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Summary

The ability of the human brain to change the priority of which information is being 
processed is a key property that underlies day-to-day functioning. To do so, we 
constantly shift our attention to those stimuli or events that are behaviorally important. 
This thesis is focused on understanding the biological neural mechanisms by which the 
brain accomplishes this feat and what the long term consequences are. In the studies 
described in this dissertation we asked participants to do computer-run cognitive tasks 
during which we recorded high-temporal resolution electroencephalography (EEG) 
measures of their electrical brain activity. 

Specifically, we used rewards to change the behavioral relevance of certain events, 
and investigated how the brain was able to facilitate the processing of those events. 
Besides improved behavioral performance for rewarded stimuli or events, as measured 
by fast responses, EEG results indicated that the brain was able to boost the neural 
activity in less than a second following a reward in those neural population involved in 
the processing of those events. These mechanisms were very similar to those involved 
in the control of attention, suggesting that attention is guided by reward. Moreover, 
these prioritization processes do not only work on a moment-to-moment basis but can 
also occur on a much longer timescale, by changing the priority of stimuli by integrating 
multiple encounters of rewards. Specifically, when we asked participants to learn to use 
feedback (loss and gain) as to which stimuli or events are more likely to yield a reward, 
the brain uses neural mechanisms that can modulate the sensitivity of those neural 
processes involved in the processing of the rewarded stimulus category. Accordingly, 
as a consequence, the evaluation, use and integration of feedback enables the brain to 
continually facilitate optimization of specialized neural pathways in the processing and 
responses to incoming information. 

The studies in this dissertation aimed to disentangle the neural mechanisms by which 
the brain is able to increase the priority of processing behaviorally relevant information. 
Key results have shown that modulation in priority already happens at the sensory level 
and can be dependent on information received over multiple encounters. As such, what 
kinds of information we will attend to is dependent on how past encounters of rewards 
and feedback changed the state of the brain. 
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Samenvatting

“Hoe passen we ons aan onze omgeving aan?”

Het is mogelijk dat we vooral reageren op informatie die voor ons belangrijk is, en ons 
systeem zich toespitst op het verwerken van deze informatie. 

Omdat het brein een beperkte capaciteit heeft om informatie te kunnen verwerken 
gebruiken we aandacht om bepaalde soorten informatie een hogere prioriteit 
te geven. Het vermogen van het brein om doormiddel van aandachtsprocessen 
bepaalde informatie beter en vooral sneller te kunnen verwerken is cruciaal voor ons 
aanpassingsvermogen. Alhoewel het algemeen bekend is dat aandacht een sleutelrol 
speelt in adaptief gedrag, is het niet goed bekend welke factoren bijdragen aan het 
controleren van aandacht en welke hersenmechanismen deze factoren beïnvloeden. 
Een belangrijke rol kan weggelegd zijn voor beloningsgerelateerde informatie die 
aangeeft welke elementen in onze omgeving belangrijk voor ons zijn en dus extra 
aandacht vereisen. Mensen willen graag beloningen en wanneer er mogelijkheden 
zijn om beloningen te verkrijgen zijn mensen dus vaker geneigd hun best te doen. 
Beloningen kunnen dus een belangrijke invloed uitoefenen op het type informatie 
waaraan we aandacht besteden en die we verwerken. 

Er zijn twee manieren waarop aandacht gemoduleerd kan worden. De eerste manier 
is het intern actief aansturen van aandacht, bijvoorbeeld om een doel te bereiken. De 
tweede manier is het automatisch trekken van aandacht door externe eigenschappen 
van informatie, zoals de kleur of beweging. Afhankelijk van de situatie hebben 
beloningen invloed op één van deze manieren van aandachtsmodulatie. Wanneer het 
verkrijgen van een beloning afhankelijk is van de prestatie dan heeft dit bijvoorbeeld 
invloed op het intern actief aansturen. Maar, als je geleerd hebt dat een Harten Aas een 
grotere kans heeft om te winnen zullen de fysieke eigenschappen van de speelkaart 
automatisch aandacht trekken. Het doel van dit proefschrift is om te kijken hoe aandacht 
actief door beloningen gemoduleerd kan worden en hoe beloningen invloed hebben 
op het leerproces waardoor informatie intern wordt opgeslagen.

Om dit te onderzoeken hebben we electroencephalografie (EEG) bij gezonde 
proefpersonen gemeten waarmee we van milliseconde tot milliseconde kunnen 
bekijken wat er in het brein gebeurt. Hierdoor hebben we kunnen vastleggen wanneer 
bepaalde beloningsgerelateerde informatie wordt gebruikt, en wat voor invloed deze 
informatie heeft op de manier waarop toekomstige informatie verwerkt wordt. Wanneer 
een stimulus wordt gepresenteerd of een gebeurtenis optreedt, roept het brein een 
patroon van elektrische activiteit op, het event-related potentiaal (ERP). Het ERP 

bestaat uit een reeks dalen en pieken, die in kaart zijn gebracht op een breed scala van 
cognitieve en biologische functies zoals het richten van aandacht of het onderdrukken 
van activiteit in bepaalde hersengebieden. 

Om de invloed van aandacht en beloning op adaptief gedrag te onderzoeken, 
beschrijft deel 1 van dit proefschrift naar de hersenmechanismen die ten grondslag 
liggen aan gedragsprestaties en hoe deze beïnvloed worden door beloningen. 
Over het algemeen fluctueren gedragsprestaties aanzienlijk tijdens het uitvoeren 
van een taak. In hoofdstuk 2 hebben we onderzocht welke neurale mechanismen 
verantwoordelijk zijn voor deze fluctuaties in gedragsprestaties. In de studie die in dit 
hoofdstuk wordt beschreven hebben deelnemers een visuele zoektaak uitgevoerd. 
Ze kregen een reeks ellipsen te zien, waarvan de meeste dezelfde kleur hadden en er 
slechts één van een relevante vooraf gedefinieerde kleur was (een “popout” doelwit). 
De taak van de proefpersonen was om de aandacht te richten op het doelwit en aan 
te geven of de oriëntatie ervan verticaal of horizontaal was. We onderzochten welke 
hersenactiviteit zowel voor en na de presentatie van de ellipsen gerelateerd was aan 
visuele zoektijden op een bepaald moment in de taak. Resultaten toonden aan dat 
fluctuaties in hersenactiviteit die gerelateerd zijn aan voorbereidende aandacht de 
reactietijden (RTs) voorspelden, nog voordat de visuele zoekarray op het scherm 
verscheen. Daarnaast observeerden we ook een hogere voorbereidende activiteit in de 
visuele hersengebieden wanneer de proefpersoon snel reageerdde. 

In hoofdstuk 3 bouwen we voort op deze resultaten en bekijken we hoe het 
vooruitzicht van het verkrijgen van een beloning voor een aankomende taak 
voorbereidende aandacht-gerelateerde hersenactiviteit moduleert, en hoe dit 
gerelateerd is aan gedragsprestaties. In deze studie kregen proefpersonen ofwel 
een signaal te zien dat ze een beloning konden ontvangen of een signaal dat aangaf 
dat er geen beloning te krijgen was. De resultaten toonden aan dat hersenactiviteit 
gerelateerd aan voorbereidende aandacht en de visuele hersengebieden sterk werden 
gemoduleerd door het vooruitzicht van een beloning. Wanneer de stimulus uiteindelijk 
op het scherm verscheen werd deze beter verwerkt en werd de taak sneller uitgevoerd. 

Het eerste deel van dit proefschrift heeft laten zien dat om de kans op succesvol 
gedrag zo groot mogelijk te maken het brein van moment-tot-moment activiteit 
moduleert in hersengebieden die verantwoordelijk zijn voor de taak. In het dagelijks 
leven is bepaalde informatie echter altijd belangrijk en verandert niet van moment-
tot-moment. Daarom is het doel van deel 2 om te onderzoeken wat de mechanismen 
zijn die ten grondslag liggen aan het opslaan van welke informatie uit onze omgeving 
belangrijk is. 

In hoofdstuk 4 keken we hoe het brein leert welke informatie in onze omgeving 
voorspellend is voor beloningen en hoe deze beloningsgerelateerde informatie de 
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aandacht trekt. Het is bekend dat beloningsassociaties de richting van aandacht 
beïnvloeden zodat deze beter gericht wordt op beloningsgerelateerde informatie. In de 
in dit hoofdstuk beschreven studie werd de proefpersonen gevraagd om een kansspel 
te spelen waarin tussen een gezicht of huis gekozen mocht worden. In elk blok van 20 
herhalingen waren gezichten of huizen meer kansrijk op een beloning. De resultaten van 
deze studie toonden aan dat proefpersonen goed kunnen leren welke stimuluscategorie 
meer winst oplevert. Verder hadden de proefpersonen meer aandacht voor de winnende 
stimulus, wat een replicatie van resultaten van eerdere studies vormt. In de reeks van 20 
herhalingen hebben we ook gekeken naar hoe de feedback hersenactiviteit moduleert 
om de winnende stimulus categorie op te slaan (d.w.z. hoe mensen ‘leerden’ op basis 
van feedbackinformatie). In de hersenen zijn gebieden die zich bezig houden met het 
verwerken van bepaalde soorten informatie, zoals gezichten of huizen. We zagen dat 
er na een beloning een toename was in activiteit in de hersengebieden die belangrijk 
zijn voor het verwerken van de beloonde stimuluscategorie. We denken dat activiteit 
in deze gebieden de verhoogde gevoeligheid van deze gebieden reflecteert, zodat 
wanneer de proefpersoon een winnende categorie tegenkomt deze sneller verwerkt 
wordt en eerder de aandacht trekt.

Leren vindt niet alleen plaats over korte tijdschalen (dat wil zeggen van minuut tot 
minuut), maar kan ook gedurende veel langere periodes plaatsvinden. De studie 
in hoofdstuk 5 keek naar hoe en wanneer neurale specialisatie voor de verwerking 
van letters en cijfers voorkomt in het menselijk brein. In deze studie hebben we 
gekeken naar hoe de hersenen letters, cijfers en symbolen verwerken in verschillende 
ontwikkelingsstadia (leeftijd 7, 10, 15, 20). De resultaten toonden aan dat tot en met 10 
jaar oud er geen verschil was in EEG-activiteit tussen letters en cijfers. Zelfs terwijl 7- en 
10-jarigen een onderscheid kunnen maken tussen letters en cijfers laat deze groep geen 
verschillen in EEG-activiteit zien. Echter, 15- en 20-jarigen toonden duidelijk neurale 
verschillen voor de verwerking van letters en cijfers, wat suggereert dat na uitgebreide 
training de hersenen gespecialiseerde neurale routes vormen.

Het proces dat aan een dergelijke specialisatie ten grondslag ligt, kan voortkomen 
uit tijdelijke modulatie van activiteit in specifieke hersengebieden op basis van 
beschikbare informatie (bijv. feedback van de leraar bij het ontcijferen van cijfers of 
letters). Hoewel op de korte termijn de aanpassing in het informatieverwerkingssysteem 
lijkt te zijn gebaseerd op het beïnvloeden van de gevoeligheid van verbindingen zoals 
te zien in hoofdstukken 2 tot en met 4, kunnen deze tijdelijke veranderingen het 
vormen van de fysieke verbindingen op de lange termijn beïnvloeden. Het is bekend 
dat de synaptische verbinding tussen neuronen die samen worden geactiveerd sterker 
wordt. Onze studies geven inderdaad een duidelijke indicatie dat de hersenen van het 

ontwikkelende kind de verbinding tussen stimuluskenmerken op lager niveau (bijv. de 
specifieke oriëntatie en configuratie van lijnen) en een respons op hoger niveau (het 
aangeven of de configuratie een letter of cijfer is) versterkt.
 
Concreet was de vraag die in dit proefschrift werd gesteld “Hoe passen we ons aan 
en leren we van onze omgeving?”. De studies in dit proefschrift hebben de neurale 
hersenmechanismen van adaptatie over een breed scala van tijdschalen onderzocht. 
In deze studies werd aangetoond dat aandachtsmechanismen de manier waarmee 
binnenkomende informatie verwerkt wordt beïnvloed. Door het moduleren van de 
neurale gevoeligheid van hersengebieden die betrokken zijn bij het verwerken van 
belangrijke gebeurtenissen of informatie kunnen de hersenen zich aanpassen aan de 
omgeving.



1
Introduction

Chapter



InTRODuCTIOn

17

1

How does our brain adapt to and learn from our environment? 

The role of attention

The brain has a limited capacity to process information in our environment, thereby 
necessitating prioritization of the processing of those stimuli or events that are relevant 
to our goals over other concurrent stimuli or events. To accomplish such prioritization 
of information, the brain employs several key neural and cognitive processes that can 
selectively enhance or modulate the processing of certain stimuli or events. The neural 
and cognitive processes by which the brain can accomplish such selective enhancement 
of information processing, allow the brain to be tuned to demands of the environment; 
the cognitive function of attention underlies this tuning of the brain. Attention can be 
shifted across our environment prioritizing stimuli or events that are the most relevant 
from moment to moment. As such, attention plays a key-role in providing the brain a 
set of mechanisms that enable these critical selective processing capabilities. However, 
factors and mechanisms that define where or to what attention should be directed, and 
how such attentional dynamics subsequently contribute to successful behavior, remain 
elusive. 

One answer may be that we pay attention and respond to information that is relevant to our 
behavioral goals - such as information that predicts rewards. 

Attentional mechanisms

Mechanisms that prioritize the processing of stimuli fall into two main categories. 
First, attention can be driven by endogenous factors, such as an internal goal or an 
expectation. For instance, while driving, it may be important for safety reasons to actively 
divert attention away from a conversation with a passenger, and towards scanning the 
road in front of your in search for situations or stimuli that indicate danger. Attention 
can also be driven by exogenous factors, which are intrinsic stimuli properties such as 
brightness, movement, or color that automatically attract attention. Both endogenous 
and exogenous factors have been linked to various brain regions and circuits (Corbetta 
& Shulman, 2002). 

In everyday life endogenous and exogenous factors work together: Attention is 
controlled by a constant interaction between internal goal-directed attentional control 
and external attentional capture (Awh, Belopolsky, & Theeuwes, 2013). For instance, 
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when performing a search task in which there is a relevant target of the color red, the 
brain uses a template (an endogenously set goal) to facilitate the detection of and 
attentional orientation towards a potential red target stimulus. In other words, the brain 
internalizes predictive information (the goal) to facilitate the processing of incoming 
information. 

Often these endogenous and exogenous factors can be in conflict with one another, 
a circumstance that can be detrimental for successful behavior. For instance, this 
conflict can be illustrated using the color-word-naming Stroop task (Stroop, 1935). In 
this task, participants have to name the font color of a color word, while ignoring the 
word meaning (e.g., the word ‘blue’ printed in the font-color red). If the internal goal 
conflicts with intrinsic stimulus properties, the participant will respond more slowly and 
less accurately than if the irrelevant word meaning is congruent with the relevant font-
color.

The role of rewards

Although it is well known that attention plays a key-role in adaptive behavior, especially 
with regard to selecting relevant information for enhanced processing, it is not well 
understood which factors contribute to the controlling of our attention and how 
they do so. Reward-related information is a potential key-factor that modulates how 
and why both endogenous and exogenous attention can and do enhance behavioral 
performance. Rewards are factors that induce seeking or wanting behavior and, as a 
consequence, if rewards are possible, people are often more inclined to do their best. 
For instance, offering monetary incentives leads to increased behavioral performance, 
such as faster response times and greater accuracy (Adcock, Thangavel, Whitfield-
Gabrieli, Knutson, & Gabrieli, 2006; Bijleveld, Custers, & Aarts, 2010; Engelmann, 
Damaraju, Padmala, & Pessoa, 2009; Krebs, Boehler, & Woldorff, 2010). Another way 
of thinking about rewards is in terms of motivation, in that we are more inclined to 
approach those stimuli or events that maximize rewards. Sometimes this approach 
behavior leads to health issues for individuals, such as when reward associations leads 
to addictive behavior. For instance, a smoker will find rewards in smoking and therefore 
is more likely to keep smoking. 

Previous research has shown that if stimuli that have associations with rewards, it 
results in enhancement and prioritization of the processing of these stimuli in the brain 
(Hickey, Chelazzi, & Theeuwes, 2010a; Hickey & van Zoest, 2012). As such, rewards can 
become an important exogenous factor, which controls attention through learning. 
That is, when reward-related stimuli are in accordance with a current (endogenous) 

goal, these stimuli-reward associations can help to make decisions (Anderson, 2017a). 
Importantly, however, the adaptation processes by which such stimulus reward 
associations are learned, updated, and stored in the brain is not well understood. One 
way to study these processes is by a using functional measurement of brain activity 
such as electroencephalograph. 

Using electroencephalography (EEG) to study adaptive behavior

What does EEG measure? 
Throughout this dissertation the main methodology used to probe the neural 
mechanisms underlying adaptive behavior was high-temporal-resolution scalp-
recorded EEG. EEG measures the electrical potential difference between two electrodes 
on the scalp and originates from summed fields propagated from the dendritic trees 
of cortical pyramidal neurons (nunez & Srinivasan, 2009).When a stimulus is presented 
or an event occurs, the brain elicits a pattern of electrical brain activity in both space 
and time that can be reflected by the event-related potential (ERP). The ERP can be 
obtained by averaging segments of EEG data time-locked to a set of such stimuli or 
events. The ERP consists of a series of troughs and peaks, as well as differential activity 
between conditions, that have been mapped onto a wide scale of cognitive functions 
(Kappenman & Luck, 2012). As a consequence, the cascade of neural and cognitive 
processes that are elicited by a stimulus or event can be probed by investigating the 
spatial and temporal pattern of the ERP. Modulations of various ERP components can 
thus be used as markers to probe the cascade of neural processes underlying the 
corresponding sequence of cognitive functions. (See Box 1 for an overview of the key 
ERP components that are analyzed for these purposes in this dissertation.)
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Box 1: ERP components used as markers for various attention-related cognitive functions

CnV Continent Negative 
Variation. When a 
signal is presented (i.e., 
a cue) indicating that 
something is about to 
happen, it results in a 
slow-wave fronto-central 
negative defl ection. 
The CnV can be used 
to mark endogenous 
task-specifi c attentional 
preparation.

N1 A visual processing-
related component, 
manifested as a negative 
defl ection over the 
posterior scalp peaking 
around 150-180 ms after 
stimulus onset. The n1 
can be used to mark the 
quality of initial visual 
processing. For instance, 
telling people to 
proactively pay attention 
to the task increases the 
size of the n1.

N2pc N2 posterior 
contralateral. A 
component related to 
the orientating and 
focusing of spatial 
attention, manifested 
as a negative defl ection 
over the posterior scalp 
electrodes, contralateral 
to the spatial location 
where attention is 
deployed. It peaks at 
~250ms after stimulus 
onset. For instance, 
when attention is 
oriented towards the 
left, there is a relatively 
negative defl ection over 
the right posterior scalp, 
and vice versa. 

SPCN Sustained Posterior 
Contralateral Negativity. 
This component is 
thought to refl ect the 
continued processing 
in working memory 
of a lateralized target. 
It is manifested as a 
continued negative 
defl ection contralateral 
to the stimulus between 
300 to 800ms following 
stimulus onset. SPCn is 
smaller when a task is 
easier, and larger when it 
is diffi  cult.

FRN Feedback Related 
Negativity. The FRn 
has been associated 
with the evaluation 
of feedback outcome 
information and is 
larger for losses than for 
gains. It manisfests as a 
midline fronto-central 
component peaking 
at ~250ms following 
the presentation of 
feedback. 

P3 A generic, broadly 
distributed positive 
defl ection peaking 
between 300 and 
600ms. It has been 
associated with indexing 
the amount of cognitive 
eff ort being invested in 
a task. 
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Another measure that can be very useful for studying neurocognitive processes is 
the amount of power in the 8 to 14Hz frequency range embedded in the EEG data, 
both when broadly distributed and when more cortically specific. Specifically, changes 
in oscillatory EEG activity in the Alpha band (8 - 14 Hz) have been found to index the 
directionality of cortical activation: Decreased alpha power arising from a cortical brain 
region is typically associated with increased cortical activation, and vice versa (Jensen & 
Mazaheri, 2010; Petersson & Kleinschmidt, 2012; Scheeringa, Petersson, Kleinschmidt, 
Jensen, & Bastiaansen, 2012; van den Berg, Appelbaum, Clark, Lorist, & Woldorff, 
2016a; van den Berg, Krebs, Lorist, & Woldorff, 2014; van Dijk, Schoffelen, Oostenveld, 
Jensen, et al., 2008b). A classic example of this effect in spatial attention is the relative 
decrease in occipital alpha contralateral vs. ipsilateral to a cued direction of attention 
(Foxe & Snyder, 2011; Grent-’t-Jong, Boehler, Kenemans, & Woldorff, 2011; Worden, 
Foxe, Wang, & Simpson, 2000a), inversely paralleling relative lateralized increase in fMRI 
activity observed under a similar contrast (Green et al., 2017; Grent-’t-Jong & Woldorff, 
2007; Hopfinger, Buonocore, & Mangun, 2000; Kastner, Pinsk, De Weerd, Desimone, & 
ungerleider, 1999)

Part 1: Neural mechanisms by which attention and reward contribute 
to adaptive behavior 

To probe the influence of attention and reward on adaptive behavior, Part 1 of 
this dissertation investigates the neural mechanisms that are related to successful 
and unsuccessful adaptive behavior. In general, behavioral performance fluctuates 
substantially when performing a task. In Chapter 2 we examined which neural 
mechanisms are responsible for, or at least covariate with, these fluctuations in 
behavioral performance. In the study reported in this chapter, participants performed a 
visual search task, in which they had to find a visual target among distractors. They were 
presented with an array of ellipses, with most being the same color and only one being 
a predesignated color (a “popout” target), with the task being to orient attention to the 
popout target and to discriminate whether its orientation was vertical or horizontal. We 
investigated which brain activity was related to visual search times (within participants), 
both before and after stimulus presentation. Results indicated that before the search 
array appeared onscreen, fluctuations in brain activity related to preparatory attention 
predicted the reaction times (RT). More specifically, slow-wave electrical brain activity 
called the continent negative variation (CnV) that relates to task-based attention was 
steeper for faster RTs (e.g. focusing on visual search, instead of thinking about the 
grocery list to make for tomorrow). Additionally, we observed a smaller amplitude of 

posterior Alpha power (8 to 14Hz) for faster RTs, indicating more preparatory cortical 
activity over the visual cortices. After the visual search array appeared, results showed 
that for fast compared to slow RTs, visual processing was of better quality (larger n1), 
reactive attentional orientating was faster (n2pc), and less activity was allocated to the 
discrimination of the target orientation (smaller SPCn), presumably due to smaller task 
demands for such processing later in the session. 

In Chapter 3 we look at how the prospect of gaining a reward for an upcoming 
task modulates preparatory-attention-related brain activity, and how this interaction 
is related to behavioral performance. In this study, participants were cued on a trial-
by-trial basis with either a cue signaling that they could receive a monetary reward if 
behavioral performance was above a predefined threshold, or a cue indicating that 
no monetary incentives were involved in that trial. Results showed that preparatory 
attention processes (as indexed by CnV and alpha power) were strongly modulated by 
reward. Accordingly, this chapter provides compelling evidence that reward prospect 
enhances neural activity underlying behavioral performance by marshalling brain-
processes similar to those used by attention.

Part 2: Mechanisms by which attention and reward contribute to 
learning 

Another important question concerns the neural processes by which neural circuits 
adapt to influence the processing of information. More specifically, in Part 2 we report 
findings that provide insight into the cortical mechanisms by which prior experience 
shapes the processing of subsequently encountered information. 

The goal of Chapter 4 is to understand how the brain learns which stimuli in our 
environment predict monetary rewards, and how these reward-related stimuli guide 
attention to improve behavioral choice performance. Once learned, these reward 
associations can then direct the orientation of attention towards those stimuli that are 
associated with reward (Hickey et al., 2010a; Hickey & van Zoest, 2012). More specifically, 
as an individual learns that certain stimuli are more likely to predict reward, they will 
receive more attention and be more likely to have a more pronounced influence on 
actual behavior. In this study, participants were asked to maximize their gains by 
choosing either a face or house. Crucially, in each set of 20 trials, either the face or house 
category was more likely to yield a reward if chosen. Results showed that by the end of 
the set, participants showed an attentional bias (as measured by the n2pc) towards the 
set-winner (i.e., the stimulus with higher probability of reward) when it first appeared, 
and were more likely to choose the winning stimulus. 
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Over the sequence of 20 trials, we also looked at how feedback about reward 
likelihood modulated brain activity (i.e., how people ‘learned’ based on feedback 
information). Results revealed that when a chosen category resulted in a reward (i.e., 
positive feedback), the feedback was followed by lower Alpha power over sensory 
posterior areas that are involved in processing the rewarded category. Specifically, 
when participants chose a face and received a gain versus a loss, there was lower Alpha 
power over the areas involved in processing faces. These results reveal a key role for the 
posterior sensory cortex for storing reward associations and guiding attention. 

Learning not only occurs over short time scales (i.e., trial-to-trial basis), but can also 
take place over much longer periods of time. The study in Chapter 5 described how 
and when neural specialization for the processing of letters and numbers occurs in the 
human brain. In this study, we looked at how the brain differentially processes letters, 
numbers, and unfamiliar symbols across developmental stages (ages 7, 10, 15, and 20). 
Results showed that until 10 years of age, scalp-recorded EEG activity did not differentiate 
between letters and numbers, even though 7 and 10 year olds can distinguish between 
letters and numbers. However, 15 and 20 year olds showed clear distinct and rapid 
neural signatures over the posterior cortices for the processing of letters and numbers. 
These results suggest that after extensive training the brain develops specialized neural 
pathways to rapidly process in the visual cortices. 

In sum, the studies in Part 1 show that there is an intimate relationship between the 
prospect of rewards and the attentional mechanisms underlying behavior. For instance, 
greater preparatory attention a second before the onset of a target stimulus predicted 
better behavioral performance. Additionally, these same preparatory attentional 
mechanisms were enhanced by the prospect of reward, providing compelling evidence 
that reward marshals the attentional control circuits to influence behavior. Over longer 
timescales, it might be beneficial to prioritize the processing of stimuli that are related 
to rewards or predict rewards over the processing of others. Part 2 investigates the 
underlying mechanisms of associative learning and shows a key role for modulations in 
the sensory circuitry. Which, over years of learning, these sensory neural pathways can 
become specialized for rapid and more optimized processing.
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Abstract

An individual’s performance on cognitive and perceptual tasks varies considerably 
across time and circumstances. We investigated neural mechanisms underlying such 
performance variability using regression-based analyses to examine trial-by-trial 
relationships between response times (RTs) and different facets of electrical brain 
activity. Thirteen participants trained five days on a color-popout visual-search task, 
with EEG recorded on days one and five. The task was to find a color-popout target 
ellipse in a briefly presented array of ellipses and discriminate its orientation. Later 
within a session, better preparatory attention (reflected by less prestimulus Alpha-band 
oscillatory activity) and better poststimulus early visual responses (reflected by larger 
sensory n1 waves) correlated with faster RTs. However, n1 amplitudes decreased by half 
throughout each session, suggesting adoption of a more efficient search strategy within 
a session. Additionally, fast RTs were preceded by earlier and larger lateralized n2pc 
waves, reflecting faster and stronger attentional orienting to the targets. Finally, SPCn 
waves associated with target-orientation discrimination were smaller for fast RTs in the 
first but not the fifth session, suggesting optimization with practice. Collectively, these 
results delineate variations in visual search processes that change over an experimental 
session, while also pointing to cortical mechanisms underlying performance in visual 
search.
Keywords: oscillatory Alpha, Visual Search, n1, n2pc, SPCn, attention, task performance

In everyday life humans are constantly exposed to situations in which responding 
quickly and accurately is important. Hitting a baseball, driving a car, or swatting a 
mosquito all require clear vision, the appropriate allocation of attention, and the correct 
response selection to achieve a goal. These abilities are in turn supported by a cascade 
of neurocognitive processes that must work in conjunction for successful behavior. 
Factors such as training, learning, fatigue, or lapses of attention affect the efficiency of 
these processes.

Training, for instance, has been shown to improve information processing (Sigman 
& Gilbert, 2000; Sireteanu & Rettenbach, 1995). In our previous paper we focused on 
the event-related processes that were modulated by training in a visual search task five 
consecutive days (Clark, Appelbaum, van den Berg, Mitroff, & Woldorff, 2015). Participants 
were presented with an array of ellipses and asked to find and identify a color-popout 
target among them and report its orientation. After five days of training, performance 
improved (i.e., participants became faster at responding without sacrificing accuracy), 
which was accompanied by training effects on the different phases of the cascade of 
neural processes, as reflected in series of event related potential (ERP) components 
elicited by the visual-search arrays. However, a substantial portion of the within-subject 
variability in response-times (RTs) remained unexplained. 

Besides training, there are two other important factors to consider when analyzing 
RT-performance. One factor is variability of performance from trial-to-trial, such as 
trial-to-trial variations in alertness, attentional task focus, or some other time varying 
process (Boksem, Meijman, & Lorist, 2005). A second, related factor is the amount of 
time performing a task across a contiguous time period (e.g., within an experiment 
session). For instance, it has been shown that participants’ RTs and brain activity tend to 
vary across a session (Boksem et al., 2005; Faber, Maurits, & Lorist, 2012), including Alpha 
power increases and n1 sensory-evoked ERP responses decreases across session. Such 
results suggest other changes in information processing that can be due to factors such 
as within-session learning, mental fatigue, or perhaps simply getting comfortable with 
the experimental procedures. 

To investigate the mechanisms underlying these sources of task performance 
variation, we examined other facets and relationships of the visual search training data 
set (Clark et al., 2015). In particular, instead of looking at between-session training 
effects, we explicitly focused on the within-subject RT variability, examining both the 
fluctuations occurring from trial-to-trial and the changes due to the amount of time 
the participants had been performing the task within each session. To do so, different 
neural markers were examined to index changes in the cascade of cognitive processes 
underlying the within-subject RT-variability. 
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Slow-wave CNV activity and oscillatory Alpha as markers for attentional 
preparation
Part of the within-subject variability in performance seems likely to derive from 
fluctuations in attentional preparation for each impending stimulus due to factors related 
to trial-to-trial fluctuations and changes across an experimental session. Attentional 
preparation might serve as an important predictor of how efficiently one will be able to 
process the upcoming target and respond to it (Weissman, Roberts, Visscher, & Woldorff, 
2006). Recordings of electrical brain activity provided by electroencephalography (EEG) 
can serve as a useful method to investigate such attentional fluctuations. Two potential 
sources of information embedded in the EEG signal that can potentially index fluctuations 
in preparatory attention are the slow-wave fronto-central contingent negative variation 
(CnV) (Brunia, van Boxtel, & Bocker, 2012) and oscillatory activity in the Alpha (8-14Hz) 
frequency range (Fellinger, Klimesch, Gruber, Freunberger, & Doppelmayr, 2011). While 
the CnV has been used as an index for more task-specific attentional preparation 
related to the fronto-parietal control network (Corbetta, Kincade, Ollinger, McAvoy, & 
Shulman, 2000; Grent-’t-Jong & Woldorff, 2007), Alpha power has been used as an index 
for both general and selective attentional processes (Grent-’t-Jong et al., 2011; Jensen & 
Mazaheri, 2010; Worden et al., 2000a), and decreases in Alpha power have been linked 
to improved target detection and improved visual processing (Hanslmayr et al., 2007; 
van Dijk, Schoffelen, Oostenveld, & Jensen, 2008).

For instance, missing a target in a target detection task (van Dijk, Schoffelen, 
Oostenveld, & Jensen, 2008), relative to when it was successfully detected, has been 
associated with higher-amplitude posterior Alpha power prior to the target occurrence. 
More recently, in a cued Stroop paradigm, preparatory CnV and Alpha activity was 
linked to attention and RT performance and that these relationships were modulated 
by motivation (van den Berg et al., 2014). In that study, a cue indicated whether a quick 
and correct response to an imminent Stroop stimulus could potentially be rewarded or 
not. The results showed that cue-evoked CnV activity was higher and preparatory Alpha 
power was lower in amplitude when there was a potential reward. In addition, higher 
amplitude CnV and lower-amplitude Alpha power also predicted that the response to 
the upcoming Stroop stimulus would be faster.

