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Abstract

The electrophysiological response to rewards recorded during laboratory tasks has been well docu-
mented, yet little is known about the neural response patterns in a more naturalistic setting. Here,
we combined a mobile-EEG system with an augmented reality headset to record event-related brain
potentials (ERPs) while participants engaged in a naturalistic operant task to find rewards. Twenty-
five participants were asked to navigate toward a west or east goal location marked by floating
orbs, and once participants reached the goal location, the orb would then signify a reward (5 cents)
or no-reward (0 cents) outcome. Following the outcome, participants returned to a start location
marked by floating purple rings, and once standing in the middle, a 3 s counter signaled the next trial,
for a total of 200 trials. Consistent with previous research, reward feedback evoked the reward pos-
itivity, an ERP component believed to index the sensitivity of the anterior cingulate cortex to reward
prediction error signals. The reward positivity peaked ∼230 ms with a maximal at channel FCz (M
=−0.695 μV, ±0.23) and was significantly different than zero (p< 0.01). Participants took ∼3.38 s
to reach the goal location and exhibited a general lose-shift (68.3% ±3.5) response strategy and pos-
terror slowing. Overall, these novel findings provide support for the idea that combining mobile-EEG
with augmented reality technology is a feasible solution to enhance the ecological validity of human
electrophysiological studies of goal-directed behavior and a step toward a new era of human cognitive
neuroscience research that blurs the line between laboratory and reality.
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Significant Statement

Building on decades of experimental, computational, and theoretical analyses of reinforcement learning
in animal and humans, the present study reveals for the first time that scalp-recorded electrophysio-
logical signals associated with the anterior cingulate cortex sensitivity to reward prediction error signals
is dynamically modulated by rewards in humans freely navigating a more realistic environment and that
participants performed the task in accordance with reinforcement learning theory.

Introduction
The ability to utilize reward information to adaptively guide behavior to meet current and

future goals is essential to successfully navigate through a busy day. Extensive theoretical
and empirical work based on simplistic laboratory tasks indicate that goal-directed beha-
vior is largely mediated by key neural targets of the mesocorticolimbic reward system
[e.g., orbitofrontal cortex, striatum, prefrontal cortex and anterior midcingulate cortex
(ACC)] and a dopaminergic teaching signal tethered to prediction of reward outcomes dur-
ing trial-and-error learning (i.e., reward predication error signals, RPEs), as indicated byContinued on next page.
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animal (Schultz, 1998; Sutton and Barto, 1998) and translational human research (Haber
and Knutson, 2010). Current thinking holds that phasic bursts and dips in dopamine activ-
ity are elicited when events are, respectively, “better than expected” (positive RPE) and
“worse than expected” (negative RPE; Schultz, 2011). RPEs allow the mesocorticolimbic
reward system to learn to detect rewards, predict future rewards, and use reward informa-
tion to select and motivate behavior toward a goal (Niv et al., 2005; Garrison et al., 2013).
Although the neural circuit involved in RPE-related processes has been well defined in
simplified and controlled experimental settings, it is unclear how accurately these pro-
cesses translate to more complex, naturalistic situations.
To address this issue, we tested a novel mobile-EEG and augmented reality (AR) para-

digm aimed to record RPE-related neural activity during realistic goal-directed behavior.
We focused on the role of the ACC in goal-directed behavior and the application of AR
to achieve ecological validity in an experimental setting. A prevailing hypothesis holds
that the ACC utilizes RPEs to learn the value of rewards for the purpose of selecting
and motivating the execution of goal-directed behavior (Holroyd and Coles, 2002;
Holroyd and Yeung, 2012). In humans, the reward function of ACC can be investigated
using an event-related brain potential (ERP) called the reward positivity (Baker and
Holroyd, 2011; Sambrook and Goslin, 2015). The reward positivity is observed as a differ-
ential response in the ERP to positive and negative feedback received during choice tasks
and is believed that the impact of positive and negative RPEs on the ACC modulates the
amplitude of the reward positivity (Holroyd and Coles, 2002; Holroyd and Yeung, 2012).
Converging evidence across multiple methodologies indicate that the reward positivity
reflects an RPE signal and is generated by the ACC (Holroyd and Umemoto, 2016).
While the reward positivity has been studied for decades in tasks requiring subjects to
press buttons to make choices between options that pay out probabilistic rewards, these
oversimplified tasks may fail to engage naturalistic cognitive processes.
Recent trends in neuroscience research are gravitating toward experiments that emu-

late naturalistic settings, leading to novel insights into cognition (Sonkusare et al.,
2019). Cognition is now understood to be a dynamic, interconnected phenomenon, rather
than a series of static and isolated operations. While naturalistic paradigms may not pin-
point the precise neural activity that can be revealed through highly controlled laboratory
experiments (Rust and Movshon, 2005), incorporating elements of the real world, such as
authentic stimuli or behaviors, may possibly reveal unobserved dimensions of brain pro-
cesses that have previously been examined under standard laboratory conditions. For
example, locomotion, an understudied component in human cognitive research, is now
recognized as a critical element that influences cognitive functions (Gramann et al.,
2014; Stangl et al., 2023). The current study seeks to extend these findings by integrating
augmented reality with mobile-EEG to allow participants to perform a reward task during
free motion and by doing so, reveal reward-related processes in a setting that closely mir-
rors natural experiences.
Here, we seek to move beyond simplistic lab-based experiments by measuring

