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Abstract 

 

Brain states dynamically change with learning and these changes vary widely among individuals. 

Recent research proposes that electrophysiological measures of brain states can also predict 

individual variability in successful learning. This study was conducted to examine neural 

mechanisms of learning and neurological indicators that predict success in a perceptual learning 

task. EEG was recorded over 20 blocks of trials while subjects learned to categorize a complex 

visual stimulus that required integration of multiple physical dimensions for successful 

categorization. For the analysis, final performance scores were used to median split subjects into 

high and low learners. By the 6th block, high learners began to diverge, eventually achieving 

80% accuracy while low learners remained only nominally above chance. ERPs to the visual 

stimulus revealed a P3b that was significantly larger in high learners even before performance 

differences had emerged, but that did not vary with learning. Power spectral analyses showed 

that resting-state alpha was larger for high learners both before and during learning. Finally, 

alpha power increased for high but not for low learners as learning progressed. These results 

show that electrophysiological measures, especially alpha power, may not just reflect the 

learning process but also serve as predictors of eventual learning performance.  

 

  



Highlights 

· Electrophysiological measures were recorded during a complex perceptual learning task. 

· Accuracy rates increased for high learners but much less so for low learners.   

· P3b to the visual stimulus & alpha power in rest periods was larger in high learners. 

· P3b & alpha power differences were seen even before performance differences emerged. 

· Electrophysiological measures echo the learning process & predict eventual learning. 
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Learning is a fundamental cognitive activity the principle result of which is ultimately a 

change in the way a person responds to the environment. Learning itself represents a broad 

category of investigation which is often characterized by the kind of information learned (e.g. 

perceptual learning) or the process by which learning is achieved (e.g. implicit learning). 

Perceptual learning can be defined as an improvement in the ability to perceive which is 

achieved through repeated sensory experience. It is a form of implicit learning, in which learners 

often cannot easily verbalize how and what it is that they learned. However, despite intact 

sensory and cognitive function there is still a large amount of variability in perceptual learning 

amongst individuals, with some showing great success and others little to no learning. While 

much research has shown that learning is a process that ultimately affects brain function and 

organization, recent electrophysiological work has suggested a possible explanation for observed 

individual differences in perceptual learning. Namely, the brain state the learner brings to the 

task itself can also affect learning by facilitating or hindering the learning process. These studies 

have recorded changes in brain states associated with the learning process and remarkably, 

predicted learning well before performance evidence of this learning was apparent (Freyer et al, 

2013; Mathewson et al., 2012).  

In the present study, we examine changes in measures of brain states, specifically the 

electroencephalogram (EEG) and event-related potentials (ERP), as subjects gained (or not) 

proficiency in a perceptual categorization task. The ongoing electrical activity of the brain, the 

EEG, consists of a series of oscillations with different frequencies and amplitudes that vary 

based on mental state. ERPs are minute changes in the EEG that are elicited by an external 

physical stimulus or internal cognitive events. The ERP waveform consists of a series of 

negative- and positive-going components shown to reflect different aspects and stages of 



information processing and vary based on the extent of processing. Both EEG oscillations and 

ERP waveforms exhibit considerable individual differences in their fluctuations and patterns, and 

it is conceivable that learning variability could in part be related to these particular brain 

signatures. Although most electrophysiological studies of learning have focused on changes after 

learning is complete, such an approach cannot reveal how electrophysiological activity 

dynamically changes to reflect improvements in perceptual performance or whether a pre-

existing neurological disposition can affect performance. In order to do so it is necessary to track 

brain activity throughout the entire learning process. 