ERP components as markers for visual processing, orientation of attention, and 
target-feature processing
Performance is not only dependent upon pre-target attentional preparation and 
alertness, but also on the processing of the target stimulus itself. Visual processing of 
a stimulus can be indexed by the posterior n1 ERP component (a negative deflection 
over the posterior channels ~150ms) (Mangun & Hillyard, 1991; Vogel & Luck, 2000). 

For instance, in studies which spatially cued participants to direct attention to the 
potential location of an upcoming visual target stimulus, the n1 was enhanced when 
spatial attention was present at the location of the target stimulus as compared to 
when attention was directed elsewhere (Mangun & Hillyard, 1991). It was also found 
that this n1 enhancement was present when participants had to discriminate the visual 
stimulus and not when the participants’ task was a simple reaction task. These results 
show that the n1 can serve as a neural index of visual processing and can be modulated 
by preparatory attention.

The subsequent reactive orienting of attention towards a lateral target in a visual-
search array can be indexed by the hallmark n2pc ERP component (Kappenman & Luck, 
2012). The n2pc, peaking approximately 200ms after stimulus-array onset, consists of 
an enhanced negative wave over the occipital cortex contralateral versus ipsilateral to 
the target stimulus. The further processing of target information (i.e., discrimination of 
specific features of the target) is reflected in the somewhat later sustained posterior 
contralateral negativity (SPCn, also known as the contralateral delay activity [CDA]). 
Previous research of working memory has shown that the amplitude of the SPCn/CDA 
depends on the demands placed on working memory (Jolicœur, Brisson, & Robitaille, 
2008; Luck & Vogel, 1997). Relatedly, in a visual search task where the size of the search 
array remained constant but the difficulty in discrimination of the target stimulus 
increased, the amplitude of the SPCn also increased (Mazza, Turatto, umiltà, & Eimer, 
2007).

In the present study, we analyzed the relationships between within-subject 
variability in visual-search RTs and these electrical measures of specific facets of the 
functional brain activity, with the goal being to gain insight into the neural mechanisms 
underlying within-subject variability in cognitive task performance.

Methods

Participants
nineteen healthy volunteers (5 female; 18-35 years old) participated in the study. 
All participants had normal or corrected-to-normal visual acuity and had normal 
color vision. The experiment was conducted in accordance with protocols that were 
approved by the Duke Medical Center Institutional Review Board. Written informed 
consent was obtained from all participants. Participants received 15 dollars per hour 
in compensation. Data from two participants was excluded due to poor behavioral 
performance (2 SD below the group mean), and data from another four participants was 
excluded from the analysis due to excessive EEG noise (mostly artifacts from horizontal 
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eye movements - see EEG preprocessing). Thus, data from a total of 13 subjects were 
included in the final analysis. 

Task and Stimuli

Figure 1. Each search array contained 48 ellipses; 46 of those were in blue, one was green (target) 
and one red (distractor). The search array remained onscreen for 50ms, and after a variable ITI (1250 – 
1650ms) the next search array appeared onscreen.

Stimuli were presented on a 19-inch CRT monitor using Presentation (neurobehavioral 
Systems, Albany, CA), with participants seated at a viewing distance of 57cm. Participants 
completed five sessions of the visual search paradigm across five consecutive days. Each 
session consisted of 14 four-minute blocks, each with 140 trials, yielding a total of 1960 
trials per session. Participants were given a short break after each block. 

Each trial consisted of a visual search array, which remained on the screen for 50ms, 
and a variable inter-trial-interval (ITI, 1250-1650ms) (Figure 1). A white fixation cross 
remained onscreen during both the visual search array and the ITI. The visual search 
array consisted of an array of 48 horizontal and vertical ellipses, each subtending a visual 
angle of ~1.36 x ~0.91 degrees. One ellipse in each array was green (the target popout) 
and one was red (a non-target popout), with the rest of the ellipses all being blue. 
Participants were asked to detect the green target ellipse, discriminate its orientation 
(horizontal or vertical), and indicate the orientation by pressing either the left or right 
button on a Logitech gamepad using the index finger of the left or right hand.

EEG recording and preprocessing
EEG was recorded during sessions 1 and 5, using a 64-channel, custom, extended–
coverage electrode cap (ElectroCap International, Eaton Ohio). The EEG signals were 

amplified within the 0.016 to 100Hz frequency band and each channel was sampled at 
500Hz. During cap application impedances of all channels was adjusted to below 5 kΩ. 
Eyeblinks were corrected using independent component analysis (ICA). Prior to the IC 
decomposition, epochs were extracted from -0.5 to 1.5s surrounding the presentation 
of the visual search array. Epochs that contained high level of noise were excluded 
from ICA decomposition (using a -150 to 1500μV threshold detection from which the 
ocular channels were excluded - the asymmetry of this threshold ensured that most 
eyeblinks remain in the data). The EEG data were filtered offline using a zero-phase-shift 
finite-impulse-response filter with 0.5 highpass and 60 hz lowpass filter settings, which 
were subsequently down-sampled to 250Hz. Subsequently, independent components 
(ICs) were extracted using the extended infomax algorithm as implemented in 
EEGlab13.4.4.b(Delorme & Makeig, 2004). Finally, all ICs were copied to the original raw 
data, which was filtered using a zero-phase-shift 60Hz lowpass filter and subsequently 
down-sampled to 250Hz. IC components that reflected eyeblinks (1 or 2 ICs per 
participant) were removed from the data. Finally epochs were extracted from -2.5 until 
2.5s after onset of the visual search array. Epochs containing any remaining artifacts 
(horizontal eye movements, muscle noise) were detected using a 110μV threshold 
-1.5 to 1.5s [the threshold was slightly adjusted for some participants] and a 30μV step 
function -0.2 to 1s around the target) and excluded from further analysis.

Frequency decomposition for the oscillatory analysis was performed by means 
of multiplying the data with a sliding tapered Hanning-window from -1 to 1s around 
the onset of the visual search array. The sliding window moved across time with steps 
of 50ms. The tapered window had a width of 3 cycles for 3 to 7Hz, 5 cycles from 8 to 
14Hz and 10 cycles for above 14Hz for determining power in the theta, alpha and beta 
band, respectively. Frequency power was estimated by means of a discrete Fourier 
transform from 2 to 30Hz with a resolution of 1Hz. (as implemented in the FieldTrip 
toolbox(Oostenveld, Fries, Maris, & Schoffelen, 2011)). Subsequently, for the frequency 
data the natural log transformed power (P) for every trial (i) was converted for every 
time (t), frequency (f ) and electrode (e) data point to a z-score, across both sessions 

according to the following equation:

1.               Z
f,t,e

(i)=  
P

f,t,e
(i)− μ

f,t,e

                           
σ

f,t,e

Classically, ERP analysis is done by selecting a subset of trials based on some criteria 
(e.g., different cognitive conditions, a median split based on RTs) and averaging the 
corresponding EEG epochs to yield the ERP (or time-locked-average EEG signal). 
However, by discretizing continuous variables (e.g., RTs), one can lose substantial power 
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(J. Cohen, 1983; MacCallum, Zhang, Preacher, & Rucker, 2002). To more fully utilize the 
continuous nature of RTs across trials, as a final preprocessing step a linear model was 
run on both the raw EEG and decomposed frequency data in which the dependent 
variable was either the EEG amplitude in microvolts or the log and z-transformed 
power. For the predictor variables, first, the RTs and time-in-session were z-transformed 
for each session separately (z-transformed time-in-session results in the same scale 
for both sessions). After transforming the data, a linear model was run separately for 
every subject, session, time, and scalp channel, or in case of the frequency data every 
frequency point. The associated design matrix thus had the following specifications: 
target side (left or right), RTs (z-transformed), and time-in-session (z-transformed trial 
number). Additionally, interactions between each factor were included in the design 
matrix. Time-in-session z-transformed values represented the scaled number of visual 
search trials the participant had performed up to that point within the session.

The estimated beta weights obtained from the linear model, for both the ERP and 
frequency data, were used to model the responses for the different conditions. This 
resulted in the different ERPs

m
 and ERSPs

m
 (event related spectral perturbations) for 

each subject and condition of interest (subscript “m” stands for “modeled”). To visualize 
the different conditions we chose the following parameters for time-in-session: early 
[1.5sd in z-space, corresponding to ~trial 130 within a session] and late [~trial 1830]) 
and the parameters for RTs: fast [-1.5 sd below the mean of that subject within a session] 
and slow [1.5 sd above the mean for that subject within a session]). As a result, the final 
ERPs

m
 or ERSPs

m
 could, for example, represent a fast response, in the target left condition, 

early in the first session. These ERPs
m

 values contain the intercept, and consequently the 
traditional ERP morphology is maintained, using these modeled values, which is crucial 
for being able to analyze, visualize and compare these modeled ERPs

m
 responses with 

standard ERPs in the existing literature. Accordingly, the resulting event-related ERPs
m

 
and ERSPs

m
 can be analyzed similarly to a traditional ERP analysis with the advantage 

of utilizing the continuous nature of time-in-session and RTs(Hauk et al., 2006; Miozzo, 
Pulvermüller, & Hauk, 2014).

To analyze potential preparatory slow-wave CnV activity we estimated a linear slope 
prior to stimulus onset (-700 to 0ms) on each trial and each channel. Subsequently we 
ran the regression model on these slope coefficients. Finally, to analyze the n2pc and 
SPCn components, the activity in the ipsilateral channels (relative to the target ellipse) 
was subtracted from the activity in the contralateral channels (relative to the target 
ellipse), and then was collapsed over target side(Kappenman & Luck, 2012).

Statistical Analysis

Behavioral data (RTs and accuracy) were analyzed using repeated-measures AnOVAs. 
Mean accuracy (correct trials divided by total number of trials),RTs, and variability (SD) 
were calculated for each bin of 280 trials (i.e., 2 blocks). Occipital Alpha oscillations and 
the n1, n2pc, and SPCn ERP components were determined in two occipital regions of 
interest (ROIs) (channels 41, 43, 53, and 55, corresponding to the four sites in our caps 
nearest to standard sites P07 and O1, and channels 42, 44, 54, 56; corresponding to our 
four sites nearest to standard sites P08 and O2). Mean amplitudes from the regression-
derived ERPs

m
 and ERSPs

m
 were calculated for each condition. Prestimulus Alpha power 

(8-14Hz) was measured between -700ms and stimulus onset. Mean peak amplitudes 
were calculated for the n1 (136 to 176ms), the n2pc (200 to 250ms) and the SPCn (350 
to 600ms). Onset latency of the n2pc was assessed by measuring for each subject and 
condition the time-point at which the n2pc reached an amplitude of 0.75 uV, which was 
50% of the smallest n2pc condition (absolute criterion, Kiesel, Miller, Jolicœur & Brisson, 
2008). We defined a fronto-central ROI (Cz, Fz and their neighboring lateral channels) to 
measure the CnV.

For statistical analysis of the ERP
m

 and ERSP
m

 data, we defined three factors; first, the 
session effects (i.e. session 1 vs. session 5), second, the effect of speed (fast vs. slow RTs 
-1.5SD above or below the participants mean RT for each session), and finally, the effect 
of time-in-session (how many visual search trials a participants had performed within 
a single session which again was extracted from the model for the activity around 
trial# 130 and trial# 1830 for early and late, respectively). To test the effects of session, 
speed, and time-in-session on brain activations, we ran a three-way repeated measures 
AnOVA with those factors. Together with the repeated-measures AnOVA we reported 
generalized effect sizes (Bakeman, 2005; Olejnik & Algina, 2003), η2

g
 . Additionally, 

repeated-measures t-tests were conducted to interpret significant interactions (p<0.05).
To examine the relationship between prestimulus Alpha and the posterior n1, we 

extracted the amplitudes of the prestimulus Alpha and the n1 (according to the time-of-
interest and region of interest specified above) from the single trials from each session. 
Subsequently we extracted the correlation coefficients between prestimulus Alpha and 
n1 separately for each subject. Finally, we conducted t-tests on the obtained correlation 
coefficients. All statistical analyses were performed using statistical programming 
language R (R Core Team, 2015b). 
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Results 

Behavior 

Figure 2. Performance in session 1 and 5. (a) Probability density plot showed that there was substantial 
RT variability within sessions 1 and 5. (b) Part of this variability can be explained by an overall decrease 
in RTs during each session. Each point shows the mean RT for two blocks (280 trials). 

As previously reported by (Clark et al., 2015),participants showed signifi cantly faster 
RTs in session 5 compared to session 1, while accuracy remained relatively unaff ected 
by training (RTs [SD]: session 1: 554ms [66] and session 5: 467ms [53] : F(1,12) = 99.0, 
p<0.001; Accuracy[SD]: session 1: 90% [5.4] and session 5: 91% [6.6]: F(1,12) = 0.16, n.s.). 
Closer inspection of the RT distributions (Figure 2a), however, revealed that, irrespective 
of the observed performance improvement between sessions, variation in RTs within 
each of the session remained. Moreover, in both sessions we observed a decrease in 
RT within a session (time-in-session: (F(1,12) = 13.0, p = 0.003) (Figure 2b). The mean 
variability across subjects in RTs in session 1 was 110ms, which decreased after the 
multi-day training to 81ms in session 5 (F(1,12) = 72, p < 0.001, η2

g
 = 0.31). Additionally, 

the RT variability did not signifi cantly change with time-in-session (F(1,12) = 0.11, p = 
n.s., η2

g
 <0.01). Accuracy remained constant across each session (F(1,12) = 0.42, n.s.). 

Electrophysiological results
The electrophysiological results and statistics presented here as ERPs

m 
and ERSPs

m
 

(modeled ERPs and modeled ERSPs) are all based on the regression-derived coeffi  cients. 
These regression coeffi  cients were derived separately for each time, channel, and, for the 
ERSPs

m
, frequency point. Subsequently using these coeffi  cients, including the intercept, 

we reconstructed ERP
m

 and ERSP
m

 analogues to a classic factorial design that would be 
derived with conventional selective averaging. The results are visualized for responses 
that were given near the beginning (trial number 130) or end (trial number 1830) of 

each session. Additionally, for the RTs, results are based on the estimated neural activity 
when the participant’s response speed was 1.5 SD above or below its mean separately for 
each session. These values would correspond to the points on the regression line where 
~13.4 percent of the responses were faster or slower than 1.5 SD below or above the 
mean, respectively. By z-transforming the RTs for every subject and session we removed 
any eff ects due to multi-day training, and the reported eff ects are within-subjects and 
within-session eff ects. Although we visualized the extreme responses as those are most 
interesting to our research question, note that due to the linear modeling, the ERPs

m
 

related to the mean RT are identical to the mean ERPs
m

 of the fast and slow responses.

Figure 3. Changes in regression-derived oscillatory power over the occipital channels as a function 
of RTs a: Rows depict the diff erent sessions (1 and 5), and columns refl ect time-in-session (early and 
late). b: Topographic maps show that most of the oscillatory eff ects for activity preceding fast versus 
slow RTs were over the occipital cortices and late within each session. This pattern of results was 
similar for session 1 and session 5. c & d: Plots reveal the relationship between Alpha power and speed 
(c) and between Alpha power and time-in-session (d). Although Alpha power increased signifi cantly 
throughout session 1, during session 5 this eff ect was smaller and did not reach signifi cance. d: Within 
each session, fl uctuations in Alpha power had a more profound eff ect later within the session.
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Prestimulus brain activity

Figure 4. Steeper prestimulus slow-wave CNV activity (700 to 0ms) preceded fast compared to slow 
RTs and late vs early in the session.

As noted above, the behavioral analysis indicated substantial within-subject variation 
in the RTs. We subsequently investigated how slow-wave CnV activity and oscillatory 
power preceding the presentation of the search array contributed to the RT variability 
(Figure 3 & Figure 4). 

Prestimulus Alpha power was derived from the linear model coeffi  cients of the 
regression analyses. There was a signifi cant interaction between Alpha power and 
response speed (time-in-session × speed: F(1,12) = 10.7, p = 0.006, η2

g 
= 0.032) (Figure 

3a & b). Early within a session, Alpha power preceding slow and fast RTs did not diff er 
signifi cantly (t(12) = 1.4, n.s.), while late within a session slower RTs were preceded by 
higher amplitude pre-stimulus Alpha compared to fast ones (t(12) = -2.38, p = 0.035) 
(Figure 3c). This pattern of results suggested that trial-to-trial fl uctuations in preparatory 
Alpha activity were related to RT variability, but this relationship depended upon the 
amount of time and trials the participant had been performing the task. Important, this 
relationship between speed and time-in-session did not change after training (speed × 
time-in-session × session: F(1,12) = 0.25, n.s., η2

g 
< 0.01). Finally, prestimulus alpha power 

increased with time-in-session during session 1, but not in session 5 (Figure 3d: time-in-
session × session: F(1,12) = 5.2, p = 0.046, η2

g 
= 0.016; late minus early: session 1: t(12) = 

2.4, p = 0.032.; session 5: t(12) = 1.3, n.s.).
The slow-wave CnV analysis (Figure 4) revealed a negative defl ection prior to the 

onset of the search array (central ROI - mean slope -2.37μV per 700ms; F(1,12) = 17, p = 

0.001, η2
g 

= 0.46), suggesting that there was a CnV-like prestimulus negative defl ection. 
The relationship of the slope of this prestimulus wave with RTs was signifi cant (central 
ROI - F(1,12) = 5.6, p = 0.036, η2

g 
= 0.039) for which faster RTs were preceded by a 

steeper prestimulus negative slope. Additionally, over the course of the experiment the 
slope became steeper (central ROI - F(1,12) = 12, p = 0.005, η2

g 
= 0.078). There was no 

interaction between speed, time-in-session and session.

Figure 5. Eff ect of RT on regression-derived ERP amplitudes (µVm) on early visual sensory processing 
(as refl ected by the early sensory-evoked N1 component). Rows depict the diff erent sessions (session 
1 and session 5), and columns refl ect time-in-session within each session (early and late).

Stimulus-evoked sensory-processing activity
The ERPm traces and topographic distributions of the posterior n1 (Figure 5) revealed 
that, independent of session (session × time-in-session: F(1,12) = 0.11, p = n.s., η2g 
< 0.01), this component dramatically decreased in amplitude over the course of the 
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session (early: -4.7 µV, late: -2.0 µV; time-in-session: F(1,12) = 47.0, p < 0.0001, η2g = 
0.25 ) (Figure 6a). Moreover, we observed that the n1 was more negative (i.e. larger) 
for fast RTs compared to slow ones (F(1,12) = 23, p < 0.0001, η2

g 
= 0.03), an eff ect that 

was stronger later in a session (speed × time-in-session: F(1,12) = 8.9, p = 0.014, η2
g 

= 
0.01, early: t(12) = -2.9, p = 0.01; late: t(12) = -4.2, p = 0.001) (Figure 6b). The ERP

m
 traces 

indicated a potential posterior P1 eff ect for fast versus slow RTs but statistical analysis 
did not reveal a signifi cant eff ect (F(1,12) = 3.1,p=0.11, η2

g 
< 0.01).

Figure 6. The eff ects of session number (1 vs. 5), time-in-session (early vs. late) and speed (fast vs. slow) 
on the posterior N1. The eff ect of training and time-in-session on the posterior N1 followed distinct 
patterns (see text).

The relationship between time-in-session and response speed on the n1 was similar 
to that observed for the slow-wave CnV and prestimulus Alpha power. Accordingly, 
we examined the relationship within-subjects between prestimulus Alpha power, 
slow-wave CnV, and the amplitude of the stimulus-evoked n1. First, we extracted 
prestimulus alpha power and n1 amplitude on every trial, which we subsequently 
correlated with each other separately for each subject, and from which we calculated 
the mean correlation across subjects, revealed that there was an inverse relationship 
within-subject between prestimulus alpha power and n1 amplitude (mean r = 0.11, 
t(12) = 4.3, p = 0.001). More precisely, higher amplitude prestimulus alpha power was 
being followed by lower amplitude n1s evoked by the stimulus array. Similarly, the n1 
and the slow-wave CnV also correlated (mean r = -0.14, t(12) = -12, p < 0.0001), with 
steeper prestimulus CnV activity being followed by higher amplitude n1s evoked by 
the stimulus arrays. Strikingly, there was no observable correlation between the slow-
wave CnV amplitude and prestimulus alpha power (mean r =-0.024, t(12) = -1.6, p = 
0.14), suggesting separability between the processes these two neural preparatory 
neural markers refl ect. 

Electrophysiological Results: Attentional orienting to the array 
target

Figure 7. Attentional orienting towards and discrimination of the target in the visual search array. 
Rows depict the diff erent sessions (1 and 5), and columns refl ect where in each session the participant 
was (early and late). Evoked potentials were derived from subtracting the electrical activity for the 
electrodes contra- versus ipsilaeral relative to the target location. For the scalp topographies the left 
channels show the contra-minus-ipsi activity (C-I) while the right channels show the ipsi-minus-
contra activity (I-C). Through both sessions, fast RTs were preceded by faster and better attentional 
orientation. 

In addition to being able to investigate eff ects on the n1 component refl ecting early 
sensory processing, the design of the visual search paradigm allowed us to leverage the 
lateralized nature of brain activity refl ecting the attentional orienting to, and processing 
of, the target item. In particular, the contra-minus-ipsi lateral analysis showed two 
attention-related ERP markers of interest: the n2pc and the SPCn, which index the 
orientation of attention and the further processing of target features, respectively. 
The regression-derived ERP

m
 waveforms in Figure 7 showed that the n2pc was larger 

if the target was followed by fast responses compared to slower ones (eff ect of speed 
collapsed across session: F(1,12) = 16.7, p = 0.0015, η2

g 
= 0.1). Additionally, the onset of 
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the n2pc was slightly delayed (20ms), when followed by slower responses compared to 
fast ones. This, in turn, was refl ected by the n2pc amplitude showing a signifi cant earlier 
diff erence (165ms compared to 185ms after onset of the search array) for fast compared 
to slow responses (F(1,12) = 12, p = 0.004, η2

g 
= 0.05).

The ERPs
m 

for the contra-minus-ipsi analysis as shown in Figure 7 also extracted the 
SPCn, which appeared to be larger for slower responses compared to fast ones, at least 
in session 1. Statistical analysis indeed confi rmed that response speed was related to 
SPCn amplitude throughout session 1, but not in session 5 (session × speed interaction: 
F(1,12) = 6.6, p = 0.024, η2

g 
= 0.013, eff ect of speed session 1: t(12) = 2.9, p = 0.014; eff ect 

of speed in session 5: t(12) = 0.3, p = n.s.) (Figure 8). 

Figure 8. Diff erential eff ects for long and short RTs on the N2pc and SPCN between session 1 and 
session 5. The N2pc was larger in amplitude during session 1 and larger in amplitude when followed 
by a faster versus a slower response. While, in general, the SPCN was larger in session 1 additionally, 
throughout session 1, the SPCN was also smaller if it was followed by a faster response compared to 
a slower one.

In summary, these results showed that both the n2pc and SPCn were related to RT 
performance: for fast (vs. slow) RTs the n2pc was larger and earlier, throughout both 
session 1 and session 5. In contrast, the SPCn was smaller for slow versus fast RTs in 
session 1, but this relationship disappeared after training.

Discussion

In the present study we investigated the cognitive and neural mechanisms that were 
related to within-subject variability in RT task performance during a visual-search task. 
For this purpose we examined a number of unexplored aspects of the data set from our 
visual-search training study (Clark et al., 2015). In that study, participants were trained 
in visual search over fi ve consecutive days, and during the fi rst and fi fth session high-
temporal-resolution EEG was recorded. The report(Clark et al., 2015) focused on the 
training eff ects between sessions, fi nding that training improved performance effi  ciency 
and modulated various event-related neural processes. However, there was substantial 
within-subject variability in the RTs, both before and after training. To investigate the 
sources of this RT-variability, we examined a set of unexplored relationships between 
the RT fl uctuations and various attention- and perception-related processes. In 
particular, we investigated how these relationships changed within a session (time-in-
session), both from trial-to-trial and across the session length, both before and after 
neural processes were infl uenced by training. 

Key results of the present study showed: (1) Greater attention-related preparatory 
brain activity (prestimulus Alpha and slow-wave CnV) and early visual sensory 
processing (n1) preceded fast compared to slow RTs, especially later within a session; 
(2) Improved effi  ciency of visual processing later in a session, for both fast and slow RTs 
(smaller n1 responses); (3) Enhanced attentional orientation (n2pc) to the target also 
preceded fast compared to slow RTs throughout each session, and (4) Further target-
feature discrimination processing (SPCn) diff ered between fast versus slow RT trials 
before training, but not after. 

First, prestimulus preparatory activity (as refl ected in prestimulus negative slow-
wave CnV activity and Alpha power) was predictive of response speed. More specifi cally, 
steeper negative slow-wave CnV slopes preceded faster RTs throughout the session and 
independent of training. Additionally, later within each session, higher amplitudes of 
prestimulus Alpha preceded slower RTs, an eff ect that was not infl uenced by training. 
The observed slow-wave CnV is most likely related to a steeper slope preceding faster 
RTs indicating better task-specifi c preparation (Corbetta & Shulman, 2002).

With regard to prestimulus alpha, there has been relatively little research reporting 
a clear relationship between response speed and prestimulus Alpha power in visual 
search tasks (or in other tasks more generally). The fi nding that prestimulus Alpha 
inversely predicted RTs is in line with previous studies reporting that lower prestimulus 
Alpha amplitude correlated with subsequent target detection accuracy (Hanslmayr 
et al., 2007; van Dijk, Schoff elen, Oostenveld, & Jensen, 2008). More generally, this 
fi nding is accordance with lower alpha being associated with higher levels of general 
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attention and alertness (Klimesch, 2012; Worden et al., 2000a), here manifesting as an 
enhanced ability to respond more quickly in performing the visual-search task in an 
upcoming search array. A possible interpretation for this findings is that Alpha gates the 
information flow in the visual stream (Jensen & Mazaheri, 2010; Jokisch & Jensen, 2007), 
and that the relative inhibition of visual regions (as reflected by larger amplitudes of 
Alpha) slows the ability to process the search-array items in visual cortex.

Similar to fluctuation in preparatory attention, fast versus slow RTs were also 
preceded by better visual processing, as reflected by a larger posterior n1 sensory 
component evoked by the array. Additionally, when taking time-in-session into 
account, this relationship between behavioral response speed and the posterior n1 was 
greater late compared with early in a session. More specifically, we observed stronger RT 
effects on the visual n1 particularly later within each session, with larger n1 amplitudes 
correlating with faster RTs, but to a lesser extent early within a session. Moreover, as with 
the preparatory Alpha RT effects, the n1-RT effects were larger later within the sessions 
but did not change after training. This suggests that time-in-session may influence 
both preparatory attention related to general alertness and visual processing, with 
both leading to the subsequent effect on RTs. These time-in-session effects, which were 
quite robust, could in principle be attributed to a range of cognitive processes, such as 
learning, practice, or fatigue. 

In contrast, the CnV-like slow negative wave-RT effects did not change across the 
session, which as suggested by previous studies (Grent-’t-Jong et al., 2011; van den 
Berg et al., 2014) further confirms that Alpha and CnV components most likely reflect 
different cognitive processes. As mentioned above, fluctuations in preparatory attention 
can potentially be viewed due to a combination of factors such as motivation, mental 
fatigue, and perhaps others. We found that the markers for preparatory attention, the 
slow-wave CnV and Alpha, did indeed covary with RT speed. However, whereas the 
covariation of alpha with RTs changed quite dramatically over time, the covariation 
between RT and CnV did not. One possibility might be that Alpha power reflects 
changes in general factors affecting task performance, such as fatigue, motivation, and 
overall alertness. The CnV, however, potentially comes from the fronto-parietal control 
that has been implicated more in task-specific attention. Therefore, the CnV might 
reflect task specific modulations of attention, in which fluctuations would be a proxy for 
focusing selectively on the task (versus, for example, thinking about other matters, such 
as making a grocery list). To further elucidate these effects of time-in-session, we looked 
at which other neural processes changed as a function of time-in-session. 

Another major result was that as a function of time-in-session, collapsed over slow and 
fast RTs, we observed increases in slow-wave CnV, increased preparatory Alpha power 

over session 1 and a smaller posterior n1 over both session 1 and session 5. Additionally, 
prestimulus Alpha and the posterior n1 correlated inversely with one another, in line 
with what has previously been reported (Barry et al., 2000; Talsma, Mulckhuyse, Slagter, 
& Theeuwes, 2007). We propose several possible accounts for these time-in-session 
modulations of neural effects: (1) the decrease in the n1 might be related to some sort 
of neural-response adaptation over time; (2) it might be related to a change in strategy 
or mental fatigue in how the visual search array is processed over time, or (3) it might 
reflect a combination of these. There is previous evidence that neural adaptation 
effects can occur over time; more specifically, after repeated stimulation of the same 
neural populations, those populations get less and less sensitive, resulting in reduced 
responses(Grill-Spector, Henson, & Martin, 2006). These are not necessarily permanent 
neural changes that we refer to as reflecting lasting learning effects, but are more related 
to repeated stimulation within a certain time interval. However, the changes observed 
here are not over a mere few seconds or even minutes but occur over a period of an 
hour (the length of a session). Accordingly, the adaptation explanation would not seem 
so likely, but it still could be a contributing factor for the observed effects.

 The second possible account for the increase in alpha power and decrease in the 
visual n1 across a session, particularly perhaps for session 1, is that these effects could 
reflect a change in strategy as to how participants prepare for the upcoming visual search 
array, which then also results in fluctuations in the RTs. During a session, participants 
may try to leverage the amount of information to be processed and the subsequent 
cognitive load(Jensen, Gelfand, Kounios, & Lisman, 2002; Snyder & Foxe, 2010; Tuladhar 
et al., 2007). If indeed they adopt a different strategy aimed at reducing the information 
load by more efficient attentional preparation, this might result in faster overall RTs. 
In other words, by employing a more efficient focusing of attention towards features 
that are important for task performance, and, additionally ignoring and inhibiting task-
irrelevant features better, performance efficiency might increase. 

neurally the shift in strategy can be reflected by the prestimulus Alpha and slow-
wave CnV effects on RTs, which can be related to a shift in strategy within a session to 
achieve a balance in the selection of information. More specifically, on the one hand, 
if information selection is too liberal, it would tend to result in a high cognitive load, 
which can result in turn in a slow RT. On the other hand, information selection being too 
strict, and thus inhibiting important information, could also result in a slow RT. Hence, 
especially later within a session (when a more optimal strategy has been adopted), the 
balance between too much inhibition (= slow RT) and too little (= high cognitive load) 
may become apparent by a stronger correlation between prestimulus Alpha and RTs. 
In other words, by employing a more efficient focusing of attention towards features 
that are important for task performance, and, additionally ignoring and inhibiting task 
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irrelevant features better, performance efficiency might increase. These task-specific 
fluctuations in preparatory attention might be indexed by slow-wave CnV fluctuations, 
presumably originating from the fronto-parietal control network, that increased over 
the course of the experiment.

Additional evidence for this hypothesis comes from the observed modulations of 
the posterior n1; late within a session the posterior n1 was much decreased in size, 
and yet participants were able to respond faster as compared to earlier in the session. If 
the n1 reflects the amount of cognitive effort exerted during the processing of a visual 
search array, then the n1 decrease would suggest that visual search was becoming more 
efficient over the course of a session. Importantly, the stronger relationship between 
response speed and the n1 later within a session suggests that even though visual search 
has become more efficient there is a tradeoff between visual search efficiency and RTs. 
Part of improved efficiency can potentially be explained by a more efficient task-specific 
preparation. Additionally, however, fluctuations in alpha and the n1 might reflect more 
general changes in motivation, mental fatigue, or learning, which would be less task 
specific and seem to have a more pronounced influence on RTs later in the session.