RPE-related neural activity and behavior in humans while they freely performed a two-
choice operant task in a naturalistic environment. Here, we leveraged technological
advances in mobile-EEG and head-mounted AR glasses to investigate RPE-related pro-
cesses in humans freely navigating a room to find rewards. AR is an interactive experience
where virtual objects are overlayed onto real-world objects by computer-generated per-
ceptual information across multiple sensory modalities (e.g., visual, auditory) using a spe-
cial kind of optic glasses (Fig. 1B; HoloLens 2, Microsoft). AR is seamlessly interwoven
with the physical world such that it is perceived as an immersive aspect of the real envi-
ronment. In this way, AR alters one’s ongoing perception of a natural environment and
can therefore be an ideal solution for providing experimental control of stimulus in any real-
istic setting (Krugliak and Clarke, 2021).
To record the reward positivity in a naturalistic operant paradigm, we designed an AR

task using the HoloLens 2 in which subjects began each trial in a start location marked
by three-dimensional floating purple rings, and once a 3 s floating timer ended, subjects
were instructed to walk toward one of two floating yellow orbs in the west and east side
of the room. Once subjects were within half a meter and fixated on the floating orb, the
orb would change into either a reward cue or no-reward cue. It is at the onset of the reward
cue we measured the reward positivity. Following each feedback presentation, subjects
walked back to the start location and started the next trial. Because the reward positivity
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has yet to be investigated in a naturalistic setting, we examined whether the reward cues interwoven within the physical
world could elicit this ERP component. In sum, we propose that the melding of mobile-EEG and AR provides a unique
opportunity to study the ecological validity of RPE-related neural signals evoked during goal-directed behavior as it holds
promise for integrating experimental, computational, and theoretical analyses of laboratory behavior in a natural environ-
ment (Krugliak and Clarke, 2021).

Materials and Methods
Participants. Twenty-five adults (24 right-handed, 6 male and 19 female, aged 18–43 years old [M=23, SE= 6]) were

recruited from the Newark community and Rutgers University Department of Psychology participant pool using the
SONA system. The study adhered to the principles expressed in the 1964 Declaration of Helsinki. Informed consent
was obtained from all participants. Each participant received either course credit or $25 an hour plus $5 task bonus for
their participation. Before the experiment, participants were screened for neurological symptoms and histories of neuro-
logical injuries (e.g., head trauma) and then asked to fill out the Edinburgh Handedness Inventory (Oldfield, 1971). After the
experiment, participants filled out the Everyday Spatial Questionnaire. All participants provided written consent before
the experiment. Of the 25 participants, data from four participants were excluded due to excessive artifacts in the EEG
data (n=1) and technical issues during recording (n=3).

AR operant task. Since the operant task has been the gold standard laboratory task for studying reinforcement learning
and goal-directed behavior in freely moving animals (Eagle and Robbins, 2003; Schifani et al., 2017), we utilized
mobile-EEG and AR technology to create a full-scale human version of an operant chamber in order to implement a
two-alternative forced choice task with ambiguous goal location cues and feedback stimulus (Fig. 1A). The AR operant
chamber was enclosed inside the lab’s physical space of a 2.13 m-by-2.13 m room and was constructed using

Figure 1. Experimental setup. Mobile-EEG and AR operant chamber paradigm. A, Dimensions of the physical room and placement of the task holograms.
Purple and green lines denote rightward and leftward trajectories, respectively. B, AR hardware and EEG setup, which include a HoloLens 2 (Microsoft),
V-amp EEG system with 16-channel BrainVision actiCAP electrodes, and StimTrak system to record event triggers (audio; Brain Products), a tablet to
record EEG data and a standard laptop to monitor subjects’ field of view (FOV) and to provide instructions. C, An example of a rightward trajectory in
the AR task (see Extended Data Fig. 1-1 for a video that depicts trial-to-trial sequence of events).

