
respondingly low P3). Since either of these two possibilities would re-
sult in a reduction in the P3 in averaged ERPs, single-trial analysis
may shed light on which alternative is the more likely. Fig. 6C
shows the distribution of single‐trial P3 classifier values, averaged
across the 16 participants. The distributions we observed suggests
that low detectability targets resulted in a graded reduction in P3 am-
plitude, reflected in an overall shift in the distribution of P3 ampli-
tudes across trials, rather than in a more skewed or bimodal
distribution.

To test whether this finding truly reflected a shift in the distribution
and not a change in the shape of the distributionwe compared both the
mean and standard deviation of the classifier values for easy and diffi-
cult hits. This analysis revealed that themean classifier valuewas signif-
icantly higher for easy hits (mean of means=0.589) compared to
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difficult hits (mean of means=0.554), t(14)=2.2, pb .05 in line with
our ERP analysis. Importantly there was no reliable difference in the
standard deviation between easy (mean std.=0.117) and difficult
(mean std.=0.123) hits, t(14)=1.1, p=.28, suggesting that the distri-
bution of trials was similar for the two conditions. These results indicate
that variation in single‐trial P3 amplitude for successfully detected tar-
gets reflects participants’ confidence in their detection.

Discussion

The present study investigated modulation of neural activity and
performance in a target detection task dependent on reward motiva-
tion and target visibility. One important aim of the present study was
to explore EEG measures of reward motivation in a task that has been
previously used in an applied setting for triage of military satellite im-
agery. As such we were interested in assessing the potential for EEG
to determine participants’ motivational state in an applied setting,
as well as to explore ERP markers associated with real-world varia-
tion in target detectability.

Our behavioral results indicated that ourmanipulation ofmotivation—
via financial rewards for good performance in some sequences of
trials and not others—significantly influenced participants’ sensitiv-
ity, as reflected in reduced false alarm rates in the context of
unchanged rates of target detection. This finding is in line with pre-
vious studies showing that reward improves performance in visual
tasks (e.g. Engelmann et al., 2009), and provides clear evidence
that reward motivation can influence speeded visual processing.

Our initial EEG analysis assessed the impact of reward motivation
on neural activity in the preparatory period prior to the onset of the
RSVP stream. Previous studies have consistently observed increased
amplitude of the P3 response to a warning stimulus under reward
(Ramsey and Finn, 1997; Goldstein et al., 2006), but data regarding
the CNV have been equivocal (e.g. Goldstein et al., 2006; Pierson et
al., 1987; Sobotka et al., 1992). We observed significant modulation
of both P3 and CNV amplitude in the preparatory period, with greater
amplitudes for reward trials compared to non-reward trials. Given
the similarities between our reward manipulation and that utilized
by Goldstein et al. (2006)—who also offered reward in some blocks
of trials but not in others—it is perhaps surprising that we showed
modulation of CNV amplitude while they did not. However, our
study differed in a number of other important factors, such as the in-
struction to respond with accuracy rather than with speed, as well as
the increased difficulty of our task.

In addition to these ERP effects, we observed a significant decrease
in EEG alpha amplitude in the preparatory period for reward trials. Pre-
vious studies reporting reduced alpha activity associated with im-
proved target detection performance have been interpreted in terms
of natural variation of exogenous influences on perception (Ergenoglu
et al., 2004; Hanslmayr et al., 2007, 2005). Our finding of greater alpha
desynchronization for trials with reward motivation confirms the role
of alpha oscillations in attentionalmodulation during difficult target de-
tection tasks. Since occipital alpha desynchronization has long been as-
sociated with increased attention to the visual modality (e.g., Ray and
Cole, 1985), our finding is also consistent with the observation of
Engelmann et al. (2009) that reward influenced frontoparietal atten-
tional brain networks. Taken together, the results from our behavioral
and EEG analyses suggest that our reward manipulation was successful
in increasing participants’ motivation to perform well on the task, and
that this change in motivationwas reflected in both ERP and oscillatory
indices.