Following attentional preparation and the visual processing of the search array, 
participants needed to direct their attention to the relevant target item to further 
process its features (here, to discriminate its orientation). On a neural level the larger 
negativity contralateral to the target side reflects the lateralized attentional allocation 
with high temporal resolution (Kappenman & Luck, 2012). The amplitude and latency 
of the n2pc was closely related to RT-performance, being larger and earlier on trials 
with fast RTs. Interestingly, even though after training participants had significantly 
accelerated and enhanced the allocation of attention towards the target, there was still 
trial-to-trial variability in this process. Even though training can accelerate the allocation 
of attention on average, it cannot optimize the attentional orienting process to such an 
extent that it no longer has any variability. In other words, even after extensive training, 
there is still variation in the allocation of spatial attention from trial-to-trial, which 
then can ramify into faster or slower RTs, perhaps as a consequence of fluctuations in 
preparatory attention and visual processing.

Lastly, in untrained participants we found that fast RTs were preceded by a smaller 
SPCn compared to slow RTs. While the n2pc is a component associated with the 
orienting and focusing of attention on the target item, the SPCn is of larger amplitude 
when participants are asked to also discriminate a specific additional feature of the 
target item (Mazza et al., 2007). Accordingly, we infer that the SPCn effect observed in 
session 1 reflects that the further task-relevant feature analysis of the target (i.e. here, its 
orientation) was more efficient for fast compared to slow RTs. After training, however, 
the difference in SPCn size preceding slow and fast RTs disappeared. Thus, it might 

be that this automation reflects the improved maintenance of the memory trace for 
the target feature (its orientation) necessary to select an appropriate motor response, 
similar to our interpretation of the shift in strategy with respect to the n1. Either way, 
the results supports the idea that the processes involved in identification and response 
to features of the target can be optimized to rely on less information while maintaining 
the same level of performance. In other words, training can rendering certain processes 
to become more automatic and effortless (Evans, 2003; Kahneman, 2011).

Training revealed an increase in the visual n1 (Clark et al., 2015), suggesting improved 
visual processing over sessions. In the present study we found that, within-session, for 
both slow and fast RTs the efficiency of visual processing improved. Participants required 
less visual processing (smaller n1) of the entire array for the same response time late as 
compared with early in the session. One interpretation would be that, on the one hand, 
improved visual processing by training does indeed help subsequently responding fast 
by recruiting more synchronized neural activity for visual search. On the other hand, 
however, over the course of the experiment, efficiency could improve, perhaps due to 
better, more specific preparatory slow-wave processes that benefit visual processing. 
If true, then a remaining question for future research is why the improved task-specific 
preparation, and with it efficiency of visual processing, were not transferred by the 
multi-day training. 

In the present study, measures of electrical brain activity were used to provide neural 
indices for several key attention- and perception-related processes during a visual-
search task. By examining how these brain activations covaried with RTs, our data help 
elucidate our understanding of variations in cognitive task performance in several ways. 
First, we identified that better preparatory attention and visual processing in visual search 
tasks – as marked by lower levels of prestimulus Alpha, steeper prestimulus slow-wave 
CnV slopes, and higher amplitudes of the visual processing related ERP components -- 
leads to faster RTs. Importantly, these variations did not significantly differ as a function 
of training and were especially apparent later within a session. Additionally, allocation 
of attention towards the target item in the search array (reflected by the n2pc) also 
contributed to explaining RT variability throughout each session, independent of time-
in-session and training. Finally, further discrimination and responding to task-relevant 
target features (reflected by the SPCn) seemed to be optimized by training and thus did 
not play much of a role in explaining RT variability after training. Together, these results 
provide new insight into how various neural processes during visual search are related 
on a trial-by-trial basis to task performance, and how and which of these processes can 
be influenced by key other factors, such as previous training and the length of time 
spent in one continuous session performing a task. 
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Abstract 

 The prospect of gaining money is an incentive widely at play in the real world. Such 
monetary motivation might have particularly strong influence when the cognitive 
system is challenged, such as when needing to process conflicting stimulus inputs. 
Here, we employed manipulations of reward-prospect and attentional-preparation 
levels in a cued-Stroop stimulus-conflict task, along with the high temporal resolution 
of electrical brain recordings, to provide insight into the mechanisms by which reward-
prospect and attention interact and modulate cognitive-task performance. In this task 
the cue indicated whether or not the subject needed to prepare for an upcoming Stroop 
stimulus, and if so, whether there was the potential for monetary reward (dependent on 
performance on that trial). Both cued-attention and cued-reward-prospect enhanced 
preparatory neural activity, as reflected by increases in the hallmark attention-related 
negative-polarity ERP slow wave (CnV) and reductions in oscillatory Alpha activity, 
which was followed by enhanced processing of the subsequent Stroop stimulus. In 
addition, similar modulations of preparatory neural activity (larger CnVs and reduced 
Alpha) predicted faster versus slower response times (RTs) to the subsequent target 
stimulus, consistent with such modulations reflecting trial-to-trial variations in attention. 
Particularly striking were the individual differences in the utilization of reward-prospect 
information. In particular, the size of the reward effects on the preparatory neural 
activity correlated across-subjects with the degree to which reward-prospect both 
facilitated overall task performance (faster RTs) and reduced conflict-related behavioral 
interference. Thus, the prospect of reward appears to recruit attentional preparation 
circuits to enhance processing of task-relevant target information.
Keywords: attention, motivation, event-related potentials, contingent negative variation 
(CnV), oscillatory Alpha

Introduction

We navigate through life in complex, dynamic environments, in which the relevance 
of information around us changes continuously. To efficiently deal with these changes, 
we use attentional-control processes to select that stimulus information which is most 
important to us at each moment, resulting in improved task performance on those 
inputs (Pashler, 1998). It is also the case that the possibility of gaining reward, monetary 
or otherwise, also tends to improve task performance, as has been shown in terms of 
faster response times (RTs) and higher accuracy (Bijleveld et al., 2010), improved visual 
cognition (Engelmann et al., 2007, 2009; Kristjánsson et al., 2010), better cognitive 
control(Locke & Braver, 2008) and improved memory (Adcock et al., 2006; Krebs, Schott, 
Schütze, & Düzel, 2009; Wittmann et al., 2005). neuroimaging studies have shown 
some overlap in brain areas that are activated by reward-prospect and those regions 
implicated in attentional control, suggesting a relation between these two cognition-
influencing factors (Bendiksby & Platt, 2006; Chelazzi, Perlato, Santandrea, & Della Libera, 
2013; Hickey, Chelazzi, & Theeuwes, 2010b; Krawczyk, Gazzaley, & D’Esposito, 2007; 
Krebs, Boehler, Appelbaum, & Woldorff, 2013; Krebs, Boehler, Roberts, Song, & Woldorff, 
2011; Maunsell, 2004; Pessoa & Engelmann, 2010). Although attentional control and 
reward-prospect both seem to modulate the way we cope with continuously changing 
environmental input and goals, the nature of the interactions between these factors 
remains elusive. 

One key way in which attention and reward-prospect seem to interact is in the wide 
range of preparatory processes that we need to continually perform to most effectively 
navigate through our environment, as that environment and our goals change from 
moment to moment. In fMRI studies, attentional preparation has been shown to be 
reflected in activation of the fronto-parietal attentional-control network, prior to the 
performance of a task, particularly in demanding ones (reviwed in Corbetta & Shulman, 
2002). Electrophysiologically, attentional preparation has been found to be associated 
with an enhancement of the fronto-central negative-polarity ERP wave known as the 
continent negative variation (Walter, Cooper, Aldridge, McCallum, & Winter, 1964), 
which has been explicitly linked to activity in the fronto-parietal attentional-control 
network observed with fMRI (Grent-’t-Jong & Woldorff, 2007). Another classical marker 
for increases in attention and attentional preparation are reduced levels of Alpha-band 
(8-12 Hz) oscillatory EEG activity (Foxe & Snyder, 2011; Grent-’t-Jong et al., 2011),both 
globally when an individual is less attentive and more specifically for local cortical 
circuits (Worden et al., 2000a), although the relationship of these effects to attention-
related CnV modulations is not well understood.

Preparatory attention is not consistently implemented across time, however, which 
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can be observed experimentally by its variation across trials in an experimental session. 
For instance, Hillyard (1969) showed a strong correlation between preparatory activation, 
as reflected by the CnV, and within-subject RT performance, suggesting that the CnV 
reflects a ‘common and ubiquitous’ preparatory effect. Similiarly, using fMRI in a cognitive 
conflict task, Weissman et al., (2006) showed decreased prestimulus activity levels in 
frontal attentional-control areas were associated with slower RTs, presumably due to 
trial-to-trial attentional variations. It is also the case that within-subject performance 
can be predicted by pre-stimulus fluctuations in oscillatory EEG activity in the Alpha 
(8-12 Hz) frequency band (Hanslmayr et al., 2007). These various studies indicate that 
variations in these neural markers of attentional preparation can predict trial-by-trial 
variations in within-subject behavioral performance.

Preparatory attentional control can also be influenced by cued reward-prospect. For 
example, in a recent fMRI study, Padmala and Pessoa (2011) cued reward-prospect on 
each trial in a Stroop-like stimulus-conflict task in which the cue on each trial indicated 
whether there was a prospect of reward on that trial. The classic behavioral finding in 
Stroop-like conflict tasks is that participants are slower to respond on incongruent trials 
than on congruent ones (MacLeod, 1991; Stroop, 1935). In the Padmala and Pessoa 
(2011) study, the reward-prospect cueing resulted in a reduction of the interference 
cost measured behaviorally for the subsequent target stimuli (incongruent-trial RT 
versus neutral-trial RT [neutral targets stimuli did not contain conflicting information]). 
In addition, the cues indicating reward-prospect elicited enhanced activity in the 
fronto-parietal attentional-control network, as well as in subcortical regions such as the 
ventral striatum (including the nucleus accumbens) that have been associated with the 
processing of reward (Aarts, van Holstein, & Cools, 2011; Camara et al., 2008; Delgado, 
2007; Haber & Knutson, 2010; Knutson, Adams, Fong, & Hommer, 2001; W. Schultz, 
2000a). The modulations of these neural markers of attention by reward-prospect 
suggest that one key way that the latter might influence behavior is by marshalling the 
attentional control network. 

Another method to manipulate reward-prospect, in contrast to advance cueing, is to 
use within-trial reward-associations, such that specific stimuli or stimulus features of the 
task itself are associated with reward or not. For example, in a recent series of stimulus-
conflict studies (Krebs et al., 2010, 2011, 2013) a modified version of the color-naming 
Stroop task was used in which certain font colors were associated with reward-prospect 
while others were not. In the fMRI version of this paradigm (Krebs et al., 2011) the 
findings indicated enhanced fMRI activity in both the frontal-parietal control network 
and the ventral striatum when processing Stroop stimuli that were associated with 
reward, again implying important functional interactions between reward processing 
(here, within-trial reward associations) and attentional control. Behaviorally, these 

studies also found that conflict-induced behavioral interference was reduced for reward-
associated Stroop stimuli, in addition to such stimuli producing shorter overall RTs. And, 
lastly, in the electrophysiological version of this paradigm (Krebs et al., 2013), it was 
found that reward-associations led to an earlier instantiation of the negative-polarity 
ERP incongruency effect that is typically observed in an incongruent-stimulus versus 
congruent-stimulus contrast (the ninc/n450; Hanslmayr et al., 2008; Liotti, Woldorff, 
Perez, & Mayberg, 2000). Such a result suggests that reward associations can induce 
accelerated conflict detection, followed by reduced behavioral interference effects. It is 
not known, however, whether such effects would occur when the prospect of reward is 
cued in advance rather than by stimulus associations, nor whether such effects would 
also be observed just in response to attentional cueing.

Task manipulation and hypotheses of the current study
To investigate the relationships between attentional control, reward, and behavioral 
performance, we implemented reward-prospect cueing in a stimulus-conflict Stroop 
task while measuring high temporal resolution EEG recordings of brain activity, with a 
particular focus on the cue-elicited electrophysiological markers closely associated with 
attentional preparation (i.e., cue-triggered CnV and Alpha activations). We used three 
manipulations: the first was cueing to prepare versus not prepare, by including trials 
that began with a cue indicating that a target would appear on that trial and trials that 
began with a control-condition cue indicating that no target would appear, similar to 
several previous attentional cueing paradigms using both ERPs and fMRI (Grent-’t-Jong 
& Woldorff, 2007; Woldorff et al., 2004). The second manipulation, for trials in which 
a target would be appearing, was cueing whether there was reward-prospect versus 
noreward-prospect, similar to the fMRI study of Padmala and Pessoa (2010) but while 
recoding using electrophysiological measures of brain activity. These two manipulations 
allowed us to extract in the same study and participants the effect of cueing for reward-
prospect versus cueing for attentional preparation. Thirdly, we looked at trial-by-trial 
variations in attentional preparatory activity as associated with trial-to-trial variations 
in task performance (fast versus slow RTs) in order to relate these to neural preparatory 
activity associated with reward-prospect Thus, this approach provided three cognitive 
manipulations (attend versus not attend, reward-prospect versus noreward-prospect, 
and trial-to-trial variations in performance), which we hypothesized would all induce 
modulations of the classic neural markers (CnV and Alpha) associated with attentional 
preparation. Moreover, this approach enabled us to also leverage the high temporal 
resolution of EEG and ERP recordings to relate these cue-elicited variations in brain 
activity with modulation of behavioral performance and neural activations for the 
target Stroop stimulus that followed. 
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More specifically, in response to the cues we expected that the identification of a 
cue stimulus indicating reward-prospect compared to noreward-prospect would be 
associated with a larger occipital n2 wave, due to its presumed greater salience (Folstein 
& Petten, 2008, Krebs et al., 2013; Hickey & Zoest, 2012). More importantly here, however, 
we expected that the cueing for attentional preparation (for both reward-prospect and 
noreward-prospect) versus cueing to not prepare (control cues) would elicit enhanced 
CnVs and decreased Alpha activity prior to the target Stroop stimulus. We also expected 
that comparison of cueing for reward-prospect versus cueing for noreward-prospect 
would also elicit an enhanced CnV and decreased Alpha activity, due to the marshalling 
of the attentional control circuits. In addition, we hypothesized that the CnV would be 
larger and Alpha would be more decreased when followed by fast responses versus slow 
responses to the target Stroop stimulus, although these effects might differ depending 
on whether the trial included reward-prospect or not. 

Following the cue, we also anticipated a number of related behavioral and neural 
effects on the processing of the subsequent target Stroop stimuli. First, behaviorally we 
expected faster RTs and fewer errors for congruent compared to incongruent Stroop 
stimuli, as has been classically shown, as well as for reward-prospect trials versus those 
without such prospect. In addition, we hypothesized that we might observe a reduced 
behavioral interference effect (incongruent RTs versus congruent RTs) for reward-
prospect trials versus noreward-prospect trials, as has been found in some previous 
studies (Krebs et al., 2010, 2013; Padmala & Pessoa 2011). neurally, we hypothesized that 
the enhanced preparatory activity that we expected to observe in response to reward-
prospect cues would be followed by attention-related modulations on the processing of 
the target Stroop stimuli, which would be reflected by larger n2 and P3 waves to those 
target stimuli. In addition, we anticipated that if advanced cueing of reward-prospect 
could indeed modulate the processing of stimulus conflict, then we would also see a 
reduction in the size or latency of the conflict-related negative deflection, the ninc, and 
the associated subsequent late positive wave known as the LPC (Liotti, Woldorff, Perez 
& Mayberg, 2000). 

Lastly, to further dissociate the processes involved in attention and reward-
prospect, we looked at individual differences in these effects by examining between-
subject correlations of task performance with the associated neural activations. More 
specifically, we hypothesized that participants who were better able to utilize the 
reward-prospect information, as reflected by larger modulations of the cue-triggered 
preparatory activity with reward-prospect, would show greater facilitation of the Stroop 
stimulus processing and in turn greater reduction in conflict-related interference in the 
context of reward. 

Methods

Participants
Twenty-nine healthy volunteers (15 male and 14 female with a mean age of 22.4 [SD: 
4.1] and 23.3 [SD: 3.9] years, respectively) participated in the study. All participants had 
intact color vision and normal or corrected-to-normal visual acuity. Five participants 
were left-handed while 24 were right-handed. One participant was excluded from the 
analysis due to excessive noise in the EEG data (i.e., over 50 % of the EEG trials contained 
artifacts). All participants gave written informed consent as reviewed in accordance 
with the Declaration of Helsinki by the Duke Medical Center Institutional Review Board. 
Participants were paid 15 dollars an hour plus reward-associated bonuses accumulated 
over the experiment (mean bonus = 18.5 dollars, SD = 1.0). 

Apparatus
The task was programmed using the Presentation software package (version 14.1, http://
www.neurobs.com/) for psychological experiment design. Stimuli were randomized 
using the R statistical programming software package (R Core Team, 2013). Stimuli 
were presented on a 60Hz CRT monitor. Participants interacted with the Presentation 
software using a Logitech precision gamepad (http://www.logitech.com/). EEG was 
recorded using a 64-channel, custom-designed, extended-coverage Duke electrode cap 
(Electrocap, Inc., Eaton, OH) connected to a neuroscan amplifier, using a right-mastoid 
reference during recording.

Task and Stimuli

In all trials (see Figure 1 for an overview), a cue stimulus (400 ms duration) was presented 
first. In 80% of the trials, the cue indicated that there would either be reward-prospect 
(40% of trials, indicated by a ‘$’) or noreward-prospect (40% of trials, indicated by a 
‘&’), and was followed by a Stroop color-word stimulus, to which participants had to 
respond to the font color by pressing a pre-specified button on the gamepad. These 
Stroop stimuli consisted of randomly selected color words (i.e., “RED,” “GREEN,” “BLUE,” 
and “YELLOW”), which were printed in the semantically corresponding font color on half 
of the trials (congruent targets) and in a different font color on the other half of the trials 
(incongruent targets). The other 20% of the trials were control trials, in which the cue 
(‘#’) indicated that no target Stroop stimulus would follow and thus the subject did not 
need to prepare for it. 
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Figure 1. Trial structure. Each trial started with a cue: ‘$’ for trials with reward-prospect,‘&’ for noreward-
prospect trials, and ‘#’ for control trials. All cues were followed by a fi xation cross and, in the reward-
prospect and noreward-prospect trials, by a Stroop stimulus to which participants needed to respond. 
Control cues indicated that no Stroop stimulus would follow and thus that there was no need to 
prepare for it. Note that in all the fi gures ‘reward’ and ‘noreward’ refer to the reward-prospect and 
noreward-prospect conditions, respectively.

In the reward-prospect trials, participants could either gain 10 cents if they responded 
correctly and suffi  ciently quickly (see below for a description of criteria), or lose 10 cents 
if their response was incorrect or too slow. Participants were given feedback about their 
performance every 10 trials by a two-second feedback screen containing the acquired 
monetary reward balance. In the noreward-prospect trials, there was no gain or loss 
involved. In both the reward-prospect and noreward-prospect conditions, the Stroop 
stimulus would follow at either a short stimulus interval (33% of the trials, SOA of 700 
ms [400 ms cue duration + 300 ms fi xation]) or a long stimulus interval (66% of the trials, 
SOA of 1300 ms [400 ms cue duration + 900 ms fi xation]). Intertrial-intervals following 
the reward-prospect and noreward-prospect trials, during which only a fi xation cross 
was present, were varied between 1000 and 1400 ms. Intertrial-intervals following 
control trials, during which only a fi xation cross was present and no Stroop target word 
would occur or be expected, were varied between 1600 and 2000 ms. 

To account for individual diff erences in RT and to keep all participants at a reward 
rate of approximately 70% (equivalent to a gain of around 19 dollars at the end of the 
experiment), a reward-related response window was set in which the subject needed to 
respond, with the upper bound of the response window being adjusted dynamically. 
More specifi cally, if the hit rate of the last 10 reward-prospect trials was lower or higher 
than 70%, 10 ms were either added or subtracted to the response window, respectively. 

note that these adjustments to the reward-eligible response window only aff ected the 
feedback for the participants and were not indicative of whether or not the trial was 
included in the behavioral and ERP analyses.

Procedure
Participants were positioned with their eyes 60cm from the screen, which resulted in a 
visual angle of ~1.5 by 5 degrees for the Stroop word stimuli. Participants were instructed 
to respond as quickly and accurately as possible. Behavioral responses were given with 
the index and middle fi nger of both the left and right hand (counterbalanced) using a 
gamepad in which the front bumpers were assigned to the four possible font colors. 
After task instructions, a short practice session followed (30 trials), which was repeated 
until participants achieved a hit rate of over 90%, and in which the participant received 
positive feedback on reward-prospect trials if they responded correctly and faster than 
900 ms. The subsequent experimental session consisted of 11 blocks of 100 trials each. 
After each block participants could take a break if they wished.

EEG recording and data analysis
For the compound event trials (i.e., having a cue stimulus followed by a Stroop target 
stimulus), we used a design that had REWARD (reward-prospect versus noreward-
prospect) and CONGRUENCY for the Stroop stimulus (congruent versus incongruent) 
as independent variables. In addition, for trial-to-trials variations of within-subject task 
performance we defi ned the factor SPEED (fast RT trials versus slow RT trials), which was 
based on a median split within each condition and within each subject. Only reward-
prospect and noreward-prospect trials that had a long cue-to-Stroop-stimulus interval 
were included in the behavioral and ERP analysis (~140 trials for each condition), in 
order to be able to cleanly assess the cue-triggered activity in the cue-target interval. 
The short cue-to-Stroop-stimulus intervals were included to make sure that participants 
started preparation for the upcoming target as soon as the cue appeared onscreen. EEG 
recording was done with electrode impedances below 2 kΩ for the mastoids and ground 
electrodes below 5 kΩ for the remaining electrodes. All channels were recorded using 
an online high-pass fi lter of 0.01 Hz, low-pass fi lter of 100 Hz, and a sampling rate of 500 
Hz. Offl  ine, the data was digitally fi ltered using a 30 Hz low-pass fi lter. Additional pre-
processing included segmenting the data into time-locked epochs and re-referencing 
to the algebraically averaged mastoids. 

The ERP analysis was based on 2000 ms epochs (including 500 ms before event 
onset), locked to the onset of the cue for cue-related responses and to the onset of the 
target Stroop stimulus for the Stroop processing. Epochs containing eye blinks between 
100 ms pre-cue / pre-Stroop-stimulus and 200 ms post-cue/post-Stroop-stimulus 
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were rejected, thereby ensuring that participants were actually viewing the stimulus 
in a given trial. Outside of this window, eye blinks were corrected using independent 
components analysis (ICA). For each participant, trials in which multiple behavioral 
responses were recorded, or where the behavioral responses were outside a 200-1200 
ms post-Stroop-stimulus response window or outside an interval of +/- 2 SD around the 
mean RT (for that subject and within each condition), were considered outliers and were 
excluded from the analysis. In addition, trials containing any remaining EEG artifacts 
(eye movements, muscle activity, drifts; approximately 10% of all data) and trials with 
incorrect behavioral responses were rejected from inclusion in the analyses. Fast and 
slow trials were also selectively averaged, using a median split (for each subject) on the 
RTs within each condition. ERP preprocessing and analysis was performed using the 
Matlab (MATLAB Release 2013a) in combination with EEGlab (Delorme & Makeig, 2004) 
and Fieldtrip (Oostenveld et al., 2011). Time-frequency decomposition was performed 
using a Hanning taper window with a decreasing width for higher frequencies to 
control temporal smoothing (seven cycles per time window, resulting in a window of 
1/Hz x 7 [e.g., for 12 Hz: 1/12 x 7 = 580 ms]) from 4 to 20 Hz in steps of 1 Hz, from 0.5 s 
pre-cue to 1.5 s post-cue in steps of 50 ms. (To accommodate the wider windows for 
lower frequencies, longer epochs were generated before performing time-frequency 
decomposition). For the oscillatory power analyses, a baseline correction from 500-
200 ms before cue onset was applied, yielding activity measures in units of dB change 
compared to baseline.

Statistical Analysis
The following regions of interest (ROIs) were defined: occipital, parietal, centro-parietal , 
central, fronto-central, and frontal. Intervals for measuring ERP components were defined 
by collapsing the ERPs over all conditions, using a subsequent orthogonal selection of 
interval for each component. For the cue-triggered ERPs, the occipital n1 component 
was defined as activity across the 140-180 ms post cue interval over the occipital ROI. 
The n2 component (negative occipitally and positive frontally) was calculated as a 
mean amplitude across the 200-300 ms interval over the occipital and frontal ROIs. The 
cue-triggered CnV activity was measured in the latter half of the cue-Stroop-stimulus 
interval (i.e., between 700-1200 ms) in the fronto-central ROI (Grent-‘t-Jong & Woldorff., 
2007). For the target-stimulus-locked ERPs, the n2 (also appearing as negative occipitally 
and positive frontally) was measured as the mean amplitude between 150-200 ms over 
the occipital and frontal ROIs. This interval was earlier compared to the latency found 
by Krebs et al. (2013), but because the topography as described in the results section 
overlapped the topography found by Krebs et al. (2013) we will refer to this component 
as the n2. The P3 to the Stroop target stimuli was defined by a parietal ROI in the 300-

600 ms post-Stroop-stimulus interval. However, the effect of reward-prospect on the 
target P3was notably more anterior and started earlier, perhaps reflecting a P3a like 
enhancement; for this reason; we also selected frontal ROI for the P3 enhancement by 
reward-prospect in the 200-500 ms post stimulus interval and report the statistics for 
both the frontal and parietal ROIs. For the conflict-related ninc component, a centro-
parietal ROI over 300-500 ms was used, and for the longer-latency LPC a parietal ROI 
was used over 700-900 ms post-stimulus interval. For the oscillatory analyses, we used 
the fronto-central and occipital ROIs to match the CnV and occipital sensory ERP effects. 
We specifically focused on activity in the Alpha band (9-11 Hz). To make sure we would 
optimally capture the Alpha effects to the cue, we defined a window from 500-1200 ms 
post-cue-interval. Statistical analyses were done using the R statistical programming 
environment. Repeated-measures AnOVAs (rAnOVAs) were run on the behavioral and 
ERP / time-frequency effects. Effect sizes were reported for the rAnOVA’s, using the 
generalized η2 (η

g
2; Bakeman, 2005). For correlations, the R2 values are reported.

Results

Behavioral Results
Participants responded more slowly to incongruent Stroop stimuli compared to 
congruent ones (see Figure 2 for RT values; F

1,27
=142, p<0.0001, η

g
2=0.11) and had 

higher error rates (0.08 versus 0.04, F
1,27

=25.0, p<0.0001, η
g
2=0.12). In addition, for Stroop 

stimuli cued by reward-prospect participants responded faster compared to trials cued 
by noreward-prospect (see Figure 2; F

1,27
=29.8, p<0.0001, η

g
2=0.026) and decreased 

error rates (0.05 versus 0.07; F
1,27

=11.8, p=0.002, η
g
2=0.023). Based on previous studies 

we expected participants to show reduced behavioral interference (incongruent minus 
congruent) in the reward-prospect compared to the noreward-prospect condition. 
In contrast to this hypothesis, however, no reduction of interference was observed 
(congruency * reward-prospect: F

1,27
=0.27, n.s.). However, we did observe a large 

variability across-subjects in both the size of the interference reduction (mean 2.43 
ms, SD: 24.9 ms), and in the reward-prospect effect (reward-prospect minus noreward-
prospect; mean 30.9 ms, SD: 29.9). Importantly, there was a robust correlation across 
participants between the interference effect and the reward-prospect effect (R2 = 0.27, 
p = 0.005; see also Figure 2D), showing a relationship between the utilization of the 
advanced information about reward-prospect and the degree to which participants 
were able to actually reduce interference in the reward-prospect condition. In addition, 
analysis of the standard deviations (SDs) of the RT distributions revealed a decrease in the 
SDs in the reward-prospect compared to the noreward-prospect condition (F

1,27
=15.6, 
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p=0.0005, η
g
2=0.020). Similarly, the SD was decreased for congruent compared to 

incongruent stimuli (F
1,27

=35.0, p <0.0001, η
g
2=0.078). For the analysis of neural measures 

we used a median split of RTs for the factor SPEED, which resulted in the following mean 
RTs (±SD): reward-prospect; fast RTs – 517 ms (±57), reward-prospect; slow RTs – 693 ms 
(±74), noreward-prospect; fast RTs 539 ms (±59), noreward-prospect; slow RTs 731 ms 
(±80) (median split was done separately for the congruent and incongruent conditions 
[using the mean], but is collapsed here)

ERP Results

Cue processing: eff ect of reward and speed

Cues that indicated reward-prospect compared to noreward-prospect elicited a larger 
occipital visual n1 around 150 ms (occipital ROI: F

1,27
=11.18, p=0.002, η

g
2=0.015). This 

enhanced occipital n1 enhancement with REWARD was followed at 250 ms by an 
enhanced occipital negativity, presumably an n2 (F

1,27
=21.2, p<0.0001, η

g
2=0.013) with 

similar scalp distributions as the n1 enhancement, but with the occipital negativity 
paired with a larger frontal positivity (F

1,27
=19.0, p=0.0002, η

g
2=0.017; ERP results are 

visualized in Figure 3). This complex shows a similar topography as the occipital n2/ 
frontal P2 complex reported by Krebs et al. (2013). In addition to an enhancing eff ect of 
REWARD on the frontal P2 positivity, there was also an interaction between SPEED and 
REWARD on the frontal ROI at this latency (F

1,27
=8.9, p=0.005,η

g
2=0.004). Following the 

n2-latency modulations by REWARD, there was an eff ect on the parietal P3 (300-600 ms 
after cue onset) for both REWARD (larger for reward-prospect cues) (F

1,27
=11.8, p=0.002, 

η
g
2=0.017) and the interaction between SPEED and REWARD (F

1,27
=7.25, p=0.012, 

η
g
2=0.003). A similar enhancement for the P3 was observed when the cue was followed 

by a fast compared to a slow response on the target, but only when cued by reward-
prospect as compared to noreward-prospect trials.

Between 600 and 1300 ms after cue onset, ERPs elicited by both the noreward-prospect 
and reward-prospect cues, relative to the control cues, showed a robust enhancement 
of the fronto-central negative-polarity wave characteristic of the hallmark contingent 
negative variation (CnV) that is a marker for attentional preparatory activity (Luck, 
2005). This CnV was largest for reward-prospect, fast RT trials and smallest for noreward-
prospect, slow RT trials. The relationship with RTs was most apparent in the later time 
range of the CnV (Figure 3C). The reward-related CnV enhancement (reward-prospect 
minus noreward-prospect) started as a negative defl ection bilaterally over frontal and 
central sites and moved more posteriorly over time, similar to the CnV for the cued-
reward and cued-noreward trials relative to the control cues, and similar to previous 
reports of cued attentional preparatory activity (Grent-‘t-Jong & Woldorff , 2007). The 
relation between CnV size and behavioral RTs was particularly strong for noreward-
prospect trials, but mostly disappeared when reward-prospect was at stake. Statistical 
analyses of the CnV (measured from 700 until 1200 ms with a fronto-central ROI) 
confi rmed these eff ects: namely, a main eff ect of SPEED (F

1,27 
= 6.25, p=0.019, η

g
2= 0.011), 

a main eff ect of REWARD (F
1,27

= 22.1, p <0.0001, η
g
2= 0.10), and an interaction between 

SPEED and REWARD (F
1,27 

=4.33, p = 0.047, η
g
2= 0.005). 