Research Article: New Research 3 of 10

August 2024, 11(8). DOI: https://doi.org/10.1523/ENEURO.0372-23.2024. 3 of 10

https://doi.org/10.1523/ENEURO.0372-23.2024.f1-1
https://doi.org/10.1523/ENEURO.0372-23.2024


commercially available computer software (Unity version 2019.2; https://unity.com). The AR environment was provided
through Microsoft HoloLens 2 (HL2) head-mounted holographic system, which tracked participants’ head positions
and eye gaze fixation during task performance. To note, the 3D virtual objects or “holograms” that HoloLens renders
appear in the holographic frame directly in front of users’ eyes. Holograms add light to the physical environment, which
means that subjects see both the light from the display and the light from the surrounding environment. While “3D virtual
object”may be the proper term for AR space, the Microsoft HL2 uses the term “hologram” and “holographic representa-
tions” in all its documentation, programing, and hardware in accordance with its mixed reality application and design.
Thus, for the purpose of simplicity, we will refer to the 3D virtual objects as holographic images. Continuous EEG was
recorded from 16 actiCAP slim electrodes using a mobile V-Amp amplifier system (Brain Products; Fig. 1B).
Prior to the experiment, participants were trained to use the HL2 system and performed the eye calibration setup to

ensure accurate eye tracking. All participants were queried verbally about their familiarity with AR using the HL2 headset.
While it is highly likely that participants have in fact interacted with AR before (e.g., social media filters) using smartphone
or tablets, no one reported previous use of AR with the HL2 headset. Each participant underwent a 5 min tutorial using the
HL2 (HoloLens Tips App). This application served as an instructional guide, demonstrated how to navigate within an aug-
mented reality space, manipulate holograms, and interact with the main menu and other applications specific to the HL2
system. Following tutorial and eye calibration, participants were instructed to set up the experiment, while the experi-
menter tracked their point-of-view (POV) remotely on a tablet. The setup consisted of placing three holograms within
the room, the start portal (ascending blue rings) and two yellow floating orbs marking left and right goal locations. To
ensure consistent start and target locations for each participant, subjects were instructed to position the start portal
over a designated floor sticker. Additionally, they placed two yellow orbs against a left and right goal box on the back
wall. The yellow orbs automatically adjusted to the participants’ eye level. For a detailed visual representation of the
trial-to-trial sequence of events, please see extended data video supporting Figure 1 labeled as Extended Data
Figure 1-1.
Once the holograms were placed in the correct locations, participants were instructed to stand in the start portal and to

press a virtual button to begin the experiment. Once standing in the start location, a holographic countdown timer would
appear for 3 s, and participants were instructed to make their choice at the end of the countdown. Depending on their
choice, participants could move toward the left or right goal location (yellow floating orb), and once standing in front of
the orb and looking at it as detected using eye tracking, the floating yellow orb turned either green to signify a reward
(5 cents) or red signifying no-reward (0 cents; Fig. 1C). To bemore specific, there was no delay between the person stand-
ing in front of the orb and detecting that their eyes are fixated on it. The eye tracking is per frame, so the system checks on
the same frame that they are within range. If they were not looking at the orb when they were in position, the app would
wait. In particular, there are two conditions that need to be met: (1) distance from orb (<0.5 m) and (2) eyes on orb. As long
as those two conditions are met on the same frame, the reward gets revealed. Since we are at 90 frames per second, the
wait is never longer than 11 ms. Furthermore, despite not inquiring about colorblindness among participants, the study’s
design incorporated both color and textual information in the feedback. In the reward condition, targets were marked
green and explicitly displayed a reward value of 5 cents, whereas in the no-reward condition, targets were red and indi-
cated a zero cents loss. Consequently, this approach ensured that participants, irrespective of color vision deficiencies,
could discern trial outcomes based on the visually presented monetary value.
Following the feedback (duration 1,000 ms), participants then walked back to the start location to begin the next trial.

The task consisted of four blocks (50 trials per block), separated by self-timed rest breaks that presented their cumulative
earnings. Unknown to them, on each trial the type of feedback was selected at random (50%probability for each feedback
type), a necessity to record the reward positivity using a difference wave approach (Cockburn and Holroyd, 2018). At the
end of the experiment, participants were informed about the probabilities and were given a $5 performance bonus. Before
beginning the task, participants were informed that the rewards accrued in this task directly corresponded to actual cash
to be received upon the conclusion of the study. To maintain transparency and engagement, the accumulated earnings
were displayed to the participants during the rest period at the end of each block.