To utilize these measures to track attentional state of individuals in
an applied setting, it is important to consider not only whether they
vary with motivation in the grand average across participants, but also
on single trials. Our pre-stimulus ERPmeasures performed fairly poorly
in single-trial classifier tests: wewere able to classify motivational state
robustly in only 6 out of 15 and 7 out of 15participants on thebasis of P3
and CNV amplitude, respectively. However, the majority of subjects did
show significant classification of alpha amplitude. Furthermore, com-
bining P3, CNV, and alpha amplitude measures on single trials was ef-
fective in identifying low motivation trials with approximately 70%
accuracy. Furthermore, using the same procedure, we also observed a
significant association between P3 amplitude to the warning signal
and accuracy in subsequent task performance, providing a direct link
between our rewardmanipulation, pre-stimulus EEGmeasures, and ac-
curacy of target detection performance. This result is particularly strik-
ing given that such a large proportion of the variation in task
performance is predicted by variations in the discriminability of the
specific target presented. Taken together, these findings suggest that
such measures might be successfully applied to flag up trials for a sec-
ond pass of analysis in a neural image triage system (e.g. Mathan et
al., 2006a).

Our analysis of post-stimulus ERPs focused on both the top-down
influence of reward and the bottom-up factor of target difficulty on
neural measures of target processing. In reference to the former, we
observed significant modulation of P3 as a function of reward condi-
tion, consistent with previous findings (e.g. Yeung and Sanfey,
2004). Interestingly, the early reward modulation for targets began
as early as 50 ms after stimulus onset, suggesting that very early
stages of visual target-recognition are influenced by reward. Further
analysis of this effect revealed that the topography of the reward
modulation was somewhat more frontal, as well as being evident
slightly earlier than the more posterior target-related P3.

This difference in topography between the two effects may reflect
a distinction between P3a and P3b subcomponents of the P3. Polich
and Criado (2006) suggest that the P3a is an earlier and somewhat
less posterior component which reflects the engagement of attention
towards a novel stimulus. The later P3b component reflects further
processing, perhaps including assessment of the significance of an
event or encoding into memory. In our experiment, the reward ma-
nipulation appeared to affect primarily the P3a component, and
thus is associated with an initial detection of target features. A further
intriguing possibility is that the early modulation (50–150 ms) we
observed reflects the detection of a deviant (target) image. Indeed
the topography and latency of this component is consistent with the
mismatch negativity (MMN). Although typically studied in the audi-
tory domain (Winkler, 2007), this component has also been observed
in a number of visual tasks (Pazo-Alvarez et al., 2003; Czigler, 2007).
Given that targets occur only once every 20 images in the present ex-
periment, they could be described as deviant visual stimuli. In this
context, the early modulation we observe would suggest that such
pre-attentive processes could be modulated by participants’ reward
motivation.

It may initially seem surprising that reward primarily influenced
EEG activity on target trials, whereas the behavioral effect of reward
was expressed in terms of a change in false alarm rates (i.e., reduced
responding on distractor trials). It is important to note, however, that
hit rates for target trials and false alarm rates for distractor trials are
not independent, with both being influenced by participants’ criterion.
Indeed we observed a significantly increased criterion under reward,
suggesting that participants were more conservative when reward
was available, yet they detected targets at the same rate. Thus, our be-
havioral data are entirely consistent with the EEG evidence of an
increased internal response to targets under reward combined with
an increased response criterion, which would be necessary to maintain
the hit rate at a constant level. It is also interesting to note thatwhile the
later (P3a) modulation was observed for both target and distractor tri-
als, the earlier effect was only present for target trials. This finding fits
well with the possible interpretation described above under which
this early component reflects a pre-attentive detection of deviant (tar-
get) stimuli that is limited to target images, while later evaluative
brain processing (P3a) ismodulated for both target and distractor trials.
The fact that we observed significant modulation for this later effect
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even on distractor trials could be explained by the fact that participants
occasionally notice target-like features in the distractors and that this is
reflected in target-related activity (P3a), that increases under reward.