Figure 2. Behavioral RT data. A) The RT data averaged over the various conditions. B) The within-
subject confl ict-related interference eff ects (RTs for the incongruent trials minus the congruent ones), 
showing that these eff ects did not diff er in the reward-prospect and noreward-prospect conditions. 
C) The RTs for the main eff ect of interference (incongruent minus congruent), main eff ect of REWARD 
(reward-prospect minus noreward-prospect) and the interaction of the two (reduction of interference 
as a function of REWARD), showing a main eff ect of interference (incongruent versus congruent), 
a main eff ect of reward-prospect (reward-prospect versus noreward-prospect), but no interaction 
between the two. D) The correlation across participants between the overall RT acceleration with 
reward-prospect (reward-prospect RT minus noreward-prospect RT) and the reward-related reduction 
in behavioral interference (the more positive the value, the more the reduction in interference with 
reward). The plot shows that the greater the RT acceleration with reward, the greater the reward-
related reduction in behavioral interference. Error bars represent standard error of the mean.
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Figure 3. Cue-elicited ERP eff ects. A) The ERP waveforms for reward-prospect and noreward-prospect, 
split out into cue-evoked ERPs which preceded ‘fast’ RTs or ‘slow’ RTs (median split) for the behavioral 
responses to the target. Eff ects of reward-prospect were observed on the occipital N1, N2, frontal P2, 
P3 and a fronto-central CNV enhancement. The eff ect of SPEED was most pronounced on the CNV in 
the noreward-prospect condition. B) Topographic scalp maps of the ‘early’ enhancement eff ects after 
cue onset showed the diff erence between ERPs evoked by reward-prospect cues minus noreward-
prospect cues. The topomaps reveal the eff ect of reward-prospect on the N1, N2 and P2. C) Topomaps 
of the ‘late’ enhancements of the eff ect REWARD in response to the cue and SPEED as defi ned by 
the RTs on the subsequent target. The comparison between noreward-prospect and control cues 
reveals a characteristic fronto-central negative wave (CNV). The comparison between fast-RT and 
slow-RT noreward-prospect trials revealed that fast RT-trials were preceded by an enhanced negative 
fronto-central CNV defl ection starting around 800 ms. The comparison between reward-prospect and 
noreward-prospect cues showed a larger parietal P3 followed by a CNV enhancement for reward-
prospect cues compared to noreward-prospect cues, with a distribution similar to the SPEED eff ect. 
The CNV enhancement was also similar to the comparison of noreward-prospect cues minus control 
cues. 

Figure 4. ERPs elicited by the target stimuli, for fast and slow RT trials. A) The ERPs elicited by reward-
prospect and noreward-prospect cues. There was an eff ect of reward-prospect on the occipital N2 and 
the temporally paired frontal positive P2, followed by an eff ect of both SPEED and reward-prospect 
on the P3. The dashed versus solid line ERPs indicate the potentials preceding fast or slow RTs by the 
participants. B) Topographic maps indicate the diff erence between potential reward and noreward 
targets and illustrate the locations of the reward-prospect eff ect in the N2, P2 and P3 intervals. Note 
that the N2 is somewhat earlier compared to other studies, but has a similar topography as the N2 
enhancement by reward as reported by Krebs et al.,(2013).

The ERPs elicited by the Stroop target stimuli showed no diff erences with regard to the 
factors of REWARD or SPEED until 150 ms (Figure 4). On trials with reward-prospect 
versus noreward-prospect, target stimuli fi rst elicited a larger frontal positivity in the 
150-200 ms latency range (F

1,27
=17.0, p=0.0004, η

g
2=0.018), which was paired with 

a simultaneous enhanced bilateral negativity over the occipital channels (F
1,27

=4.7, 
p=0.04, η

g
2=0.0024). This eff ect has a similar topography as the occipital n2/ frontal P2 

complex reported by Krebs et al. (2013) and the n2/P2 during the cue phase, although 
the target-evoked n2/P2 occurred notably earlier, with a latency closer to the n1 in 
the cue phase. There was also an eff ect of SPEED (larger occipital n2 for faster RT trials) 
and an interaction between REWARD and SPEED on the occipital n2 (SPEED: F

1,27
=13.0, 

p=0.0012, η
g
2<0.01; SPEED x REWARD: F

1,27
=4.6, p=0.04, η

g
2<0.01), with the n2 being 

larger for rewarded fast trials, but the eff ect of n2 by SPEED was only signifi cant in the 
noreward condition. The interaction between SPEED and REWARD on the n2 eff ect was 
similar to the CnV enhancements, with the eff ect of SPEED being mostly absent in the 
reward-prospect condition. 
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Figure 5. Confl ict-related ERP eff ects elicited by the target Stroop stimuli. A) The ERPs for the REWARD 
and CONGRUENCY conditions for the central ROI. There was a clear hallmark confl ict-processing marker, 
the central-parietal Ninc, followed by a parietal LPC. B) The diff erence wave between incongruent 
minus congruent Stroop stimuli for reward-prospect and noreward-prospect. Scalp maps on the right 
illustrate that the Ninc and LPC do not diff er between reward-prospect and noreward-prospect trials.

The above eff ects of reward-prospect in the 150-200 ms time range were followed by a 
positivity in the P3 latency range (parietal ROI: F

1,27
=9.6, p=0.005, η

g
2=0.019; frontal ROI: 

F
1,27

=29,9, p<0.0001, η
g
2=0.038). We also observed an eff ect of SPEED (larger for faster 

RTs) on this component, as well as an interaction between SPEED and REWARD. The 
eff ect of SPEED on the P3 was larger in the reward-prospect condition compared to the 
noreward-prospect condition (SPEED: parietal ROI: F

1,27
=71, p<0.0001, η

g
2=0.09, frontal 

ROI: F
1,27

=37.7, p<0.0001, η
g
2=0.054 ; SPEED x REWARD: parietal ROI: F

1,27
=10.0, p=0.004, 

η
g
2=0.0024, frontal ROI: F

1,27
=8.98, p=0.006, η

g
2=0.003), which was similar to the observed 

interaction with the P3 enhancement during the processing of the cue, but opposite 
in direction from the eff ect of SPEED x REWARD on the CnV. note that the reported 
F-values were extracted from both the parietal ROI and frontal ROI. The parietal ROI 
would be a typical topographical location of a P3 eff ect, while topomaps revealed the 
P3 eff ect of reward-prospect to be larger more anteriorly, where it started somewhat 
earlier, perhaps representing more of a P3a-like component. 

The hallmark negative-polarity incongruency-related component (ninc), as defi ned 
by comparing incongruent versus congruent target stimuli (F

1,27
=28.3, p<0.0001, 

η
g
2=0.018), did not diff er as a function of REWARD (Figure 5; ninc: COnGRuEnCY x 

REWARD: F
1,27

=0.11, p=n.s.), paralleling the RT pattern for these factors. In the same 
comparison, the ninc was followed by a late positive component (LPC: F

1,27
=72.4, 

p<0.0001, η
g
2=0.09) in both the reward-prospect and noreward-prospect condition, 

again with no interaction between these factors. (LPC: COnGRuEnCY x REWARD: 
F

1,27
=0.65, p=n.s.). 

Correlation analyses

To investigate the relationship between the neural and behavioral eff ects of our 
manipulations, we defi ned two behavioral eff ects that were indicative of how 
participants used the reward-prospect information and examined how these behavioral 
eff ects correlated with REWARD eff ects in the ERPs. For the fi rst behavioral measurement 
of reward utilization, we used the overall acceleration of the RT with reward-prospect 
(reward-prospect minus noreward-prospect). The second measure was the ability 
to minimize cognitive confl ict as a function of REWARD (reduction of behavioral 
interference with reward–prospect compared to noreward-prospect). neural reward-
prospect eff ects included the enhancements to the cue and target-elicited responses 
described above, as well as the confl ict-related ninc and LPC. The neural-behavioral 
correlations are summarized in in Figure 6. 

The correlation analyses showed a close relationship across subject between the sizes 
of neural reward-related enhancements and the two behavioral markers of reward 
utilization. First, the behavioral RT acceleration correlated with the reward-related 
enhancements of both the cue-triggered CnV (Figure 6A) and the target-triggered 
frontal P3 enhancement (Figure 6B) with reward-prospect (R2=0.24, p=0.008 and 
parietal ROI: R2=0.24, p=0.009, Frontal ROI: R2=0.28, p=0.004). Moreover, these two 
neural eff ects of reward-prospect were correlated with each other (parietal ROI: R2=0.34, 
p= 0.001, Frontal ROI: R2=0.65, p<0.0001), i.e., the larger the reward-prospect eff ect on 
the CnV, the larger the P3 enhancement with reward-prospect (and the greater the 
RT acceleration). As mentioned above, participants showed no overall reduction of 
interference, measured behaviorally or neurally, on reward-prospect trials. In contrast, 
across-subjects, there was a neural-behavior relationship between the reward-related 
reduction of behavioral interference and the CnV and target related P3 enhancement 
by reward-prospect, with participants who elicit larger cue-triggered CnV and frontal 
target P3 modulations by reward-prospect also showed reduced behavioral interference 
with reward-prospect (R2=0.28, p=0.004 and parietal ROI: R2=0.16, p=0.035, Frontal ROI: 
R2=0.20, p=0.017). noteworthy, is that between-subjects behavioral variance was not 
correlated with earlier enhancements in both the cue (n1) and target (n1 and n2) ERPs 
by reward-prospect.
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Eff ect of reward-prospect on cue-evoked oscillatory Alpha activity
To look at eff ects on time-locked oscillatory Alpha activity, two ROIs (fronto-central 
and occipital) were used (for an overview of the time-frequency results see Figure 
7). Inspection of the spectra (Figure 7A) revealed a power increase in the low-Alpha-
band range (7- 9Hz), over the latency of 100-300 ms after cue onset in the occipital ROI 
for reward-prospect cues compared to noreward-prospect ones (occipital: F

1,27
=8.82, 

p=0.0044, η
g
2=0.02). This eff ect may be largely due to an enhancement of the occipital 

n2 (correlation: R2=0.41, p=0.0003). In the Alpha-band (9-11Hz), during the period of the 
CnV (500-1200 ms), participants showed an eff ect of both SPEED and REWARD in the 
occipital channels (REWARD: F

1,27
=19.9, p=0.0002, η

g
2=0.09; SPEED: F

1,27
=12.2, p=0.0016, 

η
g
2=0.016). In the fronto-central channels there was an eff ect in Alpha for SPEED (more 

reduction of Alpha for faster trials), for REWARD (more reduction for reward-prospect 
trials), and an interaction between the two (REWARD: F

1,27
=9.7, p=0.0043, η

g
2=0.07; 

SPEED: F
1,27

=5.05, p= 0.033, η
g
2=0.009: SPEED x REWARD: F

1,27
=4.9, p=0.036, η

g
2=0.01). 

Interestingly, this interaction followed the opposite pattern compared to the CnV 
(Figure 8), with Alpha paralleling the P3 enhancements during the cue and target phase. 
More specifi cally, fronto-central Alpha showed a large diff erence between slow and fast 
RT trials for the reward-prospect condition, and very little diff erence in the noreward-
prospect condition. This is in sharp contrast to the fronto-central CnV pattern (described 
above), in which the slow and fast RT trials showed a large diff erence in the noreward-

Figure 6. Correlations between behavior and the cue and target ERPs. Between-subject correlations 
were based on the mean RTs of the reward-prospect eff ect, the reduction in confl ict-related 
interference eff ect, the neural mean amplitudes of the cue-evoked reward eff ect on the fronto-central 
CNV (700-1200 ms) and the target-evoked reward eff ect on the frontal P3 (200-500 ms). A) Left plot: 
correlation between the cue-evoked CNV (x-axis) and the target-evoked frontal P3 (y-axis). Middle 
and right plots show the correlations between the reward eff ect on the cue CNV (x-axis) and the 
reward eff ects on the overall RTs and on the behavioral interference eff ect, respectively (y-axis). B) 
Correlation between P3 component of the target-evoked ERPs (x-axis) and behavioral markers for 
reward utilization (y-axis). Fitted lines are based on a linear model fi t, and shaded areas show a 95% 
confi dence interval for the fi tted line.

Figure 7. Eff ects on oscillatory EEG activity (A) The spectrograms illustrate the eff ect of reward-
prospect and within-subject task performance (fast RTs versus slow RTs) for diff erent frequencies and 
time. Note that the eff ect of oscillatory Alpha for REWARD is substantially larger than that for SPEED. 
(B) Traces refl ect oscillatory Alpha for their respective ROI and condition. (C) The scalp distribution of 
Alpha that was largest over the occipital channels. (D) Plots showing signifi cant correlations between 
reward utilization measures (reward-prospect RT eff ect and reduced interference) and fronto-central 
Alpha. 
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prospect condition and little in the reward-prospect condition. After normalization to 
control for diff erences between Alpha and CnV units for both the Alpha and CnV eff ects, 
this diff erential interaction pattern was confi rmed by a signifi cant three-way interaction 
(SPEED x REWARD x nEuRAL MEASuRE (F

1,27
=9.2, p=0.0053, η

g
2=0.08).

Modulations of the cue-triggered occipital Alpha did not correlate across-subjects 
with the reward-prospect RT eff ect (R2 = 0.10, p = 0.10), but data inspection revealed 
a particularly strong outlier with regard to the occipital Alpha reductions by reward-
prospect compared to noreward-prospect (mean:-0.76 dB, SD: 0.91 dB, outlier value: 
-4.6 dB). We thus ran a form of robust regression known as an M-estimation linear model, 
which revealed a relationship of occipital Alpha with reward-prospect (t

27 
= 3.21, p = 

0.004). no relationship was found between interference reduction and occipital Alpha 
(R2 = 0.11, p = 0.09). Within the fronto-central ROI, Alpha reductions correlated both with 
the reward-prospect RT eff ect and reduced interference (respectively: R2=0.15, p = 0.039 
and R2 = 0.14, p = 0.046, respectively; see also Figure 7) as well as with enhanced CnV 
size (R2 = 0.18, p = 0.027). Specifi cally, the larger the CnV enhancement, the more the 
decrease in Alpha. 

Figure 8. Diff erential REWARD x SPEED interactions for CNV and Alpha. Cue evoked oscillatory Alpha 
and CNV activity showed diff erential patterns with respect to the eff ect of reward-prospect and 
within-subject task performance. Error bars refl ect the standard error of the mean.

Discussion

Summary
The overarching goal of the present study was to gain insight into the neural 
mechanisms by which reward-prospect and attentional control interact, in the context 
of a task requiring processing of confl icting stimulus inputs. We recorded electrical brain 
activity during a cued-reward Stroop paradigm, in which we specifi ed three attention 
related within-subject factors of interest; attentionally prepare versus not-prepare, 
reward-prospect versus noreward-prospect, and trial-to-trial variations in attention 
as refl ected by slow and fast responses to the subsequent Stroop stimulus). We also 
looked at how the eff ects of reward-prospect on preparatory brain activity ramifi ed into 
task performance on the Stroop stimulus. The results indicate a number of key fi ndings: 
Behaviorally, participants responded faster when cued with reward-prospect compared 
to noreward-prospect. neurally, we saw several eff ects on the cue-triggered activity: (A) 
there were eff ects of attentional preparation, reward-prospect, and within-subject task 
performance on both the CnV and the pretarget oscillatory Alpha. (B) Reward-related 
CnV increases and Alpha decreases within-subjects ramifi ed into faster overall RTs, but 
not into reductions in either the behavioral or neural markers of confl ict processing. (C) 
Across-subjects, however, reward-related CnV increases and Alpha decreases correlated 
positively both with overall RT acceleration and with confl ict-eff ect reduction. 
Interpretation and implications of these results are discussed below. 

Reward-predicting cues triggered enhanced early-latency neural activity
Cue stimuli that signalled the prospect of reward induced several relatively early-
latency eff ects on the sensory ERPs to those cues: in particular, enhancements of ERP 
components in the 100-300 ms range. Most novel in this regard was an enhancement of 
the cue-triggered n1 component over visual cortices. Modulations of the n1amplitude 
have been associated with diff erent forms of selective attention (S. A. Hillyard & Anllo-
Vento, 1998; Mangun & Hillyard, 1991)(Mangun & Hillyard, 1991; Hillyard & Anllo-Vento, 
1998), suggesting that the observed n1 enhancement likely refl ects enhanced sensory 
processing of the reward-predicting cue due to its greater saliency (see also Hickey, 
Chelazzi, & Theeuwes, 2010a; Hickey & van Zoest, 2012). Subsequently, we observed 
a reward-related enhancement of the occipital n2 component, which had a similar 
distribution as the early n1 but was paired with a frontal positivity (similar eff ects were 
observed by Krebs et al., 2013). n2 amplitude enhancements have been associated 
with the orientation of attention towards information that is relevant, such as relevant 
pop-outs in a visual search array (Luck & Ford, 1998) or stimuli associated with reward 
(Schupp, Flaisch, Stockburger, & Junghöfer, 2006). In line with these fi ndings, the 
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enhancement of the n2 would appear to reflect the relevance of reward-prospect and 
the related increase in attention towards the further processing of this information. In 
other words, after identifying that a cue predicted reward-prospect (n1), participants 
seem to allocate more attention towards that reward-predicting stimulus (n2).

Particularly striking in the present results was a robust boosting of the CnV with 
reward-prospect in the later period of the cue-stimulus interval. This CnV boosting 
started anteriorly and moved more posteriorly with time. This frontal-to-parietal 
topographic shift is in line with previous literature on top-down attentional control in the 
fronto-parietal attentional network (Buschman & Miller, 2007; Grent-’t-Jong & Woldorff, 
2007; nagai et al., 2004). Moreover, we have recently observed a similar enhancement 
of the CnV in response to reward-prospect cues in an attentional cuing paradigm 
(Schevernels, Krebs, Santens, Woldorff, & Boehler, 2014). With regard to the underlying 
neural generators of this reward-elicited CnV modulation it is worth considering the 
results of a previous fMRI study that employed a cued rewarded Stroop task similar to 
the current one (Padmala & Pessoa, 2011). Specifically, the authors found enhanced 
neural activity for reward-prospect compared to noreward-prospect cues in a network 
of fronto-parietal attentional control regions, which have been closely associated with 
the generation of the CnV (Grent-’t-Jong & Woldorff, 2007). 

The noticeable CnV increase by reward-prospect, on top of the increased CnV by 
the active preparation (control cue versus noreward-prospect), along with variations 
due to within-subject task performance (fast versus slow RTs) is consistent with the 
interpretation that a key way by which the reward-prospect influences behavior 
is by marshalling top-down attentional resources towards the goal of enhancing 
performance. This is further supported by the large increase in the CnV with reward-
prospect being paralleled by an improvement in task performance for the target Stroop 
stimuli that followed (i.e., faster RTs and higher accuracy). These findings are consistent 
with previous studies (Haagh & Brunia, 1985; S. A. Hillyard, 1969) showing that CnV size 
is generally predictive of RTs, supporting the view that the more efficient participants 
are in preparing their attentional system for an upcoming target stimulus, the faster 
the RTs to that target (see also Weissman et al., 2006). Interestingly, in the present study 
we observed a within-subject interaction effect of reward-prospect and within-subject 
task performance (as reflected by differences between trials with fast and slow RTs) on 
the CnV size. In particular, the large CnV elicited by the reward-prospect cues did not 
vary as a function of slow versus fast RTs to the targets for those trials, whereas in the 
noreward-prospect condition the CnV difference was substantially enhanced for fast 
versus slow RTs, with a distribution similar to the CnV attentional-preparation effect and 
that of previous attention-related enhancements of the CnV. This pattern suggests that 
the CnV in the reward-prospect condition may have been essentially “maxed out”, and 

that the RT variations in the responses to the later target stimuli derived from a different 
processing variability. notably, the CnV variations did not linearly predict RTs, as the 
fastest noreward-prospect trials were substantially faster compared to the slowest 
reward-prospect trials, suggesting that a larger CnV does not in and of itself necessarily 
result in faster RTs -- that is, the CnV does not seem to be the only factor that determines 
subsequent behavior. Trial-to-trial variations in attentional preparation in the noreward-
prospect condition, in which the attentional preparation was presumably not maxed 
out, as reflected by larger CnV variation, may have more directly ramified to the later RT 
effects. Consistent with this differential preparatory pattern and a possible ceiling effect 
for the CnV for reward trials is that the standard deviation of the RTs was significantly 
lower in the reward-prospect relative to the noreward-prospect condition. 

Preparation processes elicited by the cue were also reflected in oscillatory brain 
activity. Participants showed increases in low-Alpha-band activity with reward-
prospect compared to noreward-prospect during the early phase (100-300 ms after 
cue onset) of the cue-stimulus interval. This low-Alpha-band effect may be largely due 
to n2 enhancements, as reflected by the high correlation between the two measures. 
At longer latencies (500-1200 ms) in response to reward-prospect cues there were 
particularly strong decreases in Alpha power. Such decreases in Alpha power are 
generally considered to also be a hallmark neural-activity marker for increased attention 
(Worden, Foxe, Wang & Simpson, 2000). 

Our within-subject task performance data provides interesting suggestions for 
differential roles for preparatory Alpha and preparatory CnV activity. In particular, 
we observed dissociation between the effects on two cue-elicited neural markers 
for preparatory attention with regard to the interactions of reward-prospect and RT 
speed (fast versus slow RTs). As noted above, the large CnV elicited by the reward-
prospect cues did not vary as a function of response speed to the targets in these trials, 
suggesting that preparatory activation reflected by the CnV might have been maxed 
out in this condition. In the noreward-prospect condition, where lower CnVs were 
observed, the CnVs were substantially larger for fast versus slow RTs. We also found 
greater decreases in fronto-central Alpha power for reward-prospect versus noreward-
prospect conditions, consistent with increased preparatory attention. The interaction 
of reward-prospect with RT speed for the alpha decreases, however, differed relative 
to the pattern seen for the CnV – named that a robust power reduction was observed 
for fast versus slow RT trials in the reward-condition (more reduction for fast RTs), but 
did not differ in the noreward-prospect condition. This differential pattern of results 
suggests that different preparatory mechanisms are reflected by the Alpha and CnV 
modulations. It might be hypothesized that Alpha modulations are more closely related 
to suppression of irrelevant information (Bazanova & Vernon, 2013; Geerligs, Saliasi, 
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Maurits, & Lorist, 2012; Klimesch, Sauseng, & Hanslmayr, 2007) or perhaps to the task-
set mapping (e.g., Grent-‘t-Jong et al., 2011), rather than to selective attention or more 
general effects as indexed by the CnV. Future studies will be necessary to delineate 
the functional relationships between these two neural markers for attention-related 
preparatory processes and their marshalling by reward-prospect.

Reward-prospect resulted in enhanced target stimulus processing
Following the preparatory effects in the cue-stimulus interval, we observed an enhanced 
n2 in response to the Stroop target stimulus when there was the prospect of reward. A 
similar effect was observed by Krebs et al. (2013) in response to Stroop stimuli whose 
font color was associated with reward (rather than the prospect of reward being cued 
from trial to trial, as was done here). However, the n2 component described by Krebs 
et al. (2013) was later compared to the n2 found here, which may be due to the effect 
of cueing in the present study. The enhanced n2 for both the cue and the target seems 
likely to reflect the orientation of attention towards a stimulus with reward possibilities. 
notably, this measure was not correlated with behavioral improvements in reward 
utilization across-subjects, which supports the view that the occipital n2 enhancements 
are related to an attentional /salience-related enhancement of an identification 
process, which does not necessarily have consequences for the actual improvement 
of performance due to utilization of reward-prospect occurring in a later stage. With 
respect to the target, this enhanced n2 also indicates that participants were able to 
rapidly boost early processing of relevant information if they are cued with reward 
information. The early occipital brain activity was again paired with a frontal positivity 
and was followed by a notably more frontal P3 wave, perhaps a P3a like component 
(Luck, 2004; Luck & Kappenman, 2011; Polich, 2007), which would appear to reflect the 
reward-related boosting to improve processing of the target (Goldstein et al., 2006; 
Krebs et al., 2013; Marini, Marzi, & Viggiano, 2011; Wu & Zhou, 2009).

Utilization of cued reward-prospect information improves target stimulus 
processing
In the present dataset we observed large individual differences in the degree and 
nature of the improvement of performance with reward-prospect. Those participants 
showing large improvements in behavioral performance with reward-prospect also 
showed more pronounced modulations of neural activity patterns. Most importantly, 
we observed a robust relationship across-subjects between CnV enhancement and the 
behavioral RT effect (larger reward-related CnVs correlated with greater reward-related 
acceleration of the RTs), showing that the enhanced CnV activation was predictive of 
behavioral performance. The same across-subjects relationship held for the reductions 

of the fronto-central Alpha activity, which also correlated with the CnV enhancements. 
Modulations of the n1/n2 components elicited by target Stroop stimuli did not appear 
to predict performance across-subject, however, indicating that these relative early ERP 
components more likely reflect the detection of reward-prospect (reflecting enhanced 
saliency), rather than being a marker for actual utilization of that reward prospect 
information. In other words, people that were less sensitive to reward-prospect still 
appeared to identify the information as effectively as the reward-sensitive group, but 
they did not necessarily utilize this information as effectively for optimizing future 
information processing.

Increased utilization of reward-prospect information reduces behavioral 
interference
One of our initial hypotheses was that cued reward-prospect, with its expected 
marshalling of preparatory attentional resources, would reduce stimulus conflict effects. 
Behaviorally, we expected that as a result the RT difference between incongruent and 
congruent Stroop words would become smaller in the reward-prospect condition 
compared to the noreward-prospect condition. Although we did not find this interaction 
between reward-prospect and the amount of behavioral interference, we did observe 
that the amount of reward-related reductions in behavioral interference was correlated 
(across-subjects) with the overall effect of reward-prospect in faster RTs, the enhanced 
cue-triggered CnVs, the degree of reduction of cue-triggered fronto-central Alpha, 
and the size of the target-triggered P3. notably, no correlation was found between the 
conflict-related ninc or LPC and the reduction of interference by reward-prospect. In 
other words, these findings imply that conflict-related processes underlying the ninc 
and the LPC are not sensitive to reward-prospect when that prospect is cued ahead 
of time. These findings indicate that the reduction of interference across-subjects 
was more likely related to the effectiveness of the utilization of the reward-prospect 
information, and to the corresponding changes in neural preparation and subsequent 
target processing, than to an earlier or more efficient processing of conflict (ninc and 
LPC). 

In contrast to the between-subject correlations, we did not find an overall effect of 
cued reward-prospect on conflict-related interference, measured either behaviorally or 
neurally. This would seem to be in disagreement which several previous studies that 
have reported main effects of reward on conflict processing (Krebs et al., 2010, 2013; 
Padmala & Pessoa, 2011). There are several possible reasons for this discrepancy. First, 
it is important to distinguish between paradigms (and behavioral circumstances) 
that entail cued-reward or reward anticipation (e.g., the present study and Padmala 
& Pessoa, 2011) and ones that entail reward association of certain target stimuli or 
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features (e.g., the Krebs et al. studies). Reward anticipation, such as was used here, is 
induced by cueing the participant on each trial as to whether there would or would not 
be the prospect of reward on that trial. In such a circumstance, a reduction of conflict 
interference requires that the reward anticipation (and any attentional variation it might 
induce) leads to activation of a top-down preparatory mechanism that either enhances 
the processing of the relevant features of the target that follows or suppresses the 
processing of its irrelevant, conflicting features (or both). If, however, the preparatory 
processes lead to an overall enhancement of the processing of the target stimulus (that 
is, of ALL its features), it will not necessarily reduce conflict processing, because the 
processing of both the relevant and conflicting task-irrelevant features will be enhanced. 
In a reward-association conflict paradigm, on the other hand, such as in the Krebs et al. 
studies (2010, 2013), there is no cueing. Rather, a specific feature of the target stimulus 
is associated with reward during the whole session. In this circumstance the processing 
of reward-associated relevant features will tend to be selectively boosted in a more 
bottom-up manner due to their acquired saliency from the reward association, relative 
to the processing of the irrelevant features. This selective enhancement of processing 
would then tend to reduce the behavioral costs related to conflict processing in 
incongruent trials. This distinction between reward cueing and reward association is 
thus an important one to make, given that they may well invoke different mechanisms 
by which reward can influence processing, which might explain why conflict-reduction 
effects would be more likely observed in the association paradigms.Based on the 
above considerations, it is important to also discuss why the results differ between 
the current study and Padmala and Pessoa (2011), since both employed a trial-by-trial 
cueing approach in a Stroop-like task. A possible explanation may derive from key 
differences in the specific Stroop tasks and stimuli that were employed, and, moreover, 
may be related to the selectivity hypothesis detailed above. More specifically, in our 
study we used classic Stroop words, with color words in different font colors that were 
either congruent or incongruent. In such a paradigm, the relevant feature (i.e., the font-
color) is fully integrated into the same object with the irrelevant feature (i.e., the word 
meaning). In contrast, Padmala and Pessoa (2011) used pictures overlaid with words 
that were either congruent or incongruent, and thus the relevant and irrelevant stimuli 
were separate (and perhaps more separable) objects. Accordingly, we speculate that in 
the reward-cueing condition in the Padmala and Pessoa study, participants were able 
to more selectively filter out the irrelevant stimuli and focus more on the relevant one, 
whereas in our study it was more difficult to selectively filter out the irrelevant feature 
from the relevant one as they were integrated into the same object.

Furthermore, but perhaps more speculatively, it is possible that the inconsistent 
findings in these studies are due to differences in intrinsic motivation. Multiple studies 

have shown that an extrinsic reward can undermine intrinsic motivation (for a review 
see: Deci, Koestner & Ryan, 1999). Specifically, high compared to low levels of intrinsic 
motivation may result in higher levels of accuracy and a diminished effect of extrinsic 
reward. Indeed, studies that reported reduced interference in reward conditions (Krebs 
et al., 2013, 2010; Padmala & Pessoa, 2011) also reported substantially lower accuracy 
for incongruent noreward-prospect trials compared to rewarded ones (differences 
~8%). In contrast, the studies that did not report reduced interference in reward trials 
(the present study and Krebs, Boehler, Egner, & Woldorff, 2011) showed only a marginal 
reduction in accuracy (~2%). Thus, the individual level of intrinsic motivation may be 
another important factor to consider in studies investigating reward processing (Wu et 
al., 2014). More generally, future research will be needed to verify the exact conditions 
under which a reward-related reduction of interference will occur. 

As noted above, although we did not find a main effect of conflict reduction, we 
did find an across-subject correlation indicating that the more the participants utilized 
the reward-prospect information, measured both neurally and behaviorally, the more 
reduction there was in conflict-induced costs. Thus, this may reflect a strategy or 
ability difference between the participants, in that some of them may be able to use 
the advance cueing information effectively to selectively enhance relevant features 
or suppress irrelevant features in the same object. In contrast, it is possible that other 
individuals use the reward-prospect mainly to enhance processing of the entire target 
stimulus input, including all its features. In this latter group of individuals, reward-
prospect would not be expected to lead to interference reduction, and could possibly 
even lead to greater conflict. 

Conclusions

By using a cue to inform the participant about the reward-prospect on each trial, the 
present experiment provides a mapping for the cascade of neural processes underlying 
the utilization of reward information. Key results include that reward-prospect resulted 
in enhancement of neural markers reflecting attentional preparation and target stimulus 
processing, as well as in an overall acceleration of behavioral responses. In addition, 
across-subjects the degree of preparatory attentional processes with reward-prospect 
(as measured by enhancements of their preparatory CnV activity and reductions in their 
Alpha-band activity) correlated with the reduction of behavioral measures of conflict. 
Together, these findings suggest that the utilization of reward-prospect information 
provided by a cue stimulus results in specific enhancement of attentional-control 
processes used to improve stimulus processing and the reduction of stimulus conflict. 
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Introduction

To achieve successful adaptive behavior, humans and other animals need to learn to 
associate specific stimuli and choices with potential rewards, a process that requires 
the continuous monitoring and incorporation of feedback information. Learning 
such associations could facilitate predicting whether one will like a new food product 
based on previous experience with similar foods, or whether walking or taking public 
transportation is a quicker option to get home from work at certain times of day. 
Choosing adaptively in probabilistic settings requires an organism to learn, store, and 
continuously update stimulus-reward associations to be available to guide future 
behavior (e.g., Anderson, 2017). 

Previous research investigating the neural processes underlying probabilistic 
learning has shown an important role for subcortical reward regions, such as the ventral 
tegmental area (VTA)/sustantia nigra (W. Schultz, 2016; W. Schultz, Dayan, & Montague, 
1997) and nucleus accumbens (nAcc) (Alexander & Crutcher, 1990; Floresco, 2015), in 
conjunction with frontal regions, such as the anterior cingulate cortex (ACC) (Botvinick, 
2007; Bush et al., 2002; Klein-Flugge, Kennerley, Friston, & Bestmann, 2016) and orbital 
frontal cortex (FitzGerald, Seymour, & Dolan, 2009; Leong, Radulescu, Daniel, DeWoskin, 
& niv, 2017; Sul, Kim, Huh, Lee, & Jung, 2010; Wallis, 2011), in the processing of value 
and feedback-related information. Activation in these brain regions has been found to 
vary according to the difference in value between the actual and the expected outcome 
(i.e., reward-prediction error), as shown both in humans with functional MRI and in 
nonhuman primates with single-unit recording (Yael niv, 2009; W. Schultz et al., 1997). 