HL2 data acquisition. The software running on HL2 recorded and exported experimental and behavioral data for each
participant (Fig. 1A). The sampling rate of the HL2 was 60 Hz and recorded via Bluetooth to a comma-separated values file
on a remote computer in the adjacent room. Time-locked EEG markers were sent to the EEG system by converting an
11 ms event-related audio signal or sine wave (e.g., countdown onset and offset, feedback onset and offset) to a TTL pulse
using the BrainVision (BV) StimTrak system (Fig. 1B). To note, there was a delay (<200 ms) between visual and auditory
onset which could not be corrected in the HL2 programming platform, which resulted in a delay of the event triggers
recorded in the EEG system. To correct for the output–input delay, the HL2 event markers and EEG triggers were synchro-
nized using custom-written MATLAB scripts that added 200 ms to each trial. HL2 activity was monitored and controlled
using both the web browser access (Microsoft Device Portal) and the HoloLens Application (Microsoft Corporation,
version 1.1.70) on an external Microsoft tablet and laptop.

Electrophysiological data recording. The electroencephalogram (EEG) was collected using a 16-channel actiCAP snap
system (Brain Products) with 12 scalp electrode sites (C3, C4, Cz, F3, F4, FC1, FC2, FCz, P3, P4, P7, and P8) and four

Research Article: New Research 4 of 10

August 2024, 11(8). DOI: https://doi.org/10.1523/ENEURO.0372-23.2024. 4 of 10

https://unity.com
https://unity.com
https://doi.org/10.1523/ENEURO.0372-23.2024.f1-1
https://doi.org/10.1523/ENEURO.0372-23.2024


external electrodes. The EEG signals were referenced online to channel Pz with a ground at AFz, amplified using a portable
V-Amplifier (max 16 electrodes), and recorded using BrainVision Recorder software (Brain Products). The slim electrodes
sit ∼6 mm above the scalp, and due to the HoloLens hardware, the brow pad and brow pad foam needs to fit pretty tightly
against the forehead, so it does not move and thus we were not able to use the frontal channels (e.g., Fpz, Fz). To ensure
that the subject was comfortable while wearing the device and walking, we restricted our frontal channels to Fp2 (and a
VEOG channel placed below the eye) to detect vertical eye activity (Blinks), and a left and right horizontal channel was used
to detect horizontal eye activity (saccades). Electrode impedances were maintained below 20 kΩ. The sampling rate was
set to 1,000 Hz. The electrooculogram (EOG) was recorded for the purpose of eye artifact correction. Horizontal EOG was
recorded from the external canthi of both eyes, and vertical EOGwas recorded from the suborbital and infraorbital regions
of the right eye. To note, by convention mastoid sites (M1 and M2) are collected to rereference offline. However, these
electrodes were removed from the dataset due to excessive noise and were not used in the analysis (Lin et al., 2022).
To note, continuous EEG was recorded with a mobile V-Amp amplifier from 16 actiCAP slim electrodes (C3, C4, Cz,
F3, F4, FC1, FC2, FCz, P3, P4, P7, and P8).

Electrophysiological data analysis. EEG data were analyzed offline using BrainVision Analyzer 2 (Brain Products). The
EEG signals were filtered using a fourth-order digital Butterworth filter with a bandpass of 0.1–20 Hz. Eye artifacts were
corrected using independent component analysis (ICA) method with a mean slope algorithm for blink detection and
infomax-restricted algorithm used for ocular artifact correction (Jung et al., 2000). The EEG data were then segmented
into 1,000 ms epochs spanning from −200 to 800 ms from feedback onset. The segmented data was then baseline cor-
rected using amean voltage range from−200 to 0 ms. The data was then rereferenced using an average reference created
from the following channels: C3, C4, Cz, F3, F4, FC1, FC2, FCz, P3, P4, P7, and P8. Segments containing muscular and
other artifacts were removed using the following criteria: (1) amaximal voltage step of 35 μV/ms, (2) amaximal difference of
values in intervals of 150 μV, and (3) lowest allowed activity values in intervals of 0.5 μV. Following artifact rejection, chan-
nels containing artifacts that exceed 5% of the data were identified and interpolated using Hjorth-nearest neighbor algo-
rithm (Hjorth, 1975). In the process of artifact rejection, the 5% criterion represents a commonly used yet arbitrary
threshold for each channel, determined by the percentage of noise present in the data. In this study, only one participant
exhibited a channel (C4) that required interpolation, employing the Hjorth algorithm, with a noise level of 1.042% across
four segments. Prior to averaging, we corrected the latency jitter in the ERP across trials by applying the Adaptive Woody
Filter method (AWF) using a 100–300 ms time window with 50 ms step interval at channel FCz (Woody, 2006; Li et al.,
2009; Gavin et al., 2019; Lin and Baker, 2022).
ERPs were created for each participant and electrode by averaging the single-trial EEG data according to feedback type

(reward and no-reward feedback). The reward positivity was then evaluated as a difference wave by subtracting reward
from no-reward ERPs. The size of the reward positivity was then determined by identifying the peak amplitude of the dif-
ference between the reward and no-reward ERPs within a 100–400 ms window after feedback onset. The difference wave
method was recommended in a meta-analysis and isolates the reward positivity from other ERP components (Sambrook
and Goslin, 2015). Local maxima peak detection was used on the difference wave to extract peak amplitude of the reward
positivity at each channel within the 100–400 ms time window (Baker et al., 2016a,b, 2020; Biernacki et al., 2020). Peak
amplitudes, at each channel, were also tested against zero using one-sample t test with a significance level of a=0.01
to confirm the presence of the reward positivity.

