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Are the neural signals that we measure in 
response to feedback simply sensitive to 

rewards and punishments or are they actually 
indicative and representative of a neural system 

that underlies human learning?



Part I. The Reward Positivity
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Anterior Cingulate Cortex is the probable source of the FRN

EEG/fMRI: Debener et al., 2005; Holroyd et al., 2004; Hauser et al., 2014

Monkey: Ito et al., 2003; Emeric et al., 2008       Rodent: Warren et al., 2014

Pre-Surgery: Williams et al., 2004



Part II. Theoretical Predictions
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Propagation of Prediction Errors
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Part III. Learning Effects
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Part IV. Application
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arranged in a standard 10–20 layout (Brain Products, GmbH,
Munich, Germany) and Brain Vision Recorder Software (Version
1.20, Brain Products, GMbH, Munich, Germany). Electrode
impedances were kept below 20 k2. EEG data was sampled
at a rate of 500 Hz and amplified (V-Amp, Brain Products,
GmbH, Munich, Germany: 0–500 Hz bandwidth, 24-bit A/D
conversion).

We conducted offline EEG data analysis using Brain
Vision Analyzer 2 software (Version 2.1, Brain Products,
GmbH, Munich, Germany). EEG analysis steps were
performed as follows (for more details, see http://www.
neuroeconlab.com/data-analysis.html). First, any overly noisy
electrodes were removed. Second, data were down-sampled to
a rate of 250 Hz to make the file sizes smaller for enhanced
computer analysis processing speed. Third, the data were
re-referenced from a common reference to linked TP9 and
TP10 electrodes. Next, the data were filtered using a phase
shift-free Butterworth filter with a 0.1–30 Hz passband and a
60 Hz notch filter.

Next, epochs for each ERP component of interest were
created. For the N250, the event of interest was the appearance
of the brain image in early trials (first 48 trials) vs. late trials (last
48 trials). For reward positivity, events were linked to feedback
onset and split by valence (correct or incorrect responses) as well
as early correct (first 50 correct feedback trials) vs. late correct
trials (last 50 correct feedback trials).

Data was segmented into 3000 ms units surrounding the
event of interest (1000 ms before and 2000 ms after) in order
to performed independent component analysis to correct for
ocular artifacts. Data was then re-segmented into 800 ms epochs
surrounding events (200 ms before and 600 ms after) and
baseline corrected using the mean voltage calculated from the
200ms preceding the event.We removed artifacts from the data if
voltage on any channel exceeded 10 µV/ms gradient and 150 µV
absolute difference criteria.

ERP waveforms were created by averaging EEG epochs
across all participants for each experimental condition outlined
above. We defined the N250 ERP component as the mean
voltage from 230 ms to 330 ms following presentation of the
stimulus at electrode site O1. As in previous research, the latency
window was selected based on visual inspection of the grand
average waveform and electrode site was reported for where the
N250 amplitude was maximal (Scott et al., 2006, 2008; Tanaka
et al., 2006; Krigolson et al., 2009). Difference waveforms were
constructed by subtracting ERPs on early trials from late trials to
examine development of perceptual expertise during the learning
modules.

We measured reward positivity as voltage potential changes
measured maximally at the FCz electrode site (overlying the
medial frontal cortex) in line with previous research (Holroyd
and Coles, 2002; Holroyd and Krigolson, 2007; Krigolson et al.,
2009). Reward positivity was defined as the mean voltage of
averaged waveforms from 264 ms to 304 ms post feedback at
electrode site FCz. To compare response to positive vs. negative
feedback, we constructed a difference waveform by subtracting
the ERP on incorrect trials from the ERP on correct trials for
each participant (Proudfit, 2014). Previous research suggests

that reward positivity is reduced with learning (Krigolson et al.,
2009, 2014), thus we also examined changes in reward positivity
in response to positive feedback across the entire experiment.
We generated six grand averaged ERP waveforms (module one
(diagram-based learning) early and late; module two (diagram-
based learning) early and late; and module two (real image-based
learning) early and late).