In contrast to these reward-related effects, the modulation of
target-locked ERPs dependent on target difficulty was characteristic
of the P3b subcomponent. Using logistic regression classification, we
were able to show that increased task difficulty (i.e., reduced target
detectability) was associated with an incremental reduction in P3
amplitude on single trials. This finding suggests that the P3b does
not reflect a categorical judgment about the presence or absence of
a target, but rather the continuously varying strength of perceptual
evidence (i.e., confidence) that a target was present. This finding is
in line with a recent suggestion that the Pe—a related component ob-
served following errors in simple decision tasks—is modulated by
participants’ confidence that they produced an erroneous response
(Steinhauser and Yeung, 2010). Although this interpretation of P3b
is by no means new (Hillyard et al., 1971; Parasuraman and Beatty,
1980), our single‐trial analysis shows for the first time that the effects
observed in the grand average reflect a shifted distribution of P3b am-
plitude dependent on target difficulty, rather than a change in the
shape of that distribution because of an increased proportion of cor-
rect guesses. Importantly, all of the effects described above were ob-
served in a task in which our stimuli were much less controlled
than is typically observed in neuroscientific investigations of visual
processing. Despite this, we were able to show that reward motiva-
tion significantly influenced participants’ detection sensitivity, as
well as neural indices of preparation and attention.
Conclusion

Human observers are remarkably adept at identifying targets
appearing in a quick succession of images. Here we explored the behav-
ioral and EEG correlates of endogenous (motivation) and exogenous
(target detectability) influences on this rapid visual categorization pro-
cess.We did so in the context of an operationally relevant task: identify-
ing military-industrial sites in satellite imagery. Our findings indicate
that rapid visual categorization is sensitive to participants’ level of moti-
vation and task engagement; that this sensitivity is reflected in several
neural markers of preparation for an upcoming stimulus stream; and
that these neural markers—oscillatory alpha activity, in particular—
may allow robust identification of user state in real time. Reward moti-
vation also reliably modulated ERP components elicited by target stim-
uli during rapid categorization. In addition to this endogenous
modulation, target-related P3 amplitude was strongly modulated by
the detectability of the particular image that had appeared. As such,
single-trial P3 amplitude appears to convey fine-grained information
about the strength of perceptual evidence (and, correspondingly, sub-
jective confidence) in the categorization process. Collectively, these
findings demonstrate how variations in motivation and task difficulty
can be robustly measured with EEG to provide insight into the locus
and time-course of these influences on rapid visual categorization. As
well as being of theoretical interest, these findings are of practical signif-
icance in terms of harnessing EEG for improving the performance of
brain–computer interfaces for image triage in operational settings.
Acknowledgments

This work was supported by the Defense Advanced Research Pro-
jects Agency (DARPA) under contract NBCHC080030. The views,
opinions, and/or findings contained in this article are those of the au-
thors and should not be interpreted as representing the official views
or policies, either expressed or implied, of DARPA or the United States
Department of Defense. Satellite images included in this paper were
produced by DigitalGlobe Inc., Longmont, CO 80501, USA. (c) 2003.
References

Czigler, I., 2007. Visual mismatch negativity: violation of nonattended environmental
regularities. J. Psychophysiol. 21 (3–4), 224–230.

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.

Donchin, E., Coles, M., 1988. Is the P300 component a manifestation of context
updating? Brain Behav. Sci. 11, 357–374.

Engelmann, J.B., Damaraju, E., Padmala, S., Pessoa, L., 2009. Combined effects of atten-
tion and motivation on visual task performance: transient and sustained motiva-
tional effects. Front. Hum. Neurosci. 3, 4.

Ergenoglu, T., Demiralp, T., Bayraktaroglu, Z., Ergen, M., Beydagi, H., Uresin, Y., 2004.
Alpha rhythm of the EEG modulates visual detection performance in humans.
Cogn. Brain Res. 20 (3), 376–383.

Gerson, A.D., Parra, L.C., Sajda, P., 2006. Cortically coupled computer vision for rapid
image search. IEEE Trans. Neural Syst. Rehabil. Eng. 14 (2), 174–179.

Goldstein, R.Z., Cottone, L.A., Jia, Z.R., Maloney, T., Volkow, N.D., Squires, N.K., 2006. The
effect of graded monetary reward on cognitive event-related potentials and behav-
ior in young healthy adults. Int. J. Psychophysiol. 62 (2), 272–279.