EEG Oscillations. Of particular importance to learning is the 8-12 Hz alpha oscillation, 

discovered in the very first EEG recordings from the human scalp when subjects were resting, 

with their eyes closed (Berger, 1929). Early investigations noted that simply opening the eyes 

can cause a marked attenuation (or “desynchronization”) of alpha and for this reason, many 

concluded that alpha reflected an “idling” state during which the cortex is not engaged in a task 

(see Pfurtscheller et al., 1996 for a review). By contrast, high attention and vigilance is 

associated with low alpha power (Thut, 2006). The functional role of alpha is however still 

debated and recent work has suggested that changes in alpha rhythm cannot simply be explained 

by global fluctuations of attention or vigilance. Instead, an inhibition role has been emphasized, 

with alpha power reflecting a top-down inhibition of processes that are not relevant to the task 

(Klimesch et al., 2007; Jensen and Mazaheri, 2010; Sigala et al., 2014). Considering the 

complexity of the alpha rhythm, alpha may have different roles depending on the specifics of the 

task. 

Changes in alpha activity have recently been intimately linked to both short- and long-

term learning. Hamame et al. (2011) employed a complex visuo-spatial search task, and trained 



subjects on this task for a 1 hr session each day over 5 days. During the presentation of the visual 

stimuli, alpha power gradually decreased, as would be expected with active processing of the 

complex stimulus changes. Desynchronization however dissipated over the last two training 

sessions and alpha power thus increased as training progressed.  The alpha enhancement would 

be consistent with successful learning and the need for less attention and resources to be devoted 

to the task.  Similarly, Bays et al. (2015) employed a complex visuo-spatial search task and 

found evidence of an increase in alpha power following learning. Subjects were trained on this 

task for 1 hr/day over an 8 day period. EEG was recorded on the first day and one day after the 

final training session. They found that the alpha power attenuated following the onset of the 

visual stimulus (or alternatively, alpha desynchronization increased) with training on the task. 

Furthermore, they found that training resulted in increased alpha power during the pre-stimulus 

period, a 1 s period prior to the onset of the stimulus. Again, this later effect may be related to 

the gradual automaticity of processing associated with efficiency in the learning of the task. 

Freyer et al (2013) employed a somatosensory perceptual learning task in which subjects 

passively learned a tactile discrimination task through repetitive stimulation. Discrimination 

performance on the task was greatly improved with stimulation; and importantly, the higher the 

alpha power was during a rest period prior to stimulation, the larger the improvement on task 

performance after stimulation. Some studies have also examined brain state correlates of learning 

during continuous learning tasks such as video games. In Maclin et al (2011), subjects learned to 

respond in a complex visual computer game, and the results showed that an increase in alpha 

power at central sites following stimulus presentation was associated with learning. In another 

study employing a real-time video game task, Mathewson et al (2012) found that those who 



eventually learned the game well showed larger alpha power over frontal sites very early in 

training. 

ERPs. Several studies have examined the effect of learning on “early” processing, as 

reflected by ERP components occurring shortly after stimulus presentation and well before actual 

decision-making. A negative-component occurring at about 200 ms after stimulus onset, termed 

the “N2pc”, has been demonstrated to increase in amplitude during visual search tasks as the 

subject learns to attend to a relevant feature occurring among many others (An et al., 2012; 

Hamame et al., 2011; Qu et al., 2016). However, this N2pc effect is specific to visual search 

tasks and is not known to generalize to other types of learning. A few studies have investigated 

another candidate ERP as a correlate of learning; this ERP, the P3, has been the subject of a 

considerable number of studies. It was first described by Sutton (1965) as occurring following 

the detection of a rare, task relevant stimulus. Its latency can occur as early as 300 ms (and for 

this reason, is also often called “P300”) when targets are easily discriminable but typically 

occurs from 400-600 ms in more difficult and complex tasks. 

The amplitude of P3 has often been associated with the updating of working memory1. 