In addition, in humans, brain activity reflecting the evaluation of feedback 
information, has been tracked noninvasively at the scalp with high temporal resolution 
by using electroencephalogram (EEG) recordings and analyzing the associated event-
related potentials (ERPs). This research has consistently found the feedback-related 
negativity (FRn) response (Gehring & Willoughby, 2002; Miltner, Braun, & Coles, 1997), 

a fronto-central negative-polarity deflection that peaks in the scalp-recorded ERP 
~250ms following feedback and is thought to arise from the ACC, is larger for negative 
compared to positive outcomes. Following the FRn, outcome feedback also elicits a 
positive-polarity P3 deflection (starting at ~300ms) that tends to be larger in response 
to suboptimal outcomes and has been postulated to reflect the general enhancement 
of cognitive resources in response to a relative loss (nieuwenhuis, Aston-Jones, & Cohen, 
2005; O’Connell, Dockree, & Kelly, 2012; Polich, 2007; R San Martín, Appelbaum, Pearson, 
Huettel, & Woldorff, 2013; René San Martín, 2012). In addition, the P3 is observed to be 
larger when stimulus values have to be updated, and its amplitude has been found to 
predict future choice adjustments (Fischer & ullsperger, 2013; R San Martín et al., 2013). 

Abstract

Successful adaptive behavior requires the learning of associations between stimulus-
specific choices and rewarding outcomes. Most research on the mechanisms underlying 
such processes has focused on subcortical reward-processing regions, in conjunction 
with frontal circuits. Given the extensive stimulus-specific coding in the sensory 
cortices, we hypothesized they would play a key role in the learning of stimulus-specific 
reward associations. We recorded electrical brain activity (EEG) during a learning-based, 
decision-making, gambling task where, on each trial, participants chose between a face 
and a house and then received feedback (gain or loss). Within each 20-trial set, either 
faces or houses were more likely to predict a gain. Results showed that early feedback 
processing (200-1400ms) was independent of the choice made. In contrast, later (1400-
1800ms) that processing became stimulus-specific, reflected by decreased alpha power 
(less cortical activity) over face-selective regions (reflecting increased cortical activity) 
for winning-versus-losing after a face choice, but not after a house choice. Finally, as the 
reward association was learned in a set, there was increasingly stronger attentional bias 
towards the more likely winning stimulus, reflected by increasing attentional-orienting-
related brain activity and increasing likelihood of choosing that stimulus. These results 
delineate the processes underlying the updating of stimulus-reward associations during 
feedback-guided learning, which then guides future attentional allocation and decision 
making.
Keywords: EEG; oscillatory alpha; reward; learning; decision making
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The subcortical and frontal regions mentioned above, however, seem to typically 
respond to loss-versus-gain feedback, mostly independently of the specific stimulus 
with which the feedback was associated. Accordingly, our understanding of the 
neural mechanisms through which feedback information guides the establishment 
and updating of stimulus-reward associations remains incomplete, particularly with 
regard to the possible role of the sensory cortices during the learning and updating 
of stimulus-choice contingencies. More specifically, we hypothesized that feedback-
guided stimulus-specific updating processes would modulate the activity in areas in 
the sensory cortices specifically involved in the processing of the stimuli whose reward 
associations are currently being learned. 

Relatedly, recent studies have reported that attention can be influenced by specific 
stimuli that have been previously associated with reward. Specifically, stimulus-reward 
associations have been shown to bias attention to be rapidly oriented towards those 
stimuli when they appear in a visual scene (Hickey et al., 2010a; Krebs, Boehler, Roberts, 
et al., 2011; San Martin, Appelbaum, Huettel, & Woldorff, 2016). The general idea is that 
by biasing attention, stimulus-reward associations can potentially improve environmental 
responsivity, decision-making, and other behavior (San Martin et al., 2016); on the other 
hand, such associations can also misguide attention when they are associated with a task-
irrelevant distractor stimulus or feature (Hickey et al., 2010a; Krebs et al., 2013, 2010; Krebs, 
Boehler, Egner, et al., 2011), In the spatial attention domain, such biases in attentional 
orienting can be measured by examining the hallmark ERP component known as the 
n2pc, a lateralized negative-polarity deflection peaking at ~250ms over posterior cortex 
contralateral to the direction of an attentional shift (Hickey et al., 2010a; Kappenman 
& Luck, 2012). However, the stimulus-specific neural updating processes involved in 
feedback-guided learning that create these attentional biases remains poorly understood.

One possibility for such feedback-based updating would be that neurons in sensory 
cortices that are involved in stimulus-specific processing would be involved in such 
learning (Folstein, Palmeri, & Gauthier, 2013). A classic example of stimulus-specific 
coding is the set of cortical regions that respond selectively to images of faces, which 
have been delineated by fMRI and electrophysiological measures (Kanwisher & Yovel, 
2006; McCarthy, Puce, Gore, & Allison, 1997; Perrett, Hietanen, Oram, Benson, & Rolls, 
1992; Puce, Allison, & McCarthy, 1999). These face-specific regions include the occipital 
face area (OFA), the fusiform face area (FFA), and the superior temporal sulcus (STS) 
(Gobbini & Haxby, 2007; Pitcher, Walsh, & Duchaine, 2011). In addition, in humans the 
processing of faces elicit selective scalp-recorded ERPs, with the largest being the n170 
(latency 170ms), a lateral-inferior occipital negative-polarity deflection that is greater 
for faces compared to other objects, generally thought to reflect increased activation 
from the lateral face-selective cortical processing regions (Bentin, Allison, Puce, Perez, & 

McCarthy, 1996; Rossion & Jacques, 2012). Face-selective activity is typically extracted 
by comparing responses to face images to responses to images of other objects, most 
commonly images of houses and other buildings. fMRI studies have shown that house 
and building images elicit selective activity in the parahippocampal place area (PPA) 
(Epstein & Kanwisher, 1998), a medial-inferior temporal brain region, but such stimuli do 
not seem to produce a very distinctive marker in the ERPs.

Accordingly, here we focused on stimulus-specific cortical activity for faces 
(extracted by face-image versus building-image response contrasts) and its distinctive 
scalp ERP/EEG markers. The stimulus and cortical specificity of scalp-recorded 
electrophysiological measures, such as described above for the face-selective n170, was 
for the ERPs that are extracted by time-locked averaging the EEG. Also extractable from 
the EEG, however, are the time-locked power changes in oscillatory EEG activity, which 
can provide an additional useful window into cortical brain processing. In particular, 
changes in oscillatory EEG activity in the alpha band (8 - 14 Hz) have been found to 
index the directionality of cortical activation, in that decreased alpha power arising from 
a cortical brain region is typically associated with increased cortical activation, and vice 
versa (Jensen & Mazaheri, 2010; Petersson & Kleinschmidt, 2012; Scheeringa et al., 2012; 
van den Berg, Appelbaum, Clark, Lorist, & Woldorff, 2016b; van den Berg et al., 2014; 
van Dijk, Schoffelen, Oostenveld, Jensen, et al., 2008a). A classic example of this effect in 
spatial attention is the relative decrease in occipital alpha contralateral to vs. ipsilateral 
to a cued direction of attention (Foxe & Snyder, 2011; Grent-’t-Jong et al., 2011; Worden, 
Foxe, Wang, & Simpson, 2000b), inversely paralleling relative lateralized increase in fMRI 
activity observed under a similar contrast (Green et al., 2017; Grent-’t-Jong & Woldorff, 
2007; Hopfinger et al., 2000; Kastner et al., 1999).

Here, to investigate the feedback-guided stimulus-specific updating processes, we 
leveraged the high temporal resolution of EEG, using both ERPs and oscillatory EEG 
power changes, to track the spatiotemporal cascade of activity over face-processing-
selective cortex while participants performed a probabilistic decision-making gambling 
task. On each trial (Figure 1), participants were asked to choose between a face and a 
house, after which they were given feedback indicating that they would receive either 
a monetary gain or loss on that trial. Within each 20-trial set, either faces or houses 
were more likely to lead to a gain (probability bias in each set was randomly chosen 
between 0.50 and 0.75), with the participants instructed to try to learn the likelihood 
in that set and thereby improve their reward-gaining performance. To identify spatially 
discernable signals related to face processing, we used a separate localizer task from 
which we delineated scalp regions that reflect differential processing for faces versus 
houses. Additionally, we analyzed the power changes in oscillatory EEG activity in the 
alpha band as an inverse index of cortical activations. In particular, modulations in alpha 
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activity were used as a marker for face-selective cortical activation to index the trial-to-
trial updating of stimulus-specifi c rewards associations during learningtrial updating of stimulus-specifi c rewards associations during learning

Figure 1. Probabilistic gambling task: each trial started with a dual-object cue-choice stimulus, with 
a face on one side and a house on the other. Following the cue, participants made a choice of one of 
these images by selecting the appropriate arrow. Feedback with respect to loss versus gain for that 
choice was then presented.

Methods

Participants
Thirty healthy volunteers (mean age [sd]: 23.5 [2.9], 18 female, 29 right-handed) 
participated in the study. All had normal or correct-to-normal vision and all gave written 
informed consent. The study was conducted in accordance with protocols approved 
by the Duke Institutional Review Board. Participants were paid 15 dollars/hour, plus 
an additional reward-related bonus (mean [sd]: 9.6 uSD [7.8]). One participant was 
excluded due to poor EEG data quality (>40% of the trials rejected due to artifacts), 
leaving 29 subjects in the fi nal analysis. 

Tasks and Stimuli
Participants were asked to do a learning-based decision-making gambling task built 
upon one we had employed previously (San Martin et al., 2016; R San Martín et al., 
2013). Stimuli were presented on a 24-inch LCD monitor using the Presentation 
software package (neurobehavioral Systems, Inc., Albany, CA). Participants were seated 
in a comfortable chair with eyes about ~60 cm from the screen. 

Learning-based gambling task
The probability-learning (Plearn) gambling task (Figure 1) consisted of 24 sets of 20 
trials each. Within each set either the faces or houses were more likely to win, with an 
average probability bias of 0.625 (ranging randomly from 0.50-0.75). As a result, the 

fi nal probability bias distribution across all sets was roughly Gaussian (mean [sd]: 0.625 
[0.075]). Each trial started with the presentation of a image-pair cue (duration 1200ms), 
consisting of the image of a face (randomly selected from 20 male faces) and the image 
of a house (randomly selected from 20 houses), both with a resolution of 72 by 96 pixels. 
On each trial, the house and face were randomly assigned to appear on either the left 
or right side of a central fi xation. After some delay (1200 ms), a screen for choosing 
between the two cue stimuli (the choice screen) was then presented, which consisted 
of two arrows randomly pointing to the left and right, just above and below the fi xation, 
remaining on the screen until a behavioral response was given (up to a maximum of 
1200ms). Participants were instructed to choose the stimulus that they judged would 
lead to a gain by selecting the arrow that pointed in that direction. Participants pressed 
the top or bottom bumper of a gamepad (Logitech Rumblepad) corresponding to 
the top or bottom arrow. If no response was given, participants received feedback 
displaying “no response” on the screen, followed by a loss in points. If a response was 
made, the chosen arrow was highlighted. Then, following a jittered interval sampled 
from a uniform distribution between 700 and 900ms the gain/loss feedback appeared 
onscreen (duration 500ms), which was either a “+8” or a “-8” printed in a blue or orange 
square (counterbalanced across participants) indicating the valence of the feedback. 
After the feedback there was another jittered interval between 1500 and 2000ms (i.e., 
2000 - 2500ms following the onset of the feedback stimulus). We intentionally chose 
a long interval after feedback to be able to track the stimulus-reward updating neural 
signals following the processing of the feedback stimulus.

Participants were instructed to try to learn on each set of 20 trials whether faces or 
houses were more likely to result in a reward in that set and were informed that they 
could win points, which would translate to real money after the task, by choosing 
the stimulus (i.e., face or house) that was most likely to win on each set. Each set was 
followed by feedback as to how many points they had accrued thus far. After a practice 
period in which the subject demonstrated understanding of how to do the task, the 
session started with the learning-based decision-making task runs. After completing 
these, the participants performed the face-versus-house localizer task (see below). 

Localizer task
To extract potential regions of interest (ROIs) for assessing the updating in the Plearn 
paradigm of the face-responsive sensory cortices, we used a face/house localizer task. 
This task consisted of presenting 480 faces and houses to the participants, which were 
sampled randomly from the same set of 20 faces and 20 houses that were used in the 
learning-based decision-making task. Twenty percent of these stimuli were presented 
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as a blurred version, which served as infrequent targets, while the rest were clear. Blurry 
faces and houses were created by means of convolving a symmetric two-dimensional 
Gaussian kernel (with a 10-pixel width and height) with the face and house images. The 
participants’ task was to detect the blurry images and indicate whether they are a face 
or a house by pressing a button on the response-pad (left button for a blurry face and 
right button for a blurry house). Only the 80% of trials in which a clear face or house was 
presented (i.e., the nontargets) were used for the EEG analysis. Each face or house was 
presented for 300ms, and the next trial started after a jittered interval of 600-800ms. 
Twenty-eight participants of the original 30 completed the localizer task. The data from 
three participants in the localizer task (out of 28) were discarded due to excessive noise 
(>40 percent of the trials rejected), leaving 25 participants whose data in this task were 
used to delineate the face-selective ROIs. 

EEG recording and preprocessing
EEG was DC-recorded (500 Hz sampling rate, with a three-stage cascaded integrator 
comb low-pass filter [CIC-filter] with a corner frequency of 130 Hz) using a 64-channel, 
custom-layout, equidistant, extended-coverage electrode cap (Woldorff et al., 2002) 
and a Brainproducts Actichamp amplifier with active electrodes (Acticap). The data 
was recorded referenced to the average of all the electrodes. Data was filtered offline 
using a 0.05 highpass causal FIR filter. Independent component analysis (ICA) was used 
to correct for eyeblinks, which were extracted using the extended infomax algorithm 
as implemented in the EEGlab software package (using EEGlab13.4.4b [Delorme& 
Makeig, 2004]). Independent components (ICs) that reflected eyeblinks (1 or 2 ICs per 
participant) were removed from the data. 

For the Plearn task, epochs were extracted from -1000ms before until 2000ms after 
the cue-pair onset and from -1000ms before until 3500ms after the onset of the feedback 
stimulus. For the localizer task, epochs were extracted from -500ms before until 1000ms 
after the onset of the face or house image. Data was baselined from -200ms to stimulus 
onset. Epochs containing any remaining artifacts (e.g., horizontal eye movements, 
muscle noise) were detected using an average threshold (±110μV from -500 to 1000ms 
or to 2500ms respectively for the localizer and Plearn task) a 30μV step function from 
-200 to 1000ms (to 500ms for the lozalizer) around the target (for horizontal eye 
movements) and excluded from further analysis. Finally, an addditional low-pass filter 
(20Hz, butterworth 4th order filter) was applied to the epoched and averaged ERP Plearn 
and localizer data.

Time-frequency analysis
Frequency decomposition was performed on the EEG average-referenced data using 

multitaper methods as implemented in the analysis software package Fieldtrip 
(Oostenveld et al., 2011), in which discrete prolate slepian sequences were used to 
estimate the power in logarithmically spaced frequencies from 3 to 80Hz. The window 
widths for the tapers were 3 cycles for 3Hz, 4 cycles for 4-7Hz, 5 cycles for 8-14Hz, 7 
cycles for 15-20Hz, 10 cycles for 21-50Hz, and 15 cycles for 51-80Hz. Smoothing by 
means of multitapers was specified as 5 × log

10
 of each frequency. Log

10
 transformed 

power spectra for each subject were subsequently binned and averaged according 
to the various conditions (see below). no baseline correction was performed for the 
oscillatory power analyses. 

Data binning and averaging
The epoched EEG data and time-frequency power spectra were binned according to 
feedback (gains and losses) and choice (face and house), which resulted in an average 
number of trials for each subject (mean[sd]) for face gain (111 [22]), face loss (96 
[20]), house gain (108 [23]), and house loss (92 [19]), after rejection of noisy epochs. 
As expected, due to learning there were significantly more gain trials than loss trials 
(F(1,28) = 51.1, p=0.0001), especially towards the latter parts of each set. On the other 
hand, there was no significant difference in the number of gain or loss trials for choosing 
a face versus a house (F(1,28) = 0.39, p = n.s).

Analysis of cue-evoked ERP data
In order to calculate the cue-evoked n2pc response for indexing the attentional 
bias as it was modulated by reward learning across a set, the following procedure 
was implemented. To calculate the attentional bias as a function of trial number, we 
extracted cue-evoked activity averaged in bins of two consecutive trials (i.e., trials 1 
and 2 were binned together, trials 3 and 4 were binned together, etc.), separately for 
each side (left, right) and for each experimentally fixed set-winner (e.g., if a face would 
have a 0.60 probability of winning in a 20-trial set, that would be a face-winner set). 
The cue-related attentional bias was assayed by standard n2pc contralateral-versus-
ipsilateral analysis (Luck & Kappenman, 2012), that is, by subtracting the activity in the 
contralateral channels (relative to the set-winner) minus the ipsilateral channels, and 
then collapsing over the left and right sides. 

Statistical analysis
For statistical analysis, we first calculated the time-locked ERPs and time-frequency 
responses as a function of the various event types and conditions. next, the mean ERP 
component or Alpha-power (8-14Hz) amplitudes were extracted from specific scalp 
regions of interest (ROIs) and time-windows of interest (TOIs) based on the literature 
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and the localizer task. The FRn and P3 were measured from 200-300ms in a fronto-
central ROI (analogue to Cz and FCz) and from 400-600ms in a parietal ROI (around Pz 
and neighboring channels), respectively (Fischer & ullsperger, 2013; R San Martín et al., 
2013; René San Martín, 2012). Subsequently, the extracted values were analyzed with 
a repeated-measures AnOVA to test for statistical significance (p < 0.05) using the R 
statistical software package (R Core Team, 2015b).

For potential alpha effects following feedback, reflecting a possible stimulus-
reward cortical-updating process, we chose a period after the feedback-evoked P3 
and before the start of the next trial (600-2000ms following feedback; recall that the 
next trial started 2000-2500ms following the onset of the feedback). The specific scalp 
ROI’s for the potential alpha cortical-updating effect were based on the data extracted 
from the separate localizer task (averaged across participants). Statistical tests of alpha 
power over time was done using a cluster-based permutation testing approach (Maris 
& Oostenveld, 2007). T-tests were performed on the average power in the alpha band 
(8 to 14Hz) and on each time point within the 600 to 2000ms time window of interest 
separately for each ROI (i.e. the interval following the P3 activity and preceding the next 
trial (R San Martín et al., 2013)); if the resulting statistic exceeded a p-value of 0.05, then 
that time point was included into a cluster that was formed by including significant 
adjacent points. Cluster statistics were obtained by summing all t-values within a cluster. 
Statistical significance of a cluster was obtained by comparing the cluster statistic to 
a permutation distribution (created from 1000 iterations by randomly switching the 
labels of conditions at subject level), and was considered significant at p < 0.05 and 
reported at a trend level if p < 0.1.

The cue-related attentional bias (n2pc) was measured from 200-300ms after onset of 
the cue image pair, from corresponding left and right occipital ROIs (around O1/O2, 
PO5/PO6, PO3/PO4) (Hickey et al., 2010a; Kappenman & Luck, 2012; San Martin et al., 
2016). Subsequently we calculated difference in voltage contralateral versus ipsilateral 
relative to the side on which the set-winner was presented.

To calculate the behavioral learning rate and neural attentional bias, we employed, 
on a trial-by-trial number basis, a mixed-modelling approach using the lme4 statistical 
package (Bates, Maechler, Bolker, & Walker, 2015). A varying slope of condition per 
subject (the random effect) was included in the model if the Akaike Information Criterion 
(a measure of the quality of the model) improved. To obtain statistical significance 
the degrees of freedom were approximated using the Satterwaithe approximation 
of degrees of freedom as given by the R package lmertest (Kuznetsova, Brockhoff, & 
Christensen, 2017). Statistical tests were considered significant at p<0.05.
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In formula (1), the dependent variable “proportion” reflects the proportion of choosing 
the winner on each trial#

n
 (1-20), and the predictor variables consisted of an intercept, 

the first and second degree polynomials for trial# (1-20 and 1:20 squared) and chosen 
stimulus (face versus house). The polynomial term was included in the model to account 
for non-linearities in the learning rate, notably that subjects’ performance gradually 
increases early on in the block before tending to asymptote when the most likely set-
winner had been learned. In formula (2), the attentional bias (in µV) reflected by the n2pc 
was estimated by trial number (binned according to the average across two consecutive 
trials to achieve better signal to noise). For both the behavioral learning rate and neural 
attentional bias, the final regression model allowed for a varying intercept and a varying 
slope of trial number for each participant (as indicated by j). 

Results

Localizer task: three regions of interest
The first difference between face and house processing in evoked activation patterns 
in the localizer task was a midline occipital positive deflection that was larger for faces 
compared to houses and peaked around 110ms (100-120ms: t(24) = 6.02 - Figure 2). 
This positive deflection has been observed in previous studies and tends to be bigger 
for upright and inverted faces compared to other object types (Eimer, 1998; Itier & 
Taylor, 2004). Following this midline occipital positivity, faces versus houses elicited 
the large, hallmark, face-selective n170 response (Bentin et al., 1996), which started 
at ~140ms as a differential, slightly right lateralized, lateral-inferior occipital negativity 
that was greater for faces compared to houses, peaked at around 160ms, and lasted 
until around 200ms (150 - 170ms: t(24) = -12.6). Subsequently we observed a second, 
more superior, bilateral, occipital, negative-polarity activation that was greater for 
faces compared to houses (200- 240ms: t(24) = -3.6). Lastly, after 300ms there was a 
temporally extended activation in both the inferior and superior occipital ROIs that 
showed a negative-polarity difference between faces and houses (300 -500ms: t(24) 
= -5.32). These patterns of activations from the localizer task resulted in three face-
versus-house-selective ROIs that could be used to assess activity patterns that might 
reflect the updating and storing of face-specific stimulus-reward associations in the 
probability learning task: one occipital midline, one inferior occipital bilateral, and one 
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more superior occipital bilateral. These ROIs could potentially refl ect activation from the 
OFA (midline occipital), FFA (inferior-lateral occipital), and the STS (superior occipital) 
(Pitcher et al., 2011), respectively. Importantly, the localizer results confi rmed that our 
stimuli evoked classic patterns of face-selective activity as indicated by the occipital 
midline and inferior occipital ROI (midline positive defl ection, and the n170). 

Figure 2. Face-versus-house activity from the localizer task: diff erential activity for faces versus 
houses included the hallmark N170 negative-polarity response over ventrolateral visual cortex (for 
face responses minus house responses), which was preceded by a midline occipital modulation, and 
followed by a more superior occipital activation.

Behavioral results and the development of attentional biases toward the cue-
choice stimulus with higher reward likelihood
The behavioral results from the Plearn task (Figure 3A) showed that across each set of 20 
trials participants were able to learn whether the face or the house was the more likely 
winner for that set (main eff ect trial#: F(2,56) = 80, p<0.0001) which was not observably 
diff erent for faces and houses (main eff ect chose: F(1,1094)) = 0.1, p = n.s., chose × trial#: 
F(1,1094)) = 0.5, p = n.s.). At the beginning of each 20-trial set, the participants chose the 
most likely winner for that set at chance (0.50), as would be expected. But by the end of 
the set, this proportion increased to ~0.75, indicating that the participants had utilized 
the feedback across the set to learn to choose the most likely probability-based winner. 
In other words, participants increased the probability of receiving gains by choosing 
faces more often when the set-winner was a face, and by choosing houses more often 
when the set-winner was a house. 

Table 1. Model estimates for analysis of the behavioral learning rate: proportion choosing set–winner
n
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 (house) 0.0002 (0.0002) 0.9 (1094) = n.s.

neurally, at the moment of the presentation of the cue stimuli, this learning process 
was refl ected by attention-sensitive lateralized n2pc activity evoked by the cue (Figure 
3B). More specifi cally, in the fi rst half of each 20-trial set the n2pc showed little or no 
refl ection of attentional orienting toward the probabilistic set winner stimulus type in the 
cue-pair presentation, but in the second half of the set there was clearly an attentional 
bias, as refl ected by a modulation of the lateralized orienting-related n2pc contralateral 
to the set winner. That is, consistent with previous studies showing with these neural 
measures the attentional orienting toward reward-associated stimuli (Hickey et al., 
2010a; San Martin et al., 2016), during the learning of the reward-association here 
a negative defl ection (200-300ms) that increased in size over the course of each set 
was elicited contralateral versus ipsilateral to the object in the cue-pair stimulus that 
predicted a higher probability of reward (F(1,106) = 7.1, p = 0.009). 
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Figure 3. Behavioral and neural learning: During each set of 20 trials, stimulus-reward associations were 
induced through biasing the probability towards either the face or house, with a mean probability bias 
across blocks ranging from 0.50 and 0.75. (A) As refl ected by the increase in proportion of choosing 
the probabilistic set-winner across the 20 trials of each set, participants learned whether either the 
face or house was more likely to yield a gain. There was no observable diff erence in the choosing the 
set-winner for face or house choices at various stages of each set. (B) Neurally, learning was refl ected 
by in the increasing amplitude of the attention-sensitive, lateralized negative defl ection (the N2pc) 
contralateral to the set-winner in the cue-choice presentation. This attention-sensitive lateralized ERP 
activity increased in amplitude as a function of the learning across the 20-trial set. the model fi t.

Feedback processing

ERP results: evaluation of losses versus gains
ERP analysis of feedback processing focused on the feedback-evoked potentials, and 
more precisely the feedback related negativity (FRn) and the P3. Based on previous 
literature, we anticipated processing of losses versus gains would be refl ected by a larger 
FRn, with the later P3 wave also being larger following losses. The feedback-elicited 
ERPs confi rmed these hypotheses (Figure 4A and B). Following the feedback stimulus, 
the fi rst diff erence between losses and gains manifested itself as the hallmark, fronto-
central, negative-polarity FRn defl ection from around 200 to 300ms and peaking around 

250ms (F(1,28) = 30.1, p < 0.0001). Additionally, there was no observable diff erence in 
the amplitude of the FRn as a function of whether the participant had chosen a face as 
compared to a house on a trial, confi rming that the FRn was sensitive to a loss versus a 
gain and not to the particular stimulus type that had been chosen (feedback × choice: 
F(1,28) = 0.3, p = n.s). Similarly, the P3 was larger for losses compared to gains, as has 
previously been reported (R San Martín et al., 2013) (F(1,28) =22.5, p < 0.0001). In contrast 
to the FRn, the loss-vs-gain eff ect for the feedback-elicited P3 did show some diff erence 
as a function of the stimulus type that had been chosen, being somewhat larger when 
the choice had been a house than when it had been a face (feedback × choice: F(1,28) 
= 7.7, p = 0.01). Moreover, specifi c contrasts with respect to this interaction indicated 
that the P3 modulation eff ect following losses was larger when participants had chosen 

A

B

Figure 4. Generic feedback-elicited evaluation processes: (A) the grand- ERPs to the feedback stimulus 
(grand-averaged across subjects) for when the participant had chosen a face or house prior to 
receiving feedback concerning that choice. (B) Diff erence waves and topographies reveal a feedback-
valence registration refl ected by the larger feedback-related ERP components (feedback-related 
negativity (FRN) and P3 response following feedback) indicating a loss versus feedback indicating a 
gain. These classic loss-versus-gain ERP eff ects evoked by the feedback showed little or no diff erence 
as a function of when the stimulus chosen that trial had been a face or a house.

A

B
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a house vs. a face (t(28) = 3.0, p = 0.006; 4.50 µV when choosing a house as compared 
to 4.02 µV when choosing a face), with no diff erence for these choices following a gain 
(t(28) = -0.1, p = n.s.; ~3.22 µV for both). 

Oscillatory EEG results: updating of stimulus-reward associations
We had hypothesized that, following the generic (i.e., non-stimulus-specifi c) feedback 
processing (i.e., refl ected by the FRn and, to a lesser extent, the P3), a more stimulus-
specifi c cortical signal, as measured by means of oscillatory alpha power, would refl ect 
processes related to the updating of specifi c stimulus-reward associations in sensory 
regions in posterior cortex. Figure 5 shows the frequency spectra for gains minus 
losses following feedback for when participants had chosen a face versus when they 
had chosen a house, along with the corresponding interaction eff ect (double diff erence 
wave). The frequency spectra in Figure 5, the alpha-power traces in Figure 6A, and 
the alpha-power topographical distributions (Figure 6B) indicate that there was lower 
amplitude alpha (starting ~900ms after feedback onset) following feedback of a gain 
as compared to a loss, both for when a face had been chosen and when a house had 
been chosen. These cluster-based analyses showed that during the initial part of this 
time frame (~900 to 1400ms following feedback), participants had lower alpha power 
following gains as compared to losses within the inferior occipital ROI and occipital 
midline ROI but not the superior occipital ROI (main eff ect of feedback: inferior-lateral 
occipital: 900-1400ms, p = 0.006; occipital midline: 1000-1400ms, p = 0.042; superior 
occipital: no signifi cant clusters found). In this earlier time period, however, signifi cant 
interactions with chosen stimulus type were not observed.
In contrast, the long-latency alpha eff ect over the face-selective ROIs following the 
feedback was strikingly larger and lasted longer when participants had chosen a 
face versus a house. More specifi cally, topographical plots of alpha power (Figure 6B: 
interaction between feedback and choice) showed clear stimulus-related specifi city 
for feedback processing over the face-selective ROIs delineated by the localizer task, 
suggesting the instantiation of stimulus-specifi c neural activity during feedback 
processing in these face-specifi c cortical regions. Specifi cally, for activity during this later 
post-feedback time period (but well before the next cue stimulus pair), we observed 
lower alpha power (i.e., higher cortical activation) for gains as compared to losses when 
the participant had chosen a face, an eff ect mostly absent when the participant had 
chosen a house. This observation was confi rmed by cluster-based statistical analysis in 
the face-specifi c ROIs as defi ned by the localizer task (Table 2).

Table 2. Cluster based statistics related to the updating of stimulus-specifi c reward associations in the 
alpha (8 - 14Hz) frequency range.

Region of interest
timewindow, p

Inferior-lateral occip Midline occip Superior occip

Choosing × feedback 1400-1750ms p = 0.042 1300-1850ms p = 0.004 1400-1750ms p = 0.008

Chose house:
gain versus loss

950-1150ms p = 0.098 No sig. clusters No sig. clusters

Chose face:
gain versus loss

900-1900ms p < 0.002 1000-2000ms p = 0.004 1150-1850ms p = 0.012

Figure 5. Stimulus-specifi c feedback related processes – frequency spectra: (A) Cortical updating of 
stimulus-reward associations: time-frequency plots of the diff erential activity to the feedback stimulus 
following gains versus losses (note the subtraction direction here) over occipital channels in the face 
ROIs (previously delineated by the localizer task), shown separately following having chosen a face 
versus having chosen a house. The plots reveal a diff erence in alpha power in these ROIs between 
800 and 1800ms following the feedback for gains versus losses, but this eff ect was signifi cantly larger 
when participants had chosen a face as compared to a house. (B) This late, cortically specifi c, alpha-
power eff ect over the face areas can be seen more directly in the double subtraction (interaction) of 
activity, namely gains-minus-losses for faces minus gains-minus-losses for houses.
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Considering that decreased alpha power in a cortical region typically refl ects increased 
cortical activation (Green et al., 2017; Laufs et al., 2003; Mantini, Perrucci, Del Gratta, 
Romani, & Corbetta, 2007; Scheeringa et al., 2012), this pattern is consistent with the 
view that there was more cortical activation in the face processing areas after having 
chosen a face and received feedback of a gain than after having chosen a house and 
received feedback of a gain. In sum, the results revealed that, in response to feedback of 
a gain vs. a loss, there was an early general (i.e., stimulus-nonspecifi c) posterior cortical 
activation followed by a stimulus-specifi c one. It is important to note that this stimulus-
specifi c alpha modulation following the feedback occurred even though the face/house 
stimuli had disappeared from view several seconds earlier. 