Statistical Analysis
Statistical analysis was performed using SPSS Statistics (Version
24). Statistical comparisons were made using paired sample
t-tests to examine behavioral (pre and post knowledge test) and
ERP component changes (N250 and reward positivity (correct vs.
incorrect feedback) under each condition assuming an alpha level
of 0.05 for statistical significance. Repeated measures analysis
of variance (RM-ANOVA) was used to compare behavioral
changes (accuracy across blocks) and reward positivity changes
across the entire experiment. Bonferonni post hoc analysis
was completed to identify specific differences. An additional
Greenhouse-Geisser correction was applied to adjust the degrees
of freedom as the assumption of sphericity was violated in the
behavioral accuracy analysis. Equal variance across the blocks
in accuracy performance did not occur due to the ceiling
effects innate to learning data. Effect sizes were determined by
calculating Cohen’s (1988); d (t-tests) and partial eta squared
(RM-ANOVA) to demonstrate magnitude of effect.

RESULTS

Behavioral Analysis
Computer-Based Learning Module 1
Prior to participating in any learning activities, participants
completed a test, employing a diagrammatic brain
representation, to assess prior knowledge of location and
identification of cranial nerves. Module 1 Pre-test score was
4.17%, 95% CI [�0.66, 9.00]. Following completion of the
session, there was a significant increase in performance on the
Module 1 Post-test score, t(22) = 14.14, p < 0.001, d = 3.86,
paired t-test, mean accuracy of 84.78%, 95% CI [72.95, 96.62].
Knowledge test performance across the experiment is shown in
Figure 3.

FIGURE 3 | Performance on knowledge test across learning events (±SD).
Note: all participants achieved 100% in the Module 2 Post-test.
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FIGURE 7 | (A) Grand averaged reward positivity ERP waveforms at FCz in response to correct accuracy feedback across all learning events. Negative is plotted up.
(B) Mean reward positivity amplitudes (between 264 ms and 304 ms) at FCz (±95% CI). Reward positivity amplitude is significantly greater than all other time points
in early learning of Module 1.

TABLE 1 | Reward positivity across learning modules in response to correct feedback (µV).

Module time point Mean Standard deviation 95% Confidence interval

Lower bound Upper bound

Module 1 (Diagram) Early 7.91 4.53 5.73 10.09
Late 2.41 4.53 0.23 4.60

Module 2 Part 1 (Diagram) Early 2.27 3.61 0.53 4.01
Late 1.74 3.17 0.21 3.27

Module 2 Part 2 (Photo) Early 1.34 3.35 �0.27 2.96
Late 0.23 3.20 �1.31 1.78

Object Recognition: The N250
Examination of the ERPs averaged to the onset of presentation
of the brain images revealed a left unilateral posterior N250
(maximal at channel O1). The N250 at O1 significantly increased
in amplitude from the start to the finish of the first learning
module, t(18) = 2.45, p = 0.03, d = 0.32, paired t-test (Figure 5).
In the second learning module there was no significant change
in N250 amplitude from early to late trials in either the diagram-
based learning (t(18) = 1.25, p = 0.23, d = 0.18, paired t-test) or
real image-based learning (t(17) = 1.59, p = 0.13, d = 0.24, paired
t-test) portions of the module.

Feedback Processing: The Reward Positivity
Difference wave analysis on responses to correct vs. incorrect
feedback was only possible for the first learning session, since
beyond this session participant performance was too high
to have enough error trials to generate ERP waveforms for
response to receiving incorrect feedback. Analysis revealed an
ERP component consistent with previously measured reward
positivity, and was maximal at the FCz channel with a peak
latency of 284 ms (Figure 6), t(17) = 4.50, p < 0.001, d = 1.05,
paired t-test.