Grier, R.A., Warm, J.S., Dember, W.N., Matthews, G., Galinsky, T.L., Szalma, J.L.,
Parasuraman, R., 2003. The vigilance decrement reflects limitations in effortful at-
tention, not mindlessness. Hum. Factors 45, 349–359.

Gruber, M.J., Otten, L.J., 2010. Voluntary control over prestimulus activity related to
encoding. J. Neurosci. 30, 9793–9800.

Hanslmayr, S., Klimesch, W., Sauseng, R.F.I., Gruber, W., Doppelmayr, M., Freunberger,
R., et al., 2005. Visual discrimination performance is related to decreased alpha am-
plitude but increased phase locking. Neurosci. Lett. 375 (1), 64–68.

Hanslmayr, S., Aslan, A., Staudigl, T., Klimesch, W., Herrmann, C.S., Bauml, K.H., 2007.
Prestimulus oscillations predict visual perception performance between and with-
in subjects. Neuroimage 37 (4), 1465–1473.

Hillyard, S.A., Squires, K.C., Bauer, J.W., Lindsay, P.H., 1971. Evoked potential correlates
of auditory signal detection. Science 172 (990), 1357–1360.

Hung, C.P., Kreiman, G., Poggio, T., DiCarlo, J.J., 2005. Fast readout of object identity
from macaque inferior temporal cortex. Science 310, 863–866.

Intraub, H., 1981. Rapid conceptual identification of sequentially presented pictures. J. Exp.
Psychol. Hum. Percept. Perform. 7, 604–610.

Keysers, C., Xiao, D.K., Foldiak, P., Perrett, D.I., 2001. The speed of sight. J. Cogn.
Neurosci. 13, 90–101.

Klimesch, W., 1999. EEG alpha and theta oscillations reflect cognitive and memory per-
formance: a review and analysis. Brain Res. Rev. 29, 169–195.

Kranczioch, C., Bryant, D., 2011. Attentional awakening, resource allocation and the
focus of temporal attention. Neuroreport 22 (4), 161–165.

Liu, H., Agam, Y., Madsen, J.R., Kreiman, G., 2009. Timing, timing, timing: fast decoding
of object information from intracranial field potentials in human visual cortex.
Neuron 62, 281–290.

Macdonald, J.S.P., Mathan, S., Yeung, N., 2011. Trial-by-trial variations in subjective at-
tentional state are reflected in ongoing prestimulus EEG alpha oscillations. Front.
Psychol. 2 (82), 1–16.

Mathan, S., 2008. Image search at the speed of thought. Interactions 15, 76–77.
Mathan, S., Ververs, P., Dorneich, M., Whitlow, S., Carciofini, J., Erdogmus, D., Pave, M.,

Huang, C., Lan, T., Adami, A.G., 2006a. Neurotechnology for Image Analysis: Searching
for Needles in Haystacks Efficiently, 2 ed. : Fountations of Augmented Cognition
(Augmented Cognition: Past, Present, and Future), 1. Falcon Books, San Ramon, Cal-
ifornia, pp. 3–11. Dylan D. Schmorrow; Kay M. Stanney; Leah M. Reeves. (Org.).

Mathan, S., Whitlow, S., Erdogmus, D., Pavel, M., Ververs, P., Dorneich, M., 2006b. Neu-
rophysiologically driven image triage: a pilot study. CHI’06 Extended Abstracts on
Human Factors in Computing Systems, CHI EA’06. ACM, New York, NY, pp. 1085–1090.

Mathan, S., Erdogmus, D., Huang, Y., Pavel, M., Ververs, P., Carciofini, J., Dorneich, M.,
Whitlow, S., 2008. Rapid image analysis using neural signals. CHI’08 Extended Ab-
stracts on Human Factors in Computing Systems, CHI EA’08. ACM, New York, NY,
pp. 3309–3314.

Parasuraman, R., Beatty, J., 1980. Brain events underlying detection and recognition of
weak sensory signals. Science 210 (4465), 80–83.

Parra, L., Alvino, C., Tang, A., Pearlmutter, B., Yeung, N., Osman, A., et al., 2002. Linear
spatial integration for single-trial detection in encephalography. Neuroimage 17
(1), 223–230.