The learning process obviously requires the updating of memory based on feedback about the 

correctness of the decisions. Barcelo (2003) employed a modified Wisconsin card sorting task in 

which subjects had to learn the correct concept appearing on the card through a trial-and-error 

process. They examined ERP components time-locked to the perception of the cards to-be-

categorized, and changes associated in this perception as learning progressed. Although the 

correct categorization could be learned within a few trials, they noted that a small positivity, that 

                                                 
1 Because of its association with decision-making, Stelmack and colleagues have frequently employed P3 

in their studies of individual differences in cognitive abilities (see for example, McGarry-Roberts et al., 1992;  
Beauchamp & Stelmack, 2006; Sculpthorpe et al., 2009) 



they termed the P3a, occurring at about 200 ms was larger, albeit non-significantly, on stay (keep 

the concept) than shift (change the concept) trials. On the other hand, a later, parietal maximum 

positivity, that they termed P3b, occurring from 400-800 ms was significantly larger on stay than 

shift trials. Thus, as the concept was gradually learned, the amplitude of the P3b became larger. 

In the Hamame et al. (2011) task involving long-term learning of complex visuospatial features, 

a P3b was observed to both equally probable targets (containing the key feature) and nontargets. 

This P3b also gradually increased in amplitude as subjects learned the discrimination over five 

days. Maclin et al. (2011) and Mathewson et al. (2012) also recorded a P3b to task relevant 

visual stimuli contained within a complex computer game. However, the P3b proved to be only a 

weak predictor of individual improvement in video game performance, although the authors 

noted that this may be due to latency jitter related to the timing of the stimulus presentation 

associated with recording in a continuous real-world task.  

Perceptual categorization tasks provide an ideal methodological paradigm for the study of 

perceptual learning in a discrete trial context. In such tasks, subjects learn to classify perceptual 

stimuli, typically visual, into two or more categories over the course of hundreds of trials. The 

stimuli are constructed to vary across 2 or more physical dimensions and require subjects to 

integrate the dimensions for proper classification. The task can be cognitively complex, produces 

gradual learning, and like many real world learning situations is implicit (i.e., procedural) as 

subjects are usually not able to adequately verbalize the rule learned to classify the stimuli. An 

additional, but important, characteristic of perceptual learning in categorization tasks is that they 

often accommodate a wide variety of individual differences in both asymptotic performance and 

in rate of learning (see Ashby et al., 2003; Zeithamova, & Maddox, 2007). The present study 

records EEG and ERPs while subjects engage in a visual perceptual categorization task. The task 



was piloted and adapted in such a way to be very difficult, and produce considerable learning 

variability amongst individuals. Based on previous studies, it was expected that the P3 elicited by 

the visual stimuli would become more prominent as subjects improved their task performance. It 

was also expected that the EEG, in particular the alpha activity, evoked during the pre-stimulus 

resting periods would predict eventual success in learning the task.  

 

Method 

Subjects 

Twenty-four young adults (12 males, 12 females, age range: 18-25 years) volunteered to 

participate in this experiment. All were right-handed, with good self-reported health and normal 

or corrected-to-normal eyesight. None had a history of neurological or psychiatric disorder. This 

study was conducted following the guidelines of the Canadian Tri-Council (Health, Natural, and 

Social Sciences) on ethical conduct involving humans. The participants gave informed consent 

prior to the beginning of the experiment and received an honorarium for their participation.  

Stimuli and Procedure 

The experimental design and methodology for the present study was adapted for ERP 

recording from general perceptual learning categorization tasks such as that described in Maddox 

et al. (2007) and Welham and Wills (2011).  The procedure and stimuli were pilot tested for 

complexity and difficulty to ensure the task produced both gradual learning and a variety of 

asymptotic performance. 

The task involved learning to classify visual stimuli into two categories, A and B. Stimuli 

consisted of a circle with a bisecting line and varied along two physical dimensions: the diameter 



of the circle and the angle of the bisecting line. Line angle was defined as starting from 0 along 

the horizontal and rotating counter-clockwise as angle increased. The rule used to define whether 

a stimulus belonged to category A or B was derived from that used by Ashby et al (2003) and is 

shown in Figure 1.  

 

Figure 1. Visual representation of the relationship between circle diameter and angle of the bisecting line. Stimuli falling along a 

vertical line intersecting the x-axis will have the same circle diameter. However, circles in category A will always have a smaller 

line angle compared to circles from category B. Likewise, stimuli falling along a horizontal line intersecting the y-axis will have 

the same line angle. However, circles in category A will always have a larger circle diameter compared to circles from category 

B. By defining category membership in this way, the value on a single dimension is inadequate for correct categorization and 

subjects must therefore integrate both dimensions to correctly learn the task. 

