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A B S T R A C T

In interactive tasks, agents often aim at eliciting a certain response from their partner. Not accomplishing this
goal calls for adjusting behavior on the fly. Previous research suggests that such adjustments differ when
interacting with a machine or with a fellow human agent. In this study, we investigated whether such differences
are also reflected in event-related potentials induced by observing human and machine errors in an interactive
setting. In a four-choice reaction time task, participants performed actions that were followed by regular and
irregular visual effects. In different conditions, participants were led to believe that they were interacting with
another human agent or with a machine so that the irregular effects were attributed either to human errors or to
machine malfunctions. We compared observed-error-related negativity (oERN) and observed-error positivity
(oPE) for these two error types. The oPE was not affected by the experimental manipulation, whereas the oERN
amplitude was more pronounced for machine malfunctions than for human errors. This contradicts previous
findings that reported behavioral and electrophysiological responses to errors being larger when they are
committed by a human agent than if they are caused by machine malfunctions. Our results might suggest that
automated systems are expected to operate predictably and, as a consequence, in interactive settings, errors
committed by such systems are more salient and elicit a larger prediction error signal than if the same mistake is
made by a human agent.

1. Introduction

When performing various tasks, human agents often make use of
outside help: They cooperate with other people and they relegate parts
of the task to devices designed to support their actions. Beside the
obvious benefits, this comes with the cost that agents are required to
monitor partner mistakes and device malfunctions. Previous research
indicates that observed errors are processed in a similar manner as if one
had committed the error themselves (Bates et al., 2005; De Bruijn et al.,
2012; Miltner et al., 2004; Schuch & Tipper, 2007). But the question
remains whether this is only true if the error is caused by another human
agent, or it also applies to device malfunctions. While there have been a
few studies investigating this question (Desmet et al., 2014; Huberth
et al., 2019, Somon et al., 2019), they mostly focused on supervisory
settings, where participants only observed another agent’s actions. (Or
in cases where the observer also performed a task, the two agents’

actions were independent of each other.) The relevance of the partner’s
errors, however, is arguably higher in interactive tasks where the two
agents’ actions are connected. In the current study we used a
leader-follower setting to investigate whether there are differences in
the processing of observed errors, as reflected in error-related even-
t-related potential (ERP) components, when they are committed by a
human co-actor or by a machine.

Previous studies on error observation have indicated that phenom-
ena that have been found in relation to one’s own errors also manifest
when somebody sees another agent committing an error (for a review, se
Musco et al., 2023). This applies both to behavioral effects (de Bruijn
et al., 2012; Pfister et al., 2020; Wang et al., 2015, 2016)—like
post-error slowing (PES)—and to error-related components in neuro-
physiological data (Bates et al., 2005; de Bruijn & von Rhein, 2012; van
Schie et al., 2004)—like the error-related negativity (ERN) or the error
positivity (PE). Most of the work on error observation focuses on
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monitoring human agents, but error-related neurophysiological and
behavioral responses following machine malfunctions have also been
examined (Castellar et al., 2011; Desmet et al., 2014; Somon et al.,
2019). With increasing reliance on technological advancements, the
relevance of such investigations could substantially increase in the near
future. Comparing the processing of human and machine errors could
potentially reveal the fundamental mechanisms underlying social error
monitoring: If the processing of observed errors is based onmatching the
agent’s movements onto the observer’s own motor repertoire (Bates
et al., 2005; van Schie et al., 2004), or on aligning the agent’s and the
observer’s goals (Castellar et al., 2011; Koban et al. 2012), the pro-
cessing of human errors should have a distinguished status. However, if
errors are only interpreted in relation to the observer’s goals (de Bruijn
et al., 2012; Castellar et al., 2011), it might not make a difference
whether the error was committed by a human or by an artificial agent.
Research on this topic has yielded ambiguous results. A study focusing
on observation-related post-error slowing (oPES1; Castellar et al., 2011)
did not find a difference in oPES after human and machine errors.
Studies using neurophysiological measures also found mostly similar
patterns in error-related fMRI (Desmet et al., 2014) and EEG signals
(Huberth et al., 2019, Somon et al., 2019) when monitoring human and
artificial co-actors, although two of the studies also reported differences:
Desmet et al. (2014) observed activation specific for the processing of
human errors in the dorsal premotor cortex, right superior parietal
lobule, left postcentral gyrus, and temporal gyrus, while Somon et al.
2019 found a difference between ERPs elicited by human and machine
errors in the fronto-centro-parietal regions 400–500ms after the erro-
neous response was observed.

The studies mentioned in the previous paragraph investigated the
social aspect of error monitoring in a purely supervisory setting, where
the observers did not perform a task themselves, or if they did, the two
agents’ actions were independent of each other. Many real-life sce-
narios, by contrast, come with strong interdependence of the co-actors’
tasks. One such type of interaction are the leader-follower scenarios.
They come with clear hierarchical and temporal order of two agents’
actions: The leader initiates the interaction and this serves as a cue for
the follower’s response. Thus, the follower’s reaction can be interpreted
as an action effect elicited by the leader’s action. According to the
sociomotor framework (Kunde et al., 2018; Neszmélyi et al., 2022;
Pfister et al., 2024), such social action effects can play a similar role in
action planning and action initiation as non-social effects that are eli-
cited when interacting with the inanimate environment: When an
associative link has been established between an action and its conse-
quence (be it an inanimate sensory effect or a social effect), activating
the representation of the effect (for example, by imagining or perceiving
it) can in turn activate the action representation as well, leading to the
automatic selection of the adequate motor plan and the initiation of the
action. Compared to supervisory settings, such interactive tasks increase
the relevance of the co-actor’s actions for the observer: The fact that the
co-actor’s responses are social action effects from the leader’s per-
spective—and as such, they play a central role in the selection and
initiation of the leader’s action and also provide feedback on
it—increases the importance of these events for the leader. The
increased relevance of the co-actor’s actions could also impact how the
observer (i.e., the leader) processes the follower’s errors.