Parra, L.C., Christoforou, C., Gerson, A.D., Dyrholm, M., Luo, A., Wagner, M., Philiastides,
M.G., Sajda, P., 2008. Spatiotemporal linear decoding of brain state: application to
performance augmentation in high-throughput tasks. IEEE Signal Process. Mag.
25, 95–115.

Pazo-Alvarez, P., Cadaveira, F., Amenedo, E., 2003. MMN in thevisual modality: a re-
view. Biol. Psychol. 63, 199–236.

Pessoa, L., Engelmann, J.B., 2010. Embedding reward signals into perception and cogni-
tion. Front. Neurosci. 4.

Pierson, A., Ragot, R., Ripoche, A., Lesevre, N., 1987. Electrophysiological changes elicit-
ed by auditory stimuli given a positive or negative value: a study comparing anhe-
donic with hedonic subjects. Int. J. Psychophysiol. 5 (2), 107–123.

Polich, J., Criado, J.R., 2006. Neuropsychology and neuropharmacology of P3a and P3b.
Int. J. Psychophysiol. 60 (2), 172–185.

Poolman, P., Frank, R.M., Luu, P., Pederson, S.M., Tucker, D.M., 2008. A single-trial ana-
lytic framework for EEG analysis and its application to target detection and classi-
fication. Neuroimage 42 (2), 787–798.

Potter, M.C., 1975. Meaning in visual search. Science 187, 965–966.
Ramsey, S.E., Finn, P.R., 1997. P300 from men with a family history of alcoholism under

different incentive conditions. J. Stud. Alcohol 58 (6), 606–616.



600 G. Hughes et al. / NeuroImage 64 (2013) 590–600
Ray, W.J., Cole, H.W., 1985. EEG alpha activity reflects attentional demands, and beta
activity reflects emotional and cognitive processes. Science 228, 750–752.

Semlitsch, H.V., Anderer, P., Schuster, P., Presslich, O., 1986. A solution for reliable and
valid reduction of ocular artifacts, applied to the P300 ERP. Psychophysiology 23
(6), 695–703.

Serre, T., Oliva, A., Poggio, T., 2007. A feedforward architecture accounts for rapid cate-
gorization. Proc. Natl. Acad. Sci. U. S. A. 104, 6424–6429.

Sobotka, S.S., Davidson, R.J., Senulis, J.A., 1992. Anterior brain electrical asymmetries in
response to reward and punishment. Electroencephalogr. Clin. Neurophysiol. 83
(4), 236–247.

Stanislaw, H., Todorov, N., 1999. Calculation of signal detection theory measures.
Behav. Res. Methods Instrum. Comput. 31 (1), 137–149.

Steinhauser, M., Yeung, N., 2010. Decision processes in human performance monitor-
ing. J. Neurosci. 30, 15643–15653.
Thorpe, S.J., Fabre-Thorpe, M., 2001. Seeking categories in the brain. Science 291,
260–263.

Thorpe, S., Fize, D., Marlot, C., 1996. Speed of processing in the human visual system.
Nature 381, 520–522.

Thut, G., Nietzel, A., Brandt, S.A., Pascual-Leone, A., 2006. Alpha-band electroencepha-
lographic activity over occipital cortex indexes visuospatial attention bias and pre-
dicts visual target detection. J. Neurosci. 26, 9494–9502.

Walter, W.G., Winter, A.L., Cooper, R., Mccallum, W.C., Aldridge, V.J., 1964. Contingent
negative variation—electric sign of sensorimotor association + expectancy in
human brain. Nature 203 (494), 380.

Winkler, I., 2007. Interpreting the mismatch negativity. J. Psychophysiol. 21,
147–163.

Yeung, N., Sanfey, A.G., 2004. Independent coding of reward magnitude and valence in
the human brain. J. Neurosci. 24 (28), 6258–6264.


	EEG indices of reward motivation and target detectability in a rapid visual detection task
	Introduction
	Method
	Participants
	Experimental procedure
	EEG recording and analysis

	Behavioral results
	EEG results
	ERPs in preparatory period
	Alpha power in the preparatory period
	Target-locked ERPs

	Discussion
	Conclusion

	Acknowledgments
	References