 

Although stimuli from each category may have had the same circle diameter or line 

angle, it is the integration of both dimensions that made a stimulus unique to a given category. 

Thus, for stimuli having the same line angle, the diameter of the circle was larger for stimuli in 

category A and smaller for those in category B. Furthermore, for stimuli having the same circle 

diameter, circles in category A had a smaller line angle compared to circles from category B. A 

total of 500 different stimuli were generated for each category. Examples of stimuli representing 
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trials. A brief 2 minute rest period was provided between blocks. During the first minute, 

subjects were shown their accuracy for the previous block and allowed to rest and move. During 

the second minute, the subjects were shown a message on the monitor indicating that resting-

state EEG was being recorded and that they not move during this time. A total of 20 blocks and 

1000 trials were presented in the approximately 2-hour study. The presentation and timing of the 

stimuli were controlled by E-Prime software (Psychology Software Tools Inc., Sharpsburg, 

Pennsylvania) using a Windows XP operating system. Similarly, E-Prime monitored the 

accuracy of the subject’s responses. 

EEG Recording  

EEG activity was recorded from 63 active silver-silver chloride electrodes embedded into 

a cap (Brain Products, GmbH, Munich, Germany). An additional EOG electrode was placed on 

the infra-orbital ridge of the left eye to record vertical eye movements. The nose was used as a 

reference for all channels. Inter-electrode impedances varied from 20 to 50 kΩ. A high filter was 

set at 250 Hz. The time constant was 10s. The EEG was continuously digitized at a 500 Hz 

sampling rate and stored on hard disk for later analyses.  

The data were later reconstructed using Brain Products’ Analyzer2 software. The EEG 

was visually inspected for channels containing high levels of noise. These channels were 

replaced by interpolating the data of the surrounding electrode sites (Perrin et al., 1989). When a 

subject’s data contained more than 4 channels having high levels of noise, the data were rejected. 

This was the case for 2 subjects, and these data were excluded from further analyses. Analyses 

were therefore based on 22 subjects. Vertical EOG activity was computed by subtracting data 

recorded at FP1 from that at the lower EOG site. Horizontal EOG activity was computed by 

subtracting data recorded at FT9 from that recorded at FT10. Independent Component Analysis 



(Makeig et al., 1996) was used to identify eye movements and blinks that were statistically 

independent of the EEG activity. This algorithm was trained to recognize each subject’s blink 

signature, and this factor was then partialled out of the EEG traces. 

Measures 

Behavioural. The proportion of trials in which the participant correctly categorized the 

stimulus was computed for each of the 20 blocks. The entire sample (n=22) was divided into two 

equal groups (n=11) of low and high learners on the basis of a median split of performance 

accuracy in the last 5 blocks of trials (corresponding to the 4th quarter of the experiment) 

ERP Data. The continuous EEG was reconstructed into discrete 1,000 ms segments 

starting 100 ms before the onset of the circle-line stimulus, thus lasting for 900 ms following 

stimulus onset. The average of the activity in the 100 ms pre-stimulus interval served to form a 

zero voltage baseline. Single segments were sorted according to electrode position, accuracy 

(correct or incorrect subsequent decision) and block (1 to 20). Single trial data were collapsed 

across stimulus category (category A or B). Because only 50 trials were presented in each block 

and data were additionally sub-divided into correct and incorrect decisions, clear ERP signals for 

each individual block did not emerge following the averaging procedure. A decision was 

therefore made to collapse the data across quarters (i.e., first quarter, blocks 1-5; second quarter, 

blocks 6-10; third quarter, blocks 11-15; fourth quarter, blocks 16-20). The single trial segments 

were then baseline corrected prior to averaging. Any epochs containing EEG activity exceeding 

±100 μV on any channel were rejected from averaging. Averaging of single segments was then 

carried out on correct and incorrect trials separately within each quarter.  



