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Psychological theories and empirical evidence suggest that the human performance-

monitoring system processes feedback or detects errors in order to learn new tasks 

and improve behavior. However, much of the research identifying a link between 

the performance monitoring system and behavioral improvement have been limited 

to situations in which the inter-trial-interval (ITI) is relatively long (>1000 ms). This 

dissertation presents two studies that utilized electroencephalography (EEG) and 

the event-related potential (ERP) technique in order to investigate the 

consequences of performance-monitoring when ITIs were relatively short (<533 

ms) or long (>866 ms). Both studies employed a difficult perceptual decision-

making task in order to facilitate investigation of performance-monitoring in 

relation to task-related sensory attention. In study one, it was found that task-



 

 

related attention was impaired following errors at short ITIs, as indexed by a 

reduction in the P1 ERP component. Further, depth of error processing, as indexed 

by the error-evoked Pe component, negatively correlated with task-related 

attention (indexed by modulation of the P1 component) on the trial after an error 

was made; critically, this negative relationship was only present when ITIs were 

short. In study two, the magnitude of unexpected feedback processing, as measured 

by the reward positivity (RewP) ERP component, was negatively correlated with 

task-related attention and accuracy following unexpected feedback; this negative 

correlation was also present only when ITIs were short. Collectively, studies one 

and two suggest that two aspects of the human performance-monitoring system, 

error-detection and feedback processing, cause an attentional bottleneck, which can 

impair task performance when the next trial occurs in short succession. That is, the 

very system dedicated to monitoring and improving behavior, the performance-

monitoring system, can cause performance decrements when decisions must be 

made rapidly. Given that the real world often requires decisions to be made in a 

rapid, sequential fashion, the current results suggest an important limitation of the 

human performance-monitoring system within ecologically valid contexts. 
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General Introduction 

 

 

 

Humans have the ability to monitor performance in the service of achieving 

goal-directed behavior (Ullsperger, Danielmeier, & Jocham, 2014). Either through 

the self-detection of mistakes, or the processing of external feedback, humans have 

been shown to improve performance after failures (Botvinick, Braver, Barch, Carter, 

& Cohen, 2001) or learn from feedback (Holroyd & Coles, 2002). However, research 

investigating the performance-monitoring system has been limited to situations in 

which ample time is allotted between trials. Given that the real world often does not 

afford such neatly spaced events, it is important to study the performance-

monitoring system within more realistic, hurried situations. The current 

dissertation presents two experiments that probe related questions associated with 

the human performance-monitoring system. First, does the self-detection of errors 

lead to performance decrements when trials are closely spaced? Second, does 

feedback-processing lead to performance decrements when trials are closely 

spaced? Through the analysis of EEG data, this dissertation provides evidence that 

either the self-detection of errors, or the processing of unexpected feedback, can 

lead to performance decrements. Evidence is provided to support the notion that 

such decrements are the result of an attentional bottleneck caused by error-

detection or the processing of unexpected feedback. These data provide an 
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important advancement to the performance-monitoring literature, demonstrating 

that the very system dedicated to monitoring and improving performance can 

actually be the source of performance failures within certain contexts.  

Self-detection of errors 

 In 1966, Rabbitt reported one of the first systematic investigations into the 

consequences of error commission. It was found that individuals tend to slow down 

after errors (post-error slowing; PES), a phenomenon interpreted as reflecting 

increased response caution (Rabbitt, 1966). Later work demonstrated that accuracy 

rates sometimes increase after errors (post-error accuracy; PEA), in line with the 

notion that errors serve as a signal to improve performance (Laming, 1968). In the 

early 1990’s, independent discovery of the fact that error commission leads to an 

increased fronto-central negativity (error-related negativity; ERN) within the scalp-

recorded EEG provided a possible neural basis for error-detection within the human 

brain (Falkenstein, Hohnsbein, Hoormann, & Blanke, 1990; Gehring, Coles, Meyer, & 

Donchin, 1990). Subsequent source localization work suggests that the source of the 

ERN is the medial-frontal cortex (MFC) (Herrmann, Römmler, Ehlis, Heidrich, & 

Fallgatter, 2004), a finding that is corroborated by fMRI investigations of error-

detection (Ridderinkhof, Ullsperger, Crone, & Nieuwenhuis, 2004). These 

discoveries set off an extensive line of research investigating the performance-

monitoring system of the human brain (Hajcak, 2012). It has been demonstrated 

that the ERN correlates with response slowing (Botvinick et al., 2001) and even 
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accuracy increases (Maier, Yeung, & Steinhauser, 2011) following errors. 

Collectively, these data suggest that error-detection can be linked to the 

instantiation of compensatory control on the trial following an error. 

In addition to the ERN, scalp-recorded EEG also typically reveals a centro-

parietal positivity (error positivity; Pe) that is larger for error responses, compared 

to correct responses (Ullsperger et al., 2014). However, while the ERN is believed to 

reflect sensitivity to low-level aspects of error-detection, such as sensitivity to 

response conflict (Botvinick et al., 2001), the Pe is thought to reflect a more 

deliberative process of  deciding whether an error was made (Steinhauser & Yeung, 

2010). Typically, the Pe, not the ERN, is associated with awareness of making an 

error (Nieuwenhuis, Ridderinkhof, Blom, Band, & Kok, 2001), or confidence in 

whether an error was made or not (Boldt & Yeung, 2015). Similarly, the Pe has been 

linked to criterion changes related to deciding whether an error has been made 

(Steinhauser & Yeung, 2010). The Pe has also been compared to the traditional 

stimulus-locked P300, suggesting that the Pe reflects the motivational salience of 

error commission (Ridderinkhof, Ramautar, & Wijnen, 2009a). Similar to the ERN, 

the Pe has at least partially been localized to the MFC (Herrmann et al., 2004), and 

has also been associated with performance adaptations following errors (Hajcak, 

McDonald, & Simons, 2003; Nieuwenhuis et al., 2001). Collectively, these data would 

suggest that error-detection leads to improved performance on the trial following 

error commission. However, as will be reviewed below, the observation of improved 
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performance after errors is not universal. Critically, much of the work 

demonstrating that performance improves after errors is linked to studies in which 

the amount of time between trials is relatively long (>1000 ms), leaving open the 

question of what happens at shorter intervals. 

Processing external feedback 

 In line with the notion that the human brain has a common system for 

monitoring and improving behavior, it has been shown that error feedback also 

leads to a characteristic fronto-central negativity in the scalp-recorded EEG 

(Miltner, Braun, & Coles, 1997). Upon discovery, it was immediately noted that the 

apparent feedback-related negativity bears a striking resemblance to the response-

locked error-related negativity (ERN), suggesting a generic system for performance 

monitoring in the human brain (Miltner et al., 1997). Additional research has since 

confirmed that negative feedback is indeed associated with a relative negativity, 

compared to correct feedback, but that this difference is better described as a 

positivity that is present for correct/reward feedback and absent for error/loss 

feedback (Holroyd, Pakzad-Vaezi, & Krigolson, 2008; Proudfit, 2015). Thus, it has 

recently been suggested that the “feedback-related negativity” should instead be 

referred to as the “Reward Positivity” (RewP; Proudfit, 2015). Of note, theories of 

the RewP explicitly predict that it is the unexpectedness of correct feedback that 

primarily drives increases in RewP amplitude, given the hypothesized link between 

the RewP and phasic dopamine release (Holroyd & Coles, 2002; Proudfit, 2015). The 
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RewP has been shown to act as a learning signal to improve task performance 

(Cohen & Ranganath, 2007; Holroyd & Coles, 2002). However, the majority of work 

investigating the effect of feedback on ongoing behavior has been limited to studies 

using a relatively long (>1000 ms) inter-trial-interval (ITI). 

 In addition to the RewP, feedback presentation is typically associated with a 

centro-parietal positivity (P3) following errors (Ullsperger et al., 2014). It has been 

suggested that the P3 to feedback presentation reflects a similar process as the P300 

component, which is typically observed in target detection tasks (Polich, 2007). The 

P3 to feedback appears to be sensitive to expectancy violations, and is typically 

larger for unexpected feedback outcomes (Duncan-Johnson & Donchin, 1977; 

Hajcak, Holroyd, Moser, & Simons, 2005; Pfabigan, Alexopoulos, Bauer, & Sailer, 

2011; Wu & Zhou, 2009). Relatedly, the feedback-P3 has been associated with 

processing secondary features of feedback, such as reward magnitude (Nick Yeung 

& Sanfey, 2004), suggesting a greater depth of feedback processing than the RewP. 

Similar to the RewP, the P3 has also been related to learning after error feedback in 

situations involving relatively long ITIs (Chase, Swainson, Durham, Benham, & 

Cools, 2011).  

Common neural system for monitoring behavior? 

 Work investigating the neural basis of error detection, feedback processing, 

or even other work investigating conflict (Buzzell, Fedota, Roberts, & McDonald, 

2014; Buzzell, Roberts, Baldwin, & McDonald, 2013) or uncertainty (Buzzell et al., 
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2015) has suggested the presence of a common neural system dedicated to 

monitoring performance and recruiting cognitive control (Ridderinkhof et al., 2004; 

Shenhav, Botvinick, & Cohen, 2013). Within the scalp-recorded EEG, the pattern of 

electrophysiology following conflict, error-detection, or error feedback, is 

remarkably similar (Ullsperger et al., 2014). Nonetheless, key differences have been 

observed. First, while the difference between correct and error feedback has more 

recently been interpreted as a relative positivity for correct feedback (RewP), this 

interpretation has yet to be reliably extended to the response-locked ERN, though it 

has been suggested (Holroyd et al., 2008). Second, while both error-detection and 

the processing of error feedback elicit a centro-parietal positivity (Pe vs. P3), the 

sources of these components appear to differ. While the Pe appears to be accounted 

for mainly by a MFC source (Herrmann et al., 2004), the feedback-P3 appears more 

similar to the traditional stimulus-locked P3 and has a more diffuse source (Pascalis, 

Varriale, & D’Antuono, 2010). Nonetheless, the self-detection of errors or the 

processing of feedback have both generally been associated with a neural system 

that monitors behavior, in the service of improving task performance, at least in 

situations where ITIs are long. 

Error-detection doesn’t always lead to improved performance 

 Although psychological theory (Botvinick et al., 2001; Holroyd et al., 2008) 

has traditionally suggested that error-detection or feedback presentation leads to 

improved performance, this has not universally been observed. First, although it has 
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been shown that accuracy rates can increase after errors (Laming, 1968; Maier et al., 

2011), it has also been shown that accuracy rates can decrease after errors (Laming, 

1979). Additionally, while response slowing after errors has more commonly been 

interpreted as evidence for increased response caution (Dutilh et al., 2011; Ratcliff & 

McKoon, 2008), it has also been suggested that response slowing may actually 

reflect distraction (Notebaert et al., 2009). Behavioral investigations have suggested 

that these apparently contradictory findings may stem from low-level differences 

across tasks, such as the amount of time between trials (Jentzsch & Dudschig, 2009). 

Specifically, Jentzsch and Dudschig (2009) argue that the amount of time between 

an erroneous response and presentation of the stimulus on the next trial (response-

stimulus interval; RSI) determines whether distraction or control will be observed 

following error detection. In two separate studies, when RSI was manipulated to be 

as short as 50-250 ms, or as long as 1000 ms, it was found that increased slowing 

and reduced accuracy was only found at short RSIs (Dudschig & Jentzsch, 2009; 

Jentzsch & Dudschig, 2009). In contrast, only marginal slowing was observed when 

a long RSI followed errors. Jentzsch and Dudschig (2009) interpreted their data as 

evidence for error-detection causing an attentional bottleneck, which then leads to 

distraction on the next trial when RSIs are short.  

Similar to the finding that the self-detection of errors can lead to behavioral 

impairments on the subsequent trial, work has demonstrated that when feedback is 

presented immediately following error commission, performance is impaired on the 
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next trial when ITIs are less than ~600 ms (Houtman, Castellar, & Notebaert, 2012; 

Houtman & Notebaert, 2013a). The fact that a similar pattern of behavioral 

impairment is observed at short post-error intervals, regardless of whether 

feedback is presented or errors self-detected, suggests that a similar level of 

distraction can be caused by either error-detection or error feedback processing. 

However, with behavioral data alone, it is difficult to determine whether distraction 

following error feedback is the direct result of error feedback per se, and not just 

driven by the self-detection of errors prior to feedback presentation. Because error 

feedback is perfectly confounded with error commission (and presumably error-

detection) it is possible that error-detection alone leads to behavioral impairments 

on the next trial and feedback does not actually lead to distraction. A more general 

problem with interpreting behavioral data alone is that, while recent work 

demonstrating impaired performance following error-detection or error feedback is 

in line with such events causing an attentional bottleneck, direct evidence for such 

an attentional bottleneck remains absent in behavioral studies. An alternative 

interpretation of the behavioral data is that impaired performance following error-

detection or error feedback simply reflects a continuation of the failure that led to 

the error in the first place.  

 In an effort to provide direct evidence that error-processing causes an 

attentional bottleneck, Dudschig and Jentzsch (2009) manipulated the RSI following 

errors, while also collecting EEG data and analyzing the ERN as a measure of error 
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processing. Although increased PES (interpreted as an index of distraction) was 

identified at short RSIs, no relationship between the ERN and PES was identified; 

this finding would appear to contradict the bottleneck theory of error-detection. 

However, it important to note that this study did not analyze the Pe component; 

given that the Pe is arguably a more resource-intensive process (Ridderinkhof et al., 

2009a; Steinhauser & Yeung, 2010), it is reasonable to suggest that the Pe, not the 

ERN, would be the source of an attentional bottleneck following error-detection. It is 

also important to note that the study by Dudschig and Jentzsch (2009) did not 

investigate task-related attention following errors. Thus, it remains unclear if error-

detection is indeed the source of an attentional bottleneck or not.  

 A separate investigation by Castellar and colleagues (2010) explored 

whether feedback presentation, as opposed to error-detection alone, is directly 

related to distraction on the next trial. These researchers demonstrated that a 

feedback-elicited ERP component, interpreted as a P3a (see: Polich, 2007), was 

positively correlated with slowing after feedback. Given that the authors interpreted 

slowing as an index of distraction (Notebaert et al., 2009), these data are in line with 

the notion that feedback processing can directly lead to distraction, presumably 

through an attentional bottleneck. However, interpretation of this study is 

problematic for two reasons. First, it is not entirely clear exactly what component 

was elicited by feedback; although the authors refer to the elicited component as a 

“P3a”, analysis of the presented waveforms suggest that this component may 
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actually reflect the RewP. An additional problem with this study’s interpretation is 

that PES was used as an index of distraction, although the interpretation of PES has 

been mixed (Dutilh et al., 2011; Notebaert et al., 2009). Strong evidence that either 

feedback processing or error-detection leads to distraction can only come from 

measurement of accuracy or by directly studying the attentional systems of the 

brain. 

Task-related attention 

 In order to provide a more detailed investigation of whether error-detection 

or feedback processing leads to an attentional bottleneck, it is imperative to directly 

investigate the attentional systems of the brain. Top-down control of attention, 

specifically within the visual modality, has been well characterized for the human 

brain (Kastner & Ungerleider, 2000). Briefly, attention operates through either the 

enhancement of task-relevant information within sensory cortex or the suppression 

of task-irrelevant information. ERP studies have reliably demonstrated that, at least 

within the visual modality, effects of spatial attention (Hillyard, Vogel, & Luck, 

1998a) and feature-based attention for color (Zhang & Luck, 2009a) can arise as 

early as ~100 ms post-stimulus onset. Specifically, the effect of visual attention 

typically manifests as modulation of the lateral-occipital P1 component, an 

exogenous ERP component that is sensitive is to endogenous factors. It has been 

argued that attentional modulation of the P1 component can reflect either 

enhancement of task-relevant information (Hillyard et al., 1998a) or suppression of 
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task-irrelevant information (Moher, Lakshmanan, Egeth, & Ewen, 2014; Slagter, 

Prinssen, Reteig, & Mazaheri, 2016). Returning to the notion that either error-

detection or feedback processing may lead to an attentional bottleneck, a critical 

test of this theory would involve measurement of task-related attention following 

errors or feedback. If error-detection or feedback processing directly leads to an 

attentional bottleneck, than ERP activity related to error-detection (ERN, PE) or 

feedback processing (RewP, P3) should negatively predict task-related attention (as 

measured by modulation of the P1 component) on the subsequent trial. 