Figure 6. Stimulus specifi c feedback related processes - alpha power: (A) Overall alpha power traces 
show a stimulus-related decrease in power followed by an increase. Cluster based analysis revealed 
statistical signifi cance for various contrasts. Shaded area represents mean ± SEM. (B) ROI-specifi c 
alpha-power traces following gain minus loss feedback. The early part of this long-latency alpha 
modulation was stimulus-non-specifi c (no diff erence for whether a face versus a house had been 
chosen on that trial. Later, the alpha activity showed stimulus-specifi c diff erence between gain and 
loss trials as a function of whether a face versus a house had been chose on that trial. 

Discussion

In the present study we sought to shed light on the neural mechanisms by which 
stimulus-reward associations might be updated in stimulus-specifi c cortex. We used 
a probability-learning gambling task with feedback. On each trial, participants chose 
between a face and a house stimulus and had to learn across each set of 20 trials which 
stimulus a higher probability of gaining a reward in that set. Because face and house 
stimuli elicit spatially distinctive neural activations in scalp-recorded EEG, we were able 
to investigate the neural processes related to stimulus-specifi c feedback processing in 
the sensory cortices. Behaviorally, the results indicated that participants were able to 
learn which stimulus yielded a higher probability of reward in each 20-trial set. neurally, 
this learning was marked by a cascade of changes in the brain electrical responses. 
First, feedback evaluation was most quickly refl ected at ~250ms by the FRn, a negative 
fronto-central defl ection, which was then followed by a modulation of the centroparietal 
P3 (~400ms), likely refl ecting a general increase in cognitive resources. Both of these 
cortical activations were larger for losses compared to gains. Subsequently (~900-
1400ms after feedback onset), we observed either a decrease (for gains) or increase 
(for losses) of stimulus-nonspecifi c posterior oscillatory alpha activity that was mostly 
stimulus-nonspecifi c, but this was then followed by a strongly enhanced stimulus-
specifi c activity for gains compared to losses (~1400-1800ms) over the sensory face 
areas when the participant had chosen a face, an eff ect that was mostly absent when 
they had chosen a house. Then on the next trial, the learning was further marked by 
a rapid attentional orienting towards the more-likely-to-be-rewarded stimulus when 
these stimuli were later presented as a cue pair, an eff ect that increased across the 
20-trial set. These results expand our understanding of the cortical mechanisms by 
which stimulus-specifi c regions are activated during feedback learning in service of 
establishing and/or updating stimulus-reward associations.

Classically, the cascade of neural processes underlying feedback processing has been 
delineated as starting with feedback evaluation, as refl ected by the FRn component 
for losses relative to gains, and continuing general increase in cognitive resources, as 
refl ected by an enhanced P3 wave (Polich, 2007; René San Martín, 2012), if the feedback 
indicated a suboptimal outcome and thus that the choice behavior potentially needs 
to be adjusted (Fischer & ullsperger, 2013; O’Connell et al., 2012). These eff ects were 
also seen in the present study. We also showed here that the FRn activity was stimulus 
non-specifi c, in that it did not diff er as a function of whether the feedback was preceded 
by a face or house selection. This result is consistent with the idea that the ACC, a likely 
contributor to the FRn (Gehring & Willoughby, 2002), refl ects the detection/evaluation 
of outcome information independent of the specifi c stimulus and/or event context 
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(Heilbronner & Hayden, 2016). Although the P3 was slightly larger for losses after 
choosing a house, compared to choosing a face, it did not differ when the feedback was 
a gain. 

Alpha power effects began as a general posterior cortical activation, greater for 
gains compared to losses, but irrespective of whether participants had chosen a face or 
a house. This effect might be regarded as an increased activation of visual processing 
regions following gain feedback. Following this general visual cortex activation, between 
1400-1800 ms following feedback after having made a face choice, we observed activity 
over the sensory face regions that was substantially larger following gain feedback 
compared to loss feedback, with the corresponding effect not being observed following 
gain-vs-loss feedback after participants had chosen a house. Importantly, this stimulus-
specific activation occurred even though the face (vs. house) stimuli had disappeared 
from the screen seconds before. The activation pattern suggests that these effects, 
occurring over the occipital-midline, occipital-superior, and occipital-inferior face-
selective localizer-defined ROIs, potentially reflect activity in the occipital face area 
(OFA), superior temporal sulcus (STS), and fusiform face area (FFA), which have all been 
found to selectively process face stimuli (Gobbini & Haxby, 2007; Pitcher et al., 2011). 

In the context of these results, we interpret the reduced alpha power over the 
face ROIs after a gain following a face choice to reflect cortical activation in the face-
processing-selective cortical brain regions, as part of the establishing, updating, and 
storage of stimulus-reward associations. Arguably this principle extends to a general 
mechanism of cortical updating for stimulus-reward association for any stimulus type 
with respect to feedback. It seems likely that as feedback-guided updating establishes 
and strengthens stimulus-reward associations, the brain also establishes and strengthens 
a subsequent reactive attentional bias toward the more likely-to-be-rewarded stimulus. 
In our results this manifested as an enhanced n2pc towards the stimulus more likely to 
win on its next presentation in the cue image pair, paralleling the increased chance that 
this stimulus would be chosen subsequently at the choice screen. These findings are in 
line with previous studies investigating effects of reward on attentional orienting, which 
have similarly shown that once a stimulus-reward association has been learned, it tends 
to induce a larger attentional shift when presented and also predicts the likelihood of 
subsequent choice behavior (Hickey et al., 2010a; Hickey & van Zoest, 2012; San Martin et 
al., 2016). Our results substantiate these findings by implicating a key role of the sensory 
cortices in the cascade of processes involved in the formation and neural updating of 
stimulus-reward associations.

In response to stimulus-specific areas being activated following rewarded trials for 
those stimulus types, the brain seems to then bias attention towards those stimuli. 
One possibility would be that these stimulus-specific activations reflect a saliency 

adjustment of the rewarding objects. That is, in addition to coding for stimuli and 
features, it has been hypothesized that the visual system contains a saliency map for 
objects and their features (Itti & Koch, 2000; Itti, Koch, Way, & Angeles, 2001). Such a 
saliency map could serve as a prioritizing scheme that codes for the importance 
of various stimuli. By adjusting the saliency of each object category (here, faces or 
houses) the brain would prioritize the processing of certain objects over other ones. 
The neuroanatomical properties and location of such saliency maps are under debate 
but there is evidence of involvement of sensory visual areas (Çukur, nishimoto, Huth, & 
Gallant, 2013; Li, 2002; Madden, 2007; Mazer & Gallant, 2003; Torralba, Oliva, Castelhano, 
& Henderson, 2006). If indeed the observed cortical activation in response to feedback 
information is a reflection of saliency map adjustment, then the results from the present 
study would have implications for understanding the mechanisms by which previously 
encountered outcome information might be involved in attentional prioritization and 
cognitive control more generally. 

The present study examined mechanisms underlying the learning of reward 
associations along a relatively short stretch of trials (i.e., each set of 20 trials lasting 
several minutes), which would then change in the next stretch. Long-term learning in 
a stable environment would typically lead to value information being updated much 
more slowly. notably, learning of object values with different stabilities has been 
shown to impact activity in the subcortical regions differentially (Kim & Hikosaka, 2013), 
suggesting different neural mechanisms are involved based on how stable the learning 
environment is. Thus, understanding how the processes delineated in this paper differ 
relative to within a more stable environment is an important goal for future studies.

In conclusion, we have shown that in response to positive feedback to choices made 
on specific stimulus types, the brain activates the sensory cortical regions coding for 
those specific stimulus types. This activation appears to reflect processes related to 
the establishment and neural updating in stimulus-specific cortical brain regions of 
the reward associations for those specific stimuli, perhaps by way of enhancing their 
representation in a cortically based saliency map. Moreover, the establishment and 
updating of these reward associations in stimulus-specific cortical processing regions 
during learning is followed by stronger orienting of attention towards those stimuli 
when next encountered, and in shaping future choice behavior with respect to those 
stimuli. Accordingly, the present results provide new insight into the neural mechanisms 
underlying the updating of stimulus-reward associations in the brain, and thus in turn 
for understanding how the brain implements complex adaptive behavior. 
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Abstract

Adult neuroimaging studies have demonstrated dissociable neural activation patterns 
in the visual cortex in response to letters (Latin alphabet) and numbers (Arabic 
numerals), which suggest strong experiential influence of reading and mathematics 
on the human visual system. Here, developmental trajectories in the event-related 
potential (ERP) patterns evoked by visual processing of letters, numbers, and false fonts 
were examined in four different age groups (7-, 10-, 15-year-olds, and young adults). 
The 15-year-olds and adults showed greater neural sensitivity to letters over numbers 
in the left visual cortex and the reverse pattern in the right visual cortex, extending 
previous findings in adults to teenagers. In marked contrast, 7- and 10-year-olds did 
not show this dissociable neural pattern. Furthermore, the contrast of familiar stimuli 
(letters or numbers) versus unfamiliar ones (false fonts) showed stark ERP differences 
between the younger (7- and 10-year-olds’) and the older (15-year-olds and adults) 
participants. These results suggest that both coarse (familiar versus unfamiliar) and fine 
(letters versus numbers) tuning for letters and numbers continue throughout childhood 
and early adolescence, demonstrating a profound impact of uniquely human cultural 
inventions on visual cognition and its development. 
Keywords: Letter processing; number processing; event-related potential; high-level 
vision; development

Introduction

Literate adults possess dedicated regions in the visual cortex that are preferentially 
engaged in the visual perception of written characters such as letters and numerals 
(Cohen et al., 2000; McCandliss, Cohen, & Dehaene, 2003; Park, Chiang, Brannon, & 
Woldorff, 2014; Park, Park, & Polk, 2012; Roux, Lubrano, Lauwers-Cances, Giussani, 
& Démonet, 2008; Schlaggar & McCandliss, 2007; Shum et al., 2013). The fact that 
such cultural inventions elicit specific activation patterns in the visual cortex clearly 
demonstrates that visual experience alters the functional organization of the human 
brain (Dehaene et al., 2010; Park, Park, et al., 2012). Yet, little is known about the 
developmental time course of these experiential and cultural effects on functional 
neural organization.

In several recent functional magnetic resonance imaging (fMRI) and event-related 
potential (ERP) studies with adult participants (Park et al., 2014; Park, Hebrank, Polk, 
& Park, 2012), we demonstrated that visual processing of letters elicits greater neural 
responses compared to numbers in the left occipito-temporal region while visual 
processing of numbers elicits greater neural responses compared to letters in the right 
occipito-temporal region, thereby establishing a hemispheric double dissociation. 
Importantly, this dissociable pattern was observed in an experimental paradigm that 
minimized phonological and semantic processing and was observed early in the visual 
stream at the level of sensory-evoked visual n1 (or n1-latency) ERP component around 
130–180 ms (Park et al., 2014), likely arising from lateral inferior occipital and/or ventral 
occipital temporal regions considering its latency and topographic distribution (Brem 
et al., 2009; Maurer, Brem, Bucher, & Brandeis, 2005; Rossion, Joyce, Cottrell, & Tarr, 
2003; Tarkiainen, Helenius, Hansen, Cornelissen, & Salmelin, 1999). Because letters and 
numbers are culturally determined, we proposed that, over the course of ontogenetic 
development, the early visual cortex in humans undergoes a major neural tuning for an 
effective processing of visual shapes of letters and numerals.

Here, we aimed to further investigate this hypothesis by mapping the developmental 
trajectory of the neural specialization for the visual processing of letters and numbers. 
On the one hand, most children in literate societies learn orthographic symbols and 
numerals in the preschool years (ages 3-5 y), and subsequently learn to read and write 
these symbols with proficiency in the first few years of elementary school. It is thus 
conceivable that the visual cortex becomes tuned to effectively distinguish these symbols 
in the early school years (ages 6-8 y). On the other hand, previous neuroimaging studies 
of reading have suggested that age-related changes in the neural responses to words 
compared to pseudowords and consonant strings continue into adolescence (Brem et 
al., 2006; Maurer et al., 2006; Maurer, Blau, Yoncheva, & McCandliss, 2010; Maurer et al., 
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2005; Posner & McCandliss, 1992). Thus, it is also possible that effective neural tuning for 
visual processing of letters and numbers has a more protracted development.

To address this issue, we took a developmental cross-sectional approach and tested 
participants in four age ranges: 7, 10, and 15 year-olds, and young adults (college 
students). While a cross-sectional approach may be inadequate in capturing individual 
developmental trajectories, this approach is an important step in identifying the 
window of developmental change. Participants viewed strings of letters, numbers, and 
false fonts while we conducted high-temporal-resolution electroencephalogram (EEG) 
recordings of brain activity. We examined age differences in the neural dissociation 
between letter and number processing at the early visual processing level (as indexed 
by the amplitude of the n1-latency activity, a negative polarity ERP wave peaking 
around 160 ms after stimulus onset for these sorts of stimuli), which we reported 
previously to be the first—and the primary—latency point in adults that show a marked 
hemispheric dissociation between letter and number processing (Park et al., 2014). We 
further examined how the neural processing of unfamiliar visual stimuli differ from 
that of familiar stimuli by contrasting the ERP traces evoked by false fonts to the traces 
evoked by letters or numbers. In both contrasts (letters versus numbers and familiar 
versus unfamiliar stimuli), ERP patterns were similar in adults and adolescents but 
showed strikingly different patterns in 7- and 10-year-olds, suggesting a prolonged 
developmental trajectory for visual letter and number processing.

Materials and Methods

Participants
A total of 27 seven-year-olds, 30 ten-year-olds, and 30 fifteen-year-olds were recruited 
from the local community around Duke university, and 38 young adult participants 
(college students) were recruited from the Duke university psychology student subject 
pool. Data from one ten-year-old child was excluded, because he was unable follow 
instructions. Data from one college-student participant was excluded, because he 
fell asleep during the experiment (as monitored by a camera). See Table 1 for the 
demographic information of the final sample. note that 29 of the adults were tested 
with the same parameters as the 15-year-olds, while the remaining 8 adults were tested 
with the same parameters as the 7 and 10-year old participants (see Stimuli and Task). 

Table 1. Demographic information, behavioral data, and selection of latency interval of interest (see 
Electrodes of Interest and Statistical Analyses for the ERPs).

Age Group Number 
of 

subjects 
(females)

Age range 
(mean) 
in years

Expected 
school 

grade (in 
US)

Performance 
in the EEG 

task: Correct 
detection rate 
(mean ± std)

Performance 
in the EEG 

task: Response 
time  

(mean ± std)

N1-latency-
adjusted 

time interval: 
Right ROI

N1-latency-
adjusted time 
interval: Left 

ROI

7-year-olds 27 (14) 6.5-7.5  
(7.1)

2nd grade 78.6 ± 12.7 % 835.2 ± 124.0 
ms

144-200 ms 120-232 ms

10-year-olds 29 (10) 9.5-10.5 
(10.2)

5th grade 87.2 ± 12.7 % 733.1 ± 97.6 
ms

139-192 ms 117-227 ms

15-year-olds 30 (16) 14.5-15.5 
(14.9)

10th grade 96.2 ± 3.4 % 535.7 ± 51.1 
ms

130-180 ms 110-213 ms

Adults 29 (15) 18.0-24.5 
(19.3)

College 97.1 ± 2.1 % 504.2 ± 53.8 
ms

133-184 ms 111-215 ms

Adults 8 (5) 19.5-26.5 
(23.8)

College 91.4 ± 10.4 % 617.8 ± 119.2 
ms

133-184 ms 111-215 ms

All participants were right-handed, had normal or corrected-to-normal vision, had no 
history of developmental disability, and were neurologically intact (screened by self 
or parental reports). All children and adolescent participants were also screened for 
native language to only include native English speakers; adult participants were not 
screened for this criterion. It should be noted that, in north Carolina where the study 
was conducted, children typically enter kindergarten at the age of five years, when 
formal education in literacy and numeracy begins. According to the nC standard 
curriculum, by the end of grade 1, children learn some basic competencies in reading 
and mathematics. For example, first graders master basic phonics and word-analysis 
skills in decoding words, learn to write opinion pieces and informative/explanatory 
texts, and understand place value, with ability to read and write numerals up to 120. 
Thus, all of our participants were expected to be able to recognize letters and numbers. 
Families of child and adolescent participants were compensated $35-$40 for their time 
and transportation; children (7- and 10-year-olds) were given a choice of a toy prize at 
the end of the study. The college-student participants were given departmental class 
credit for their participation in the study. All procedures were approved by the Duke 
university Institutional Review Board.
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Stimuli and Task

Figure 1. Stimuli set used in the study. Random combinations of letters, numbers, or false fonts were 
presented to participants. Participants passively viewed these stimuli, with the task to press a button 
in response to an occasional presentation of rightward or leftward arrows (or Pacman faces).

The stimuli were identical to the ones used in our previous study (Park et al., 2014). 
Four-character strings of consonant letters were created randomly from a set of capital 
letters “BCGKLSZ,” and four-character strings of numbers were created randomly from a 
set of Arabic numerals “1234567” (Figure 1). In addition, four-character strings of false 
fonts were created from a set of individual false-fonts that were generated by randomly 
rearranging features of letter and number stimuli (see Figure 1). The selection of 
letters, numbers, and false-fonts was chosen to roughly balance the physical properties 
between the stimulus categories in the number of straight or nearly straight lines, 
curved segments, enclosures, and joints. A monospace font face (Monaco) was used for 
all three conditions, and each character subtended approximately 0.57 x 1.17 degrees 
of visual angle.

Participants viewed character strings presented in random order in the center of the 
screen, occurring on top of a fixation dot that stayed continuously at the center of 
the screen. For 7- and 10-year-old children, the duration of the stimulus presentation 
was 500 ms with stimulus onset asynchronies (SOAs) varying randomly from 1,000 to 
1,200 ms (uniform distribution). This stimulus duration was selected because children 
in a pilot experiment found the briefer 150 ms stimulus presentation frustrating, which 
discouraged them from continuing the experiment.

In order to ensure that children paid attention to the stimuli, a simple oddball 
detection task was imposed. Specifically, for 7- and 10-year-old participants, four 
simplified Pacman faces either pointing to the left or right occasionally appeared on 
the screen as one of the trials in the series of presented stimuli. When these Pacman 
faces appeared, participants were given a maximum of 3 seconds to discriminate 
whether the faces pointed left or right, using their respective left and right index fingers 
on a game controller. After a correct response, a smiley emoticon appeared briefly on 
the screen, paired with an auditory affirmative sound. After an incorrect response, a 

frowning emoticon appeared briefly on the screen without any sound. This feedback 
was included to encourage young participants to maintain attention to the stimuli. 
Each child participant completed six blocks of trials, with each block consisting of 240 
character strings (with the three stimulus categories in equal probability) and 16 oddball 
Pacman targets. Eight of the 38 adult participants were tested with task and stimulus 
presentation parameters identical to that used for 7 and 10 year-old participants. 

The adolescent and adult participants underwent a very similar experimental 
procedure. All adolescents and 30 of the 38 adults were tested with 150 ms stimulus 
durations and with SOAs varying randomly from 600 to 800 ms, identical to the 
parameters used in Park, Chiang, Brannon, and Woldorff (2014). Participants were 
instructed to use their left and right index fingers on a game controller to detect the 
direction of arrowheads (i.e, left, <<<<, or right, >>>>) that occasionally appeared 
on the screen. The adult and adolescent participants were not given feedback about 
the accuracy of their response, keeping consistent with the paradigm in Park, Chiang, 
Brannon, and Woldorff (2014). Adult and adolescent participants completed a total of 
four blocks, each comprised of 360 strings and 24 oddball targets. All participants were 
given a set of practice trials at the beginning of the session to ensure they understood 
the oddball instructions. Each session took about 30 minutes of recording time. 

Electrophysiological Recording
For all participants, the electroencephalogram (EEG) was continuously recorded 
using the AnT system (Advanced neuro Technology, the netherlands). A 32-channel 
customized, elastic electrode-cap was used for 7- and 10-year-olds, and a 64-channel 
cap was used for adults and adolescents. These custom caps (Duke32 and Duke64 
Waveguard caps) have an extended coverage of the head from above the eyebrows to 
below the inion and have electrodes that are equally spaced across the cap (Woldorff et 
al., 2002). A more sparse montage of electrodes was used for younger participants given 
the challenge of child participant cooperation. Thus, whenever possible the ERP effects 
were examined and interpreted in the context of their entire topographic distributions 
in order to account for differences in the montage setup across age groups.

The electro-oculogram (EOG) was monitored with electrodes that were placed 
below the left eye and just lateral to the left and right canthi. The ground electrode was 
placed on the left collarbone. For 7- and 10-year-old participants, electrode impedances 
were maintained below 10kΩ for all channels. For adults and 15-year-old participants, 
electrode impedances were maintained below 10kΩ for EOG channels and below 5kΩ 
for all other channels. Due to the somewhat lesser patience in young participants for 
being capped, we allowed a slightly higher impedance threshold for the younger two 
groups as it enabled a significant reduction in capping time. According to a recent 
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study that systematically tested the effect of impedance on data quality (Kappenman & 
Luck, 2010), it is unlikely that these small differences in the impedance thresholds affect 
the quality of data in our study. Recordings were referenced online to the average of 
all channels and were digitized with a 512 Hz sampling rate per channel following an 
online anti-aliasing filter with a low-pass cutoff at 138 Hz (DC–138 Hz).

Electrodes of Interest
Given our central aim in investigating the age differences in the visual n1-latency 
component, which was previously established as being sensitive to letter versus number 
processing (see Introduction), analyses were done primarily at pre-selected occipital 
temporal electrodes of interest for this component. In the 64-channel recordings of 
adult and adolescent participants, two left (PO7i and PO9i) and two right (PO8i and 
PO10i) occipital temporal channels were selected based on our previous study (Park 
et al., 2014). These channels showed the largest ERP amplitude difference between the 
letter and number conditions around the n1 range in the previous study. Channels 
PO7i and PO8i are slightly inferior (about 0.14 radians) to PO7 and PO8 in the standard 
10-20 system; channels PO9i and PO10i are also slightly inferior (about 0.11 radians) 
to PO9 and PO10 in the standard layout. These channels of interest are represented as 
white circles on the figures of the posterior perspective topographic maps shown in 
Figures 2A-B. The ERP traces from PO7i and PO9i were averaged together (denoted as 
PO7i/PO9i) to represent the ERPs over the left occipital region of interest (ROI), and the 
traces from PO8i and PO10i were likewise averaged together (denoted as PO8i/PO10i) 
to represent the ERPs over the right occipital ROI. 

In 7- and 10-year-old participants where 32-channel caps were used, two channels 
closest to the combination of PO7i/PO9i and PO8i/PO10i were selected. In the left 
hemisphere, a channel slightly superior (about 0.19 radians) to PO7 in the standard 
layout was selected, henceforth referred to as PO7s, and a channel slightly medial to 
PO9 (about 0.14 radians) was selected, henceforth referred to as PO9m. In the right 
hemisphere, a channel slightly superior (about 0.19 radians) to PO8 was selected, 
henceforth referred to as PO8s, and a channel slightly medial to PO10 (about 0.14 
radians) was selected, henceforth referred to as PO10m. PO7s/P09m and PO8s/PO10m 
in the children’s cap are represented as white circles on the figures of the posterior 
perspective topographic maps in Figures 2C-E.

Event-Related Potential Analysis
The continuous EEG data were first offline band-pass filtered from 0.01–100 Hz in 
asalabTM (www.ant-neuro.com). The rest of the event-related potential (ERP) analyses 
were conducted using the EEGLAB software package (Delorme & Makeig, 2004) and 

Figure 2. Grand-averaged ERP traces and posterior-perspective topographic maps (of both raw 
differential effects and t-statistics) representing the contrast of letters versus numbers in 7-year-olds 
(A), 10-year-olds (B), 15-year-olds (C), and adults (D). Data from an additional adult participants who 
underwent the exact same experimental paradigm as the 7- and 10-year-olds are presented in panel 
(E). Electrodes of interest for each age group are marked white in the posterior perspective topographic 
maps. For visualization of the corresponding differential ERPs across age groups, the ERP traces and raw-
difference topomaps are scaled proportionately to the peak-to-peak distance from each age group’s P1 
to N1 components. Gray shaded areas indicate the pre-defined latency windows of interest in which the 
differential effects of letter versus number were tested; * p < 0.05, ** p < 0.01, *** p < 0.001. The intervals 
of the topographic maps are derived from the overlapping time range that is covered by both the left 
and the right hemisphere channels’ latencies of interest. Because the latency interval of interest in the left 
hemisphere was always within that observed in the right hemisphere, the topographic maps illustrate 
the mean ERP values of the entire latency interval in the left hemisphere channels but only the mean 
ERP values of part of the latency interval in the right hemisphere channels. Topographic distributions of 
other perspectives can be found in the Supporting Information. 
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the associated ERPLAB toolbox (Lopez-Calderon & Luck, 2014) in Matlab R2012a. As 
in our previous study (Park et al., 2014), the average of all channels was used as the 
reference (rather than, for example, the average of the mastoids) in order to provide 
more sensitivity for early visual components at ventrolateral posterior electrode. EEG 
epochs time-locked to the presentation of letter and number string stimuli were 
extracted from 200 ms before to 600 ms after the onset of the stimulus presentation, 
to which a pre-stimulus (-200 to 0 ms) baseline subtraction was applied. A step-like 
artifact rejection tool in EEGLAB was used to identify any trials in the data contaminated 
by eye movements or blinks (moving window width = 400 ms; moving window step 
= 20 ms; threshold = 45 μV for adult and adolescent participants; threshold = 90 μV 
for children participants). Epochs marked as artifacts were removed prior to averaging. 
The average artifact rejection rates were 20.2% for 7-year-olds, 13.9% for 10-year-olds, 
13.7% for 15-year-olds, and 18.5% for adults. After time-locked averaging of the artifact-
free epochs, the individual ERPs were low-pass filtered at 30 Hz, after which statistical 
analyses and grand averaging of the ERPs across subjects were performed. 

Statistical Analyses for the ERPs
Latencies identified from our previous report (Park et al., 2014) were used to define 
the time window of interest in the present study. In that previous study, ERPs in adult 
participants (completely independent from the current sample) yielded a robust 
difference between letter- and number-evoked brainwaves in the left scalp ROI at 133–
184 ms and in the right scalp ROI at 111–215 ms. From these results, we infer that the 
potential neural source(s) that are differentially activated by letters versus numbers can 
be captured in the brainwaves around these latency intervals. Thus, these same time 
windows were used in the present study for comparing the effects of stimulus type in 
adult participants. It seemed possible, or even likely, however, that these time windows 
would not be quite right for the waveforms in children and adolescent participants 
because age effects exist on ERP latencies (and amplitudes). Specifically, waveform 
peaks in these latencies ranges tend to occur later in younger participants, suggesting 
that the ERP component capturing a possible differential response for letters versus 
numbers would also be delayed in younger participants. Accordingly, we used the 
raw n1 latency difference across age groups as a proxy for the approximate amount of 
lag in the letter-versus-number differential effect in order to derive a best estimate of 
where the differential effect might occur in 7-, 10-, and 15-year-old participants. More 
specifically, in each age group, the latencies of the bilateral n1 peak were computed 
from the ERP collapsed across the letter and number conditions. For example, in 7 year 
olds, the n1 component peaked at 199 ms in the left ROI and at 191 ms in the right 
ROI, while in adult participants the peaks were 184 ms in the left and 178 ms in the 

Figure 3. Spectral power of the brainwaves of the letter minus number contrast as a function of time 
and frequency in the electrodes of interest in 7-year-olds (A), 10-year-olds (B), 15-year-olds (C), and 
adults (D). Warm colors represents greater spectral power in the letter condition; cold colors represents 
the reverse. A cluster-based permutation testing was used to assess the statistical significance of the 
power spectra differences. Under the cluster alpha level of 0.05, no cluster was found to be significant 
in the entire time and frequency range of the spectral power. 
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right. (note that the peak of the collapsed brainwave is different from the peak of the 
difference waves.) Then, the time windows used in adults were proportionately adjusted 
by multiplying the ratio between the n1 peak latencies of the target age group and the 
n1 peak latencies of the adult participants. For instance, in 7 year olds, the adjusted 
time window was calculated as the adult time window [133 184] × (199/184) = [144 200] 
in the left ROI and the adult time window [111 215] × (191/178) = [120 232] in the right 
ROI. The mean ERP amplitude within these n1-latency-adjusted time windows in each 
age group was used in the subsequent ERP analyses (see Table 1), and we refer to those 
effects as the “n1-latency amplitude” or the “amplitude of the n1-latency activity” in the 
remainder of this paper. 

It should be noted that the peak ERP amplitudes vary by age. Therefore, for an 
accurate and fair visualization of differential ERPs across age groups (Figures 2, 4, & 5), 
the ERP traces and topomaps are scaled proportionately to the peak-to-peak distance 
(larger of the two ROIs) from each age group’s P1 to n1 components. 

Time-frequency Analysis
In addition to the ERP extraction and analyses, frequency decomposition of the event-
related oscillatory activity in the theta, alpha, and beta frequency bands was performed 
using a moving window discrete Fourier transform implemented by the FieldTrip 
software package (Oostenveld, Fries, Maris, & Schoffelen, 2010). Before the data were 
transformed to frequency power, a Hanning window was multiplied with the data 
segment of interest. The Hanning window had a width of four cycles in the theta range 
(4-7 Hz), five cycles in the alpha range (8-14 Hz), and seven cycles in the beta range (15-
20 Hz). This resulted in a maximal temporal smearing of, for example at 10Hz, plus and 
minus 250 ms (10Hz × 2.5 cycles on either side of the time point of interest). Frequency 
decomposition was performed separately on each channel of interest. Power (in μV2) 
estimates of the different frequencies were extracted from 2 to 20Hz in steps of 0.5Hz 
and time points from -0.5 to 1.5 seconds in steps of 0.05 seconds. 

Baseline correction of the power estimates was performed using a two-step method: 
first on the single trials by dividing the power estimate of each frequency for each 
time point by the mean of the power over all time-points for of that frequency (hence, 
resulting in the percentage activity relative to the whole trial). The resulting power was 
subsequently log transformed. (ERSP

FullTB–dB
, as described by (Grandchamp & Delorme, 

2011)). Finally, a pre-stimulus absolute baseline correction (-0.5 to -0.2) was performed 
on the grand-average ERSP. This method has been shown to be efficient in dealing with 
outliers and noise (Grandchamp & Delorme, 2011).

Statistical tests of frequency data were performed using a cluster-based permutation 
testing approach (Maris & Oostenveld, 2007). More specifically, t-tests were performed on 

the power spectrum value for each frequency and time point of interest; if the resulting 
statistic exceeded a p-value of 0.05, then that time frequency point was included into a 
cluster that was formed by including significant adjacent points. Cluster statistics were 
obtained by summing all t-values within a cluster. Statistical significance of a cluster was 
obtained by comparing the cluster statistic to a permutation distribution (created by 
1000 iterations by randomly switching the labels between conditions) at a cluster alpha 
level of 0.05.

Results

Performance on the oddball task was high for all age groups, indicating that participants 
were attentive during stimulus presentation (see Table 1). Between subjects one-way 
AnOVA revealed significant effects of group on these behavioral measures (Accuracy: 
F(3,113) = 29.07, p < 0.001; RT: F(3,113) = 94.77, p < 0.001). 

Letters versus numbers
We first examined the differential ERP brainwaves between the letter and number 
conditions in the n1 time window. note that the hypothetical neural processes 
differentiating the processing of letters, numbers, and similar orthography-like stimuli 
occurred in the n1-latency range (Park et al., 2014), which may be different from the raw 
n1 component itself (Luck, 2014). Thus, we use the term “amplitude of the n1-latency 
activity” to refer to these inferred neural processes in this paper. A repeated-measures 
AnOVA on the amplitude difference between letters and numbers was performed with 
hemisphere as within-subject and age group as between subject variables. This analysis 
revealed significant effects of age group (F(3,111) = 4.408, p = 0.006), hemisphere 
(F(1,111) = 35.872, p < 0.001), and a marginally significant interaction between age 
group and hemisphere (F(3,111) = 2.551, p = 0.059). 