Various methods have been used for scoring ERPs. A common method identifies various peaks 

within the epoch and measures its peak amplitude and the latency of this peak. In the case of the 

response to the circle-line stimulus used in the present study, distinct peaks were not always 

visible. This is probably because the cognitive processes involved in the perception and 

categorization of this stimulus may not occur at a definitive point in time with ms precision. A 

second method, mean amplitude measure, is often applied when distinctive peaks are difficult to 

identify (Duncan et al., 2009; Picton et al., 2000). This approach calculates the mean voltage of 

the waveform in a predetermined window of time. The 1000 ms segment was divided into 50 ms 

intervals beginning at stimulus onset (i.e., 0 ms) and continuing until 800 ms. All data points 

within each of the sixteen 50 ms intervals were separately averaged for each electrode site for 

correctly and incorrectly categorized stimuli within each of the 4 experimental quarters. 

EEG Data. The 1 minute resting interval occurring before the start of each stimulus block 

was examined by applying a spectral analysis of the EEG. In a separate analysis, the 1 minute 

rest period before the start of the task (i.e., prior to block 1) was also examined. The purpose of 

spectral analysis is the decomposition of EEG signals into its constituting frequency components. 

The power density spectrum displays the distribution of power (or variance) over the frequency 

components of a signal (Achermann, 2009). Spectra were estimated by discrete fast Fourier 

transforms (FFTs). The 1 minute interval was divided into ten equal duration segments. A 

constraint of the FFT algorithm is that the number of data points used within a segment had to be 

a power of 2. Each segment therefore lasted 8.192 s (i.e., 4096 data points). As a result, the 10 

segments overlapped. Spectral analysis is especially sensitive to artifact. For this reason, each of 

the segments was visually examined and rejected if artifact was detected. The segment was also 

rejected if the amplitude of the EEG on any channel exceeded + 100 µV.  On this basis, 2 



additional subjects (one in the low learner group and one in the high learner group) were 

removed from further analysis. To reduce edge effects (or leakage), each segment was weighted 

using a 10% duration (0.8 s) Hann non-rectangular window periodic function. A frequency 

resolution of 0.5 Hz was employed for frequencies between 2 and 20 Hz. The resulting absolute 

values were then squared to obtain power density values, expressed as μV2 /Hz for each of the 10 

segments in the 1 minute interval for each of the 63 electrodes.  As in the analyses of the ERPs, 

the 20 experimental blocks were divided into quarters with 5 blocks in each quarter. The 8 s 

segments were averaged across the 5 blocks within each quarter to reduce noise (smooth 

frequency bins and reduce variance of the estimate). The ten 8 s segments were then 

reconstructed into a single 1 minute pre-stimulus epoch. 

Statistical Analysis  

Performance Data. T-tests were used to determine whether there was a significant 

difference in performance accuracy between the two groups at each individual block of trials.  

ERP data. Separate ANOVAs were run for each of the sixteen 50-ms time intervals. 

Electrode sites were grouped into regions of interest (ROIs) comprising 9 electrodes over frontal 

(F3, Fz, F4), central (C3, Cz, C4) and parietal (P3, Pz, P4) sites where the ERP components of 

interest have been reported to be largest. Four-way ANOVAs with one between-subjects factor 

(Group) and with repeated measures on Quarter (1-4), Electrode site (left, midline, right) and 

Correctness of decision (correct, incorrect) were run on each of the 50 ms intervals for each of 

the ROIs. Greenhouse-Geisser correction procedures were used when appropriate. Although 

there were a large number of comparisons made, corrections were not applied as specific effects 

were predicted. More specifically, in the grand averaged waveform, a large positivity during the 



350-650 ms interval was apparent akin to the P3b observed by Barcelo (2003). This P3b was 

predicted to be larger for the high learner group.   