Alternatively, if task-related attention is impaired following errors or feedback 

presentation, but no relationship with error-detection or feedback processing is 

identified, then this would suggest that behavioral impairments following errors or 

negative feedback are not directly caused by error-detection or feedback processing. 

An alternative possibility would be that the same failure that leads to an error in the 

first place, such as mind wondering (Smallwood, Beach, Schooler, & Handy, 2007), 

continues past error-detection and leads to additional impairments on the next trial 

as well. Critically, ruling in favor of one of these alternative hypotheses is not 

possible with behavioral work alone and can only occur by directly measuring 

error-detection, feedback-processing and task-related attention on the subsequent 

trial. 

Common form of distraction following errors or feedback? 
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 It has been suggested that the human brain contains a common neural 

system for monitoring behavior (Ridderinkhof et al., 2004). However, as reviewed 

above, differences in how the performance-monitoring system processes self-

detected errors or external feedback have been demonstrated. Given recent work 

showing that error-detection and feedback processing may both lead to distraction, 

this raises the question of whether distraction is caused in a similar way by both of 

these types of events. It has recently been shown that the ERN is not related to 

distraction following errors (Dudschig & Jentzsch, 2009). However, if it is 

discovered that the Pe is predictive of distraction following errors, then one might 

expect a similar component associated with feedback processing, the feedback-P3, 

to also be predictive of distraction following feedback. Both the error-related Pe and 

feedback-P3 have been associated with cognitively demanding, resource-intensive 

processes (Kok, 2001; Ridderinkhof et al., 2009a; Steinhauser & Yeung, 2010; Nick 

Yeung & Sanfey, 2004). Given work demonstrating that when central resources are 

sufficiently taxed, top-down control of attention is impaired (de Fockert, Rees, Frith, 

& Lavie, 2001; Lavie, 1995), one might hypothesize that either the error-Pe or 

feedback-P3 would create an attentional bottleneck and be predictive of impaired 

task-related attention on the subsequent trial. If this were the case, then it would 

suggest a degree of similarity in how distraction is caused by either error-detection 

or feedback processing. However, it should also be noted that while several 

similarities between error-detection and feedback processing exist (Ullsperger et al., 

2014), one of the characteristic differences between error-detection and feedback 
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processing is the sensitivity of these processes to expectedness. Feedback-related 

brain activity (RewP, P3) has been shown to be influenced by expectedness on a 

trial-by-trial basis (Pfabigan et al., 2011; Proudfit, 2015; Wu & Zhou, 2009); in fact, 

the RewP is explicitly hypothesized to reflect a positive prediction error caused by 

unexpected positive events (Holroyd et al., 2008). In contrast, the relationship 

between error expectedness and error-related brain activity has primarily been 

studied on a global task level; when errors are less frequent overall, and presumably 

unexpected, they elicit increased MFC activity associated with error-detection 

(Brown & Braver, 2005). Thus, if the link between error-detection or feedback 

processing and subsequent task-related behavior is proven to differ, one source of 

this divergence may be differences in how error-detection vs. feedback processing 

are influenced by expectation. 

Overview of the dissertation studies 

 This dissertation presents two studies designed to explore the consequences 

of error-detection and feedback processing when the amount of time between trials 

is either short or long. EEG was recorded in order to determine whether task-

related attention is impaired after error-detection or feedback processing, and if 

such impairments are directly related to brain activity associated with the 

performance-monitoring system. Critically, both studies one and two employed 

difficult perceptual decision-making tasks in order to allow for the investigation of 

sensory-related attention following errors or feedback. In study one, the 
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relationship between error-detection and task-related attention on the subsequent 

trial was investigated. Study two built upon the first study by additionally probing 

how feedback can influence ongoing task performance. Study two used a similar 

task to that of study one; however, confidence reports were also acquired on each 

trial and feedback was presented after each response. Confidence reports were 

included in study two in order to investigate how feedback expectancy may 

influence the relationship between feedback processing and ongoing performance. 

Collectively, studies one and two allow for a detailed investigation of the 

relationship between the performance-monitoring system and ongoing task 

performance when the amount of time between trials is relatively short or long.  
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Study One: Error Detection Leads to Impaired Sensory Processing and Lower 

Accuracy When Response-Stimulus Intervals are Short 

 

 

  

Abstract 

A widely held belief is that detecting one’s own mistakes serves as a signal to 

improve task performance. However, little work has focused on how task 

constraints, such as the response-stimulus interval (RSI), influences post-error 

adjustments. In the present study, event-related potential (ERP) and behavioral 

measures revealed that errors lead to a marked reduction in task performance on 

the next trial when RSIs are short (< 533 ms), but that such impairments disappear 

at longer RSIs (> 866 ms). Critically, diminished sensory processing at short RSIs, 

measured by the stimulus-evoked P1 component, was predicted by an ERP measure 

of error processing, the Pe component. These results suggest that error detection 

leads to an attentional bottleneck, which can impair performance on subsequent 

trials that occur in short succession. Counterintuitively, the findings demonstrate 

that the neural system dedicated to monitoring and improving behavior can 

sometimes be the source of performance failures. 
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Introduction 

Established psychological theories and empirical evidence (Botvinick et al., 

2001; Holroyd & Coles, 2002) suggest that the detection of our mistakes serves as a 

signal to adapt and improve ongoing behavior. However, the notion that errors 

universally lead to enhanced cognitive control has recently been challenged 

(Jentzsch & Dudschig, 2009; Notebaert et al., 2009), leading to controversy over 

whether error detection always leads to improved performance. Missing from the 

literature is a detailed investigation of how errors influence task-related neural 

processing when the time between the error and the subsequent stimulus 

(response-stimulus interval; RSI) is short, which is only possible through direct 

neural recordings that afford high temporal precision, such as event-related 

potentials (ERPs). The current report provides detailed characterization of post-

error behavior at relatively short (200-533 ms) and long (866-1200 ms) RSIs, along 

with direct neurophysiological assessment of both error-related processing on the 

error trial and task-related attention following errors. 

 Error commission is typically followed by a slowed behavioral response on 

the subsequent trial, a phenomenon referred to as post-error slowing (PES) 

(Rabbitt, 1966). Additionally, accuracy sometimes increases following errors 

(Danielmeier, Eichele, Forstmann, Tittgemeyer, & Ullsperger, 2011; Laming, 1968), 

although accuracy decreases after errors have also been observed (Jentzsch & 

Dudschig, 2009; Rabbitt & Rodgers, 1977). It has been suggested that PES could 
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reflect a continued lapse in performance that led to the error in the first place 

(Gehring, Goss, Coles, Meyer, & Donchin, 1993), or that slowing may reflect 

distraction caused by orienting to the error itself (Notebaert et al., 2009). However, 

the most common interpretation presented in the literature, at least when RSIs are 

relatively long (> 1000 ms), is that error detection leads to the instantiation of 

control (Botvinick et al., 2001; Dutilh et al., 2011; Ratcliff & McKoon, 2008). 

 Support for the notion that error detection engages compensatory control at 

relatively long RSIs has been accumulated (Carter et al., 1998; Danielmeier et al., 

2011; Gehring et al., 1993; Nick Yeung, Botvinick, & Cohen, 2004). It has been shown 

that error-commission is associated with activation of the medial-frontal cortex 

(MFC), observable in functional magnetic resonance imaging (fMRI) (Ridderinkhof 

et al., 2004), or in ERP recordings as the fronto-central error-related negativity 

(ERN), followed by the centro-parietal error positivity (Pe) (Ullsperger et al., 2014). 

Source-localization suggests that the ERN and Pe both have generators within the 

MFC (Herrmann et al., 2004). Additionally, fMRI and ERP evidence have linked 

error-related activity within the MFC to post-error slowing (Botvinick et al., 2001), 

accuracy increases (Maier et al., 2011) and enhancement of task-relevant sensory 

processing (King, Korb, von Cramon, & Ullsperger, 2010a). However, it is important 

to note that all of these investigations employed RSIs greater than approximately 

1000 ms. Therefore, existing support for the notion that errors can lead to increased 

control have not fully described the time course of this process, leaving open the 
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question of whether error-induced control is limited to situations in which RSIs are 

relatively long. As decisions must often be made in a rapid, sequential fashion, it is 

imperative to understand the temporal constraints of error-induced control. 

Key challenges to the notion that errors universally lead to control have 

come from novel behavioral manipulations. Notebaert and colleagues (2009) 

demonstrated that if correct trials are less frequent than errors, post-correct 

slowing is observed rather than post-error slowing. As it is unclear why it would be 

advantageous to exert more control after a correct trial, relative to an error trial, the 

result of Notebaert et al. (2009) suggests that previously reported PES effects may 

reflect distraction caused by orienting to an infrequent event, which happen to be 

errors in many experimental paradigms. Similarly, Jentzsch and Dudschig (2009) 

directly investigated how RSI influences post-error behavior. They report that at 

RSIs less than ~500ms, errors led to the greatest levels of PES, combined with a 

reduction in post-error accuracy (PEA), while at RSIs of 1000ms PEA did not 

significantly differ. Taken together with the work by Notebaert and colleagues 

(2009), these data suggest that error-detection leads to distraction at relatively 

short RSIs (increased PES, reduced PEA), potentially as the result of attentional 

orienting toward the error, and possibly leads to instantiation of control at longer 

RSIs (increased PEA). However, these data also raise two important questions: First, 

if an attentional bottleneck occurs immediately following errors at short RSIs, then 

what is the source of this bottleneck? Second, given that errors are known to elicit 
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up-regulation of task-relevant brain regions at long RSIs (King et al., 2010a), would 

impairments in task-relevant brain regions be observed at short RSIs? 

Theoretical models of executive control suggest that in order to adequately 

perform a difficult perceptual decision-making task, enhanced attentional control 

over sensory cortex is required (de Fockert et al., 2001; Lavie, 1995). If errors lead 

to distraction at short RSIs, then one candidate process that might be impaired, at 

least in a difficult sensory discrimination task, is sensory-related attention. One of 

the earliest ERP components that is consistently influenced by spatial attention 

(Hillyard et al., 1998a) and feature-based attention for color (Zhang & Luck, 2009b) 

is the lateral-occipital P1 component. Thus, if errors lead to distraction at short RSIs, 

one might expect this failure to manifest as a diminishment of the P1 component on 

post-error trials. Further, if such distraction is caused by the error itself, reductions 

in the P1 component should be directly predicted by the magnitude of error-related 

processing. In contrast to the ERN, the Pe appears to be a good candidate for driving 

such distraction, given that this component has been linked to the resource-

intensive process of consciously deciding whether an error has occurred 

(Nieuwenhuis et al., 2001; Steinhauser & Yeung, 2010). 

 In the present investigation, participants performed a difficult color-

discrimination task in which post-error behavior and electrophysiological responses 

were compared at relatively short (200 – 533 ms) and long (866 – 1200 ms) RSIs. In 

line with recent investigations, we predicted that PES increases and PEA decreases 
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would be maximal at short RSIs. In contrast, we expected PEA decreases to be less 

pronounced (or even increase) at longer RSIs, consistent with control accounts of 

post-error behavior. Critically, we also expected the stimulus-locked P1 following 

errors to be diminished at short RSIs, suggesting an impairment in sensory 

attention, but that impairments would be alleviated at longer RSIs. In accordance 

with the notion that errors directly cause such distraction, we hypothesized that 

attentional impairments at short RSIs would be negatively correlated with the 

magnitude of error-related processing on the previous trial, as indexed by the Pe 

component of the ERP. 

Methods 

Participants 

Twenty-five students from George Mason University participated in the 

study in exchange for course credit. One participant was removed due to noisy EEG; 

one participant was removed due to low accuracy (accuracy below 60%; 2 SD below 

the mean). A total of 23 participants (8 male, M age = 22.0, SD = 5.0) remained for 

behavioral and electrophysiological analyses. All participants were right-handed, 

were tested to ensure normal (or corrected-to-normal) visual acuity and color 

vision, had no known neurological deficits, and were not currently taking any 

medications known to affect the central nervous system. All participants provided 

written informed consent prior to participation, and all procedures were approved 

by the George Mason University Office of Research Integrity & Assurance. 
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Procedure and task design.  

Participants performed a difficult 2-choice perceptual decision-making task, 

in which the color of two simultaneously presented concentric circles had to be 

discriminated. On each trial, two concentric circles were presented for 200 ms and 

participants were required to respond with the index finger of one hand if the 

circles were the same color, and the index finger of the other hand if the circles were 

different colors; stimuli were the same color on 50% of trials. The response-

mappings between stimuli and hand were counterbalanced across individuals. 

Participants were instructed to respond as quickly and accurately as possible prior 

to a 2000 ms response deadline. If participants responded after the 2000 ms 

response deadline, a “too slow” message appeared on the screen and this trial (and 

the subsequent trial) was removed from further analyses. Additional feedback was 

provided during practice sessions, however, no other trial-wise feedback was 

provided during the experimental task. Following response, a randomly selected RSI 

preceded the presentation of the subsequent trial; RSIs were drawn from a flat 

distribution ranging from 200-1200ms. These RSI values are based on previous 

research investigating the influence of RSI on PES and PEA (Dudschig & Jentzsch, 

2009; Jentzsch & Dudschig, 2009). Participants completed 20 experimental blocks 

consisting of 84 trials each (1680 trials total). In order to minimize fatigue, a 

mandatory 30-second break was taken after each block. Additionally, participants 

performed a passive version of the task every six blocks, in which only a simple 
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response was made to stimulus presentation and no discrimination was required; 

analysis of this passive task is not discussed here.  

 

 

 

 

 

 

 

 

Figure 1. Experimental paradigm for study one. Note that the relative stimulus size 

and contrast were increased for presentation purposes. 

 

Prior to completing the experimental task, participants practiced 20 trials of 

an easy version of the task, with accuracy feedback after every trial. Participants 

then completed 80 trials of an adaptive version of the task (without feedback) in 

order to titrate task difficulty (difference in hue between the two concentric circles) 

to ~80%. Following the titration procedure, participants practiced 40 trials of the 

experimental task (without feedback); if performance was not within �5% of the 

desired 80% accuracy, then the calibration procedure was performed a second time 
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in order to ensure ~80% accuracy for all participants. Participants were then fitted 

with an EEG cap while they completed a series of questionnaires. Following cap-

prep, resting state EEG (eyes-open and eyes-closed) was recorded and an additional 

practice task (40 trials, without feedback) was completed prior to the beginning the 

experimental task. Following task completion, an additional series of questionnaires 

was completed and participants were debriefed. 

Stimuli. 

Stimuli consisted of a green (8-bit sRGB: r = .118, g = .392, b = 0; cd/m2 = 

54.846) circle (subtending 2 degrees) with a smaller circle (subtending 1.12 

degrees) superimposed within the center of the larger circle. The smaller circle 

could either be the same color as the larger circle, or differ slightly in hue as to 

appear slightly yellowish-green (mean 8-bit sRGB: r = .144 g = .384, b = 0; cd/m2 = 

54.854). Stimuli were presented on a grey background (cd/m2 = 38.72) within the 

center of a light grey box (cd/m2 = 70.41), subtending 3.75 by 3.75 degrees, which 

remained on screen throughout each experimental block. The difference in hue 

between the “same” and “different” stimuli were titrated for each participant in 

order to achieve ~80% accuracy using the QUEST psychophysical threshold 

procedure (Brainard, 1997; Kleiner, Brainard, & Pelli, 2007; Pelli, 1997). The “same” 

and “different” stimuli were closely matched for luminance; across participants, the 

average difference in luminance was .008 cd/m2. A control analysis of the “same” 

and “different” stimuli confirmed no significant differences in terms of their elicited 
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P1 response (p = .997; see appendix A). Stimuli were generated using the MATLAB 

programming environment (MathWorks, Natick, MA), Psychtoolbox functions 

(Brainard, 1997; Kleiner et al., 2007; Pelli, 1997), and custom MATLAB scripts. 

Stimuli were presented on a standard LCD desktop monitor. 

EEG recording procedures 

EEG data were collected using a Neuroscan SynAmps2 amplifier and SCAN 

4.01 acquisition software (Compumedics, North Carolina, USA). Data were collected 

from 64 in-cap Ag/AgCl electrodes, following the extended 10-20 arrangement, and 

two additional electrodes placed over the left and right mastoids. In addition, 

electrooculogram (EOG) data were collected from two pairs of bipolar electrode 

montages located above and below the left eye, as well as over the outer canthus of 

each eye. During data acquisition, the 64-in cap electrodes, as well as the two 

mastoid electrodes, were referenced to an in-cap reference located between 

electrodes Cz and CPz. All electrodes were recorded using an in-cap ground located 

just anterior to Fz. EEG data were collected at a sampling rate of 1000 Hz and using 

an online bandpass filter of .1-250 Hz. Impedance for all electrodes was maintained 

below 5 kΩ throughout the recording session. 