We also examined changes in amplitude of reward positivity
in response to positive feedback across the experiment. To

generate these ERP waveforms, trials where participants received
feedback indicating they were correct were extracted from
the first and last 50 trials of each experimental condition.
The following ERP waveforms were generated: module one
(diagram-based learning) early and late; module two (diagram-
based learning) early and late; and module two (real image-
based learning) early and late (Figure 7A). Amplitudes of each
waveform were compared from 264 ms to 304 ms at FCz.
Experimental condition had a significant effect on amplitude
of response to positive feedback, F(5,90) = 10.99, p < 0.001,
RM-ANOVA, partial eta squared = 0.38. Specifically, the
amplitude was significantly greater for the early set of trials for
the first module (p’s between <0.001 and 0.006), but all other
trial sets did not significantly differ from each other (p’s > 0.05;
Table 1, Figure 7B).

DISCUSSION

Successful learning is, in essence, the result of changes in
brain activity related to the proper storage and retrieval of
information. The objective of this study was to measure
these neural changes and use them as a new quantitative
dependent variable from which to examine learning in an
applied educational setting. Our results demonstrate that as
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The application of reward learning in the real world: Changes in the reward
positivity amplitude reflect learning in a medical education context☆

Chad C. Williamsa,⁎, Kent G. Heckerb,c, Michael K. Pagetc, Sylvain P. Coderrec, Kelly W. Burakc,
Bruce Wrightd, Olave E. Krigolsona
a Centre for Biomedical Research, University of Victoria, Canada
b Faculty of Veterinary Medicine, University of Calgary, Canada
c Cumming School of Medicine, University of Calgary, Canada
d Division of Medical Science, University of Victoria, Canada

A B S T R A C T

Evidence ranging from behavioural adaptations to neurocognitive theories has made significant advances into
our understanding of feedback-based learning. For instance, over the past twenty years research using elec-
troencephalography has demonstrated that the amplitude of a component of the human event-related brain
potential – the reward positivity – appears to change with learning in a manner predicted by reinforcement
learning theory (Holroyd and Coles, 2002; Sutton and Barto, 1998). However, while the reward positivity (also
known as the feedback related negativity) is well studied, whether the component reflects an underlying learning
process or whether it is simply sensitive to feedback evaluation is still unclear. Here, we sought to provide
support that the reward positivity is reflective of an underlying learning process and further we hoped to de-
monstrate this in a real-world medical education context. In the present study, students with no medical training
viewed a series of patient cards that contained ten physiological readings relevant for diagnosing liver and
biliary disease types, selected the most appropriate diagnostic classification, and received feedback as to whether
their decisions were correct or incorrect. Our behavioural results revealed that our participants were able to
learn to diagnose liver and biliary disease types. Importantly, we found that the amplitude of the reward po-
sitivity diminished in a concomitant manner with the aforementioned behavioural improvements. In sum, our
data support theoretical predictions (e.g., Holroyd and Coles, 2002), suggest that the reward positivity is an
index of a neural learning system, and further validate that this same system is involved in learning across a wide
range of contexts.

1. Introduction

Converging evidence has made significant advances into under-
standing how humans learn from feedback. Whereas pioneer research
has described how behaviours change in response to rewards and
punishments (Skinner, 1958), more recent studies have theorized the
neural mechanisms that underlie reward learning systems within the
brain (Holroyd and McClure, 2015). In particular, neuroimaging studies
have discovered that there are at least two neurocognitive mechanisms
to learning from feedback. First, it has become evident that there is an
early, unconscious system that is sensitive to violations of expectancy
(Holroyd and Coles, 2002; Holroyd and Krigolson, 2007; Krigolson
et al., 2014; Sutton and Barto, 1998). Second, there also appears to be a
later conscious system responsible for updating mental representations

of the environment in order to adapt behaviours and predictions (Sato
et al., 2005; Yeung and Sanfey, 2004). The former of these processes
has been theorized to be driven by the midbrain dopamine system
which delivers signals that reflect reward prediction errors – the degree
to which the predictions of outcomes do not match the actual outcomes
– to the anterior cingulate cortex (ACC; Holroyd and McClure, 2015;
Schultz et al., 1997). More precisely, within this specific framework
(i.e., Holroyd and Coles, 2002), prediction errors are computed within
the basal ganglia, and projected to the ACC via the midbrain dopamine
system. Computational theories describe the ACC to be a ‘controller’ of
cognitive resources in that it integrates these dopamine signals and
directs how to best use resources across the brain in order to learn from
the environment (Holroyd and McClure, 2015).