EEG data. ROI analyses were again employed with electrodes grouped into frontal, 

central and parietal regions. The parietal-occipital region (PO3, POz and PO4) was also included 

because alpha activity tends to be largest in posterior regions. For the 1 min resting periods 

between blocks, separate between-group ANOVAs were run with repeated measures on 

Electrode site and Quarter for the different frequencies within theta (4-7 Hz), alpha (8-12 Hz) 

and beta (15-20 Hz) activity for each of the ROIs. Similar between group ANOVAs with 

repeated measures on Electrode site were run on the 1 minute pre-task interval data, again for the 

different frequency intervals.  

Results 

Performance Data 

Figure 4 illustrates performance accuracy over the 20 blocks for the low and high 

learners. An independent-samples t-test was conducted to compare performance accuracy 

between the groups for each block of trials. Performance accuracy between the low and high 

learners did not significantly vary within the first 5 blocks (corresponding to the first quarter of 

the experiment). Significant differences began to emerge in the second quarter, specifically at 

blocks 6, 7, 9 and 10, t(20) ranging from 2.12 to 3.42, p < .05 in all cases; high learners had 

better performance accuracy than low learners. Differences were not significant in block 8, t(20) 

= 1.22, p > .24. The low learners performed significantly worse in all blocks in Quarter 3, t(20) 

ranging from 2.71 to 3.40 p < .05 in all cases. In the final quarter, again significant differences 

were apparent at each block, t(20) ranging from 3.26 to 5.00, p < .01 in all cases. In Quarter 4, 
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attain significance (p ranging from > .06 to > .09). Interactions involving Group, Correctness 

and/or Quarter were not significant at any time interval, for most F < 1.  

P3b. A long-lasting large amplitude positivity was visible from about 350 until about 750 

ms. This positivity was largest over parietal regions of the scalp and declined in amplitude over 

anterior regions. The positivity in the intervals from 400 to 500 ms corresponds to the peak of the 

P3b observed by Barcelo (2003).  

The correctness of classification did not significantly affect this waveform’s amplitude in 

the intervals ranging from 400-500 ms, for most F < 1; a similar pattern was observed in 

intervals from 500 to 750 ms. The positivity was however significantly affected by the 

correctness of the response in the 600-650 ms time interval, but only at parietal sites, F(1,20) = 

4.79, p < .04.  Importantly, there was no evidence that the amplitude of this positivity changed 

over the 4 quarters of the study, F(3,60) ranging from 0.41 to 1.77, p ranging from > .16 to > .75 

at all ROIs. From 500-750 ms, the amplitude of the positivity again did not significantly vary 

among the 4 quarters at any ROIs, F < 1.29 , p >.28.  

Consistent group differences were however observed during the time intervals including 

this prominent positivity. The group differences were independent of the correctness of the 

decision and the quarter of the study. Group differences were not significant in the 350-400 ms 

intervals. For the 400-450 ms and 450-500 ms intervals, significant group differences were 

found, F(1,20) ranging from 4.52 to 5.89 , p < .05 at all electrode ROIs. The long-lasting 

positivity corresponding to the P3b was significantly larger for the high than the low learners. 

The larger amplitude positivity associated with the high learners continued from 500 until 750 

ms at central and parietal sites, F(1,20) ranging from 4.45 to 6.72, p < .05 in all comparisons. At 

the frontal sites, group differences were however not significant in the 500 to 750 intervals, 



F(1,20) < 3.18, p > .09. Interactions involving Group and Correctness, and Group and Quarter 

were not significant in any of the intervals from 400 to 750 ms, for most F < 1. Similarly, the 

interactions between Correctness and Quarter were not significant, F(3,60) < 1.41, p > .25. 

P3b maps. Significant group differences did emerge in the critical P3b interval of 400-

500 ms. The positivity was much larger for those who eventually learned the categorization rule 

than those who did not. It is possible that this difference might reflect the activation of different 

intracranial sources. The high learners might have recruited additional sources that the low 

learners did not, and these additional sources account for the difference in the late positivity. 