Behavioral analyses 

For all analyses, trials in which participants did not respond, responded 

before 150 ms, or after the 2000 ms response deadline were removed from the 
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analyses. Overall accuracy, as well as correct and error response times (RT) were 

calculated; RT for correct and error responses were statistically compared using a 

repeated-measures t-test. PES was defined as the percentage change in RT for 

correct trials following errors, relative to each individual’s baseline RT for correct 

trials following correct responses. Similarly, PEA was defined as the percentage 

change in accuracy for responses following errors, relative to each individual’s 

baseline accuracy for responses following correct trials. PES and PEA were 

separately calculated for short (200-533 ms) and long (866-1200 ms) RSIs. The 

range of RSI values for short and long RSI trials reflect the upper and lower tertile of 

all possible RSI values. Binning RSIs into tertiles and analyzing the upper and lower 

tertile allowed us to maximize signal-to-noise ratio, as well as increase the 

likelihood of identifying an effect of RSI. A pair of repeated-measures t-tests was 

used to test whether PES or PEA differed at short vs. long RSIs.  

EEG processing 

Following data acquisition, all in-cap electrodes were re-referenced to the 

average of the left and right mastoid recordings and linearly detrended to remove 

large drifts. Data were low-pass filtered at 40 Hz, using a Butterworth filter (Lopez-

Calderon & Luck, 2010) and then down-sampled to 500 Hz. In order to remove 

ocular artifacts and additional noise, independent component analysis (ICA) 

decomposition was run on an identical data set to the one used for ERP analyses, 

with the addition of a 1 Hz high-pass filter (Debener, Thorne, Schneider, & Campos 
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Viola, 2010). Prior to ICA decomposition, this data set was segmented into 1000 ms 

epochs; to improve ICA decomposition, an initial automated rejection of noisy EEG 

data was performed using a combined voltage threshold rejection of �1000 µV to 

remove channel pop-offs and spectral threshold rejection using a 30 dB threshold 

within the 20-40 Hz band to remove EMG-like activity (EEGLAB pop_rejspec 

function; Delorme & Makeig, 2004). If artifact rejection led to more than 20% of 

epochs being rejected for a given channel, this channel was removed from both the 1 

Hz high-pass data set and the .1 Hz high-pass ERP data set; missing channels were 

not interpolated prior to ICA decomposition. Following ICA decomposition, 

identified ICA components in the 1 Hz high-pass filtered dataset were then copied to 

the original, .1 Hz high-pass ERP data set; all further analyses were performed on 

the .1 Hz high-pass ERP data set.  

The .1 Hz high-pass ERP data set was epoched from -200 to 800 ms relative 

to all stimulus and response markers. Automated detection and removal of 

artifactual independent components (ICs), using combined analysis of spatial and 

temporal features, was accomplished using the ADJUST toolbox (Mognon, Jovicich, 

Bruzzone, & Buiatti, 2011). Following removal of artifactual ICs, automated rejection 

of any remaining noisy EEG data was performed using a voltage threshold rejection 

of �100 µV. If the threshold rejection led to more than 10% of epochs being rejected 

for a given channel, this channel was removed from the data set. Any missing 

channels were then interpolated using spherical interpolation. Next, spherical spline 
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surface Laplacian (current source density; CSD) estimates were calculated using the 

CSD toolbox; electrode locations were defined using the standard montage defined 

by the CSD toolbox, “10-5-System_Mastoids_EGI129.csd” (Kayser & Tenke, 2006). All 

subsequent ERP analyses were performed on the surface Laplacian estimates 

(μV/m2) and not the raw voltage waveforms (μV). Stimulus and response-locked 

ERP waveforms were baseline corrected to a -200 to 0 ms baseline period. 

 The Laplace transform was used in order to separate cortical sources and to 

attenuate volume conduction (Kayser & Tenke, 2006; Nunez, 2005). The attenuation 

of volume conduction is especially important at short RSIs, given the temporal 

overlap in error-related processing in fronto-parietal cortical regions and 

subsequent stimulus-related processing in lateral-occipital regions. Through the use 

of the Laplace transform, it is possible to separate this activity; this assumption was 

confirmed by testing for significant differences in the pre-stimulus baseline at short 

RSIs (see appendix A). 

ERP analyses 

Stimulus-locked P1. Similar to traditional analyses of post-error behavior 

(Dutilh et al., 2011), analysis of stimulus-locked ERP data consisted only of correct 

trials that were preceded by either a correct or error response. The electrode 

location and temporal peak of the P1 component were identified in the grand-

average ERP waveforms (collapsed across all subjects and conditions) in order to 

avoid biasing the analysis towards electrodes or time windows in which 
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experimental effects were maximal. In line with previous work, this process 

identified a peak over lateral-occipital cortex (electrode PO8) at 146 ms post-

stimulus. Therefore, for each condition of interest, the P1 component was quantified 

as mean μV/m2 during a 40 ms window (122-166 ms) at electrode PO8 and PO7 

(electrode PO7 was including in the analysis to explore any possible laterality 

effects). In order to test whether task-related attention was impaired following 

errors, the P1 component was analyzed using a 3-way, previous accuracy (correct, 

error) by RSI (short, long) by electrode (PO7, PO8) ANOVA, with current correct 

trial P1 mean μV/m2 (126-166 ms) at PO7 and PO8 as the dependent variable. 

Consistent with the behavioral analyses, short RSIs were defined as ranging from 

200-533 ms, and long RSIs were defined as ranging from 866-1200 ms.  

Response-locked ERN and Pe. Mirroring the analysis of stimulus-locked 

and behavioral data, analysis of response-locked data consisted of only correct or 

error responses that were followed by a correct response. In order to identify the 

ERN and Pe, a difference wave between response-locked error and correct trials was 

calculated. The ERN was identified as being maximal at electrode Cz, with a peak at 

26 ms post-response; ERN was therefore defined as mean μV/m2 during a 40 ms 

window (6-46 ms) at electrode Cz. The Pe was identified as being maximal at 

electrode Pz, with a peak at 446 ms post-response; Pe was therefore defined as 

mean μV/m2 during a 100 ms window (396-496 ms) at electrode Pz. Testing for 

significant ERN and Pe accuracy effects were not primary interests of the current 
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report, as these are well-established ERP components that are known to 

significantly differ between error and correct responses. Nonetheless, to confirm 

that the ERN and Pe were reliably modulated in the current study, they were 

investigated with a pair of repeated-measures t-tests comparing error and correct 

responses. 

Analyses of brain-behavior relationships 

In order to test whether error-related processing was predictive of post-

error attention (P1 modulation) and behavior (PES, PEA), we tested for a series of 

correlations between the ERN/Pe and P1/PES/PEA across subjects, at both short 

and long RSIs. Error minus correct data for the ERN and Pe was separately pulled 

for trials that preceded short and long RSIs at the location and time window 

described above. Similarly, post-error minus post-correct P1 data (collapsed across 

electrodes PO7 and PO8) were separately pulled for trials that followed short and 

long RSIs. The time window in which P1 was analyzed is described above; P1 data 

were collapsed across electrodes PO7 and PO8 for the correlational analysis, given 

that the analysis of the P1 data identified no interactions with electrode location 

(see “results” section). We tested whether the ERN correlated with P1, PES or PEA at 

either short, or long RSIs. Similarly, we tested whether the Pe correlated with P1, 

PES or PEA at either short or long RSIs. Thus, four “families” of Pearson product-

moment correlations were tested and a Bonferroni correction was applied within 

each family of correlation tests. 
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Results 

Behavioral data 

Overall accuracy was 78.16% (SE = 1.58%). Mean correct trial RT was 613.38 

ms (SE = 16.64 ms), while mean error RT was 607.33 ms (SE = 26.69 ms); correct 

and error RTs did not differ significantly, t(1,22) = .54, p = .593). PES was 

significantly greater at short RSIs (3.50%, SE = .91%), compared to long RSIs (-.48%, 

SE = .70%), t(1,22) = 3.54, p = .002). Similarly, PEA was significantly lower at short 

RSIs (-11.92%, SE = 1.94%), compared to long RSIs (-6.30%, SE = 2.06%), [t(1,22) = 

-2.11, p = .047)]. This pattern of results is in line with the notion that errors can lead 

to distraction, especially when RSIs are short.   
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Figure 2. Post-error behavior. Post-error slowing (PES) and post-error accuracy 

(PEA) at short and long response-stimulus-intervals (RSI). PES and PEA were 

quantified as a percentage change, relative to post-correct behavior. 

 

 

 

 

Electrophysiology 

Stimulus-locked P1. Analysis of the P1 component revealed a main effect of 

RSI, F(1,22) = 6.62, p = .017. Additionally, a main effect of electrode was identified, 

with the P1 component being larger at electrode PO8, F(1,22) = 8.21, p = .009; 

electrode location did not significantly interact within any other effects. Critically, an 

interaction between previous accuracy and RSI was identified, F(1,22) = 4.47, p = 

.046. This interaction demonstrates that beyond any main effect of RSI, errors lead 

to greater reduction of the P1 at short, but not long RSIs. Follow-up t-tests 

(collapsed across PO7 and PO8) revealed that the P1 component was significantly 

smaller following errors (21.44, SE = 3.02), compared to correct responses (24.33, 
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SE = 3.29), at short RSIs, t(1,22) = -2.11, p=.031. In contrast, the P1 component was 

not significantly different following error (19.62, SE = 3.33) and correct (19.78, SE = 

3.27) responses at long RSIs, t(1,22) = .17, p = .865. This pattern of results is 

consistent with the notion that errors cause an attentional bottleneck, which leads 

to distraction (impairment of task-related attention) at short RSIs.  
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Figure 3. P1 modulation as a function of previous accuracy and RSI. P1 ERP 

components and topographic plots for the P1 component at electrodes PO7 and PO8 

following short (A) and long (B) RSIs. Shaded regions reflect the analysis window of 
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the P1 component; topographic plots depict average amplitude during the analysis 

window. 

Response-locked ERN and Pe. The presence of a significant accuracy effect 

for the ERN and Pe was tested with a pair of repeated-measures t-tests comparing 

error and correct responses (regardless of whether the subsequent ITI was long or 

short). The ERN was significantly more negative on error (-9.32, SE = 1.76), 

compared to correct (-4.71, SE = 1.84) responses, t(1,22) = -3.00, p = .007. The Pe 

was significantly more positive on error (.28, SE = 2.42), compared to correct (-7.22, 

SE = 2.36) responses, t(1,22) = 4.69, p < .001. 
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Figure 4. Response-locked error-related ERP activity. ERP and topographic plots of 

the ERN (A) and Pe (B). Shaded regions reflect the analysis window of the ERP 

components; topographic plots depict average amplitude of the difference wave 

during the analysis window. 
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Relationship between error-monitoring and post-error trial 

 We tested whether either of the error-related components (ERN and Pe) 

were predictive of task performance following errors (P1, PEA, PES) across subjects, 

at short and long RSIs. Critically, the Pe was negatively correlated with the 

amplitude of the P1 component on the next trial at short (r = -.588 Bonferroni 

corrected p = .009), but not long (r = .021, Bonferroni corrected p > .999) RSIs; no 

other significant correlations were identified (all corrected p >. 129). Taken 

together with literature linking the Pe to conscious deliberation over whether an 

has error occurred (Nieuwenhuis et al., 2001; Steinhauser & Yeung, 2010), the Pe-

P1 link suggests that the depth of error processing directly predicts whether errors 

will be distracting at short RSIs. In contrast, at both short and long RSIs, the ERN 

was unrelated to post-error attention or behavior. Taken together with previous 

literature on the ERN (Steinhauser & Yeung, 2010), this suggests that the initial 

salience and conflict processing associated with error commission is unrelated to 

post-error distraction.  
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Figure 5. Relationship between Pe and P1. Scatterplot depicting significant negative 

correlation (r = -.588 Bonferroni corrected p = .009) between the Pe difference wave 

(error minus correct) and P1 difference wave (post-error minus post-correct). 

 

 

We were careful to test for, and rule out, several possible confounds that 

could yield an apparent relationship between the Pe and P1. See appendix A for 

tests of whether the Pe-P1 relationship is due to shared volume conduction, a 

baseline shift in the P1, individual differences in accuracy rates, or an overall lapse 

in attention. Critically, no evidence for any of the potential confounds was identified.  

Discussion 

 The present study provides evidence that the detection of errors can lead to a 

failure of task-related attention on subsequent trials. At short RSIs, a marked 

reduction in both post-error accuracy and task-related attention, as indexed by the 

P1 component, was observed. Moreover, individual differences in P1 diminution 

were correlated with increased amplitude of the Pe component, a well-established 
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index of error processing. These results suggest that error detection leads to an 

attentional bottleneck, due to resources being devoted to deciding whether an error 

was made (Steinhauser & Yeung, 2010), which leads to distraction at short RSIs. It is 

important to note that no evidence of increased control was observed in our data 

set, even at long RSIs. However, given that at longer RSIs disruptions to the P1 were 

absent and PEA was significantly higher (though still lower than following correct 

responses), it is possible that errors could lead to increased control at even longer 

RSIs, or in a different type of task. Nonetheless, the present results provide strong 

evidence that errors do not categorically lead to increased control and are 

suggestive of competing processes of distraction and control following errors.  

 The observed pattern of behavioral results, as a function of RSI, is consistent 

with several recent behavioral studies investigating the influence of RSI on post-

error behavior. Specifically, when RSIs are less than approximately 500 ms, 

increased PES and reduced PEA have been observed (Houtman & Notebaert, 2013b; 

Jentzsch & Dudschig, 2009; Van der Borght, Braem, Stevens, & Notebaert, 2016). The 

current set of results extends previous behavioral work in two important ways. 

First, in the present study RSI was manipulated within blocks, preventing a change 

in global strategy or confound of arousal differences across blocks. Second, the 

current study measured sensory attention on post-error trials, using a technique 

with high temporal resolution, allowing more direct insight into the nature of post-

error distraction. The error-related reduction in the P1 component at short, but not 
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long RSIs, suggests that errors cause an attentional bottleneck that impairs 

subsequent task performance at short RSIs.  

 The observed correlation between the error-evoked Pe and the subsequent 

stimulus-locked P1 suggests a mechanism that drives distraction after errors at 

short RSIs. While the ERN is believed to reflect the fast, unconscious detection of 

conflict associated with errors (Steinhauser & Yeung, 2010), the Pe has been argued 

to reflect a more resource-intensive process, associated with error awareness 

(Nieuwenhuis et al., 2001). Similar to the P3b, it has been argued that the Pe reflects 

either the motivational salience of an error (Ridderinkhof, Ramautar, & Wijnen, 

2009b) or the accrual of evidence in order to decide whether an error was made 

(Steinhauser & Yeung, 2010); both of these processes likely place a high demand on 

central resources. We therefore suggest that distraction at short RSIs is the direct 

result of central resources being taxed by error-related processing, consistent with 

work demonstrating that selective attention can be impaired when central-

resources are occupied (de Fockert et al., 2001; Lavie, 1995). In line with this notion, 

the general time course during which the Pe component was maximal (396-496 ms 

post-response) is consistent with the time range in which distraction occurred (200-

533 ms post-response). 

Expanding on the notion that error-processing leads to sensory impairment, 

one possible explanation for a reduced P1 after errors may be that deciding whether 

an error was made limits the ability to implement top-down control over sensory 
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cortex on the subsequent trial; that is, the P1 reduction may reflect a lack of 

enhancement of sensory processing. Alternatively, the motivational salience of 

errors (Ridderinkhof et al., 2009b) may lead to a prioritization of error-related 

processing, through active suppression of other task-related processes, including 

stimulus processing (P1) on the next trial; that is, the P1 reduction may reflect 

active suppression of sensory processing. While the current results are not able to 

definitively rule in favor of either of these possibilities, recent ERP investigations of 

attention increasingly link P1 modulation to attentional suppression (Moher et al., 

2014; Slagter et al., 2016). Thus, we would tentatively suggest that the attentional 

bottleneck caused by error processing leads to impaired task performance through 

active suppression of task-relevant information on the subsequent trial. However, 

future research will be needed to provide evidence confirming this hypothesis. 