Over the past twenty years there has been a large body of work
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the reward positivity was reduced in amplitude for the late condition
relative to the early condition, paralleling the aforementioned beha-
vioural changes that we observed. As the magnitude of the positive
deflection of the reward positivity is theorized to be proportional to the
amplitude of reward prediction error signals reaching the ACC (Holroyd
and McClure, 2015), the reduction in component amplitude is sugges-
tive that the neural system underlying this component was no longer
computing prediction errors. In other words, early in learning partici-
pants' expectations of outcomes were not precise and as such in a the-
oretical framework a prediction error would be computed (i.e., in our

data we observed a reward positivity early in learning). However, after
participants learned to classify diagnostic disease types their expecta-
tions would be the same as their outcomes. Thus, reinforcement
learning theory would predict that the amplitude of the prediction error
would be reduced. Supporting this, in our data we saw a related de-
crease in the amplitude of the reward positivity with learning. In other
words, our data suggest that the amplitude of the reward positivity is an
index of degree of learning.

Our task also provided insight as to whether the reward positivity is
involved in real-world learning, rather than being an artifact of simple

Table 2
Descriptive and inferential statistics for all behavioural and neural data. CI = confidence interval. Post-test accuracy refers to the difference between participants' percentage of correct
diagnoses out of 20 on a pen and paper test and chance (20%). Accuracy rates were determined as the difference between the averaged percentage of correct diagnostic decisions out of
the 20 trials of the early and late conditions (late – early). Card view time refers to the difference between the averaged length of time participants viewed the patient card of the early and
late conditions (late – early). Response view time refers to the difference between the averaged length of time participants viewed the diagnostic options prior to finalizing their diagnosis
across the early and late conditions (late – early). Reward positivity reflects the difference in mean amplitude ± 25 ms centered at 292 ms, where the reward positivity peak was
maximal, at electrode FCz between correct and incorrect feedback. Correct waveform corresponds to the difference of the mean peak amplitude ± 25 ms centered at 292 ms at electrode
FCz time-locked to correct feedback onset of the early and late conditions (late – early).

Mean difference 95% CI t-Value p-Value Cohen's d

Min Max

Post-test accuracy 68% 63% 73% 27.43 < 0.0001 5.38
Accuracy rates 16.68% 12.44% 20.93% 8.09 < 0.0001 1.59
Card View time −2.99 s −3.59 s −2.38 s −10.15 < 0.0001 −1.99
Response view time −0.99 s −1.16 s −0.82 s −11.83 < 0.0001 −2.32
Reward positivity 5.53 μV 2.37 μV 8.68 μV 3.61 0.0013 0.71
Correct waveform −3.85 μV −5.30 μV −2.40 μV −5.46 < 0.0001 −1.07

Fig. 2. Behavioural results. A: block accuracy rates, B: card view times, and C: response option view times for early and late conditions in learning. Error bars represent 95% confidence
intervals. The early condition refers to the average of the first 20 trials of each phase, while the late condition refers to the average of the last 20 trials of each phase.

Fig. 3. Neural results at electrode FCz time-locked to feedback stimulus onset. A: correct and incorrect feedback waveforms across the entire experiment. This refers to correct and
incorrect feedback irrespective of phase and time in learning. B: correct feedback waveforms binned into early and late conditions to demonstrate learning effects. This refers to the
averaged correct feedback for the first twenty trials (early) and last twenty trials (late) of all completed phases. The bar graph within B is the mean peak amplitude ± 25 ms centered
around the peak latency, 292 ms, of the corresponding waveforms with 95% confidence intervals.
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