Behavioral analysis. Operant task performance measures included the following: (1) reaction time (RT) reported in sec-
onds and measured from countdown offset to feedback onset (start RT) and from feedback location to the start location
(return RT); (2) postfeedback RT measured from feedback onset back to start location; and (3) win-stay and lose-shift
behavior, defined by choosing the same location (right or left) after a reward feedback and selecting the alternative location
after no reward feedback, respectively. We excluded trials with RTs slower than 5% of the higher boundary. Postfeedback
performance was analyzed using general linear models with feedback (win/loss), behavior (stay/shift), and task by the first
or second half of the experiment (i.e., total number of trials recorded and then divided by 2) as within-subject factors,
followed by post hoc tests with a significance level of α=0.05. To note, while each participant was required to complete
200 trials, technical issues resulted in incomplete recording of all 200 trial markers for three subjects (n=168; n=150; and
n=150). For the purpose of clarity, we use the term choice behavior when referring to trial-to-trial behavior (e.g., select left
or right goal location) and postfeedback choices (e.g., win-stay, lose-shift) when referring to the participant’s subsequent
action following feedback, which involves either maintaining their initial choice (staying) or altering it (switching; Baker
et al., 2020).

Results
Task performance
On average, participants completed 195 trials (standard deviation = 14, range = 150–200) and required ∼3.38 s (±0.93 s)

to reach the feedback location, located roughly 2.49 m away. A two-way repeated-measures ANOVA on start-RT with
Half (Half-1, Half-2) and Direction (Left vs Right) as factors revealed a main effect of Half, F(1,21) = 6.35, p<0.05, η

2 =0.23.
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Post hoc tests indicated faster RT for the second half (M=2.39 s± 0.10 s) compared with the first half of the experiment
(M = 3.40 s±0.11 s), t(21) = 8.87,p<0.001, Cohen’sd=1.86 (Fig. 2B). Further, therewas amain effect of direction, F(1,21) = 4.33,
p<0.05, η2 = 0.17, showing that the participant approached the right target (M=3.29 s ± 0.10 s) slightly faster than the
left target (M=3.43 s ±0.10 s), t(21) =−1.95, p=0.06, Cohen’s d=0.42. Regarding choice behavior, no main effects or
interactions were found.
Next, a repeated-measures ANOVA on postfeedback choice with feedback (win vs loss), behavior (stay vs shift), and

task-half (Half 1 vs Half 2) as within-subject factors revealed a main effect of behavior F(1,21) = 4.31, p<0.05, η
2 =0.17. Post

hoc analysis indicated that participants shifted (58% ±3.8) more often than stayed (42% ±3.8), t(21) =2.08, p<0.05, Cohen’s
d=0.81. This analysis also revealed an interaction between feedback and behavior, F(1,21) = 15.38, p<0.001, η

2 = 0.42.
Post hoc test indicated that participants shifted their responses more often following negative feedback (M = 68.3% SEM=
±3.5) compared with positive feedback (M=47.1%, SEM=±5.7), t(21) = 3.67, p<0.01, Cohen’s d=0.95 (Fig. 2A). In contrast,
participants stayed with their response more often following positive feedback (M=52.8%, ±5.7) compared with negative
feedback (M=31.7%, ±3.5), t(21) =3.67, p<0.01, Cohen’s d=0.95 (Fig. 2A). To note, no differences were observed between
win-stay and win-shift performance (p>0.05), but a difference was observed between lose-shift and lose-stay (p<0.001).
Even though feedback was randomized, these results indicated that feedback influenced the participants’ subsequent
behavior in this task. In regard to postfeedback RT, there was a main effect of Half, F(1,21) = 4.23, p < 0.05, η2 =0.18, indicating
a faster RT for the second half (M=2.39 s±0.11 s) compared with the first half (M=3.45 s±0.10 s). Finally, a repeated-
measures ANOVA on postfeedback RT during the return stage of the trial with feedback (win vs loss) and behavior (stay vs
shift) as within-subject factors revealed a significant main effect of feedback, F(1,21) = 4.02, p < 0.05, η2 =0.16, indicating
that RT was slower following no-reward cues (M=2.43 s±0.10 s) compared with reward cues (M=2.38 s±0.11 s),
t(21) = −2.01, p<0.05, Cohen’s d=0.42 (Fig. 2B). No other main effects or interactions were observed.