The fact that error detection was negatively correlated with task-related 

attention following errors, but unrelated to post-error accuracy, is consistent with 

work demonstrating that at least two separable processes follow error-detection 

(Danielmeier & Ullsperger, 2011; Maier et al., 2011). Whereas impairments in 

sensory processing would presumably lead to reduced accuracy, increases in PES 

would presumably allow more time for a correct response to be generated; this 

notion has recently been corroborated by joint work investigating humans and non-

human primates (Purcell & Kiani, 2016). Therefore, although error-detection was 

negatively correlated with task-related attention in the present study, a negative 
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correlation with accuracy may have been obscured by the presence of post-error 

slowing. Critically, the present report is the first study to demonstrate that error 

detection itself, as measured by the Pe, can directly lead to impaired task-related 

attention (P1 modulation) at short RSIs.  

 Previous work using tasks with long RSIs has provided evidence that errors 

can lead to enhanced activation in task-relevant cortical regions (Danielmeier et al., 

2011; King et al., 2010a) and increased accuracy (Maier et al., 2011) when RSIs are 

greater than approximately 1000 ms. In the present study, no evidence for an 

increase in control was observed in terms of behavior (PES, PEA) or task-related 

attention (P1 modulation), even at long RSIs. One explanation for the discrepancy 

across studies is that control following errors is more predominant within tasks that 

involve a high degree of response conflict, such as the Eriksen flanker task (Eriksen 

& Eriksen, 1974a). Alternatively, it is possible that, at least for perceptual 

discrimination tasks, the instantiation of control following errors requires even 

longer RSIs. Other work has suggested that the ability to exert control following 

errors, is dependent on anxiety levels of participants (Moran, Bernat, Aviyente, 

Schroder, & Moser, 2015). In line with this notion, a recent behavioral study 

demonstrated that both anxious and non-anxious individuals exhibit distraction 

after errors when RSIs are short, whereas at longer RSIs only non-anxious 

individuals exerted control (Van der Borght et al., 2016). An interesting line of 
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future research would be to investigate how anxiety or other psychological factors 

mediate the Pe-P1 relationship, as a function of RSI.  

In conclusion, the present results demonstrate that error detection can 

directly lead to an impairment in task-related attention when RSIs are relatively 

short (<533 ms). Critically, the depth of error processing, as indexed by the Pe 

component, negatively predicts the degree to which task-related attention is 

impaired on subsequent trials. These results suggest that error-processing is a 

resource-intensive process, which creates an attentional bottleneck; that is, the very 

system dedicated to monitoring and improving behavior can sometimes be the 

source of impaired performance.  
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Study Two: Reward Positivity Negatively Correlates with Subsequent Task 

Performance and Sensory Attention When ITIs are Short 

 

 

 

Abstract 

Extensive research has focused on how feedback-evoked brain activity is 

related to learning and improved performance overtime. However, the majority of 

research investing how feedback processing influences subsequent performance has 

been limited to situations in which ample time is allotted between trials. It remains 

unclear how external feedback, and the expectancy of such feedback, influences 

subsequent performance when trials are closely spaced. In the current study, EEG 

was recorded while participants performed a perceptual decision-making task in 

which decision confidence was reported on each trial, followed by external feedback 

of performance accuracy. Critically, the amount of time between feedback offset and 

the subsequent trial was varied in order to investigate the effect of feedback valence 

and feedback expectancy when ITIs were relatively short (200-533 ms) or long (866 

– 1200 ms). In an analysis of feedback valence, it was found that error feedback was 

followed by reduced accuracy and increased slowing at short ITIs, although 

performance decrements were not directly correlated with error feedback event-

related potential (ERP) components. In a separate analysis of expected and 

unexpected correct feedback only, magnitude of the positive prediction error 
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elicited by unexpected-correct feedback, indexed by the reward positivity (RewP), 

predicted impaired sensory attention, as reflected by P1 component amplitude, and 

accuracy on the subsequent trial. Together, these data suggest that the processing of 

external feedback can sometimes lead to performance failures due to an attentional 

bottleneck.  
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Introduction 

Traditionally, the self-detection of errors or the processing of feedback 

information has been associated with a neural system that is dedicated to 

monitoring and improving goal-directed behavior. It has been shown that 

participants can improve performance after error detection (Botvinick et al., 2001) 

or are able to learn from feedback (Holroyd & Coles, 2002). However, such 

investigations have almost exclusively focused on situations and tasks in which the 

time between events (Inter-trial-interval; ITI) is relatively long (> 1000 ms). In 

contrast, the real world does not always present us with such neatly spaced events, 

begging the question of performance dynamics within more hurried situations. The 

present electroencephalography (EEG) study employed a unique design in order to 

understand how feedback valence (error vs. correct) and feedback expectancy (sure 

vs. unsure) influence subsequent behavior at short (200-533 ms) or long (866-1200 

ms) ITIs.  

 The presentation of feedback signifying that a correct response has been 

made, or that a reward will be received, is associated with a fronto-central positivity 

in the correct minus error difference wave of the event-related potential (ERP), 

termed the reward positivity (RewP; Proudfit, 2015). Briefly, the RewP has 

traditionally been referred to as a relative negativity for error feedback (Miltner et 

al., 1997). However, subsequent research has demonstrated that the negativity 

observed for error trials reflects an N200-like response, which, for correct trials, is 
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diminished as a result of an opposing positivity of comparable latency (Holroyd et 

al., 2008; Proudfit, 2015). Of note, theories of RewP explicitly predict that it is the 

unexpectedness of correct feedback that primarily drives increases in RewP 

amplitude, given the hypothesized link between the RewP and phasic dopamine1 

changes (Holroyd & Coles, 2002; Holroyd et al., 2008). Consistent with a 

dopaminergic basis, the RewP has been shown to act as a learning signal to improve 

task performance (Cohen & Ranganath, 2007; Holroyd & Coles, 2002; Holroyd, 

Krigolson, Baker, Lee, & Gibson, 2009; Krigolson, Pierce, Holroyd, & Tanaka, 2008). 

A second ERP component that is typically visible in the feedback-locked ERP is a 

centro-parietal positivity that is also sensitive to feedback expectedness (Duncan-

Johnson & Donchin, 1977; Hajcak et al., 2005; Pfabigan et al., 2011; Wu & Zhou, 

2009), though not exclusively for unexpected correct feedback. Similar to the RewP, 

the feedback-P3 has also been linked to feedback-based behavioral changes (Chase 

et al., 2011). However, it is important to note that the majority of work investigating 

how the RewP and P3 relate to task performance has focused on block-wise 

improvements over time and using tasks with relatively long ITIs (>1000 ms). 

Investigation of how feedback processing is related to trial-level changes, at short 

ITIs, is relatively unexplored. 

The fact that individuals are able to use external feedback, as indexed by the 

RewP or P3, in order to improve behavior is similar to findings that the self-

                                                        
1 It should be noted that the neuropharmacology of the RewP remains debated (Jocham & Ullsperger, 

2009). 
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detection of errors can be associated with improved performance on subsequent 

trials (Botvinick et al., 2001). For example, in tasks using relatively long ITIs (>1000 

ms), error detection has been associated with increased accuracy following errors 

(post-error accuracy; PEA) (Maier et al., 2011), or enhancement of task-relevant 

cortical regions (Driel, Ridderinkhof, & Cohen, 2012; King, Korb, von Cramon, & 

Ullsperger, 2010b). However, it has more recently been suggested that errors do not 

always lead to improved performance. Research by Jentzsch and Dudschig (2009) 

demonstrated that when ITIs are short (<500 ms) PEA is decreased, whereas only at 

longer ITIs (1000 ms) is PEA non-significantly increased. Similarly, research has 

shown that when feedback is immediately presented following a response, PEA is 

reduced when ITIs are less than approximately 600 ms (Houtman et al., 2012; 

Houtman & Notebaert, 2013a). These findings are consistent with the notion that 

either internally detected errors or external feedback can cause an attentional 

bottleneck, leading to impaired performance on subsequent trials for several 

hundred ms. However, given that feedback was immediately presented in these 

latter studies, it is difficult to rule out the fact that error processing, and not 

feedback processing, directly led to subsequent distraction after errors. In order to 

determine whether an attentional bottleneck can indeed be caused by feedback-

related processing, it is necessary to analyze the relationship between feedback-

related neural activity and subsequent task performance. 
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 While extensive work has investigated the relationship between feedback-

related ERP components and ongoing performance at long ITIs, to our knowledge, 

only one previous study has examined the relationship between feedback 

processing and ongoing performance at short ITIs. Castellar and colleagues (2010) 

had participants perform a categorization task in which correct trials could either be 

frequent (75%) or infrequent (35%), thus positive feedback could be expected or 

unexpected; ITIs were varied from 150-750 ms. It was found that a component 

interpreted as an orienting P3a (Polich, 2007) was predictive of response slowing 

on the next trial. Given that slowing was interpreted as an index of distraction in this 

task (Notebaert et al., 2009), these data suggest that orienting to unexpected 

feedback can lead to distraction on the subsequent trial if ITIs are short (mean ITI = 

412.5 ms). However, inspection of the waveforms presented by Castellar and 

colleagues (2010), in terms of timing, topography, and conditional effects, suggest 

that the component interpreted as a P3a may actually be the RewP. The “P3a” had a 

frontal topography, occurred during the time range of the RewP, and was 

substantially larger for unexpected correct feedback, relative to unexpected error 

feedback. If this component were interpreted as a RewP, then these data would 

suggest that a classic feedback-related component is predictive of distraction at 

short ITIs. However, this conclusion remains problematic, given that post-error 

slowing has been interpreted as either control (Dutilh et al., 2011) or distraction 

(Notebaert et al., 2009). In order to provide strong evidence that feedback 

processing can indeed cause distraction at short ITIs, it is necessary to assess direct 
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measures of task performance, such as PEA or measures of task-related attention on 

the subsequent trial.  

When performing difficult perceptual tasks, top-down attentional control 

over stimulus processing is necessary (de Fockert et al., 2001; Lavie, 1995). 

Additionally, the ERP technique can be employed to reliably assess the influence of 

such attentional control, as both spatial attention (Hillyard, Vogel, & Luck, 1998b) 

and feature-based attention for color (Zhang & Luck, 2009a) are known to modulate 

the lateral-occipital P1 ERP component. It has previously been shown that when 

central resources are sufficiently taxed, top-down control over sensory processing 

can be impaired (de Fockert et al., 2001). Given that feedback-processing is 

presumably a resource-intensive process, it may directly lead to impairment on 

subsequent trials by interfering with top-down control over sensory processing. If 

feedback-processing is indeed a resource-intensive process, then a negative 

correlation between the magnitude of feedback-related ERP components, such as 

the RewP or P3, and PEA or P1 reductions on the subsequent trial should be 

observed. It is important to note that the likelihood of feedback-processing leading 

to distraction may be particularly likely in tasks where the demand for sensory-

attention is high, such as a difficult visual discrimination task. 

 In the present study, EEG was recorded while participants performed a 

difficult visual discrimination task in which choice confidence was reported, and 

feedback presented, on each trial. Critically, the ITI varied from 200-1200 ms, 
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allowing investigation of how feedback influences the subsequent trial as a function 

of ITI length. By using a discrimination task it was possible to not only investigate 

the behavioral consequences of feedback presentation, but also how task-related 

sensory attention, as indexed by P1 modulation, is affected on subsequent trials. The 

assessment of certainty, in conjunction with feedback, makes it possible to 

separately probe the effect of feedback valence (error vs. correct) and the 

expectedness of feedback (sure vs. unsure) on ongoing performance, at short (200-

533 ms) and long (866-1200 ms) ITIs. For the valence analysis, we predicted that 

negative feedback would lead to reduced accuracy, a smaller P1 and increased 

slowing at short ITIs. Similarly, when analyzing correct feedback only, we 

hypothesized that unexpected-correct feedback would lead to lower accuracy, a 

smaller P1 and increased slowing on the next trial at short ITIs. Although the 

prediction error caused by unexpected-correct feedback should elicit a RewP, we 

hypothesized that the P3, not the RewP, would negatively predict subsequent 

performance, given that the P3 is known to be a resource-intensive process (Kok, 

2001).  

Methods 

Participants 

Thirty-three students from George Mason University participated in the 

study in exchange for course credit. One participant was removed due to noisy EEG; 

one participant was removed due to low accuracy (accuracy below 60%; 2 SD below 
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the mean). A total of 31 participants (12 male, M age = 20.87, SD = 4.73) remained 

for behavioral and electrophysiological analyses. All participants were right-handed, 

were tested to ensure normal (or corrected-to-normal) visual acuity and color 

vision, had no known neurological deficits, and were not currently taking any 

medications known to affect the central nervous system. All participants provided 

written informed consent prior to participation, and all procedures were approved 

by the George Mason University Office of Research Integrity & Assurance. 

Procedure and task design.  

Participants performed a difficult 2-choice perceptual decision-making task 

in which choice confidence was reported, and feedback presented, on every trial. On 

each trial, two concentric circles were presented for 200 ms and participants were 

required to respond with one hand if the circles were the same color, and the other 

hand if the circles were different colors (counter-balanced across participants); 

stimuli were the same color on 50% of trials. Additionally, participants were 

instructed to use their index and middle fingers to indicate either a “sure” or 

“unsure” response (counter-balanced across participants). In this way, both 

accuracy (which hand was used) and certainty (which finger was used) was 

obtained on every trial with a single response. Participants were instructed to 

respond as quickly and accurately as possible, and provided with a 2000 ms 

response window in which to make their response. If participants responded after 

the 2000 ms response deadline, a “too slow” message appeared on the screen and 
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this trial (and the subsequent trial) was removed from further analyses. Following 

response, a fixed delay period of 500 ms preceded the presentation of feedback 

stimuli, indicating whether participants responded correctly or not. Feedback 

stimuli were presented for 500 ms and consisted of either a grey square or diamond 

(square rotated 45 degrees) to indicate whether a correct or incorrect response had 

been made (feedback stimuli were counterbalanced across participants). Following 

the offset of feedback stimuli, a randomly selected ITI preceded the presentation of 

the subsequent trial; ITIs were drawn from a flat distribution ranging from 200-

1200ms. These ITI values are based on previous research investigating the influence 

of ITI on PES and PEA (Dudschig & Jentzsch, 2009; Jentzsch & Dudschig, 2009). 

Participants completed 20 experimental blocks consisting of 60 trials each (1200 

trials total). In order to minimize fatigue, a mandatory 30-second break was taken 

after each block. Additionally, participants performed a passive version of the task 

every six blocks, in which only a simple response was made to stimulus 

presentation and no discrimination was required; data from the passive version of 

the task are not discussed here.  
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Figure 6. Experimental paradigm for study one. Note that the relative stimulus size 

and contrast were increased for presentation purposes. Participants used their left 

or right hand to indicate stimulus choice, and index or middle finger to indicate 

confidence. 

 

 

 

Prior to completing the experimental task, participants practiced 20 trials of 

an easy version of the task, without reporting choice certainty. Participants then 

completed 80 trials of an adaptive version of the task (without reporting choice 

certainty) in order to titrate task difficulty (difference in hue between the two 

concentric circles) to ~70%. Following the titration procedure, participants 

practiced 30 trials of the experimental task; if performance was not within �5% of 

the desired 70% accuracy, the calibration procedure was performed a second time 
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in order to ensure ~70% accuracy for all participants. Participants were then fitted 

with an EEG cap while they completed a series of questionnaires. Following cap-

prep, resting state EEG (eyes-open and eyes-closed) was recorded and an additional 

practice task (30 trials) was completed prior to the beginning the experimental task. 

Following task completion, an additional series of questionnaires was completed 

and participants were debriefed. 

Stimuli.  