This can best be determined by observing the scalp distribution of this late positivity (i.e. where 

it is maximum and minimum). Components whose scalp topographies vary must have different 

intra-cranial generators. Thus, if the scalp distribution of an ERP component is different between 

two groups, then the underlying cerebral generators must also be different. Scalp distribution 

“maps” provide a convenient means to display the voltage variance over the scalp. A spherical 

spline-interpolated algorithm was used to compute a continuous topographic map of the activity 

for the 400-450, 450-500 and 550-550 ms intervals. These maps are illustrated in Figure 7. In 

these maps, the projection is extended down 20º below the Fp1-T7-Oz-T8-Fp2 circumference to 

show data from the most inferior electrodes (mastoids, F9, F10, P9, P10). Because the amplitude 

of this long-lasting positivity was smaller in the low learners, the minimum-maximum scale was 

adjusted across groups. As may be observed, across the various times intervals, the maps of the 

P3b are very similar between the two groups.  
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The purpose of the present study was to identify dynamic brain changes associated with 

the learning process and moreover, examine whether brain states prior to learning would predict 

individual differences in performance on a perceptual classification task. Only a small number of 

studies have previously investigated this question, and our results are generally in agreement 

with their findings. Most notably, we found that resting-state alpha power and P3b amplitude 

predicted individual differences in eventual task performance before learning had even taken 

place. Furthermore, changes in resting-state alpha power (but not P3b) were also associated with 

changes in task performance as learning progressed. 

The behavioral performance results confirm that perceptual learning occurred during our 

categorization task, at least for the high learner group. During the first quarter of the study, 

differences between the two groups were not apparent. By the 2nd quarter, high learners began to 

diverge and steadily improved to eventually achieve 80% accuracy in the final quarter. In 

contrast, low learners showed improvement early on that was only nominally above chance and 

then maintained the same level of performance throughout. Because there were no group 

differences until the 2nd quarter, the higher accuracy rates of the high learners therefore cannot be 

assigned to a better understanding of the task instructions but was achieved through experience 

and use of feedback. 

A series of ERP components was visible following the presentation of the circle-line 

stimulus. Most prominently, the ERP waveform was distinguished by a centro-parietal maximum 

positivity beginning at about 350 and lasting until about 750 ms. The early positivity occurring at 

about 350 is probably the P3a similar to that observed by Barcelo (2003) during their stimulus 

categorization task. The P3a did not differ between the two learner groups and was not affected 



by the learning process. The later positivity had a longer latency 400-600 ms and a parieto-

central maximum scalp distribution that is consistent with a P3b.  

Large amplitude differences in the P3b were revealed between learner groups: P3b was 

much larger for the high than the low learners. The spline maximum scalp distribution maps 

suggested that the intra-cranial sources for this positivity were similar between groups. 

Remarkably, the P3b group difference was apparent as early as the first quarter of the study, even 

though performance differences had yet to emerge. The amplitude of the P3b therefore predicted 

eventual learning success of each group. Similarly, resting-state alpha power recorded during 

learning (in the between-block rest period) also showed large group differences. Alpha power 

was much larger for the high than the low learners, and these differences were observed 

throughout the learning task. Surprisingly, these group differences in resting-state alpha power 

were even apparent at the onset of the experiment, before the learning task began. Resting-state 

alpha power therefore also served as a predictor of eventual task performance. A few previous 

studies have noted that increases in alpha power prior to the presentation of the learning stimuli 

predicted eventual learning (Mathewson et al, 2012; Freyer et al, 2013). More specifically, they 

found that the higher an individual’s alpha power before they started their training on a video 

game task (Mathewson et al.) or before stimulation was applied (Freyer et al), the more the 

subjects improved their performance on the task. In contrast to our finding however, Mathewson 

et al. found that P3b amplitude was not a good predictor of eventual successful learning. 

Resting-state alpha power was also found to increase in the high learners as performance 

improved and learning progressed. Alpha power did not change over time for the low learners. 