We then proceeded to test the n1-latency amplitude differences between letters 
and numbers in each age group. 7-year-old children revealed no differentiation in the 
n1-latency amplitude in the left or right ROIs for the letter and number strings (Left 
ROI: t(26) = -0.517, p = 0.610, Cohen’s d (standardized difference scores) = -0.099; Right 
ROI: t(26) = 0.022, p = 0.983, d = 0.004) (Figure 2A). In 10-year-old children, greater n1-
latency amplitude for letters was observed both in the left ROI (t(28) = -3.942, p = 0.000, 
d = -0.732) and the right ROI (t(28) = - -1.881, p = 0.070, d = -0.349) (Figure 2B), with no 
relative lateralization. In 15-year-olds, the left ROI elicited greater n1-latency amplitude 
for letters (t(29) = -3.896, p = 0.001, d = -0.711) and the right ROI elicited greater n1-
latency amplitude for numbers (t(29) = 4.568, p < 0.001, d = 0.834). In young adults, 
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n1-latency amplitude was greater for letters in the left ROI (t(28) = -2.438, p = 0.021, d = 
-0.453) and was greater for numbers in the right ROI (t(28) = 3.756, p = 0.001, d = 0.697), 
consistent with our previous report (Park et al., 2014) (Figure 2D). 

This pattern of results was robust to the selection of latency window intervals. In 
particular, one may wonder how having a rather longer latency-window interval in the 
right ROI may have influenced these results. We tested the same effects in the right ROI 
while using a shorter-duration analysis window (i.e., one comparable to that used for 
the left ROI). The results were qualitatively identical to the original results. There was 
little differential effect in 7-year-olds (interval of 149-202 ms; t(26) = -0.219, p = 0.828, 
d = -0.042); greater amplitude for letters in 10-year-olds (interval of 146-198 ms; t(28) = 
-3.668, p = 0.001, d = -0.681); greater amplitude for numbers in 15-year-olds (interval of 
137-186 ms; t(29) = 4.142, p = 0.000, d = 0.756) and in young adults (interval of 138-188 
ms; t(28) = 3.530, p = 0.001, d = 0.655). In addition, one may wonder if the null results in 
our 7-year-olds on the right ROI are due to the fact that the pre-defined latency window 
selection is largely misaligned with where the (letter vs. number) differential effect 
could be happening (170-300 ms in PO8s/PO10m in Figure 2A). However, adjusting 
our original latency interval to capture that potential differential effect still failed to 
demonstrate statistically significant differential effect between letters and numbers in 
the 7-year-olds’ right ROI (interval of 170-282 ms; t(26) = -1.707, p = 0.100, d = -0.328). 
Differential effects between letters and numbers thus appear to be negligible in the 
7-year-olds. 

The topographic maps of the difference waves graphically display these differential 
effects across the age groups (Figure 2). Little to no difference was observed across 
the entire set of electrodes in 7-year-old children. In 10-year-old children, there was a 
greater effect of letters compared to numbers across many of the posterior channels, 
with little indication of relative lateralization. In contrast to these two patterns, marked 
and focally lateralized differentiation of the ERPs evoked by the two stimulus categories 
was observed in the bilateral occipital sites in 15-year-olds and young adults. Thus, 
examination of the entire scalp topography suggests that age-group differences in the 
n1-latency amplitudes in the two ROIs are not due to idiosyncratic selection of channels 
of interest or difference in the montage layout, nor the number of channels employed 
in the different age groups. 

Given these marked age differences, it is important to consider whether the 
differences in stimulus presentation duration between the age groups (150 versus 
500 ms) contributed to the results. To test this alternative hypothesis, we ran a small 
group of adult participants (N=8) on the exact same experimental paradigm that young 
children performed. Figure 2E illustrates the results from this small sample. As in the 
prior results (Figure 2D), there was a significant interaction of n1-latency amplitude 

between condition and hemisphere (t(7) = 4.346, p = 0.003). In the left ROI, the n1-
latency amplitude was non-significantly greater for letters (t(7) = -1.857, p = 0.106, d 
= -0.657), although with an effect size that was larger than the observed effect size 
in Figure 2D. In the right ROI, the n1-latency amplitude was significantly greater for 
numbers (t(7) = 4.953, p = 0.002, d = 1.751). These results indicate that the hemispheric 
dissociable pattern between letter and number perception is highly replicable and that 
the different patterns found in 7- and 10-year-olds (Figures 2A-B) versus adolescents and 
adults (Figures 2C-D) cannot be attributed to specific differences in the experimental 
paradigm.

Another potential alternative explanation arises from difference in behavioral 
performance in the oddball detection task. While oddball trials (Pacman/arrows) 
were excluded from the current analysis as the analysis only examined responses to 
the letters, numbers, and false fonts, it is conceivable that younger children paid less 
attention to the screen compared to older participants as indicated by somewhat 
lower oddball-detection accuracy. negligible difference in the brainwaves across trial 
types in young participants could then result from a lack of attention to the stimuli. 
We tested this alternative hypothesis by constructing subsets of each age group to 
equate accuracy. Specifically, nine 7-year-olds with the highest accuracy were selected 
(greater than 66th percentile) which resulted in a mean (+- std) accuracy of 90.9% (+- 
0.03). Ten 10-year-olds with intermediate accuracy were selected (greater than 33th 
percentile and smaller than 70th percentile) which resulted in a mean (+- std) accuracy 
of 90.9% (+- 0.03). nine15-year-olds with lowest accuracy were selected (smaller than 
33th percentile) which resulted in a mean (+- std) accuracy of 93.1% (+- 0.05). With this 
modified analysis, accuracy did not significantly differ across the three subsets (F(2,27) 
= 1.2, p = 0.318). note that young adult data were not included because selecting the 
subset with lowest accuracy still resulted in significantly greater accuracy than the other 
age group subsets. We then analyzed n1-latency amplitude difference between letters 
and numbers in each of these age group subsets, and the results were very similar to the 
original findings. Seven-year-olds showed no n1-latency amplitude difference between 
letters and numbers in the left (t(8) = -1.042, p = 0.328, d = -0.347) and right (t(8) = 0.106, 
p = 0.918, d = 0.035) ROI. Ten-year-olds also showed no significant difference between 
the two conditions in the left (t(9) = -0.502, p = 0.628, d = -0.159) and right (t(9) = -1.344, 
p = 0.212, d = -0.425). On the other hand, this sample of 15-year-olds still exhibited 
a greater n1-latency amplitude for letters in the left ROI (t(8) = -3.129, p = 0.014, d = 
-1.043) but for numbers in the right ROI (t(8) = 2.650, p = 0.029, d = 0.883). Thus, it is 
unlikely that differences in ERP patterns across the age groups are due to participants’ 
behavioral performance in oddball detection. 

The results described thus far suggest that ERP patterns that differentiate early 
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visual processing of letters and numbers in each hemisphere have not yet developed by 
7 or even 10 years of age. We next explored whether there were other differences in the 
brain signal that were not phased-locked to the presentation of the stimuli and thus not 
well captured by ERP differences. To test this possibility, we performed a time-frequency 
analysis on the brainwave data focusing on the theta (4-7 Hz), alpha (8-14 Hz), and beta 
(15-20 Hz) frequency bands in the bilateral ROI sites. This analysis, however, yielded no 
statistically reliable differences between letters and numerals in either ROI in any of the 
age group (Figure 3). We did not find an observable effect in the frequency domain 
between letters and numbers, unlike in the case of the ERP results, which may be due 
to temporal and frequency smearing of the temporally concentrated ERP effects that 
gets diluted in the frequency space. Additionally, there was no observable difference in 
the alpha band, which is inversely associated with increased cortical engagement and 
attention (Jensen & Mazaheri, 2010; van den Berg et al., 2014; Worden et al., 2000a).

Letters and numbers versus false fonts
Our second analysis of interest was the contrast between familiar symbols versus 
unfamiliar symbols. To do so, we first conducted a three-way AnOVA with condition 
(letter, number, and false fonts), hemisphere (left ROI and right ROI), and age group 
(7-, 10-, 15-year-olds, and adults) on the n1-latency amplitudes. This analysis revealed 
significant effects of hemisphere (F(1,111) = 11.026, p = 0.001), hemisphere by group 
(F(3,111) = 6.288, p = 0.001), hemisphere by condition (F(2,222) = 19.817, p < 0.001), 
condition (F(2,222) = 50.312, p < 0.001), and condition by group (F(6,222) = 27.570, 
p < 0.001), but there was no significant effect of hemisphere by condition by group 
(F(6,222) = 1.353, p = 0.235). In a contrast analysis, we then assessed how the n1-latency 
amplitude for letters and numbers each differed from that for false fonts. The contrast 
of letters versus false fonts was significant (F(1,111) = 85.215, p < 0.001) as well as the 
interaction between this contrast and age group (F(3,222) = 47.466, p < 0.001). Likewise, 
the contrast of numbers versus false fonts was significant (F(1,111) = 49.587, p < 0.001) 
as well as the interaction between this contrast and age group (F(3,222) = 24.772, p < 
0.001).

Observing the interaction between these contrasts and age group, we then 
examined n1-latency amplitude difference between letters/numbers and false fonts 
separately in each age group. In 7-year-olds, both letters (F(1,26) = 99.767, p < 0.001) 
and numbers (F(1,26) = 61.746, p < 0.001) showed greater n1-latency amplitude than 
false fonts. The same pattern was observed in 10-year-olds where both letters (F(1,28) = 
85.080, p < 0.001) and numbers (F(1,28) = 25.582, p < 0.001) showed greater n1-latency 
amplitude than false fonts. In 15-year-olds, both letters (F(1,29) = 0.228, p = 0.637) and 
numbers (F(1,29) = 0.715, p = 0.405) did not differ from false fonts in their n1-latency 

amplitudes, although there was a significant condition (numbers versus false fonts) by 
hemisphere interaction (F(1,29) = 23.103, p < 0.001). In young adults, false fonts elicited 
greater n1-latency amplitude than letters (F(1,28) = 8.858, p = 0.006) and numbers 
(F(1,28) = 5.467, p = 0.027), which was completely opposite to the pattern seen in the 
7- and 10-year olds, and the interaction between condition (numbers versus false fonts) 
and hemisphere was significant (F(1,28) = 5.360, p = 0.028). Analysis from additional 
adult subjects who underwent the exact same paradigm as in younger children revealed 
a qualitatively identical pattern as the main group of adults, resulting in greater n1-
latency amplitude for letters (F(1,7) = 9.546, p = 0.018) and numbers (F(1,7) = 6.706, p 
= 0.036) compared to false fonts, with a significant effect of condition (numbers versus 
false fonts) by hemisphere interaction (F(1,7) = 14.533, p = 0.007). 

Examination of the differential brainwaves across the entire epoch revealed a better 
characterization of the developmental difference, as shown in Figure 4. In younger 
participants (7- and 10-year-olds), the differential brainwaves showed a slow, negative-
going trend until around 300 ms from stimulus onset. In contrast, adolescent and adult 
participants’ differential brainwaves showed a marked positive-going “flip” around 
the n1 time window for both the letters versus false fonts contrast and the numbers 
versus false fonts contrast. The topographic maps of the contrast waves give another 
perspective on these developmental changes (Figure 4), which showed slow negative-
polarity waves in the bilateral ROIs in younger participants, while in adults there was a 
stark positive flip around 150–200 ms. 

It might be worth considering whether slow negative-polarity waves at later latencies 
(see Figure 4), which was observed in all age groups, are related to the processing of 
an unexpected stimuli (as in P3, (Chapman & Bragdon, 1964; Sutton, Braren, Zubin, & 
John, 1965)) or to semantic processing (as in n400, (Kutas & Hillyard, 1980)). It should 
be noted that, although false fonts are novel to participants, the proportion of false 
font presentation was equal to that of letters and number, so they are not technically 
“unexpected” stimuli from any likelihood standpoint. Also, there was no linguistic 
context in the current study and that consonant strings and Arabic numerals should 
minimally evoke any semantics. 

Finally, exploratory time-frequency analyses were run to examine the spectral power 
differences between the familiar (letters and numbers combined) and the unfamiliar 
(false fonts) visual symbols. As can be seen in Figure 5, theta and beta bands overall 
showed greater power for familiar stimuli in 7- and 10-year-olds. However, 15-year-
olds and adults showed the opposite pattern with greater power for unfamiliar stimuli 
in the theta band with the peak centered around 200 ms. Given that visual evoked 
potentials around the n1 latency usually make a one-cycle sinusoidal wave in 200 ms 
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Figure 5. Spectral power of the brainwaves of the letter and number combined versus false fonts 
contrast as a function of time and frequency in the bilateral electrodes of interest in 7-year-olds (A), 
10-year-olds (B), 15-year-olds (C), and adults (D). Time frequency points showing significant power 
spectra differences according to the cluster-based permutation testing method are outlined with 
black border. Fifteen-year-olds and adults showed an effect in the theta range where there was less 
theta power for familiar compared to unfamiliar stimuli. 

Figure 4. Grand-averaged ERP traces and posterior-perspective t-statistic topomaps representing the 
contrast of letters versus false fonts and numbers versus false fonts in 7-year-olds (A), 10-year-olds (B), 
15-year-olds (C), adults (D), along with additional adult participants run in the identical paradigm as 
the two younger groups (E). Other conventions are identical to that in Figure 2. Topomaps of the raw 
difference values can be found in the Supporting Information.

(i.e., frequency of 5 Hz), some of these differences in theta (4-7Hz) spectral power may 
be explained by the presence of an n1-latency amplitude difference observed in the 
ERP analyses (Figure 4). An additional time-frequency analysis for which the evoked 
potential was removed from each epoch of the raw EEG data prior to the time frequency 
decomposition mainly confirms this conjecture (Figure 6). In addition, frequency spectra 
revealed more alpha (8-14 Hz) power for familiar versus unfamiliar stimuli following the 
theta or n1 modulation (from approximately 0.3 s to 0.7s), across all age groups.
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Discussion

Our study was designed to investigate the developmental emergence of the ERP 
dissociation that has been observed in adults between the visual processing of letters 
and numbers, as well as the dissociation between familiar (letters and numbers) and 
unfamiliar (false fonts) visual stimuli. We sought to identify the developmental time 
frame when the hemispheric double dissociation between letter and number processing 
emerges (Park et al., 2014).

In our youngest 7-year-old participants, the visual cortex showed negligible 
dissociation in either the n1-latency amplitude or in the power spectra between the 
letter and number conditions (Figure 2A). In contrast, the brainwaves evoked by letters 
or numbers in the 7-year-olds differentiated significantly from the brainwaves evoked 
by false fonts, both around the n1 latency and later (Figure 4A). These results indicate 
that by 7 years of age, the visual system is able to coarsely differentiate well-exposed 
familiar character symbols from unfamiliar ones starting at the earliest level of category-
specific processing, but it is not yet tuned to make the finer distinction between letters 
and numbers. This is surprising given that 7-year-old children are expected to know 
how to read and write letters and numbers. Thus, these results suggest that the visual 
system requires much more extensive experience than just a few years of exposure and 
interaction with letters and numbers before it is able to show the rapid-differentiation 
processing pattern dissociating letters and numbers in adults (Maurer et al., 2005; Park 
et al., 2014; Park, Hebrank, et al., 2012). 

A few previous studies have reported findings that are relevant to the current 
results in our youngest participants. In Maurer, Brem, Bucher, and Brandeis (2005), 
kindergarteners (approximately 6.5 year olds) were given a visual one-back task 
while they viewed words, pseudowords, symbols, and pictures (stimulus categories 
were presented in separate blocks). These children showed very little n1 differences 
between words, pseudowords, and symbol strings, although children with greater letter 
knowledge showed some sign of a right-lateralized n1 effect (greater n1 amplitude) 
for words compared to symbols (Maurer et al., 2005). Similarly, Posner and McCandliss, 
(1992) found that 10-year-olds, but not 4- and 7-year-olds, showed brainwaves that 
differentiated known words from unknown words and consonant strings at 200–300 
ms. 

A slightly different pattern was observed between word and symbol string 
processing in other studies. In one study (Brem et al., 2010), children prior to reading 
(mean age of 6.4 years) judged the presentation modality (visual/auditory) of words 
and arbitrary symbols, and these children showed greater n1 amplitude in response 

Figure 6. Time-frequency spectra contrast for letter and number combined versus false fonts with 
the contribution from the evoked potentials removed. The time-frequency spectra for each age 
group in which for every subject and every condition the average ERP was calculated and subtracted 
from the corresponding epochs prior to the time-frequency transformation of the EEG data. Time 
frequency points showing significant power spectra differences according to the cluster-based 
permutation testing method are outlined with black border. Most of the theta effect of letters and 
numbers combined compared to false fonts (cf. Figure 5) were removed after the evoked potential 
was subtracted from the EEG data prior to time-frequency transformation.
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to words compared to symbols, similar to what we report here1. This study also found 
that this n1 amplitude difference increased after sessions of grapheme-to-phoneme 
correspondence training. In another study, children (mean age of 6.4 years) judged 
whether the presented word denoted an animal or judged whether the symbol string 
contained an asterisk (Bach, Richardson, Brandeis, Martin, & Brem, 2013), and they also 
showed greater n1 amplitude to words than to symbols bilaterally. Interestingly, this 
study found that greater n1 amplitude difference was associated with greater reading 
comprehension two years later. Yet another study in typically developing and dyslexic 
8-year-olds showed that words elicit greater n1 amplitude than meaningless letter-like 
symbols do in a visual one-back task in both groups and that the difference in the n1 
amplitude between words and symbols correlated with reading fluency in dyslexic but 
not in typically developing children (González et al., 2014).

The effects of these aforementioned studies differ to some extent (i.e., some studies 
reported greater n1 amplitude for words compared to arbitrary symbols and some did 
not), likely due to differences in subject population, experimental paradigm, and stimuli. 
nevertheless, one may conclude from the collection of studies that n1 sensitivity to 
words compared to symbol strings, or coarse tuning to visual word forms, arise by 
around 6 or 7 years of age, and that this coarse tuning is predictive of reading ability. 

Our current results advance the literature by examining the fine-tuning of the visual 
cortex to two equally prominent visual categories: letters and numbers. The fact that 
7-year-olds’ brainwaves at the n1-latency level do not dissociate letters and number 
is surprising, considering that these children (typically in 2nd grade elementary school 
in the u.S.) are clearly capable of behaviorally differentiating letters and numbers (see 
Participants under Materials and Methods). Perhaps even more surprising, the three 
additional years of exposure and experience with letters and numbers in the 10-year-
olds are apparently still insufficient to mature the visual cortex to show the hemispheric 
double dissociation observed in adults. Instead of greater early sensory-processing 
sensitivity to letters in the left hemisphere and to numbers in the right as seen in adults 
(Park et al., 2014), 10-year-olds showed greater n1-latency negativity for letters compared 
to numbers in both the left and right posterior inferior channels (Figure 2B). By 15 years 
of age (Figure 2C), however, the ERP patterns were similar to that of adults, reflected by 
greater n1-latency negativity for letters in the left and for numbers in the right (Figure 
2D). Overall, these data suggest that sensitivity at early processing levels to letters over 
numbers in the left occipital cortex emerges gradually from 7 years of age to adults. In 

1 In that study (Brem et al., 2010), however, two different participant groups who received different cognitive 
training orders showed different ERP patterns even prior to any training: One group showed a greater N1 
amplitude for words compared to symbols in the left occipital site, while the other group showed a greater N1 
amplitude for words compared to symbols in the right occipital site. 

contrast, early neural sensitivity to numbers compared to letters in the right occipital cortex 
showed a more complicated developmental trajectory, wherein there was a reversal in 
the polarity of the number-versus-letter n1-latency at around age 10. One interpretation 
of the present results is that the tuning of the visual cortex for efficient processing of 
numerals is even more protracted than the tuning for efficient processing of letters. In 
a previous fMRI study (Park, Hebrank, et al., 2012), we found an overall right-lateralized 
neural sensitivity to Arabic numerals. Interestingly, the laterality of the activation 
pattern in the visual cortex for numbers was highly correlated across participants with 
the laterality of the activation pattern in the parietal cortex evoked by mathematical 
processing. Consequently, we had proposed that sensitivity to Arabic numerals in the 
visual cortex arises from the interactive top-down influence from the parietal cortex over 
development (Park, Hebrank, et al., 2012), just like the left-lateralized neural sensitivity to 
visual word forms is thought to arise from the interaction between the visual cortex and 
the left-lateralized language areas including the left perisylvian and inferior frontal areas 
(Cai, Lavidor, Brysbaert, Paulignan, & nazir, 2008; Maurer & McCandliss, 2007). According 
to this line of reasoning, 10-year-olds may not have sufficient mathematical experience 
with Arabic numerals to drive neural tuning at the level of extrastriate cortex that can 
drive rapid neural differentiation of such stimuli. neural sensitivity to numbers at early 
processing levels may emerge only after much more extensive education in mathematics 
between ages of 10 and 15. Given that our stimuli consisted of four-digit numbers (and 
four-letter strings), it is possible that children’s conceptual understanding of multi-digit 
numerals might contribute to this developmental pattern. Previous studies have shown 
that 9-year-olds’ estimation of numbers in a 0-10,000 number line is relatively immature, 
and it is not until children become 12 years old when they show an accurate, linear 
representation of four digit numbers (Booth & Siegler, 2006; Thompson & Opfer, 2010). 
Thus, the 10-year-olds in our study, compared to the 15-year olds, may not have had the 
cognitive capacity to automatically process four digit numerals. On the other hand, such 
an account would be difficult to explain the reversal in the polarity of the differential n1 at 
age 10. This interpretation of protracted development is consistent with recent findings 
in reading development, such as letter-speech sound integration (Froyen, Bonte, van 
Atteveldt, & Blomert, 2009; Žarić et al., 2014) and sensorimotor representations of word 
categories (Dekker, Mareschal, Johnson, & Sereno, 2014). 

One limitation of the present study is that we did not collect detailed demographic 
data nor did we assess academic competence. In the future, it would be valuable to 
test how children’s academic achievement and experience can inform us about the 
developmental differences in the cortical sensitivity to fine-tuning of letters and number. 

The observed ERP dissociation between familiar (letters and numbers) and unfamiliar 
(false fonts) visual stimuli demonstrates a second interesting qualitative developmental 
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change between ages 10 and 15. The ERPs of our younger participants (7- and 10-year-
olds) showed a marked difference in the brainwaves evoked by familiar versus unfamiliar 
stimuli starting as early as 100 ms, with the familiar stimuli showing consistent enhanced 
ERP negativity across much of the epoch (Figure 4A & 4B). This pattern likely reflects a 
coarse neural tuning to familiar written characters (in terms of orthography and possibly 
phonology) from completely novel stimuli. This pattern, however, changes dramatically 
in 15-year-olds and adults. The contrast waves of familiar minus unfamiliar stimuli 
show a prominent positive deflection around 150-200 ms, which is also evident in the 
topographic maps (Figure 4C & 4D). Such an age-group difference was still observed 
from additional adult participants who underwent the identical experimental paradigm 
as the young children (Figure 4E) and was still observed when subsets of participants 
were analyzed to equate the accuracy in the oddball detection task (see Results). note 
that this developmental change between 10 and 15 years of age seems gradual and 
quantitative, unlike the contrast of letters and numbers in which 7-, 10-, and 15-year-
olds all show qualitatively different ERP patterns (Figure 2). 

Greater n1-latency amplitude for false fonts replicates our previous report in adults 
(Park et al., 2014), an effect we had interpreted as reflecting greater need for neural 
resources to automatically engage in parsing unfamiliar stimuli (also see Appelbaum, 
Liotti, Perez, Fox, & Woldorff, 2009). According to this interpretation, the visual cortex 
in our younger participants (7- and 10-year-olds) does not automatically engage at 
early processing levels to extract and parse visual features. These relatively early latency 
enhancements were followed by lower alpha power for all age groups for unfamiliar 
stimuli. Alpha power has been inversely associated with increased cortical engagement 
and attention (Jensen & Mazaheri, 2010; van den Berg et al., 2014; Worden et al., 2000a), 
suggesting that unfamiliar stimuli recruited more cognitive engagement at a later 
processing stage, perhaps to try to make sense of those unfamiliar stimuli. Strikingly, 
there was lower alpha power for unfamiliar stimuli across all age groups, suggesting 
that even though younger participants process familiar and unfamiliar stimuli similarly 
at an early processing level, they do recruit more cognitive resources later for processing 
unfamiliar stimuli. If this explanation is true, then understanding the mechanism that 
allows young brains to bypass an automatic engagement of unknown visual features will 
be an important avenue for future research, particularly because such print sensitivity 
may be related to reading abilities in children (e.g., (Bach et al., 2013; Brem et al., 2010; 
González et al., 2014)). 

In summary, the results indicate that there is a prolonged developmental trajectory 
in the maturation of the visual system for processing letters and numbers. These data 
provide an important step to understanding the role of experience with reading and 
mathematics in shaping the human visual cortex and its functional processing. 
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The main question posed in the introduction of this dissertation was:

“How does our brain adapt to and learn from our environment?”

One potential answer is that attention plays a key-role in the adaptation process and 
in learning, while factors such as reward provide the internal context guiding selective 
attention mechanisms towards relevant information, and away from irrelevant 
information. The studies reported in this dissertation have indeed shown that successful 
performance in terms of a fast and/or accurate response to an imminent important 
stimulus relies on selective attentional mechanisms. Moreover, we investigated the 
cognitive and neural mechanisms that are related to a change in priority of information 
in response to an external cue indicating the relevance of imminent information. In 
Chapter 3, for instance, the cue provided information about the possibility to obtain a 
monetary reward by responding quickly and accurately. Specifically, in the first part of 
this dissertation, we have shown that within a second after encountering a ‘potential 
reward’ cue, preparatory attentional brain mechanisms were recruited to change the 
state of the information processing system to be able to prioritize the reward related 
sources of information over others. 

While these preparatory processes were dependent on information that was 
changing from trial-to-trial, task performance might also depend on information that 
requires the integration of information over multiple trials. In Chapter 4, for example, 
we studied whether individuals could learn to attend to and choose which categories 
of stimuli were more predictive of reward based on feedback information (i.e. positive 
[gains] and negative [losses] feedback) provided in a series of 20 trials. We have shown, in 
the second part of this dissertation, that when positive feedback is encountered during 
stimulus-reward learning, the priority of processing stimuli from the rewarded category 
is increased by activating the sensory brain regions that are specifically involved in 
processing the rewarded category.

In the remainder of this chapter I will discuss in more depth the neural and cognitive 
mechanisms that underlie adaptation as found in the studies in this dissertation. First, 
I will discuss the neural and cognitive mechanisms that predict successful behavior. 
Second, I will elaborate how we learn which stimuli are important to attend and respond 
to in our external environment. Third, I will discuss a theoretical model that can help to 
understand the relationship between attention, adaptation and their effect on learning. 
Fourth, I will outline the brain regions that are involved in these processes. Fifth, I will 
speculate about the underlying mechanisms by which the brain changes the priority of 
information (role of Alpha). Finally I will illustrate how attentional mechanisms might 
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change the processing of information over a lifespan. 

Neural mechanisms that predict successful behavior
A crucial prerequisite for efficient or adequate behavioral performance is the ability to 
optimally prepare for the processing of an imminent target stimulus (target stimulus is 
broadly defined as any stimulus for which participant were instructed to do something 
with). Depending on the task, specific information in our internal and/or external 
environment is more important than other information. One key factor that impacts the 
importance of information is related to the potential for rewards, when potential is high, 
there is a good reason to try extra hard by placing demands on the internal system. 
When the potential for reward is low, there is no reason to do so. We hypothesize that 
if the importance of an event is made salient, such as by presenting a cue indicating 
that successful behavior in response to that event will be rewarded, the state of the 
information processing system would be modulated in preparation to optimally 
processes imminent information. The first part of the dissertation was mainly focused 
on modulation of the information processing system on a trial-to-trial or event-to-event 
basis. These studies (Chapter 2 and 3) revealed preparatory attentional mechanisms that 
can modulate the priority of the processing of certain information and subsequently 
facilitate the processing information, as shown by a relationship between preparatory 
attention and successful behavior (reflected in faster RTs). 

To examine the effect of available cued information regarding a target stimulus 
on the preparation of the information processing system we examined in the studies 
described in Chapter 2 and 3 the neural mechanisms underlying these processes. We 
focused in particular on examining the preparatory neural mechanisms as indicated by 
the slow wave, fronto-central contingent related negativity (CnV) and the amount of 
oscillatory posterior Alpha power (8 to 14Hz), both EEG phenomena were previously 
found to be related to preparation (Grent-’t-Jong et al., 2011; Worden et al., 2000a). 

In Chapter 2 we first investigated the trial-by-trial relationship between performance 
and variability in preparatory mechanisms. In particular, both CnV amplitude and Alpha 
power were measured on each single trial prior to the onset of the target stimulus, a 
visual search array (-700ms until search array onset). These indices were subsequently 
correlated with single trial behavioral performance. Results revealed that successful 
behavior as indicated by a relatively fast versus slow RT, was preceded by both an 
increase of the CnV amplitude and smaller prestimulus Alpha power. 

In Chapter 3 we measured the same preparatory mechanisms, but in this study, 
we explicitly modulated the importance of successful behavior by offering monetary 
rewards in response to a fast and accurate performance. Subsequently, we inspected 
how reward modulated the size of the CnV and the power of Alpha oscillations. Results 

revealed that when participants were offered monetary rewards they showed faster 
behavioral responses and an increase in the size of the cue-evoked CnV, as well as a 
decrease in posterior Alpha power. 

CNV amplitude 
The results from the studies in Chapter 2 and 3 of this dissertation support a link between 
the quality of behavioral performance to an imminent target and the amplitude of the 
CnV measured in the pre-stimulus interval. Brain activity reflected by the CnV has been 
suggested to originate from the slow-wave (<2Hz) fronto-parietal attentional-control 
network (Green et al., 2017; Grent-’t-Jong & Woldorff, 2007; Padmala & Pessoa, 2011). 
Grent-‘t-Jong and Woldorff recorded high-temporal resolution EEG and high-spatial 
resolution fMRI while participants were either cued to prepare for an imminent target, 
or a control cue indicated that no target would be imminent. using this preparation 
versus no preparation paradigm, EEG results revealed that in response to a cue that 
indicated an imminent target, the participant showed a CnV brain wave, whereas 
there was no CnV observed in response to a control cue. fMRI results of the same task 
revealed activation in both frontal and parietal areas for cued target versus control 
cue. Furthermore, previous studies have shown a link between hemodynamic activity 
extracted prior to the appearance of a target stimulus from the these fronto-parietal 
control areas and within-subject behavioral performance (Weissman et al., 2006). 
Regions of the attentional control network play an important role in the implementation 
of goal-directed behavior (reviewed in Corbetta & Shulman, 2002). The frontal regions 
seem especially important to keep task-goals active and maintaining a representation 
of the stimulus-response association (e.g. ‘there will be an imminent Stroop stimulus for 
which I need to identify the word color by pressing the corresponding button on the 
keyboard!’) (Miller & Cohen, 2001). The parietal regions are thought to be involved in 
coordinating what aspects of the external world to pay attention to (Ptak, 2012). That is, 
the parietal cortex seems to be an area involved in coding which aspects of the external 
world would benefit from attentional priority based on the product of encountered 
information (external) and internal demands. 