The discrimination task stimuli consisted of a green (10-bit sRGB: r = .095, g 

= .315, b = 0; cd/m2 = 27.284) circle (subtending 2 degrees) with a smaller circle 

(subtending 1.12 degrees) superimposed within the center of the larger circle. The 

smaller circle could either be the same color as the larger circle, or differ slightly in 

hue as to appear slightly yellowish-green (mean 10-bit sRGB: r = .107, g = .312, b = 

0; cd/m2 = 27.284). Stimuli were presented on a grey background (cd/m2 = 8.71) 

within the center of a light grey box (cd/m2 = 43.45), subtending 3.75 by 3.75 

degrees, which remained on screen throughout each experimental block. The 

difference in hue between the “same” and “different” stimuli were titrated for each 

participant in order to achieve ~70% accuracy using the QUEST psychophysical 

threshold procedure (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997). The “same” 

and “different” stimuli were closely matched for luminance; across participants, the 

average difference in luminance was .00006 cd/m2. A control analysis of the “same” 

and “different” stimuli confirmed no significant differences in terms of their elicited 
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P1 response (p = .820; see appendix B). Feedback stimuli consisted of either a light 

grey square (cd/m2 = 9.14) subtending 2 by 2 degrees, or the same square rotated 

45 degrees to reflect a diamond shape. All stimuli were generated using the 

MATLAB programming environment (MathWorks, Natick, MA), Psychtoolbox 

functions (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997), and custom MATLAB 

scripts. Stimuli were presented on a Cambridge Research Systems Display++ LCD 

monitor (Cambridge Research Systems Ltd). 

EEG recording procedures 

EEG data were collected using a Brain Vision ActiChamp amplifier and Brain 

Vision Recorder 1.2 acquisition software (Brain Products Inc.). Data were collected 

from 64 actiCAP Ag/AgCl electrodes, following the extended 10-20 arrangement, 

including two in-cap electrodes located over the left and right mastoids (TP9 and 

TP10). During data acquisition, one of the 64 in-cap electrodes, electrode Cz, was 

used as a reference for the other 63 in-cap electrodes. EEG data for electrode Cz 

were recovered offline, yielding 64 EEG channels for analysis. All electrodes were 

recorded using an in-cap ground located just anterior to Fz. EEG data were collected 

at a sampling rate of 1000 Hz and using an online bandpass filter of .1-250 Hz. In 

line with impedance recommendations for high-impedance, active EEG systems, 

impedance for all electrodes was maintained below 25 kΩ throughout the recording 

session. 

EEG processing 
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Following data acquisition, EEG data for the online reference, electrode Cz, 

were recovered by creating an average reference. Next, all in-cap electrodes, with 

the exception of the left and right mastoids (TP9 and TP10), were re-referenced to 

the average of the left and right mastoid recordings and linearly detrended to 

remove large drifts. Data were low-pass filtered at 40 Hz, using a Butterworth filter 

(Lopez-Calderon & Luck, 2010) and then down-sampled to 500 Hz. In order to 

remove ocular artifacts and additional noise, independent component analysis (ICA) 

decomposition was run on an identical data set to the one used for ERP analyses, 

with the addition of a 1 Hz high-pass filter (Debener et al., 2010). Prior to ICA 

decomposition, this data set was segmented into 1000 ms epochs; to improve ICA 

decomposition, an initial automated rejection of noisy EEG data was performed 

using a combined voltage threshold rejection of �1000 µV to remove channel pop-

offs and spectral threshold rejection using a 30 dB threshold within the 20-40 Hz 

band to remove EMG-like activity (EEGLAB pop_rejspec function; Delorme & 

Makeig, 2004). If artifact rejection led to more than 20% of epochs being rejected for 

a given channel, this channel was removed from both the 1 Hz high-pass data set 

and the .1 Hz high-pass ERP data set; missing channels were not interpolated prior 

to ICA decomposition. Following ICA decomposition, identified ICA components in 

the 1 Hz high-pass filtered data set were then copied to the original, .1 Hz high-pass 

ERP data set; all further analyses were performed on the .1 Hz high-pass ERP data 

set.  
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The .1 Hz high-pass ERP data set was epoched from -200 to 800 ms relative 

to all stimulus and feedback markers. Automated detection and removal of 

artifactual independent components (ICs), using combined analysis of spatial and 

temporal features, was accomplished using the ADJUST toolbox (Mognon et al., 

2011). Following removal of artifactual ICs, automated rejection of any remaining 

noisy EEG data was performed using a voltage threshold rejection of �100 µV. If the 

threshold rejection led to more than 10% of epochs being rejected for a given 

channel, this channel was removed from the data set. All missing channels were 

then interpolated using spherical interpolation. Next, spherical spline surface 

Laplacian (current source density; CSD) estimates were calculated using the CSD 

toolbox; electrode locations were defined using the standard montage defined by 

the CSD toolbox, “10-5-System_Mastoids_EGI129.csd” (Kayser & Tenke, 2006). All 

subsequent ERP analyses were performed on the surface Laplacian estimates 

(μV/m2) and not the raw voltage waveforms (μV). Stimulus and feedback-locked 

ERP waveforms were baseline corrected to a -200 to 0 ms baseline period. 

 The Laplace transform was used in order to separate cortical sources and to 

attenuate volume conduction (Kayser & Tenke, 2006; Nunez, 2005). The attenuation 

of volume conduction is especially important at short ITIs, given the temporal 

overlap in feedback-related processing in fronto-parietal cortical regions and 

subsequent stimulus-related processing in lateral-occipital regions. Through the use 

of the Laplace transform, it is possible to separate this activity; this assumption was 
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confirmed by testing for significant differences in the pre-stimulus baseline at short 

ITIs (see appendix B). 

Overview of analysis strategy 

The analysis of the behavioral and electrophysiological data was focused on 

two main questions. First, does the valence of feedback (correct vs. error) 

differentially influence subsequent performance at short and long ITIs? Second, 

does the expectedness of feedback (unsure-correct vs. sure-correct) differentially 

influence subsequent performance at short and long ITIs? Although it would be ideal 

to conduct an analysis that included all three factors of expectancy (sure vs. unsure), 

valence (correct vs. error) and ITI length (short vs. long), this was not possible, as 

approximately ¾ of the data would need to be removed to ensure adequate trial 

counts (at least 25 trials per condition). Therefore, the current report adopted an 

approach that has been used previously (Navarro-Cebrian, Knight, & Kayser, 2013), 

in which separate subsets of the participants were used to answer separate 

questions. 

For the valence analysis, all 31 participants were analyzed as a function of 

feedback type (correct vs. error) and ITI length (short vs. long). For the expectancy 

analyses, a subset of the participants from the valence analysis (n=26) was analyzed 

as a function of expectancy (unsure-correct vs. sure-correct) and ITI length (short 

vs. long) for trials with correct feedback. While it was not possible to analyze the 

expectedness of error feedback, analysis of the expectedness of correct feedback 
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allowed for the critical test of whether the RewP is related to ongoing performance, 

as this component is influenced by the expectedness of correct feedback only 

(Holroyd et al., 2008; Proudfit, 2015). 

Behavioral analyses 

For all analyses, trials in which participants did not respond, responded 

before 150 ms, or after the 2000 ms response deadline were removed from the 

analysis. Overall accuracy, as well as accuracy for sure and unsure responses was 

calculated; sure and unsure response accuracy was statistically compared with a 

repeated-measures t-test. Both correct and error response times (RT), as well as 

sure-correct and unsure-correct RT were statistically compared using a pair of 

repeated-measures t-tests.  

PES was defined as the percentage change in RT for correct trials following 

error feedback, relative to each individual’s baseline RT for correct trials following 

correct feedback. PEA was defined as the percentage change in accuracy for 

responses following error feedback, relative to each individual’s baseline accuracy 

for responses following correct feedback. Similarly, post-unexpected slowing (PUS) 

was calculated as the percentage change in RT for correct trials following unsure-

correct feedback, relative to each individual’s baseline RT for correct trials following 

sure-correct feedback. Post-unexpected accuracy (PUA) was calculated as the 

percentage change in accuracy for responses following unsure-correct feedback, 
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relative to each individual’s baseline accuracy for responses following sure-correct 

feedback. PES, PEA, PUS and PUA were all separately calculated for short (200-533 

ms) and long (866-1200 ms) ITIs. The range of ITI values for short and long ITI 

trials reflect the upper and lower tertile of all possible ITI values. Binning ITIs into 

tertiles and analyzing the upper and lower tertile allowed us to maximize signal-to-

noise ratio, as well as the likelihood of identifying an effect of ITI. Repeated-

measures t-tests were used to test whether PES, PEA, PUS or PUA differed at short 

vs. long ITIs.  

ERP analyses 

Stimulus-locked P1. Similar to traditional analyses of post-error behavior 

(Dutilh et al., 2011), analysis of stimulus-locked ERP data consisted only of correct 

trials that were preceded by a correct or error feedback. The electrode location and 

temporal peak of the P1 component were identified in the grand-average ERP 

waveforms (collapsed across all subjects and conditions) in order to avoid biasing 

the analysis towards electrodes or time windows in which experimental effects 

were maximal. In line with previous work, this process identified a peak over 

lateral-occipital cortex (electrode PO8) at 124 ms post-stimulus. Therefore, for each 

condition of interest, the P1 component was quantified as mean μV/m2 during a 40 

ms window (104-144 ms) at electrode PO8 and PO7 (electrode PO7 was including in 

the analysis to explore any possible laterality effects). In order to test whether the 

P1 component was modulated following error vs. correct feedback, the P1 



61 

 

component was analyzed using a 3-way, previous feedback valence (correct, error) 

by ITI (short, long) by electrode (PO7, PO8) ANOVA, with current correct trial P1 

mean μV/m2 (104-144 ms) at PO7 and PO8 as the dependent variable. Consistent 

with the behavioral analyses, short ITIs were defined as ranging from 200-533 ms, 

and long ITIs were defined as ranging from 866-1200 ms. In order to test whether 

the P1 component was modulated following unexpected vs. expected correct 

feedback, the P1 component was analyzed using a 3-way, previous certainty (sure, 

unsure) by ITI (short, long) by electrode (PO7, PO8) ANOVA with current correct 

trial P1 mean amplitude (104-144 ms) at PO7 and PO8 as the dependent variable. 

Feedback-locked RewP and P3. Mirroring the analysis of stimulus-locked 

and behavioral data, analysis of feedback-locked data consisted of only correct or 

error feedback that was followed by a correct response. In order to identify the 

reward positivity (RewP) and P3 components, difference waves between correct 

and error feedback were calculated. The RewP was identified using a correct-error 

feedback difference wave (Holroyd et al., 2008), while the P3 was identified using an 

error-correct feedback difference wave. The RewP and P3 were defined as “mean-

to-mean” measures, in order to account for a baseline shift that was present in the 

feedback-locked data; this approach is conceptually similar to “peak-to-peak” 

measures typically used for feedback-related components (Holroyd et al., 2008), 

however, using a mean amplitude measure also accounts for within-subject 

variability in the ERP component peak (Luck, 2005). The RewP was measured at 
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electrode FCz, where it is typically maximal, and was defined as the mean amplitude 

during the 290–330 ms post-feedback time window (peak of the RewP difference 

wave), relative to the mean amplitude during the 224-264 ms post-feedback time 

window (base of the RewP difference wave). The P3 was measured at electrode POz, 

where it was maximal, and was defined as the mean amplitude during the 478–578 

ms post-feedback time window (peak of the P3 difference wave), relative to the 

mean amplitude during the 312-352 ms post-feedback time window (base of the P3 

difference wave).   

Testing for significant RewP and P3 accuracy or expectancy effects was not a 

primary interest of the current report, as these components have previously been 

investigated as a function of accuracy or expectancy elsewhere. Nonetheless, to 

investigate whether the RewP and P3 were reliably modulated in the current study, 

a series of repeated-measures t-tests comparing error and correct feedback, as well 

as sure-correct and unsure-correct feedback were conducted. 

Analyses of brain-behavior relationships 

In order to test whether the valence of feedback-related processing (RewP, 

P3) was predictive of post-feedback attention (P1 modulation) and behavior (PES, 

PEA), we tested for a series of correlations between the RewP/P3 and P1/PES/PEA 

at short and long ITIs. Correct minus error data for the RewP, and error minus 

correct data for the P3, were separately pulled for trials that preceded short and 

long ITIs at the location and time windows described above. Similarly, post-error 
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minus post-correct P1 data (collapsed across electrodes PO7 and PO8) were 

separately pulled for trials that followed short and long RSIs; the time window in 

which P1 was analyzed is described above. We tested whether the RewP correlated 

with P1, PES, or PEA at either short, or long RSIs. Similarly, we tested whether the 

Pe correlated with P1, PES, or PEA at either short or long RSIs. Thus, four “families” 

of Pearson product-moment correlations were tested and a Bonferroni correction 

was applied within each family of correlation tests. 

In order to test whether the expectancy of correct feedback-related 

processing (RewP, P3) was predictive of post-feedback attention (P1 modulation) 

and behavior (PUS, PUA), we tested for a series of correlations between the 

RewP/P3 and P1/PUS/PUA at short and long ITIs. Unsure-correct minus sure-

correct data for the RewP and P3 were separately pulled for trials that preceded 

short and long ITIs at the location and time windows described above. Similarly, 

post-unsure-correct minus post-sure-correct P1 data (collapsed across electrodes 

PO7 and PO8) were separately pulled for trials that followed short and long RSIs. 

We then tested whether the expectancy-modulated RewP correlated with P1, PUS, 

or PUA at either short, or long RSIs. Similarly, we tested whether the expectancy-

modulated P3 correlated with P1, PUS, or PUA at either short or long RSIs. Thus, an 

additional four “families” of Pearson product-moment correlations were tested and 

a Bonferroni correction was applied within each family of correlation tests. 

Results 



64 

 

Behavioral data 

Overall accuracy was 74.17% (SE = 1.25%). Mean correct trial RT was 750.24 

ms (SE = 21.36 ms), while mean error RT was 772.04 ms (SE = 25.15 ms); correct 

responses were significantly faster than error responses, t(1,30) = -2.68, p = .012). 

For correct responses, sure RT was significantly faster (726.16 ms, SE = 21.60 ms) 

than unsure RT (780.17 ms, SE = 22.24 ms), t(1,25) = -4.91, p < .001). Additionally, 

accuracy for sure responses was significantly higher (75.59%, SE = 1.54%) than 

unsure responses (72.33%, SE = 1.27%), t(1,25) = 3.87.91, p = .001). These findings 

are in line with previous investigations of perceptual uncertainty. 

PES was non-significantly slower at short ITIs (1.17%, SE = 1.22%), 

compared to long ITIs -.22%, SE = 1.18%), t(1,30) = 1.57, p = .128). PEA was 

significantly lower at short ITIs (-5.95%, SE = 1.08%), compared to long ITIs (-

2.13%, SE = 1.12%), t(1,30) = -2.67, p = .012). This pattern of results is in line with 

the notion that error feedback can lead to distraction, especially when ITIs are short. 

On average, PUS did not significantly differ between short ITIs (2.92%, SE = 1.17%) 

and long ITIs (3.95%, SE = .92%), t(1,25) = -1.06, p = .30. Similarly, on average, PUA 

did not significantly differ between short ITIs (-.04%, SE = 1.89%) and long ITIs (-

.94%, SE = 1.44%), t(1,25) = .362, p = .72.  
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Figure 7. Post-feedback behavior. (A) Post-error slowing (PES) and post-error 

accuracy (PEA) at short and long inter-trial-intervals (ITI). PES and PEA were 

quantified as a percentage change, relative to post-correct behavior. (B) Post-

unexpected slowing (PUS) and post-unexpected accuracy (PUA) at short and long 

inter-trial-intervals (ITI). PUS and PUA were quantified as a percentage change, 

relative to post-expected behavior. 

 

 

 

 

Electrophysiology 

Stimulus-locked P1. Analysis of the P1 component, as a function of feedback 

valence and ITI length, revealed a main effect of ITI, F(1,30) = 17.98, p < .001. 

Additionally, an electrode by feedback valence interaction was identified, F(1,30) = 

8.12, p = .008. However, follow-up t-tests demonstrated no significant effect of 

feedback valence (collapsed across ITI) at either PO7 [t(1,30) = -1.61, p = .118] or 

PO8 [t(1,30) = 1.42, p = .165]. Thus, the feedback valence by electrode interaction 

reflects a subtle difference in the pattern of activity across electrodes and not the 

presence of a consistent effect of feedback valence at either electrode. No other 

significant main effects or interactions were identified for the analysis of P1 as a 
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function of feedback valence (all p > .102). Analysis of the P1 component, as a 

function of feedback expectedness and ITI length, also revealed a main effect of ITI, 

F(1,25) = 21.23, p < .001. However, no other significant main effects or interactions 

were identified for the analysis of P1 as a function of feedback expectedness (all p > 

.19). 
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Figure 8. P1 modulation as a function of previous feedback and ITI. P1 ERP 

components and topographic plots for the P1 component at electrodes PO7 and PO8 

following: error vs. correct feedback at short ITIs (A); error vs. correct feedback at 

long ITIs (B); unsure-correct vs. sure-correct feedback at short ITIs (C); unsure-

correct vs. sure-correct feedback at long ITIs (D). Shaded regions reflect the analysis 

window of the P1 component; topographic plots depict average amplitude during 

the analysis window. 