Resting-state alpha therefore may be a candidate index of learning dynamics. A study by Bays et 

al. (2015) obtained a similar finding, reporting that as subjects were trained on a visual search 



task, they exhibited more alpha power during the pre-stimulus period. On the other hand, P3b did 

not change over the four quarters of our study in the high learners, despite significant 

performance gains. This finding is unlike that of Barcelo (2003) and the Hamame et al (2011) 

where P3b amplitude increased as performance improved. Task difficulty may account for the 

differences in results. In Barcelo (2003), subjects were always able to learn the concept for 

successful task performance within 4 trials, and in Hamame et al (2011) detection rates were 

very high by the end of learning in the study. In contrast, in the present study even high learners 

did not achieve asymptotic performance; by the end of the study, they still only correctly 

classified on average 80% of the visual stimuli. A factor known to affect the amplitude of the 

P3b is information extraction and related to this, the concept of equivocation (Johnson, 1986). 

The P3b increases in amplitude as uncertainty (or equivocation) is reduced. The lack of an 

association between P3b amplitude and learning in our study may therefore be due to task 

difficulty and uncertainty despite performance improvement.  

In our data, high values of resting-state alpha were linked to learning potential and 

learning progression. The functional role of alpha is still debated and several theories can be 

considered to explain our alpha effect. Considering the complexity of the alpha rhythm, alpha 

may serve different roles depending on the nature of the task. Increased alpha activity has 

traditionally been associated with “idleness”, disengagement and the absence of active, effortful 

processing. It would however be rather counterintuitive to expect that those who had the highest 

values of alpha, the high learners, were the most idle and least attentive. The direction of the 

observed relationship between resting-state alpha and performance in the present and previous 

perceptual learning studies therefore argues against global attention effects. 



A more recent theory known as “gating by inhibition” (Jensen and Mazaheri, 2010), 

posits that increases in alpha power reflect a top-down inhibition of brain processes that are not 

relevant to the task. Higher alpha activity in our study during the resting periods therefore could 

reflect an inhibited state in learning-relevant areas of the brain. This idling state allows the 

system to react quickly and efficiently when stimulation starts. The pattern of our results is 

consistent with this interpretation; as are studies showing a larger alpha desynchronization (i.e. 

reduced alpha power) after presentation of the stimulus with learning (Bays et al., 2015, Freyer et 

al., 2013). Low learners may be less successful at entering this standby mode during the pre-

stimulus period. Once the task is re-initiated, the failure to efficiently process and consistently 

extract task relevant information might also explain the reduced P3b in this group (Johnson, 

1986).  

While the gating by inhibition theory accounts well for our group differences, the gradual 

increase in alpha power for high learners over the course of the task is more consistent with the 

classic Shiffrin and Schneider (1977) concept of automaticity. As a task becomes more automatic 

through learning, its execution requires fewer memory and attentional processing resources. 

Superior task performance can thus be maintained with less attention, and less attention leads to 

an increase in alpha (Jensen and Mazaheri, 2010). Our high learners achieved superior task 

performance despite apparently allocating fewer attentional resources to the task as indexed by 

the increasing alpha with learning.  This result suggests that the task also became more automatic 

as learning progressed. The inhibition and automaticity explanations presented here are not 

mutually exclusive, and we propose that together they account for our findings. 

In conclusion, while attentional and other processing resources deployed to a particular 

perceptual task may be critical for the learning outcome, other factors might impose additional 



constraints on the learning process and might explain the large individual differences in 

performance in such tasks. One such factor may be the particular brain state that individuals 

exhibit when confronted with a specific stimulus or task. Indeed, our results along with those 

from previous studies indicate that the relationship between alpha power and subsequent learning 

is consistent across a number of different studies and tasks, and perhaps represents a general 

mode of responding of some individuals, making them better learner. Future studies will need to 

determine if these differences in resting-state alpha reflect a momentary expression of an 

individual’s brain state or a more stable trait. The way in which stable traits can influence 

perception has, of course, been the hallmark of a series of classic Bob Stelmack studies. 
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