Reward positivity
Because the reward positivity to holographic feedback stimuli has not yet been investigated, we examined whether

holographic rewards encountered during free navigation elicit this ERP component. Figure 3 presents stimulus-locked
grand averages for both feedback conditions at channel FCz. Consistent with previous research, the reward positivity elic-
ited by monetary rewards was clearly evident in the difference wave (M=−0.69 μV; SEM=±0.23 μV) peaking 230 ms after
feedback onset (Fig. 3A, solid lines) and was significantly different from zero, t(20) =−2.95, p<0.01, Cohen’s d=−0.62).
Further, as shown in Figure 3A, the frontocentral distribution is consistent with the identification of this ERP component
as the reward positivity (Miltner et al., 1997), indicating that holographic-related feedback can elicit the reward positivity in
freely moving participants. These results confirm that the AR operant chamber paradigm elicited the reward positivity
component. To note, this paradigm also elicited other common feedback-related ERP components, particularly the
N100, P100, N170, and P200 (Fig. 3B), indicating that the AR task is capable of eliciting a broad spectrum of cognitive
processes, including those related to perceptual processing, cognitive control, and contextual updating (Luck, 2014).

Discussion
The electrophysiological response to rewards has been well documented during laboratory-based tasks, yet little is

known about these responses in a more naturalistic environment. To examine this issue, we designed a novel AR operant
task to test whether holographic reward cues presented in a naturalistic setting can elicit the reward positivity, an ERP
component associated with ACC sensitivity to RPE signals. Our novel findings show that the reward positivity can be
accurately recorded during naturalistic behavior, and participants performed the task in accordance with reinforcement

Figure 2. Results of the AR operant chamber performance analysis. Behavioral analysis for choice (A) and reaction time (B). Green and purple bars denote
leftward and rightward trajectories, and blue (reward) and red (no-reward) bars denote postfeedback return behavior (feedback location to start location)
and next trial behavior (start location to feedback). To note, although not shown here, reaction time was slower during the return to start location following
no-reward cues (M=2.43 s±0.10 s) compared with reward cues (M=2.38 s±0.11 s), p<0.05. Significant effects are shown as follows: *p<0.05, **p<0.01,
***p<0.001 (two-tailed). Error bars denote standard error.
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learning theory. Foremost, the reward positivity peaked at ∼230 ms postfeedback with a frontocentral negative topo-
graphic distribution, replicating previous reward positivity studies using tasks displayed on desktop computers
(Sambrook and Goslin, 2015). An influential theory of ACC function proposes that the ACC utilizes dopaminergic RPEs
signals to learn the value of rewards for the purpose of selecting and motivating the most appropriate action plan directed
toward goals (Holroyd and Coles, 2002; Holroyd and Yeung, 2012; Holroyd and Umemoto, 2016). Accordingly, it is
believed that the impact of positive RPEs on the ACC following goal-directed feedback modulates the amplitude of the
reward positivity (Holroyd et al., 2008; Baker and Holroyd, 2011; Holroyd and Umemoto, 2016). Converging evidence
across multiple methodologies indicate that the reward positivity reflects an RPE signal and is generated by ACC
(Holroyd and Yeung, 2012; Sambrook and Goslin, 2015; Holroyd and Umemoto, 2016). In particular, genetic, pharmaco-
logical, and neuropsychological evidence implicates dopamine in reward positivity production (Baker et al., 2016a); and
source localization studies, simultaneous recording of EEG/fMRI data, and intracranial recording studies in rodents
(Warren et al., 2015), nonhuman primates (Emeric et al., 2008), and humans (Ramakrishnan et al., 2019) indicate that
the reward positivity is generated in the ACC. Together, these results indicated that the operant chamber AR task is capa-
ble of eliciting RPE-related ACC activity.
At a behavioral level, participants exhibited a lose-switch strategy and walked slower from the goal location to the start

location following no-reward feedback, evidence that the AR task can drive adaptive learning. More specifically, partici-
pants shifted more often following negative feedback compared with positive feedback and repeated their response more
often following positive feedback compared with negative feedback. These results indicate that feedback did in fact influ-
ence behavior and appears consistent with Thorndike’s law of effect: if an action is followed by a reward or punishment,
then that action will be more or less likely, respectively, to reoccur (Catania, 1999). Further, given that RPE signals are used
for the purpose of action selection, these results could reflect the degree in which negative and positive RPEs modified
trial-to-trial behavior. Further, we observed posterror slowing in walking speed following negative feedback. Posterror
slowing, commonly measures in button press tasks, represents the amount that responses slowed on a trial following
an erroneous behavioral response (or negative feedback) compared with a correct response (or positive feedback;
Heydari and Holroyd, 2016; Schroder et al., 2020). Varying accounts suggest that posterror slowing is reflective of the
degree RPE signal is utilized for future behavioral adaption (immediate reaction time slowing following errors), fitting
with the proposed function of the prefrontal cortex and ACC in cognitive control and reinforcement learning (Yeung
et al., 2004; Dutilh et al., 2012). While this result requires replication, it is worth noting that this is the first time posterror
slowing has been observed beyond button press tasks.