 

Feedback-locked RewP and P3. The presence of a significant valence effect 

for the RewP and P3 was tested with paired-samples t-tests, comparing correct and 

error feedback (regardless of whether the subsequent ITI was long or short). The 

RewP was significantly larger for correct (-2.06, SE = 1.07), compared to error (-

7.60, SE = 1.74) feedback, t(1,30) = 4.44, p < 001. The P3 was significantly larger for 

error (7.19, SE = 2.72), compared to correct (-6.74, SE = 2.14) feedback, t(1,30) = 

8.69, p < .001. The presence of a significant expectancy effect for the RewP and P3 

was also tested with a series of paired-samples t-tests, comparing sure-correct and 

unsure-correct responses (regardless of whether the subsequent ITI was long or 

short). On average, the RewP did not significantly differ between sure-correct (-

3.18, SE = 1.26) and unsure-correct (-2.88, SE = 1.42) responses, t(1,25) = -.33, p = 

.746. Similarly, the P3 did not significantly differ between sure-correct (-11.86, SE = 

1.97) and unsure-correct (-11.96, SE = 2.30) responses, t(1,25) = .092, p = .928. 

Although the RewP and P3 were not significantly modulated by expectancy in the 

current study on average, there was considerable variance in the magnitude of these 

components across participants, suggesting that a correlational analysis with 

subsequent task performance might provide useful insight. 



69 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Feedback-locked ERP activity. ERP and topographic plots of the RewP (A) 

and P3 (B). Shaded regions reflect the analysis window of the ERP components; 

topographic plots depict average amplitude of the difference wave during the 

analysis window. 
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Relationship between feedback-processing and post-feedback trial 

We tested whether either of the feedback-related components (RewP and 

P3) were predictive of task performance (P1, PEA, PES, PUS, PUA) following 

feedback at short and long ITIs. When analyzing the data as a function of valence 

(error vs. correct feedback), no significant correlations between feedback-related 

processing and performance on the subsequent trial were identified (all corrected p 

> .21). However, when analyzing the data as a function of expectancy, the RewP was 

negatively correlated with the post-feedback P1 (r -.469, Bonferroni corrected p = 

.048) and PUA (r = -.532, Bonferroni corrected p = .015) at short, but not long ITIs; 

no other significant correlations were identified (all corrected p > .612). These 

correlations suggest that the magnitude of the positive prediction error (RewP) 

caused by unexpected correct feedback negatively predicts whether feedback will 

cause an attentional bottleneck (P1 reduction) and impair subsequent task 

performance (PUA reduction) when ITIs are short.  
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Figure 10. Relationship between RewP and post-feedback performance. (A) 

Scatterplot depicting significant negative correlation (r -.469, Bonferroni corrected 

p = .048) between the RewP difference wave (unsure-correct minus sure-correct) 

and P1 difference wave (post-unsure-correct minus post-sure-correct). (B) 

Scatterplot depicting significant negative correlation (r = -.532, Bonferroni 

corrected p = .015) between the RewP difference wave (unsure-correct minus sure-

correct) and post-unexpected accuracy (percentage change relative to post-

expected accuracy). (C) Topographic plot of RewP difference wave for individuals 

showing the largest effect (above median). 
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We were careful to test for, and rule out, several possible confounds that 

could yield an apparent relationship between the RewP and P1. See appendix B for 

tests of whether the RewP-P1 relationship is due to shared volume conduction, a 

baseline shift in the P1, or individual differences in accuracy rates. Critically, no 

evidence for any of the potential confounds was identified.  

Discussion 

Whereas literature investigating feedback processing has typically focused 

on how feedback information is associated with learning and improved 

performance, we provide compelling evidence that feedback can sometimes lead to 

performance decrements. Specifically, we found that, when ITIs were short, RewP 

amplitude for unexpected correct feedback was negatively correlated with both 

post-error accuracy and task-related attention, as indexed by the P1. This finding 

provides evidence that feedback processing can directly lead to performance 

decrements when feedback is unexpected. Further, these data suggest that feedback 

leads to distraction as the result of an attentional bottleneck. Although we 

hypothesized that the feedback P3, not the RewP, would predict distraction, the 

current results suggest that the RewP indexes a resource-intensive process that is 

capable of causing distraction when ITIs are short. Analysis of behavioral data 

following error vs. correct feedback was also consistent with the notion that 

feedback can cause distraction; participants were significantly less accurate 

following error feedback when ITIs were short. However, no correlation between 
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error feedback ERP components and subsequent task performance was identified. 

Collectively, these data indicate that feedback is capable of impairing task 

performance when ITIs are relatively short, a finding that has typically been 

overlooked in other studies investigating the processing of feedback information. 

 Several previous studies have investigated the relationship between the 

RewP and reward presentation or learning over time (for a review, see: Proudfit, 

2015). However, to our knowledge, this is the first study to demonstrate that the 

RewP can also be predictive of distraction, at least when ITIs are short. In the 

present study, individuals exhibiting a larger RewP demonstrated reduced accuracy 

and reduced task-related sensory attention (P1 modulation) following unexpected-

correct feedback. Given that a reduction in sensory attention was observed, these 

data suggest that the RewP engenders an attentional bottleneck that interferes with 

subsequent task processing. Specifically, previous work has demonstrated that 

selective attention can be impaired when central-resources are occupied (de 

Fockert et al., 2001; Lavie, 1995). One possible explanation for a reduced P1 is that 

processing unexpected feedback limits the ability to provide top-down control over 

sensory cortex on the subsequent trial; that is, feedback-processing may lead to a 

lack of sensory enhancement on the subsequent trial. Alternatively, the positive 

prediction error caused by unexpected feedback may lead to a prioritization of 

feedback-related processing, through active suppression of other information, 

including stimulus processing on the next trial. Recent ERP investigations of 
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attention increasingly link P1 modulation to attentional suppression (Moher et al., 

2014; Slagter et al., 2016). Therefore, we tentatively suggest that the attentional 

bottleneck caused by unexpected feedback-processing leads to impaired task 

performance through active suppression of task-related information on the 

subsequent trial. Interestingly, this relationship between the RewP and subsequent 

task performance was only observed for unexpected-correct feedback, not for error 

vs. correct feedback. Given that the RewP is thought to be sensitive to the 

unexpectedness of positive feedback (Holroyd et al., 2008; Proudfit, 2015), this 

suggests that a greater positive prediction error leads to greater distraction at short 

ITIs.  

We initially hypothesized that the feedback-evoked P3, not the RewP, would 

predict distraction on the subsequent trial. This hypothesis was based on previous 

work suggesting that the P3 is sensitive to expectancy violations (Hajcak et al., 2005; 

Pfabigan et al., 2011; Wu & Zhou, 2009) and is a longer lasting process that is 

dependent on central resources (Kok, 2001). Therefore, we expected distraction to 

manifest from continued processing of the feedback diverting central resources 

away from the next trial. However, the finding that the RewP was predictive of both 

reduced accuracy and attentional impairment is in line with the view that the RewP 

is a resource-intensive process that taxes central resources. As far as the time 

course of the RewP is concerned, we note that this component is typically absent by 

approximately 400 ms post-feedback onset; such a time course would not appear to 
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sufficiently overlap with the next trial in order to cause distraction. However, given 

that the processes indexed by the RewP are integrally linked to subcortical 

processing (Carlson, Foti, Mujica-Parodi, Harmon-Jones, & Hajcak, 2011; Foti, 

Weinberg, Dien, & Hajcak, 2011a; Holroyd & Coles, 2002) it is quite possible that 

continued processing engaged by the RewP, but not observable in the scalp-

recorded ERP, continues for an additional several hundred ms. While the negative 

correlation between the RewP and the subsequent trial’s accuracy and sensory 

attention (P1 modulation) is indicative of a resource-intensive process causing 

distraction, future research will be required to understand exactly how the RewP 

leads to such distraction. 

 Although previous work has demonstrated that both the RewP (Hajcak, 

Moser, Holroyd, & Simons, 2007; Holroyd et al., 2009; Holroyd, Nieuwenhuis, Yeung, 

& Cohen, 2003) and P3 (Duncan-Johnson & Donchin, 1977; Hajcak et al., 2005; 

Pfabigan et al., 2011; Wu & Zhou, 2009) are sensitive to expectancy violations, this 

was not observed in the present study on average. However, it is important to note 

that the way expectancy was set up in the present study was unique in that 

confidence judgments were used. The use of confidence judgments differs from 

previous work, which manipulated the probability of feedback in order to engender 

expectancy violations for the RewP and P3. In line with previous work that 

manipulated probability, a robust P3 component was identified for the error vs. 

correct feedback comparison, in which error feedback was less frequent, and 
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therefore less expected, than correct feedback. Additionally, correlations between 

individual differences in RewP magnitude and subsequent behavior were found, 

which is consistent with work suggesting that the RewP is a stable neurobehavioral 

trait that varies across individuals (Bress, Meyer, & Proudfit, 2015; Patrick & Bernat, 

2010). In contrast, stability in expectancy violations across individuals for the 

feedback-P3 remains unclear. Thus, although we initially predicted effects for both 

the RewP and P3 on average, and correlations between the P3 and distraction on the 

subsequent trial, the current results are generally consistent with the extant 

literature.   

Although error feedback was not directly related to post-feedback 

performance, the analysis of behavioral data, as a function of feedback valence and 

ITI, is in line with recent work suggesting that errors can lead to distraction when 

ITIs are short. Similar to work in which feedback was not provided (Dudschig & 

Jentzsch, 2009; Jentzsch & Dudschig, 2009), and to work in which feedback was 

provided (Houtman et al., 2012; Houtman & Notebaert, 2013a), participants in the 

current study were less accurate following error feedback, but only when ITIs were 

short. In contrast, accuracy was higher (but still lower than post-correct trials) 

when ITIs were long. This pattern of behavioral results is in line with the notion that 

error processing, whether self-detected or as the result of external feedback, causes 

an attentional bottleneck that last for approximately 500 ms and can impair 

performance on the next trial, when ITIs are short. However, the bottleneck 
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hypothesis posits that error processing is a resource-demanding process, which 

limits attentional allocation on the subsequent trial at short ITIs (Jentzsch & 

Dudschig, 2009). Given that no direct relationship between error feedback ERP 

activity and subsequent performance was identified, the current study is 

inconclusive as to whether error feedback, in addition to self-detected errors, can 

directly lead to distraction. One explanation for the lack of a correlation between 

error feedback ERP components and subsequent behavior is that, because 

confidence reports were collected on each trial, a less direct relationship between 

the processing of feedback valence and subsequent behavior was observed. 

Alternatively, it is possible that error feedback does not directly lead to distraction, 

which would suggest that previous behavioral studies investigating the relationship 

between error feedback and performance conflated the self-detection of errors with 

the processing of external feedback. This alternative possibility is unlikely for two 

reasons. First, there does not appear to be sufficient overlap in time between error-

detection and post-feedback behavior in the current study. A minimum of 1200 ms 

separated error-detection and the next trial, whereas a minimum of just 200 ms 

separated feedback offset and the next trial. Second, a control analysis (see appendix 

C) identified no relationship between error-detection, as measured by the error-

evoked Pe, and post-feedback behavior. Therefore, while no direct neural evidence 

for a relationship between error feedback and post-feedback behavior was 

identified, the behavioral data are consistent with error feedback leading to 

distraction. More importantly, the negative relationship between the RewP for 
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unexpected-correct feedback and subsequent task performance, provides strong 

evidence that feedback can directly lead to distraction, at least when unexpected-

correct feedback is presented. 

 In conclusion, the present study provides novel evidence that the processing 

of feedback information can lead to impaired performance if sufficient time is not 

afforded between trials. Impaired behavioral performance was observed after error 

feedback, and unexpected-correct feedback directly predicted distraction when ITIs 

were short. Critically, the magnitude of the positive prediction error caused by 

unexpected-correct feedback, as indexed by the RewP, negatively correlated with 

performance on the subsequent trial. This finding leads to the counterintuitive 

conclusion that the neural system dedicated to monitoring and improving 

performance can actually be the source of performance failures in certain situations.  
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General Discussion 

 

 

 

 

 Extensive research over the last 25 years has provided detailed insight into 

the neural basis and temporal dynamics of the human performance-monitoring 

system. Collectively, previous research suggests that the MFC, and related ERP 

activity, is sometimes associated with the decision to instantiate control following 

performance failures. However, much of the previous work investigating the human 

performance-monitoring system has been limited to situations and experimental 

paradigms in which the time between trials is relatively long (>1000 ms). In the two 

studies reported here, direct evidence linking the performance monitoring system 

to impaired task performance after errors or unexpected feedback was found; 

critically, the performance-monitoring system was negatively predictive of task 

performance only when the amount of time between trials was short (< 533 ms). In 

study one, it was found that a well-established index of error processing, the Pe, 

negatively predicted task-related attention (P1 modulation) when the time 

following responses was short. In study two, it was found that a well-established 

index of feedback processing, the RewP, negatively predicted task-related attention 

(P1 modulation) and accuracy when the time following feedback was short. 

Collectively, these data are in line with the hypothesis that performance-monitoring 
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causes an attentional bottleneck (Jentzsch & Dudschig, 2009), which can impair 

task-related attention for several hundred ms. That is, the system dedicated to 

monitoring and improving performance, can sometimes be the cause of subsequent 

failures.  

Common deficits following errors or feedback  

In both study one and study two, it was found that post-error accuracy was 

lower when the amount of time between trials was short. In contrast, post-error 

accuracy decrements were minimal when more time was allotted between trials. 

These findings are consistent with recent behavioral studies demonstrating a 

similar pattern, regardless of whether feedback is presented (Houtman et al., 2012; 

Houtman & Notebaert, 2013a) or not (Dudschig & Jentzsch, 2009; Jentzsch & 

Dudschig, 2009). Descriptively, these data would suggest that either self-detected 

errors, or the processing of external feedback, can lead to distraction at short ITIs. 

However, a problem with such a conclusion, based on behavioral data alone, is that 

the performance decrements following error feedback could simply be due to the 

self-detection of errors and not feedback processing per se. In line with this notion, 

most previous studies that have demonstrated performance decrements following 

error feedback have presented feedback immediately following response; such an 

experimental design would cause any self-detection of errors to overlap with the 

processing of error feedback. However, compared to other studies, the issue of 

overlap between feedback processing and error-detection should be minimal in 
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study two, given that a 500 ms ISI separated response commission and feedback 

onset (feedback presented for 500 ms), followed by an additional ISI (minimum of 

200 ms) following feedback offset. Thus, a minimum of 1200 ms separated error 

commission (and presumably the self-detection of errors) and the onset of the next 

trial. Therefore, there would not appear to be enough overlap in time between 

error-detection and the onset of the next trial for error-detection to be the cause of 

performance decrements in study two. Instead, study two was explicitly designed so 

that only feedback processing, not the self-detection of errors, could cause 

performance decrements on the next trial. Thus, at least at the behavioral level, 

study two is in line with the notion that processing error feedback can indeed lead 

to distraction. 

Attentional-bottleneck theory of performance-monitoring 

 Moving beyond an analysis of the behavioral data, the recording of EEG in 

studies one and two allowed for more direct investigation of how error-detection 

and feedback processing influence subsequent task performance. In study one, it 

was found that not only was accuracy impaired at short RSIs, but also sensory 

attention (P1 modulation) was impaired. Critically, P1 modulation following errors 

was negatively correlated with the magnitude of the error-evoked Pe. This latter 

finding provides strong evidence that error-detection directly leads to an attentional 

bottleneck on the next trial. Because a larger Pe was negatively correlated with the 

P1 component on the subsequent trial, distraction following errors could not have 



82 

 

been caused by a lapse in attention that led to the error in the first place (i.e. a tonic 

reduction in attention). If impaired task-related attention following errors was the 

result of a tonic reduction in attention, then either a null or positive relationship 

between the error-evoked Pe and P1 on the subsequent trial would have been 

observed. Instead, these data provide strong evidence that the self-detection of 

errors can directly lead to impairments in task-related attention on the next trial, at 

least when RSIs are short.  