Alpha power
Besides the CnV, we used Alpha-band power (8 to 14Hz) to investigate the relationship 
between preparation processes and subsequent behavior. Alpha is one of the most 
dominant brain waves in terms of oscillatory power. Importantly, the power in the Alpha 
frequency band has been found to have an inverse relationship with cortical activity 
as measured by the fMRI BOLD response (Scheeringa et al., 2012). Specifically, in this 
study by Scheeringa and colleagues, scalp recorded Alpha power was correlated with 
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the amount of deoxygenated blood in the posterior brain regions. Results revealed that 
when Alpha power was low there was more deoxygenated blood measured in these 
areas as compared to higher levels of Alpha power. In addition, ongoing fluctuations of 
Alpha power have been found to be inversely correlated with activity in the posterior 
sensory visual cortices including regions such as V1 and V2 involved in processing 
low-level features of visual information (Cichy, Pantazis, & Oliva, 2014; Petersson & 
Kleinschmidt, 2012; Scheeringa et al., 2012). Chapter 2 and 3 revealed that posterior 
Alpha power was linked to successful behavior in terms of RT performance. That is, 
fast RTs were preceded by lower prestimulus Alpha power as compared to slow RTs, 
similar to a previous finding linking lower Alpha power to the detection of imminent 
information (van Dijk, Schoffelen, Oostenveld, Jensen, et al., 2008a). 

Mechanisms as reflected by the CNV and Alpha improve the processing of 
imminent information
The results of the studies described in this dissertation revealed that the preparatory 
mechanisms as reflected by the CnV and Alpha were related to successful behavior. We 
additionally observed that preparation, as reflected in pre-target changes of CnV and 
Alpha power, was related to changes in several ERP components that mark aspects in 
the cascade of processes underlying the processing of the imminent target. In particular, 
we were interested in the visual n1 elicited ~100 ms after stimulus presentation. The n1 
is a component that is modulated by attention. That is, when participants are instructed 
to attend to certain stimulus properties, a larger amplitude of the n1 is seen when 
these properties are subsequently encountered (S. a Hillyard, Vogel, & Luck, 1998). 
Ongoing moment-to-moment fluctuations in both the CnV amplitude and Alpha 
power predicted (as measured by a correlation) the amplitude of the target evoked n1 
indicating enhanced attention towards relevant information. Following the n1 effects, 
we found an improvement in several other attention-related cognitive functions, such 
as faster and improved attentional orientation towards and improved processing of 
the target stimulus. These studies show that preparation processes not only affects 
subsequent behavior in response to imminent target stimuli, but they also influence 
brain activity elicited by the processing of relevant task information.

CNV and Alpha power: independent phenomena?
The results from the studies in part 1 showed that both the amplitude of the CnV 
and the power of Alpha were related to successful behavior most likely via an effect 
on attentional mechanisms. However, the results also indicated that these indices of 
neural preparatory mechanisms operate independently of one another. Specifically, in 
Chapter 2, both the preparatory CnV amplitude and Alpha power correlated with the 

amplitude of the search evoked n1 component, that did not correlate with one another. 
Further evidence comes from the study in Chapter 3: when cued with no-reward 
prospect, Alpha power did not vary, but the CnV did vary, as a function of whether or 
not the participant responded fast or slow on the imminent Stroop stimulus. In contrast, 
when cued with reward prospect, Alpha power did vary, but the CnV did not vary, as 
a function of whether or not the participant responded fast or slow on the imminent 
Stroop stimulus. This dichotomy suggests an interesting question: to what extent do 
the mechanisms reflected by the CnV and Alpha function independently?

What we know is that that CnV and Alpha effects originate from distinct cortical 
areas, because their topographical scalp distribution is highly dissociable (fronto-central 
versus posterior). It has been argued, however, that Alpha activity might be coordinated 
by the fronto-parietal control network, which, as discussed, has been understood as 
a source of the CnV (Grent-’t-Jong & Woldorff, 2007). using repetitive Transcranial 
Magnetic Stimulation (rTMS). Capotosto and colleagues (2009) showed that applying a 
magnetic pulse to various regions of the fronto-parietal control network would disrupt 
the lowering of Alpha power in preparation of a target stimulus (Capotosto, Babiloni, 
Romani, & Corbetta, 2009). Based on these results, they suggested the fronto-parietal 
control network is involved in coordinating the reduction in Alpha over the posterior 
cortices. 

Alternatively, based on the distinct scalp topography of the poster Alpha and fronto-
central CnV effects in addition to independent relationships with stimulus processing 
(in particular the visual n1 ERP component), behavior, and, reward prospect we suggest 
that the amplitude of the CnV might reflect preparatory brain mechanisms related 
to higher level task-goals (e.g., keeping in mind that you are searching for the target 
stimulus on the left side) (Brunia et al., 2012; Gaillard, 1976; Marshall, O’Shea, Jensen, & 
Bergmann, 2015). In contrast, Alpha power, on the other hand, may reflect mechanisms 
tailored to sensory and stimulus or event specific preparation as illustrated by the 
studies in Chapter 2 through 4. Additional supporting evidence that Alpha is specific 
to stimulus feature specific preparation comes from other studies that have shown that 
the scalp topography of Alpha is specific to the cued modality (Straub, Wostmann, & 
Obleser, 2014). 

Adaptation on a longer timescale: learning which stimuli are important in our 
environment
Adaptation of our information processing system might also occur on longer time 
scales compared to the adaptations from moment-to-moment we discussed in Part I 
of the dissertation. Especially in complex daily life situations efficient performance 
might depend on information that cannot be deduced from single events. For example, 
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information about stimulus probability might build up over trials, or even over a lifetime. 
The second part of this dissertation studied the neural processes that involved learning 
these regularities that requires the integration of information over a longer time-scale. 
For instance, this timescale could be tracking which stimulus is more predictive of 
rewards over a set of 20 (biased) coinflips. More specifically, when certain categories 
of stimuli are more predictive of rewards than others, adaptation involves learning to 
prioritize the processing of reward-associated stimuli by integrating information over 
multiple trials (Chapter 4). However, this time-scale could also be even much longer, 
such as is the case when learning which lines and combination of lines indicate a number 
or a letter. To study which brain mechanisms were related to learning we designed a 
probability learning task. Participants were presented with mini-blocks of 20 trials. On 
each trial, participants had to choose between either a face or a house. In each mini-
block, either the face or the house was more likely to lead to a gain. Behaviorally, we 
showed that participants were able to learn in each 20-trial block whether the face or 
house was the more likely object to be rewarded.

neurally, following a reward, we observed a relative decrease of Alpha power over 
stimulus-specific sensory areas involved in processing the rewarded stimuli compared 
to brain areas involved in the processing of task-irrelevant information. The study in 
Chapter 4 additionally showed that, after learning the stimulus-reward-association, 
an increased attentional bias was observed, as measured by the enhanced attention-
related n2pc towards the reward-related stimulus category (Hickey et al., 2010b; Hickey 
& Van Zoest, 2012). Based on these findings we argued that changes in alpha power 
might reflect the modulation of the state of the system to increase the sensitivity of 
processing reward-related features in preparation for future encountered stimuli or 
events.

The stimulus category that has a higher probability to be rewarded, gains a higher 
priority of being processed over trials. These findings are in line with theories stating 
that our brain contains a stimulus priority map indicating a moment-by-moment 
representation of the priority of all features in the environment (Itti & Koch, 2000; Itti et 
al., 2001; Wolfe & Horowitz, 2004). These priority maps serve to guide attention towards 
task relevant information. We suggest that the updating of stimulus reward-associations 
through the stimulus priority map is related to Alpha power (I will discuss the nature 
by which Alpha can accomplish this feat further below), evidenced by the relationship 
between alpha power and attentional bias. 

While this reward-based adaptation took place on a time-scale of minutes (20 
trials), some adaptations are based on lifetime learning processes. The study described 
in Chapter 5 revealed that long term learning of letters and numbers resulted in the 
formation of specialized posterior neural pathways that can rapidly and without effort 

process the learned information. More specifically, presenting strings of letters, numbers 
and false fonts to different age groups revealed differential developmental trajectories 
of the processing of letters and numbers. note that the participants were passively 
viewing the screen during this experiment. The 7 and 10 year olds did not show an 
observable difference in electrical scalp recorded brain activity when processing letters 
versus numbers, whereas participants of the age of 15 and young adults showed 
a robust early lateralized difference in brain activity between letters and numbers 
(~150ms following the presentation of information). 

In sum, in different studies we observed that available information about imminent 
stimuli guides our attentional system by efficiently tuning our information processing 
system towards task-relevant information either at the feature level (Alpha) or at a more 
general level (CnV). Moreover, adaptations of our information processing system might 
be implemented on a trail-by-trial basis, however, sometimes these changes might take 
years to be learned.

Theory underlying adaptation on different time-scales: from 
moment-to-moment adaptations to adaptation over a life-span

In Part 1 and Part 2 of this dissertation we studied adaptation as the change in 
responsiveness of those neural populations that were involved in processing an important 
event or stimulus. Theoretically, the relationship between adaptation and attention can 
be understood in the context of reduction of prediction space by means of attention 
(Feldman & Friston, 2010; Friston, 2010). The idea is that the brain constantly minimizes 
the possible range of predictions thereby limiting the amount of search possibilities in 
order to be efficient and to cope with limited processing capabilities. Dependent on the 
available resources the brain will adjust the thresholds of different regions to maximize 
or adapt its processing capabilities to different situations. For instance, when a cue 
predicts that a target will appear on the left rather than the right, the brain will reduce 
the prediction space by changing the processing state of those neurons involved in 
processing the left-visual field relative to the right one. If the uncertainty is higher, for 
example, when a cue does not indicate whether the target will appear in the left or 
right visual field but rather a general indication that a target is imminent, the brain will 
change the responsiveness of those neural responsiveness in both left and right visual 
fields, basically dividing the available resources over more options in this situation. The 
studies in this dissertation have shown that another key factor that can be incorporated 
into this theory is the behavioral relevance of information. That is, when something is 
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potentially rewarding, the brain can use this information to selectively recruit resources to 
influence the priority of processing the rewarding stimuli or eventThe process by which 
the brain adjust or tunes the neural connections could also be viewed as a process similar 
to backpropagation in artificial neural networks (Hagan, 2007; LeCun, Bengio, & Hinton, 
2015). Artificial neural networks are computer simulated, and designed based on various 
properties of the human brain, they include individual neurons, connections between 
neurons and even different layers. The process of backpropagation is where artificial 
neural networks adjust connection weights between layers based on minimizing the loss 
function of the network, or the difference between expected and received input. This 
loss function can be viewed analogous to the prediction error that has been proposed to 
be elicited by brain elicits when encountering information such as feedback (René San 
Martín, 2012; W. Schultz, 2016). When the prediction error is zero, the network is perfectly 
tuned to that event. When the prediction error is not zero, the network is not optimized 
and could benefit from tuning based on available additional information. In the artificial 
neural networks the advantage of tuning connections with regard to search/ prediction 
space is clearly illustrated by having the network be trained using computerized versions 
of various games. In Chess for example, a recent study has played the neural network 
algorithm AlphaZero1 (Silver, Hubert, et al., 2017; Silver, Schrittwieser, et al., 2017) 
against the best performing ‘brute force’2 approach (e.g., such as the algorithm used 
by Stockfish, which can easily beat the best humans Chess players). Without knowing 
the rules, AlphaZero was able to learn the game within a day and beat Stockfish (Silver, 
Hubert, et al., 2017). not only was the neural network able to win the Chess games easily, 
it required only 80 thousand possible solutions per move as opposed to the 70 million for 
Stockfish. This example clearly illustrate the fast reduction in prediction space that can 
be accomplished by optimizing an information processing system for a particular skill as 
humans do by using predictive information such as a cue or feedback. 

Towards an integrative theory 
In recent years several theories have come up with regard to the interaction between 
attention and rewards (Anderson, 2016, 2017b; W. Schultz, 2016). One of the most striking 
conclusions from these theories and the studies from this dissertation is the conclusion 
that attentional capture seems to be driven by rewards. For instance, in Chapter 4 we 
have shown that Alpha power reflect those processes by which the brain prepares the 
sensory cortices for an important event or stimulus. These sensory brain regions have 
been hypothesized to play a key role in storing and learning which stimuli or events are 

1 AlphaZero is a name of a deep learning computer algorithm and has nothing to do with the oscillatory Alpha 
extracted from EEG as studied in this dissertation. 

2 Brute force is a computer method of finding a solution by inspection of all possible outcomes. 

valuable and worth paying attention to (Anderson, 2016; Hopf et al., 2015; Schoenfeld, 
Hopf, Merkel, Heinze, & Hillyard, 2014). These preparatory processes, reflected by 
Alpha power, in turn enhance the processing of task relevant information resulting in 
responding fast and accurately or learning to choose a stimulus that has a high likelihood 
for obtaining a reward. However, to be able to modulate the sensory regions requires 
processes that can identify the value of specific stimuli or event and subsequently 
modulate activity in the sensory cortices. Based on the discussed research and available 
literature we can speculate about the functional role of some brain areas involved in the 
implementation of the processes underlying adaptation (figure 1A & B).

Figure 1. The brain contains various regions that are involved in adaptation and prioritization of certain 
information over others. (A) Regions that are related to specific sub processes necessary in adaptation. 
(B) Stages involved in adaptation. The brain detects the value of prioritization of an imminent stimulus 
or event. Detection is followed by a generic preparation (such as motor response preparation) and an 
adjustment of the threshold of the cortices involved in processing of the stimulus or event. 
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In the studies described in this dissertation we have used two types of stimuli that 
signaled information about the future; a cue stimulus and a feedback stimulus. Both 
stimuli provide information that can be used to adapt the information processing system 
in order to more efficiently process imminent information. In case of the cue stimulus, 
information is provided about imminent stimulus- or event-related characteristics, 
while feedback provides evaluative information about past performance that might be 
indicative of success of performance in the future. In figure 1 no distinction is made 
between these two stimuli; both are regarded as a ‘signal’ that provides information that 
can be used to prepare for future actions and decisions. 

The left side in figure 1B depicts the appearance of information presented to a 
participant. To be able to use that information to optimally prepare the information 
processing system, a number of processes can be discerned. The first processes in this 
cascade is the identification of the information provided. This identification process is 
not limited to extracting physical features of the information signal, but also includes 
the extraction of internal relevance of the signaled information. The identification 
and interpretation of the signal is followed by a functional implementation of this 
information in order to actually prepare for the upcoming event/stimulus. This involves 
tuning of the state of the system towards processing the signaled event/ stimulus with 
priority and to inhibit the processing of task irrelevant information (figure 1B, middle 
panel). Finally, the right panel of figure 1B, indicates those processes involved in the 
improvement of processing those stimuli or events that were signaled. 

Directly following the detection of the signal that carries information about the 
future the task relevant information embedded in the cue or feedback stimulus needs 
to be extracted. For instance, when the signal is a reward there are several brain regions 
that have been found to show activation. Reward correlates in the brain have been 
found using both single unit recordings and fMRI, which have shown that several 
subcortical regions are responsive to explicit reward information. These regions include 
the ventral tegmental area (VTA), dopamine neurons in the sustantia nigra, nucleus 
accumbens (nAcc), amygdala and (ventral) striatum (Adcock et al., 2006; Delgado, 2007; 
Floresco, 2015; W. Schultz, 2000b, 2015). These regions show increased activity when 
the participant is receiving a reward. Their responses are especially stronger relative 
to expectations given the current state of the system (reward prediction error - RPE). 
If the reward is equal to expected reward given the current state of the system , the 
RPE is zero, indicating that nothing in the system has to be changed (maintaining the 
status quo), when potential for reward is larger compared to expected reward, the RPE 
is greater than zero. 

In addition, these subcortical regions have been found to be responsive when a stimulus 
or signal indicates a probability of gaining a future reward (Fiorillo, Tobler, & Schultz, 
2003). These explicit subcortical reward-prediction signals are independent of the 
stimulus category and occur across multiple dimensions. It is however, not well known 
to what extent these signals are compared relative to the current state of the system 
(analogue to the reward-prediction error). One possibility would be that the activity in 
these neurons can explicitly code the difference in reward prospect given the current 
state of the system versus what could potentially be obtained (W. Schultz, 2016). In other 
words, when there is a signal that there is a possibility to obtain an imminent reward, 
activity in these regions indicate the importance to respond. Or activity in these regions 
could indicate if there is value in tuning the brain to obtain the reward as signaled by 
the prior event or stimulus. 

Subcortical reward regions do not seem to work in isolation but rather in conjunction 
with cortical regions, especially areas in the medial prefrontal cortex (MPFC) (Botvinick, 
2007; Bush et al., 2002; Klein-Flugge et al., 2016). Crucially, the activity from the medial 
prefrontal regions has been probed in this dissertation by inspecting the ERP component 
associated with MPFC activation, the feedback related negativity (FRn, peaking ~250ms 
following the reward/feedback). Activation in the MPFC varies according feedback, and 
especially the difference in value between the actual and the expected outcome, which 
is very similar to signals observed in the subcortical regions (i.e., reward-prediction error 
or RPE), as shown both in humans with functional MRI and in nonhuman primates with 
single-unit recording and also by studying the scalp recorded FRn ERP component 
(reviewed in San Martín, 2012; Tremblay, Hollerman, & Schultz, 1998). 

Other factors to which the MPFC responds is the uncertainty, difficulty, and conflict 
in the environment (Kéri, Decety, Roland, & Gulyás, 2004). For instance, in another 
study (Mckay, Van Den Berg, & Woldorff, 2017) we explicitly modulated the both the 
difficulty and conflict in a stimulus discrimination task. In particular, we were interested 
to what extent the hallmark ERP component that is related to conflict detection and 
is manifested as a fronto-central negativity peaking around 450ms (the incongruency 
related negativity [ninc] also known as the n450) was modulated by these two factors. 
The MPFC is thought to be the source of the ninc (Liotti et al., 2000). Interestingly, 
we found a fronto-central negative deflection for both conflict and difficulty, which 
suggests that the MPFC has a much more general function. The function of the MPFC 
could perhaps be summarized as monitor of value for control (Shenhav, Cohen, & 
Botvinick, 2016). Value for control would refer to the integration process of the following 
information: reward prediction, calculating the amount of effort a task requires and 
finally, the costs associated when the effort is not spend. 
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Following the activity in the MPFC, the studies in Chapter 3 and 4 have revealed 
another potential marker for the internal value of control . More precisely, reward 
prospect and feedback loss information elicited a positive deflection, the P300 complex, 
which usually occurs around ~300ms following a stimulus. The neural source of the P300 
is not well known, but is likely to include fronto-parietal control regions (Polich, 2012b). 
Although widely studied, the cognitive function of the P300 is ill defined and generally 
described as an enhancement in terms of cognitive resources (nieuwenhuis et al., 2005; 
Polich, 2012a; René San Martín, 2012; René San Martín, Kwak, Pearson, Woldorff, & 
Huettel, 2016). Perhaps, rather than a general increase in cognitive resources, the P300 
is a further reflection of value for control or perhaps “attention for reward”. For instance, 
in Chapter 3, following the reward-prospect cue there was a larger P300. In terms of 
internal demands a potential for reward could indicate that it is beneficial to pay close 
attention to the task and there is something to be gained, which specifically means that 
there is a value for control. In addition, in Chapter 4, following the FRn, a loss evoked 
a larger P300 compared to a gain. In terms of value for control, a loss could indicate 
that it is beneficial to pay close attention to the task and there is added information in 
the upcoming trials. In contrast, for a gain, there is less value for control because the 
stimulus that is most likely to yield a reward is already being chosen. 

The studies in this dissertation have shown a crucial role for the visual posterior 
sensory cortices in facilitating the processing of imminent visual information. However, 
to be able to adapt these regions successfully, there has to be a mapping of stimulus or 
event value information to these early sensory regions. Previous studies have suggested 
that the orbital frontal cortex is a potential candidate to fulfil this role (FitzGerald et al., 
2009; Leong et al., 2017; Y. niv et al., 2015; Schuck, Cai, Wilson, & niv, 2016; Schurmann, 
2001; Sul et al., 2010; Wallis, 2011). For instance, Schuck and colleagues have shown 
that the orbitofrontal cortex shows task-specific activation. We suggests that when the 
subcortical regions, together with the MPFC, detect that there is potential for reward, 
the orbitofrontal cortex codes which task set is key to obtaining the reward. Importantly, 
to map the task set onto the relevant sensory regions the orbitofrontal cortex has fast 
number of connections to thalamic regions. The thalamus is a subcortical brain area 
located on top of the brainstem and has widespread projections from both subcortical 
reward sensitive regions as well as cortical frontal regions and projects to most sensory 
regions (Barbas & Zikopoulos, 2007; Parent & Hazrati, 1995). The connectivity between 
the orbitofrontal region and the thalamus make the orbitofrontal cortex a key region 
that could potentially orchestrate the sensitivity of task specific sensory regions through 
thalamic connections. This remains an open question that requires further investigation. 

The role of Alpha oscillations in changing priority
As suggested in Chapter 2, 3 and 4, a functional interpretation of Alpha power is that it 
is a manifestation of adaptations in the brain, illustrating that the brain can learn which 
stimuli or events are behaviorally relevant and that this information can be used to 
optimize information processing. For instance, in Chapter 2, we saw that increases in 
Alpha power were related to a reduction in the quality of visual processes (smaller n1). 
In Chapter 3 we saw that reward-prospect influenced Alpha power which impacted the 
processing of imminent target stimuli. Finally, in Chapter 4 we found that Alpha was 
reduced over stimulus specific areas in response to a reward (i.e. when feedback was 
a gain) which subsequently altered the priority of processing the rewarded stimulus 
category. The neural origin of reductions in Alpha may be related to the thalamus. For 
instance, Scheeringa et al. (2016) found, using simultaneous EEG and fMRI recordings, that 
EEG Alpha rhythms mostly originated from the superficial and deep layers of the cortex 
which are well connected to the thalamus (Dantzker & Callaway, 2000). Functionally, a 
reduction in Alpha can be thought off as a reflection of mechanisms by which the brain 
is able to regulate information entering our information processing system through our 
senses(Benedek, Schickel, Jauk, Fink, & neubauer, 2014; Bollimunta, Chen, Schroeder, & 
Ding, 2009; Dantzker & Callaway, 2000; Jensen & Mazaheri, 2010; Scheeringa, Koopmans, 
van Mourik, Jensen, & norris, 2016) and thereby whether relevant information is actually 
processed while the processing of irrelevant information is actually inhibited.

A recent theory suggests that Alpha might coordinate cortical activity through a key 
biological mechanism called stochastic resonance (Lefebvre, Hutt, & Frohlich, 2017; 
uzuntarla, Barreto, & Torres, 2017). Stochastic resonance is the mechanism by which 
random noise (random noise is always present in a biological large scale neural 
network) can amplify weak sub-threshold signals. In this theory, Alpha oscillations 
are an emergent property of the system, that is, neurons in the sensory system have a 
natural tendency to fire together between 8 and 12 times per second. Although, due to 
technological challenges, no studies have been able to prove to what extent individual 
neurons in the visual cortices actually entrain into the Alpha frequency, there is ample 
evidence that phase synchronization does occur in a wide variety of biological and non-
biological non-linear systems (Strogatz & Goldenfeld, 2004). 

The computation simulation by Lefebvre, Frohlich and Hutt (2017) showed that 
when the thalamus introduces noise in the cortical system, a lowering of Alpha power 
was observed, potentially induced by disrupting the entrainment or phase locking of 
neural oscillators (Kuramoto, 1975). Specifically, their model consisted of simulations of 
neural activity in terms of cortical pyramidal neurons and inhibitory neurons which had 
connections to the thalamus. Additionally, the results of the simulation suggested that 
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the likelihood of external input (such as a visual stimuli) to pass a threshold to induce 
local neural activity was dependent on the level of internal oscillatory activity in the 
Alpha band. Specifically, if Alpha power was high, stochastic resonance played a much 
smaller role (as there was less random noise), making it less likely for a weak external 
signal to pass a threshold. This is a key property in a system that needs to adapt to an 
ever changing environment. Because in situations of uncertainty or of potential reward, 
it is important to be able to assign a weight to certain brain areas. For instance, when a 
cue indicates an imminent target on the left side with 0.7 accuracy, it is still imperative 
to monitor the uncued location to avoid missing the target (Petersen & Posner, 2012; 
Stokes, Myers, Turnbull, & nobre, 2014). As shown in Chapter 3 and 4, Alpha reduction 
can occur a moment-to-moment basis, but hypothetically, through physiological 
changes, this basic mechanism may also cause adaptation on much longer time-scales. 

EEG Limitations and future directions
 Part 1 and Part 2 of this dissertation showed that being able to adapt to an environment 
requires tuning the brain to prioritize processing those elements that are relevant. To 
study these processes we measured high-temporal resolution EEG. EEG is an incredibly 
powerful tool to study the cognitive and neural cascade of processes that are evoked by 
a stimulus or event, in particular because of the millisecond resolution of EEG recordings. 
In this dissertation, we took full advantage of this strength and looked at how various 
markers for neural and cognitive processes changed when considering multi-trial 
effects. We showed that to study changes in the configuration of the information 
processing system, it is imperative to take trial-to-trial contingencies into account (Bolt, 
Anderson, & uddin, 2017). By accounting for these time-varying changes in the state 
of the system, we were able to map and understand the impact of prior state of the 
information processing system on the cascade of processes underlying the processing 
of future stimuli. 

Although scalp-recorded EEG has significant advantages in terms of millisecond 
temporal resolution, one of the main disadvantages is its limited spatial resolution. The 
electrical brain activity measured using EEG reflects activity from billions of neurons, 
and disentangling the origin (i.e. which brain areas) of the scalp recorded EEG activity is 
difficult, especially since cognitive processes rely on multiple brain regions coordinating 
and influencing each other in a nonlinear fashion. 

As discussed, there are numerous brain regions involved in adaptation which work 
together within seconds following the encountering of relevant information. A crucial 
next step would be to improve the spatial and temporal resolution of measurement 
techniques. Several promising avenues are being explored, for instance, simultaneous 
fMRI and EEG recordings, as well as direct current MRI, which is also known as Lorentz 

effect imaging (Truong, Wilbur, & Song, 2007). using fMRI in combination with EEG or 
direct current MRI is a promising avenue to expand the available toolbox for studying 
cognitive and neural mechanisms. In particularly, being able to measure neural activity 
with millisecond resolution in the subcortical reward regions, and measure attentional 
effects in sensory regions (using for instance alpha power) would allow to test theoretical 
models such as proposed in this discussion. These advances in the ability to measure 
and combine different aspects of brain activity with increased temporal and spatial 
specificity is an important avenue to pursue in future research. 

Reward properties of monetary incentives 
The studies in this dissertation used losses and gains in points as incentives, because 
they are thought to influence motivation. However, importantly, participants were aware 
that these points would be converted to real money in the end. Our conceptualization 
of reward therefore is limited to that of monetary incentives. One key question is to 
what extent similar neural mechanisms would respond to a different type of reward, 
such as the prospect of food when hungry, the prospect of a cigarette when addicted, 
or social rewards such as approval.

In general, reward has a “liking” and a “wanting” component to it (Berridge, Robinson, 
& Aldridge, 2009). “Liking” refers to the hedonic impact of rewards, for instance, the 
pleasurable experience of eating something tasty. However, “liking” is not necessarily 
limited to a conscious experience; it also occurs without awareness (Winkielman, 
Berridge, & Wilbarger, 2005). Past literature that focused on studying the hedonic 
experience of rewards, such as food intake, has shown that the orbitofrontal cortices 
are particularly related to these pleasantness ratings of food intake (Kringelbach, 2004). 

Introducing monetary incentives to the participant, mainly speaks to the “wanting” 
component of reward. “Wanting” is the component of rewards that is related to “approach” 
behavior. For instance, when seeking food, the “wanting” component of reward may refer 
to the motivational component of seeking food, while the “liking” component refers to 
the hedonic, pleasantness response of actually eating food. The studies described in the 
present dissertation examined the effects of reward on neural and cognitive processes 
mostly in terms of the ‘wanting’ component of rewards, which arguably limits our 
understanding of how reward can recruits attentional processes. One future direction 
is to study the adaptation in terms of the “liking” of rewards. For instance, by offering 
a prospect of different types of food as an incentive to hungry participants (taxing on 
liking) we would expect similar results as described in this dissertation. That is, the brain 
would prioritize those elements in the environment that are most “likeable”. 
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Taking a broader perspective: Adaptation over a lifespan
When we are born our brain contains a vast number of neurons (approximately 90 
billion) and synapses (between 2500 and 10000 per neuron) (Shonkoff & Phillips, 
2000). An important question is how the brain adapts its processing capabilities to 
the environment over a lifespan by tweaking or adjusting the connections between 
those neurons. That is, rather than temporary changes to the state of the information 
processing system, these changes will be of a more permanent nature. Below I will 
argue that the one answer might reside in the same mechanism, reflected by Alpha, 
by which attention can internalize predictive information, which, in the long-term may 
drive physiological changes (Kuśmierz, Isomura, & Toyoizumi, 2017). 

Chapter 5 investigated how adaptation occurs from childhood until young 
adulthood, looking at how we learn to identify numbers and letters. While there were 
no observable differences in scalp recorded EEG for letters and numbers between 7 
year olds and 10 year olds, by age 15, young adults showed clear separation of these 
two stimulus categories. From childhood to young adulthood, neural pathways seem to 
become specialized for the processing of letters and numbers, increasing the efficiency 
of information processing (Moran, Symmonds, Dolan, & Friston, 2014). 

The process underlying such specialization may stem from temporary modulation 
of activity in specific brain areas or pathways, based on available information (e.g. 
feedback from the teacher when deciphering numbers or letters (P. W. Schultz, nolan, 
Cialdini, Goldstein, & Griskevicius, 2007)). Although in the short term, the adaptation 
in the information processing system seems to rely on impacting the sensitivity of 
connections, these temporary changes could impact the physical connections in the 
long term. More specific, the synaptic connection between neurons that are activated 
together will become stronger (Kuśmierz et al., 2017). Our studies indeed showed 
that, as a result of positive feedback, the developing child’s brain strengthened the 
connection between the configuration of lower-level stimulus features (e.g. the 
particular orientation and configuration of lines) and a higher-level response, indicating 
whether such a configuration is a letter or number, in a more permanent way. 

Long-term adaptation, however, can backfire. This cost can be illustrated when the 
state of the system is shaped by deprivation of behaviorally relevant information (Hubel 
& Wiesel, 1964). In a classic experiment, Hubel and Wiesel deprived kittens of perceiving 
vertical lines by placing them in cylinders containing only horizontal lines, and this 
changed the visual system in a profound way. When, after several months, the kittens 
were placed back into a world which included vertical lines, they were unable respond, 
and could not detect vertical lines for the rest of their lives. 

A key future direction is to study the relationship between potential for adaptation 
and aging. As most studies that use EEG to examine effects of ageing, compare young 

adults (between 18 and 30 years of age) and elderly adults (60 and 80), there seems to 
be a gap in the literature studying adaptation across the whole lifespan. Filling this gap 
might form an important direction for future studies. It is possible that when we reach a 
certain age the brain has a more optimal model of the environment, perhaps resulting 
in a less adaptive but a more efficient system (Moran et al., 2014; Vaden, Hutcheson, 
McCollum, Kentros, & Visscher, 2012). More specifically, in the study by Vaden et al. 
(2012), elderly participants were less able to reduce Alpha power over those channels 
that would contain irrelevant information. This suggest that in elderly, wo have an 
information processing system that has been tuned by years of experience, compared 
to young people, there is less of an ability to utilize behaviorally relevant information to 
make subtle changes in the state of the system. Because the system is very efficient and 
optimized for those stimuli or events that it encounters in everyday life, there is no need 
to be flexible anymore, perhaps an example of “use it or lose it”. 

Conclusion

The present dissertation aimed to elucidate those neural and cognitive mechanisms by 
which the brain learns from and adapts to its environment. The question that was asked 
was “How do we adapt to and learn from our environment?”. Crucially, the studies in this 
dissertation investigated the neural underpinnings of adaptations that are dynamic and 
occurs from moment-to-moment, and adaptations that are more permanent and occurs 
by integrating information over time. In these studies mechanisms related to attention 
were shown to be key to change the state of the information processing system, in 
particular the sensitivity to information of sensory brain regions, and influence the the 
priority of certain behavioral relevant information. Specifically, by modulating the neural 
responsiveness of brain areas involved in behaviorally relevant events or processing of 
stimuli based on cue and feedback information, the brain is able to adapt and learn over 
time. 
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