Figure 3. Reward positivity results. A, ERPs elicited by reward feedback (blue), no-reward feedback (red), and a difference wave representing reward pos-
itivity (REWP, black) averaged across all blocks. Topoplots denote the amplitude of the reward positivity at 230 ms (top left and bottom right panel).B, For
the purpose of comparison, we plotted the ERPs over posterior channel P8 to highlight that the feedback stimulus presented in the AR paradigm is capable
of eliciting ERPs commonly associated with perceptual processing of the stimulus (N100 and N170). Data are associated with channel FCz (left panel) and
P8 (right panel) and negative is plotted up by convention. C, For illustrative purposes, we show the t statistic across time between reward and no-reward
ERPs averaged across frontocentral scalp locations FCz and Cz. Dashed lines denote the significant threshold (p<0.01). Note the time regions that
exceeded this threshold correspond to the time range of the reward positivity.
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Further, it is worth noting that participants exhibited an equal propensity to modify their response after a reward, dem-
onstrating no difference between win-stay and win-shift performance. This observation deviates from heuristic learning
models typically employed in various fields, including psychology, game theory, statistics, economics, andmachine learn-
ing, where the win-stay strategy often dominates. However, this is the second time we replicated this result, previously
reported in a study where participants navigated an immersive virtual reality T-maze task to locate rewards (Lin et al.,
2022). Conversely, in traditional experiments where subjects are pressing buttons to make decisions on a computer
screen, a higher proportion of win-stay responses compared with win-shift responses is observed (Baker et al., 2016b,
2020). One possible explanation for this discrepancy might lie in the differential cognitive demands between active nav-
igation and simple button press tasks (Coddington and Dudman, 2019). During active navigation, participants may be
more inclined to explore various strategies (i.e., hypothesis testing through frequent win-shift behavior) due to the height-
ened cognitive and physical effort required to navigate their bodies toward a goal. In contrast, button press tasks, which
demand minimal physical or cognitive effort, might promote more conservative, win-stay behavior. While these results
require further empirical testing, they do present compelling evidence that participants making decisions between options
presented in a more natural setting may be computationally different from participants pressing buttons in simplistic lab-
based experiments. Thus, the ability of current reinforcement learning models to predict behavior in simplistic lab-based
experimentsmay be insufficient for explaining behavior and cognition in the complexity of naturalistic tasks and are ripe for
future investigations. More generally, virtual reality and AR, both components of extended reality, enhance more realistic
experimental conditions and reduce the inherent variability in manipulations aimed at replicating laboratory-controlled
experimental outcomes in naturalistic scenarios. The adoption of these technologies allows for a nuanced examination
of the interplay between internal validity—confidence in the causation inferred from the experimental design—and exter-
nal/ecological validity, the extent to which results can be generalized to naturalistic settings (Loomis et al., 1999).
The observation of the reward positivity and adaptive behavior in this AR task strengthens the ecological validity (EV) of

measures of goal-directed behavior. EV refers to three dimensions of experimentation (research setting, stimuli, and
response) that should mimic the natural world as close as possible (Brunswik, 1943; Lewin, 1943; Schmuckler, 2001).
Research setting EV concerns the environment in which the research takes place; stimuli EV addresses the issue of rep-
resentativeness and naturalness of objects presented in an experiment; and response EV involves the nature of the task
and behavior required from the participant (Brunswik, 1943; Schmuckler, 2001). The current study addresses all three EV
dimensions of goal-directed behavior by (1) utilizing mobile-EEG and AR methods to create a realistic operant chamber
(research setting EV), (2) demonstrating the ability to record ACC-related electrophysiological responses (e.g., the reward
positivity) to holographic reward cues in the real world (stimuli EV), and (3) revealing adaptive responding based on positive
and negative feedback (response EV). Regarding research setting EV, AR provides an opportunity to interweave and
control experimental manipulations within the participants’ physical world, thereby altering their ongoing perception of
events. While previous studies have used virtual reality environments to balance naturalistic observations and control
(Campbell et al., 2009; Parsons, 2015), inherent limitations emerge—motion sickness, limited range of navigation,
computer-generated environments that do not truly reflect “our world,” the inability to see their own bodies that creates
a sense of disembodiment, and extensive training (Garrett et al., 2018). AR methods overcome these limitations, thereby
providing an exciting opportunity to conduct future experiments beyond the laboratory and in more natural settings. In
relation to stimuli EV, we found that reward-related holograms can elicit the reward positivity. As argued elsewhere, rep-
lication of neural signatures found in desktop tasks demonstrate the feasibility of such approaches while simultaneously
accounting for EV of the task in general (Krugliak and Clarke, 2021). In one notable instance, Lange and Osinsky (2020)
were able to replicate an increased frontal-midline theta responses to negative action outcomes during a naturalistic
toy shooting task but failed to elicit feedback-related ERPs, likely due to the sensitivity of ERPs to latency jitter (Lange
and Osinsky, 2020). Finally, regarding response EV, the AR task drove adaptive learning following negative feedback
but failed to elicit a dominant win-stay strategy. Collectively, these findings underscore the promise of integrating
mobile-EEG and AR to enhance the EV of reinforcement learning tasks (Krugliak and Clarke, 2021).
In sum, combining mobile-EEG with AR technology is a feasible solution to enhance the ecological validity of human