 In analyzing whether the feedback elicited RewP or P3 was correlated with 

impaired task-related attention (P1 modulation) following error feedback, no 

significant relationship was identified. That is, although negative feedback was 

associated with behavioral impairments on the subsequent trial, no direct 

relationship between the processing of error feedback and performance on the 

subsequent trial was identified. This null result calls into question whether the 

processing of error feedback is able to directly cause distraction on the subsequent 

trial. As discussed above, the amount of time between trials in study two would 

seem to rule out the notion that the self-detection of errors could be the source of 

post-feedback performance decrements in study two. Additionally, a supplementary 

analysis identified no relationship between error-detection, as measured by the 

error-evoked Pe, and subsequent performance decrements in study two (see 

appendix B). Therefore, while the behavioral data are consistent with the processing 

of error feedback causing distraction, the ERP data were inconclusive in this regard. 
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Further research will be needed to determine whether the processing of error 

feedback can indeed directly lead to distraction on the next trial when ITIs are short. 

 In contrast to inconclusive results for the analysis of error feedback, a direct 

relationship between feedback processing, as a function of expectedness, and 

subsequent task performance was identified. Specifically, the RewP elicited by 

unexpected feedback was negatively correlated with the P1 component and 

accuracy on the next trial. Therefore, although the data were inconclusive as to 

whether error feedback can directly lead to distraction, strong evidence for the 

notion that unexpected feedback can lead to distraction was found. This finding 

suggests a degree of continuity across studies one and two: In study one, the Pe, a 

classic index of error detection (Nieuwenhuis et al., 2001) predicted distraction; in 

study two, the RewP, a classic index of feedback processing (Holroyd et al., 2008) 

predicted distraction. Collectively, these data suggest that two aspects of the 

performance-monitoring system, namely error-detection and feedback processing, 

can both lead to distraction on subsequent trials that occur within short succession. 

However, the results are also suggestive of subtle differences in error-induced 

distraction, compared to feedback-induced distraction. Whereas error-induced 

distraction directly links a negatively valenced event, error commission, with 

subsequent distraction, direct feedback-induced distraction was only identified as a 

function of expectancy. As mentioned previously, one of the characteristic 

differences between error-detection and feedback processing, is that the latter is 
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influenced by expectedness on a trial-by-trial basis (Proudfit, 2015). Thus, it is not 

necessarily surprising that while error detection was directly related to distraction, 

feedback was only related to distraction as a function of expectancy. It should be 

noted that a full accuracy (correct, error) by certainty (sure, unsure) by ITI (short, 

long) ANOVA was not possible for the analysis of study two. Thus, it remains unclear 

if error feedback, as a function of expectancy, would also lead to performance 

decrements. Nonetheless, the fact that error feedback, collapsed across certainty, 

was not directly related to post-feedback performance marks a distinction between 

the distraction caused by feedback processing and the self-detection of errors. 

Future research should further explore how expectancy moderates the relationship 

between distraction and the performance-monitoring system 

 Both error-detection and feedback expectedness were related to subsequent 

impairments in task-related sensory attention, as evidenced by a reduction in the 

lateral-occipital P1 component. Given work suggesting that top-down control of 

attention is impaired in situations where central resources are sufficiently taxed (de 

Fockert et al., 2001; Lavie, 1995), the present data are in line with the notion that 

either error-detection or the processing of unexpected feedback are resource-

intensive processes. The negative relationship between the error-evoked Pe and the 

P1 component was predicted a priori, given previous work linking this component 

to a resource-intensive process of deciding whether an error was made (Steinhauser 

& Yeung, 2010). Additionally, the Pe bears a striking similarity to the traditional 
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stimulus-related P300 (Ridderinkhof et al., 2009a), which is well-characterized as a 

resource-intensive process (Kok, 2001). However, it was not predicted that the 

RewP, as opposed to the feedback-P3, would lead to distraction following 

unexpected feedback. Whereas the RewP has typically been discussed in terms of 

subcortical processing (Holroyd et al., 2008; Proudfit, 2015), it is the feedback-P3 

that is typically associated with a more resource-intensive process. For this reason, 

it was initially hypothesized that the feedback-P3 would predict distraction 

following feedback, similar to the Pe in study one. However, given that the RewP 

was negatively correlated with both P1 modulation and accuracy rates following 

unexpected feedback, the data provide compelling evidence in favor of the RewP 

also reflecting a resource-intensive process. Future research should further explore 

the demand that the RewP appears to place on central resources.  

Mechanisms underlying the attentional bottleneck  

A reduction in the P1 component following errors or unexpected feedback 

provides strong evidence that the performance-monitoring system causes an 

attentional bottleneck, which impairs task-related attention on the next trial. 

However, there are two possible mechanisms that could describe exactly how an 

attentional bottleneck leads to impaired task-related attention. First, it is possible 

that, as the result of errors or feedback placing a high demand on central resources, 

competition for central resources occurs and less top-down enhancement of sensory 

processing is provided on the next trial. That is, the P1 reduction may reflect 
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reduced enhancement of early sensory processing; this view is in line with work 

suggesting that attentional modulation of the P1 reflects a gain control mechanism 

and enhancement task-relevant information (Hillyard et al., 1998a). On the other 

hand, it is also possible that because errors or unexpected feedback reflect 

motivationally salient events (Harsay, Spaan, Wijnen, Ridderinkhof, & others, 2012; 

Ridderinkhof et al., 2009b), a prioritization of error or feedback processing occurs 

through active suppression of other information, including sensory processing on 

the next trial. That is, the P1 reduction may reflect active suppression of sensory 

processing on the next trial. Both of these mechanistic accounts share the view that 

error or feedback processing leads to an attentional bottleneck due to limited 

central resources. However, they differ in whether they explain subsequent 

“distraction” as a reduction in selective attention or an active suppression of 

sensory processing. While the current results are not able to definitively rule in 

favor of either of these possibilities, recent investigations of feature-based attention 

increasingly link P1 modulation to attentional suppression (Moher et al., 2014; 

Slagter et al., 2016), whereas the N1 component is thought to reflect attentional 

enhancement (Fedota, McDonald, Roberts, & Parasuraman, 2012; Roberts, Fedota, 

Buzzell, Parasuraman, & McDonald, 2014). Thus, we would tentatively suggest that 

the attentional bottleneck caused by the performance-monitoring systems leads to 

impaired task performance through active suppression of task-relevant information 

on the subsequent trial. However, future research designed to explicitly test 
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whether the attentional bottleneck reflects active suppression or a lack of 

attentional enhancement is certainty needed to corroborate this hypothesis. 

Application of the results 

Within the last 10-15 years, substantial research interest has focused on the 

link between the performance-monitoring system and anxiety disorders (Hajcak, 

2012). It has reliably been shown that anxious adults have a heightened 

performance-monitoring system (Hajcak et al., 2003) or that heightened 

performance-monitoring in children is a risk-factor for adulthood anxiety 

(McDermott et al., 2009). Taken together, the results of studies one and two in this 

dissertation suggest a possible mechanism related to the cause and maintenance of 

social anxiety. Social interactions represent a real-world situation in which a series 

of rapid decisions must be made, in conjunction with continuous appraisal of social 

feedback from others. That is, social interactions require decisions to be made at 

short intervals, and little time follows feedback. Given that socially anxious 

individuals are shown to have a more active performance monitoring system 

(Barker, Troller-Renfree, Pine, & Fox, 2015), actual or perceived failures within a 

social setting may trigger an attentional bottleneck in these individuals, impairing 

social interaction and leading to negative outcomes. Relatedly, given that anxious 

individuals are known to be biased toward negative social outcomes in the first 

place (Heimberg, 1995; Mogg & Bradley, 2005), they may “expect” negative social 

appraisal causing a positive prediction error when such events do not occur, leading 
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to distraction; such distraction would presumably impair further social interaction 

as the result of an attentional bottleneck. In sum, overactive performance-

monitoring in anxious individuals may lead to poor social interaction as the result of 

an attentional bottleneck caused by the performance-monitoring system. If this 

turns out to be the case, then treatment for social anxiety could be targeted toward 

mitigating an overactive performance-monitoring system.  

The current results also suggest important methodological considerations for 

researchers that study performance-monitoring and cognitive control. Given 

research linking the MFC to control (Carter et al., 1998) or studies that suggest 

response slowing after errors reflects the instantiation of control (Botvinick et al., 

2001; Dutilh et al., 2011), it has become common to interpret either of these 

phenomena as direct evidence for control on their own. For example, in 

investigation of psychological disorders, decreases in MFC activity or response 

slowing have been interpreted as demonstrating deficits in the ability of patients to 

exert control (Carter, MacDonald III, Ross, & Stenger, 2001; Kerns et al., 2005; 

Ullsperger, 2006). However, while both MFC activity and response slowing have 

indeed been linked to control when ITIs are relatively long, the current results 

clearly demonstrate that these phenomena are not universally associated with the 

instantiation of control. In fact, the current results demonstrate that either of these 

phenomena can actually be associated with distraction within certain contexts. 

Therefore, as researchers continue to apply basic research within the field of 
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performance-monitoring to translational studies of psychological disorders or 

patient populations, it is critical that MFC activity or post-error slowing be 

interpreted with caution. Ideally, researchers should also investigate direct 

measures of control, such as task-related attention, or at least also investigate 

accuracy rates.  

Conclusions 

This dissertation was explicitly designed to study the effects of error-

detection or feedback processing on ongoing behavior, particularly when the 

amount of time between trials is short. While previous psychological theory has 

linked error detection and feedback processing to the implementation of control 

(Botvinick et al., 2001) or learning (Holroyd & Coles, 2002) when ITIs are relatively 

long, the current results suggest that error-detection and the processing of 

unexpected feedback can lead to worse performance when ITIs are short. 

Specifically, the current data support the notion that performance-monitoring can 

lead to distraction through an attentional bottleneck, which impairs task-related 

attention. For several reasons, this finding marks an important addition to the field 

of performance monitoring and psychology more generally. First, the data suggest a 

possible lower limit in terms of the time course at which control can be instantiated 

following errors or feedback. Second, the data highlight the resource demanding 

nature of the performance-monitoring system. Third, the results suggest important 

methodological considerations that other researchers should follow when 
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investigating the performance-monitoring system. Fourth, the results open up an 

interesting line of new research and suggest a possible mechanism that may 

underlie psychological disorders such as social anxiety. Finally, given the integral 

nature of performance-monitoring to many aspects of cognition and the fact that 

errors occur within many contexts, the present result can readily be applied to 

many areas of psychology and even daily life. Again, the data lead to the 

provocative—though somewhat counterintuitive—finding that the very system 

responsible for monitoring and improving behavior can sometimes be the source of 

additional performance decrements. 
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Appendix A 

 

Supplementary Analyses for Study One 

 

 

 

Test for low-level stimulus differences 

 Stimuli for the perceptual decision-making task were very similar in terms of 

hue, and closely matched for luminance, in order to minimize any low-level stimulus 

differences that might influence the P1 ERP component. In order to confirm that 

“same” and “different” stimuli did not elicit differential P1 responses, all 

experimental trials, irrespective of behavioral response, were sorted as a function of 

stimulus type and the stimulus-locked P1 component was statistically compared. 

Mirroring the primary analyses presented in the dissertation, P1 was defined as 

mean amplitude during a 122–166 ms time window, collapsed across electrodes 

PO7 and PO8. A repeated-measures t-test revealed no significant difference in P1 

amplitude between the “same” and “different” stimuli, t(1,22) = .0004, p = .997. This 

null effect suggests that the “same” and “different” stimuli did not differentially 

influence the P1 component. 

Test for baseline differences prior to the P1 

In order to rule out the possibility that differences in the P1 component, as a 

function of previous trial accuracy and RSI, was due to baseline differences between 
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conditions, the pre-stimulus baseline period was statistically compared prior to 

baseline correction. Critically, there was no significant interaction between previous 

trial accuracy and RSI during the baseline period, F(1,22) = .07, p = .788. 

Additionally, paired comparisons of the post-correct and post-error baseline 

periods revealed no significant difference at either short [t(1,22) = 1.27, p = .218] or 

long [t(1,22) = 1.15, p = .263] RSIs. This set of null results suggests that the P1 effect 

reported in study one cannot be due to differences in the pre-stimulus baseline. 

Further, these results suggest that the use of a Laplace transform was successful in 

isolating neural activity at lateral-occipital electrode sites from ongoing error-

related activity in fronto-parietal electrode locations. 

Test for shared volume conduction between Pe and P1 

In order to confirm that the correlation between the Pe and the subsequent 

stimulus-locked P1 was not simply due to shared volume conduction between these 

two components, we tested whether the Pe component correlated with the pre-

stimulus baseline (-200 to 0 ms) of the P1 component. No significant relationship 

between the Pe and the pre-stimulus baseline period was identified, r = -.293, p = 

.175. This null effect suggests that the correlation between late Pe and P1 cannot be 

due to shared volume conduction. However, in order to provide additional evidence 

ruling out the shared volume conduction explanation, we tested for a partial 

correlation between the Pe and the P1 when including individual differences in the 

pre-stimulus baseline as a covariate. Critically the partial correlation between the Pe 
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and P1 was significant (r = -.611, p = .003) when individual differences in the pre-

stimulus baseline were included as a covariate. 

Test for whether Pe-P1 relationship is due to overall accuracy rates 

Given that the Pe is known to vary based on accuracy rates, and that accuracy 

rates may also reflect changes in task-related attention, we sought to test whether 

the Pe-P1 relationship would remain significant when controlling for individual 

variation in accuracy rates. In order to test the relationship between the Pe and P1, 

when controlling for accuracy rates, a partial correlation between the Pe and P1 was 

tested, including individual accuracy rates as a control variable. Critically, the partial 

correlation between the Pe and P1 was significant (r = -.628, p = .002) when 

individual variation in accuracy rates was included as a covariate. 

Test for whether Pe-P1 relationship is due to overall lapse in attention 

We also considered the possibility that an overall reduction in task-related 

attention predicts both a larger Pe and a smaller post-error P1, as opposed to Pe 

being uniquely predictive of a reduction in P1 on post-error trials. We ran a series of 

additional control analyses to rule out this possibility. First, we tested for a partial 

correlation between the Pe and P1, including individual variation in accuracy rates as a 

control variable. Critically, the partial correlation between the Pe and P1 was significant 

(r = -.628, p = .002, r2 = .394) when individual variation in accuracy rates was included 

as a covariate. Next, we more directly tested whether a general lapse in attention could 



95 

 

explain the presence of both an increased Pe on the error trial and a reduction in P1 on the 

post-error trial by measuring the stimulus-locked P1 component on the error trial itself. 

Measurement of the stimulus-locked P1 component on the error trial allowed for a 

measure of task-related attention prior to error commission. The P1 component on the 

error trial was quantified as mean amplitude during a 40 ms window (126-166 ms), 

collapsed across electrodes PO7 and PO8, for error minus correct trials. Critically, no 

correlation between the post-error P1 (post-error minus post-correct) and the error trial P1 

(error minus correct) was identified, r = -.150, p = .495. Further, a partial correlation 

between the Pe and post-error P1 remained significant when the error trial P1 (r = -.686, p 

= .0004, r2 = .471) was included as a covariate. These results provide strong evidence that 

the Pe-P1 relationship is indicative of error detection causing an attentional bottleneck on 

the subsequent trial and that the Pe-P1 correlation cannot be explained by an overall lapse 

in attention leading to both error commission and subsequent attentional impairment. 
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Appendix B  

Supplementary Analyses for Study Two 

 

 

 

Test for low-level stimulus differences 

 Stimuli for the perceptual decision-making task were very similar in terms of 

hue, and closely matched for luminance, in order to minimize any low-level stimulus 

differences that might influence the P1 ERP component. In order to confirm that 

“same” and “different” stimuli did not elicit differential P1 responses, all 

experimental trials, irrespective of behavioral response, were sorted as a function of 

stimulus type and the stimulus-locked P1 component was statistically compared. 

Mirroring the primary analyses presented in the dissertation, P1 was defined as 

mean amplitude during a 104–144 ms time window, collapsed across electrodes 

PO7 and PO8. A repeated-measures t-test revealed no significant difference in P1 

amplitude between the “same” and “different” stimuli, t(1,30) = .053, p = .820. This 

null effect suggests that the “same” and “different” stimuli did not differentially 

influence the P1 component. 

Test for baseline differences following feedback 

In order to test whether the Laplace transform was successful in isolating 

neural activity at lateral-occipital electrode sites from ongoing feedback-related 
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activity in fronto-parietal electrode locations, the pre-stimulus (post-feedback) 

baseline period was statistically compared prior to baseline correction. Critically, 

there was no significant interaction between previous accuracy and ITI in the 

baseline period, F(1,30) = .025, p = .875. This null result suggests that the Laplace 

transform was successful in isolating neural activity at lateral-occipital electrode 

sites. 

Test for whether RewP-PUA relationship is due to overall accuracy rates 

Given that the RewP is known to vary based on accuracy rate, we sought to 

test whether the RewP-PUA relationship would remain significant when controlling 

for individual variation in accuracy rates. In order to test the relationship between 

the RewP and PUA, when controlling for accuracy rates, a partial correlation 

between the RewP and PUA was tested, including individual accuracy rates as a 

control variable. Critically, the partial correlation between the RewP and PUA was 

significant (r = -.537, p = .006) when individual differences in accuracy rate was 

included as a covariate. 

Test for whether RewP-P1 relationship is due to accuracy rates or volume 

conduction 

Given that the RewP is known to vary based on accuracy rates, we also tested 

whether the RewP-P1 relationship would remain significant when controlling for 

individual variation in accuracy rates. However, the RewP-P1 relationship could also 
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potentially be explained by shared volume conduction between these two 

components. Therefore, we tested for a partial correlation between the RewP and 

P1 when individual differences in accuracy rates and the pre-stimulus (post-

feedback) baseline were both included as covariates. The partial correlation 

between the RewP and P1 was significant (r = -.456, p = .025) when individual 

differences in both accuracy rates and the pre-stimulus baseline were included as 

covariates. This result suggests that the RewP-P1 relationship cannot be explained 

by variation in accuracy rates, nor volume conduction. 

Can the post-feedback behavioral effects be explained by error detection? 

 In study one, it was found that post-error attention was negatively predicted 

by the error-evoked Pe on the previous trial; this relationship provided strong 

evidence that the self-detection of errors can lead to distraction on the subsequent 

trial. In study two, it was found that participants were less accurate following error 

feedback when ITIs were short. Thus, the behavioral data of study two are 

consistent with the notion that error feedback processing, like the self-detection of 

errors, can lead to distraction. However, the behavioral deficits following feedback 

in study two did not correlate with feedback-related ERP activity, questioning 

whether the processing of error feedback directly led to distraction on the 

subsequent trial. Given that error feedback may have been confounded with the self-

detection of errors in study two, it is possible that the observed behavioral deficits 

following error feedback were actually the result of the self-detection of errors, and 
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not feedback processing per se. In order to rule out this alternative possibility, we 

tested whether the error-evoked Pe in study two correlated with the observed 

behavioral deficits following error feedback.  

Correlations between the error-evoked Pe and post-feedback behavior (PES 

and PEA) were tested separately for short and long ITI trials in study two. The same 

31 participants were analyzed and the error-evoked Pe was quantified as mean 

amplitude during a 396-496 ms window, relative to response, at electrode Pz. The 

time window and location of the Pe was defined based on data from study one, given 

that no clearly identifiable Pe peak was present in the study two data set. Tests for 

correlations between the Pe and post-feedback behavior were separately corrected 

for multiple comparisons using a Bonferroni correction (two families of tests). No 

significant correlations were identified; all corrected p values > .416. These results 

suggest that the impaired behavior following error feedback is not related to the 

self-detection of errors. 

ERP plots for unsure-correct vs. sure-correct comparison 

 As noted in Chapter 3, an apparent baseline shift was present in the 

feedback-locked ERPs, which is most noticeable in the comparison of unsure-correct 

vs. sure-correct feedback-locked waveforms (see below). For this reason, all 

feedback-locked ERPs were analyzed using a “mean-to-mean” approach, to isolate 

the RewP and P3 from the baseline shift. It should be noted that although a baseline 

shift was present in the feedback-locked ERPs, no baseline shift was present over 
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lateral-occipital electrode locations in the stimulus-locked ERPs. While no 

significant RewP was identified on average when comparing the unsure-correct vs. 

sure-correct responses, the magnitude of the RewP negatively correlated with task-

related attention and behavior on the subsequent trial. 

 

 

 

 

 

 

 

 

 

 

Figure 11. Correct Feedback ERP activity, as a function of expectancy, at electrode 

FCz. Note the presence of a constant baseline beginning with feedback onset. 
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Figure 12. Correct Feedback ERP activity, as a function of expectancy, at electrode 

POz. Note the presence of a constant baseline beginning with feedback onset. 
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Appendix C 

 

Additional analyses 

 

 

 

 In addition to the primary interest of investigating how the performance-

monitoring system leads to distraction, the data collected for this dissertation also 

afforded several additional analyses. Below, several additional research questions 

and analyses are outlined and results presented. 

Is post-error slowing correlated with post-error accuracy? 

A recent debate has arisen in the literature over the functional interpretation 

of post-error slowing (PES). While this phenomenon has traditionally been 

interpreted as an index of response caution (Botvinick et al., 2001; Dutilh et al., 

2011), it has also been argued to reflect distraction (Notebaert et al., 2009). Jentzsch 

and Dudschig (2009) have suggested that the functional interpretation of PES may 

actually depend on ITI, with PES reflecting distraction at short ITIs and control at 

long ITIs. Analysis of PES and post-error accuracy (PEA) in both study one and study 

two demonstrated that PES is greatest at short ITIs, when PEA is lowest; in contrast, 

PES is minimal at long ITIs, when PEA reductions are also minimal. These data are 

generally in line with the work of Jentzsch and Dudschig (2009), although no direct 

evidence of control was identified in study one or two of this dissertation. However, 
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in order to directly test the functional significance of PES, and whether it varies as a 

function of ITI, it is necessary to test for correlations between PES and PEA. 

A test for Pearson product-moment correlations between PES and PEA was 

conducted at short and long ITIs, for both study one and study two. However, all 

correlation tests were non-significant (all p > .374). Thus, it is difficult to determine 

any functional interpretation of PES, whether control or distraction, or both, in the 

present data set. One possibility is that the functional interpretation of PES, or any 

potential relationship with PEA, varies across task types. That is, it is possible that 

PES is not directly related to PEA in visual discrimination tasks, such as those 

employed in this dissertation, whereas PES and PEA may be directly related in a 

task that engenders a greater degree of response conflict, such as the Erikson 

flanker task (Eriksen & Eriksen, 1974b). Future work should further investigate this 

issue. 

Formal test of RewP and PRO theories of feedback ERP activity 

As discussed throughout this dissertation, the presentation of negative 

feedback elicits a relative fronto-central negativity, originally referred to as the 

feedback-related negativity (FRN; Miltner, Braun, & Coles, 1997). However, it has 

more recently been suggested that the FRN actually results from the absence of a 

positive ERP component, termed the reward positivity (RewP), which is elicited by 

unexpected positive feedback (Holroyd et al., 2008; Proudfit, 2015). Importantly, 

theories of RewP propose that only positively signed reward-prediction errors 
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influence this component (Holroyd et al., 2008; Proudfit, 2015). In contrast, an 

alternative theory, the predicted response outcome (PRO) theory, holds that the 

FRN reflects MFC activity that is modulated by expectancy alone, regardless of 

feedback valence (Alexander & Brown, 2011). That is, the PRO theory would predict 

differences between unexpected and expected feedback, within the location and 

time range of the RewP, for both correct and error feedback. 

Several lines of evidence have supported the RewP theory (Bress, Smith, Foti, 

Klein, & Hajcak, 2012; Foti, Weinberg, Dien, & Hajcak, 2011b; Holroyd et al., 2009, 

2008; Kujawa, Smith, Luhmann, & Hajcak, 2013). However, work has also supported 

the PRO theory (Oliveira, McDonald, & Goodman, 2007). Given that study two 

assessed confidence prior to feedback presentation on every trial, this data set can 

be used to provide additional support in favor of the RewP theory. Specifically, 

confidence reports can be used as a proxy for the expectancy of feedback (whether 

feedback valence matches confidence). Theories of the RewP would predict that 

voltage within the RewP time range would be more positive for the comparison of 

correct feedback following “unsure” responses compared to “sure” responses, 

whereas RewP voltage would not differ for the comparison of error feedback 

following “unsure” and “sure” responses. In contrast, the PRO theory would predict 

that voltage within the RewP time range would differ for both the comparison of 

correct feedback following “sure” and “unsure” responses, as well as the comparison 

of error feedback following “sure” and “unsure” responses. 
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To facilitate comparison with the other analyses of this dissertation, the 

analysis of expectancy and accuracy was performed on the same 26 participants for 

which the expectancy analysis was performed in study two. These participants had 

at least 25 trials in the four conditions of interest (correct-sure, correct-unsure, 

error-sure, and error-unsure). Note that more trials are available for this analysis 

because it is not necessary to take into account the subsequent trial to test the 

present hypothesis; therefore, error-sure and error-unsure conditions could also be 

analyzed for this analysis. ERP activity during the time range of the RewP was 

defined in a similar manner as that reported in study two of the dissertation. ERP 

activity was measured using a “mean-to-mean” approach reflecting mean amplitude 

during a 290-330 ms window, relative to mean amplitude during a 224-266 ms 

window, at electrode FCz. A certainty (sure, unsure) by accuracy (correct, error) 

repeated-measures ANOVA was conducted. Similar to the effect reported in study 

two of the dissertation, a main effect of accuracy was identified, F(1,25) = 21.33, p < 

.001. However, no effect of certainty (p = .244), nor an interaction between accuracy 

and certainty (p=.475) was identified. The main effect of accuracy is in line with 

other work investigating error vs. correct feedback. However, this effect is 

consistent with either the RewP or PRO theories. Theories of RewP would predict an 

interaction between accuracy and certainty, such that only correct trials 

demonstrated an effect of certainty. In contrast, the PRO theory would predict a 

main effect of certainty only. Because no significant main effect of certainty, nor an 
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interaction between certainty and accuracy was identified, the current data cannot 

rule in favor of either the RewP or PRO theories. 

 

 

 

 

 

 

 

 

 

 

 

Figure 13. Feedback ERP activity, as a function of accuracy and certainty, at 

electrode FCz. 

 

In summary, the current results are not able to confirm theories of RewP, nor 

rule against the PRO theory; the main effect of accuracy is consistent with either 

theory. One possibility for why evidence in favor of the RewP theory was not 

identified in this data set, is that previous studies primarily employed probabilistic 

cues and gambling tasks to study the RewP (Hajcak et al., 2007; Holroyd et al., 2009, 

2003). In contrast, the current report analyzed confidence and feedback accuracy. It 

should also be noted that a substantial line of evidence has investigated how the 
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RewP reflects a stable trait that varies across individuals (Bress et al., 2015; Patrick 

& Bernat, 2010). As demonstrated in study two, RewP magnitude varies across 

individuals, and was not observable in the group average; individual differences 

may have contributed to a similar null effect in the analysis presented here.  

Is more attention directed toward feedback following unsure responses? 

 It has recently been suggested that when individuals are less confident in 

their performance, they may rely on external feedback to a greater extent (N. Yeung 

& Summerfield, 2012). This notion is consist with the finding that feedback is 

processed to a greater extent, as measured by the RewP, early in learning when 

uncertainty is presumably greater (Krigolson, Pierce, Holroyd, & Tanaka, 2009). 

However, most research investigating the processing of feedback information has 

not analyzed the degree to which attention is directed toward feedback, as a 

function of confidence or uncertainty. Additionally, it remains unclear if confidence 

would interact with objective accuracy to determine the amount of attention 

directed toward feedback information. Given that study two of this dissertation 

collected confidence reports on each trial, prior to feedback presentation, it is 

possible to use this data set to test whether individuals direct more attention to 

feedback on trials when they are less confident in their performance. Specifically, if 

the lateral-occipital P1 is larger for feedback onset when individuals report being 

“unsure”, this would provide evidence that more attention is directed toward 

feedback as a function of confidence in one’s performance. 
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To facilitate comparison with the other analyses of the dissertation, an 

analysis was performed on the same 26 participants for which the expectancy 

analysis was performed in study two. These participants had at least 25 trials in the 

four conditions of interest (correct-sure, correct-unsure, error-sure, and error-

unsure). Note that more trials are available for this analysis because it is not 

necessary to take into account the subsequent trial to test the present hypothesis; 

therefore, error-sure and error-unsure conditions could also be analyzed here. In 

order to test whether greater attention was directed toward the feedback stimuli, as 

a function of certainty or objective accuracy, the lateral-occipital P1 component was 

analyzed. Given that a baseline offset was present over later-occipital cortex in the 

feedback-locked ERPs, the P1 component was quantified as a “mean-to-mean” 

measure in order to account for any baseline offset and to isolate effects of the P1 

component. Note that “mean-to-mean” quantification of the P1 was not employed in 

the primary dissertation analyses because no baseline offset was present in the 

stimulus-locked data; here, feedback-locked data were analyzed.  

The analysis location and time window for P1 amplitude was defined in an 

unbiased manner, based on inspection of the grand-average waveform, collapsed 

across all conditions of interest. P1 was measured at electrodes P07 and P08 and 

quantified as mean amplitude during a 140-180 ms window (P1 peak), relative to a 

60-100 ms window (P1 base). An electrode location (P07, P08) by accuracy (correct, 

error) by certainty (sure, unsure) repeated-measures ANOVA was conducted. No 
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significant main effect of certainty was identified (p = .826), whereas a trend for a 

significant electrode by certainty interaction was identified, F(1,25) = 3.735, p = 

.065. However, interpretation of this trend remains difficult, as follow-up 

comparisons at each electrode (collapsed across certainty) revealed no significant 

effect of certainty at either PO7 (p = .082) or PO8 (p = .266). No other main effects or 

interactions were identified (p > .201). Thus, no firm statistical support for the 

notion that more attention is directed to feedback, as measured by P1 modulation, 

was identified. 

 

 

Figure 14. Feedback P1 modulation. ERP plots at electrodes PO7 and PO8, depicting 

P1 modulation. Note that P1 was measured using a mean-to-mean approach. 

 

 

Given a null effect for the P1 component, the lateral-occipital N1 component, 

which has also been related to attention (Fedota et al., 2012), was analyzed. The 

analysis location and time window for N1 amplitude was defined in an unbiased 
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manner, based on inspection of the grand-average waveform, collapsed across all 

conditions of interest. N1 was measured at electrodes P7 and P8 and quantified as 

mean amplitude during a 194-234 ms window (N1 peak), relative to a 140-180 ms 

window (N1 base). An electrode location (P7, P8) by accuracy (correct, error) by 

certainty (sure, unsure) repeated-measures ANOVA was conducted. Only a 

significant main effect of electrode was identified, F(1,25) = 6.54, p = .017. However, 

the main effect of certainty was not significant (p = .126), nor any other main effects 

or interactions (p > .434). Thus, no statistical support for the notion that more 

attention is directed to feedback, as measured by N1 modulation, was identified. 

 

 

Figure 15. Feedback N1 modulation. ERP plots at electrodes P7 and P8, depicting N1 

modulation. Note that N1 was measured using a mean-to-mean approach. 

 

 

In summary, these data are inconclusive as to whether more attention is 

directed toward feedback when participants are unsure of their performance. It is 
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worth noting that the direction of the P1-certaitny effect at electrode PO7 and the 

N1-certainty effect at both PO7 and PO8 were weakly trending in the predicted 

direction (greater P1 or N1 magnitude was observed when participants were 

unsure). Thus, these data provide a preliminary indication that attention toward 

feedback is modulated as function of certainty. However, if these statistical trends 

are suggestive of a true effect, than the effect of would appear rather weak in the 

current paradigm, given that a relatively large sample (n=26) was analyzed. One 

possible means to increase the likelihood of a observing a stronger effect of 

attention toward feedback, as a function of certainty, would be to use lateralized 

presentation of feedback information in a future study. Previous research has 

demonstrated relatively robust effects of spatial attention when stimuli are 

presented in the periphery (Hillyard et al., 1998a). Alternatively, discrimination 

difficulty of the feedback stimuli could be manipulated to place a higher burden on 

top-down attentional control of sensory cortex (Fedota et al., 2012). In the present 

report, neither lateralized feedback nor difficult feedback discrimination of feedback 

was used, in order to minimalize disruption to testing other hypotheses of feedback 

presentation and ongoing performance. Future work could employ a modified 

paradigm that is optimized for detecting feedback-attention effects. Another 

possibility for why a significant attention effect was not observed, is that individuals 

may differ in the degree to which they direct attention to feedback as a function of 

certainty. Future work that also assess individual differences in factors like 



112 

 

“aversion to uncertainty” may identify a relationship between feedback and 

attention in a subset of individuals.  
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