electrophysiological studies of reinforcement learning and goal-directed behavior and holds promise for integrating
experimental, computational, and theoretical analyses of goal-directed behavior in animals within the field of human
mobile-EEG research. Future clinical applications for this paradigm could also uncover open questions of cue reactivity
in drug addiction and other mental health disorders.

Limitations
Although this research presents some of the first data using mobile-EEG and AR to examine electrophysiological and

behavioral response properties during active goal-directed navigation, future research may address some of the study’s
limitations. First, while the ERP results were consistent with previous work, the amplitude of the reward positivity appeared
smaller compared with the reward positivity recorded from stationary subjects in a highly controlled environments (Baker
and Holroyd, 2009; Baker et al., 2016b). While undoubtfully active walking decreased the signal-to-noise ratio, and thus
reduced the amplitude of the reward positivity and other feedback-related ERPs (e.g., P200), it is worth noting that the
amplitude of other ERPs associated with sensation and perception (P100 and N170) were consistent with previous
work (Baker and Holroyd, 2013). Future studies should attempt to dissociate whether the small amplitudes observed
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here was a result of methodological confounds (e.g., device-related trial-to-trial latency jitter may distort ERP amplitudes)
or a natural phenomenon observed during complex naturalistic tasks (i.e., cognitive effort/energy may be distributed
across multiple systems). Another limitation inherent to testing EV is that the more the environment is naturalistic, the
less it lends itself to experimental control. Any natural phenomena existing during our day-to-day activity (e.g., weather,
bystander interference) could affect the cognitive computations performed during a dynamic experiment. Since the pre-
sent study was still conducted within the laboratory, the current AR task may not fully represent a true naturalistic setting.
Hence, future experiments could test this paradigm in a more dynamic world full of distractions.
Further, while mobile-EEG is well suited for real-time recordings of naturalistic behavior due to its portability, low cost,

and versatility, and can easily translate into therapeutic applications such as brain–computer interfaces (Nicolas-Alonso
and Gomez-Gil, 2012), integrating AR/VR paradigms with other noninvasive imaging methods may also allow for neural
recordings during movement, as demonstrated in studies using functional near-infrared spectroscopy (McKendrick
et al., 2015; Mirelman et al., 2017; Pinti et al., 2020), and in stationary settings using optically pumped magnetometer-
magnetoencephalography (Roberts et al., 2019). Future research could incorporate these methods to foster a more nat-
uralistic and comprehensive approach to studying brain activity. Lastly, event-related oscillatory (ERO) responses may
provide additional sources of information about neurocognitive processing underlying reinforcement learning (Yeung
et al., 2004; Holroyd et al., 2012). For example, it is well known that unexpected, task-relevant events elicit a brief burst
of power in the theta frequency range ∼200–300 ms after the event (frontal midline theta, FMT) that appears to index
the deployment of control (Cavanagh and Frank, 2014). It has been previously proposed that these FMT activities could
act to organize neural processes during decision points, such as where choice-relevant information is integrated to inform
action selection (Cavanagh and Frank, 2014). Thus, both ERPs and ERO signals can provide both complementary and
diverse sources of information during naturalistic reward tasks and should be considered in future studies. Finally, we
did not test the EV of reinforcement learning models in this proof-of-concept study. Future studies should test whether
conventional computational models of cognition can make quantitative predictions about observable behavior in both
simplistic lab-based tasks and complex naturalistic tasks (Robles et al., 2021).

Data Availability
The data can be provided by J.S.S. pending scientific review and a completedmaterial transfer agreement. Requests for

the data should be submitted to jss388@newark.rutgers.edu.
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