In line with the above reasoning, a study by Weller and colleagues
(2018) showed increased oPES as well as increased observed-error
positivity (oPE) in an interactive, leader-follower situation compared
to the simple supervision of another agent. If social performance
monitoring is indeed enhanced in the leader-follower setting, this task

type might be also well suited to examine differences in interactions
with machines and humans. Beside the usual factors that distinguish
cooperation with another human from interactions with various devices
(e.g., processing of biological movement: Thompson et al., 2005; unique
effector systems: Crivelli& Fridlund, 2018; Neumann et al., 2014), there
might be additional human-machine differences specific to action effect
processing: Different response tendencies are associated with humans
and machines, and this can also influence both the expectations
regarding the elicited effects as well as the evaluation of expected versus
actual outcome (Bigelow, 1998; Dzindolet et al., 2002, 2003; Striano
et al., 2005). While machines are generally considered consistent and
predictable, people grow accustomed to imperfect contingencies from
an early age when interacting with other human agents. Thus, compared
to interactions with machines, when having another human agent in the
follower role, leaders might expect a higher error rate, might form less
precise predictions regarding the expected responses, and might be less
stringent in evaluating deviations from the predicted outcome.
Following a similar line of thought, Pfister and colleagues used a
leader-follower setting to compare error monitoring in interaction with
other humans and with machines (Pfister et al., 2020). They found that
compared to human-machine interactions, oPES is more pronounced
when interacting with a human agent. These results were the first to
indicate specific behavioral responses to human and machine errors and
they suggest that the processing of observed errors is enhanced in social
interactions—to some degree contradicting the expectation that ma-
chine errors would be more salient and as such they could have a larger
impact.

The goal of the current study was to adjust the experimental design
used by Pfister et al. (2020) to accommodate the assessment of
error-related ERP components and to use this approach to investigate if
larger behavioral responses to human errors (compared to machine
malfunctions) are also reflected in enhanced amplitudes of the wave-
forms associated with error observation. We focused on ERP compo-
nents that are well established in research on self-committed errors and
in research on error observation as well, and that are thought to reflect
different stages of error processing: The error-related negativity (ERN;
Falkenstein et al., 2000; Gehring et al., 1993) is a frontocentral negative
deflection—peaking ca. 80ms after the action—that has been associated
with error detection and with mismatch between the actual response
and the correct response (Coles et al., 2001). The error positivity (PE) is a
positive deflection—peaking between 100 and 200ms after the incor-
rect response—with a centro-parietal distribution. This component has
been suggested to reflect error awareness (Nieuwenhuis et al., 2001,
Overbeek et al., 2005), emotional response to the error or the adjust-
ment of the response strategy (Falkenstein et al., 2000). Importantly,
similar components have also been recorded in experimental contexts
where participants did not commit the error themselves but only
observed another agent executing an erroneous action or an action with
a negative feedback2 (Bates et al., 2005; Kang et al., 2010; Miltner et al.,
2004; Van Schie et al., 2004). In the current study, we used the

1 We use the following abbreviations for ERP components and behavioral
effects that were investigated in the study: oPES = observation-related post-
error slowing; oERN = observed-error-related negativity; oPE = observed-error
positivity.

2 Despite the similarities, there are also differences between the components
elicited by self-committed and observed errors (Koban et al. 2010; Picton et al.,
2012).
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observational versions of the error-related ERP components (i.e.,
observed-error-related negativity: oERN3; observed-error positivity:
oPE) to compare the processing of human and machine errors. We hy-
pothesized that in a leader-follower setting, these components will be
more pronounced in the social version of the task where the errors are
related to a human co-actor’s response to the leader’s action compared
to the non-social version where the errors are induced by machine
malfunctions. Given the debate regarding the specific error-processing
steps reflected in the oERN and oPE (e.g., Falkenstein et al., 2000;
Holroyd & Coles, 2002), we did not formulate strong predictions about
which component would be more strongly influenced by the co-actor
type. However, Weller et al. (2018) suggested that, compared to a pas-
sive observational setting, the mechanisms specifically involved in
monitoring the social effects of one’s own actions are predominantly
reflected in the oPE. Accordingly, we hypothesized that the social vs.
non-social distinction would manifest more prominently in this ERP
component. This hypothesis aligns with the proposition that the (o)PE is
associated with the conscious evaluation of errors, whereas the (o)ERN
reflects more automatic error detection processes (Nieuwenhuis et al.,
2001; Overbeek et al., 2005). Given that the social and non-social in-
teractions were characterized by identical physical stimulation, we
anticipated that the top-down construal of the task as either social or
non-social would exert a greater influence on the ERPs associated with
later, evaluative processing stages.

2. Method

2.1. Participants

Previous studies indicated that both oERN and oPE were robust ef-
fects. Power analysis suggested that a sample size of six participants
would be required to replicate the oERN effect obtained with an
experimental method similar to the current one by Weller and col-
leagues (2018) and a sample size of seven for the replication of the oPE
effect reported in the same study. (Both calculated with an alpha level
of.05 and a power of .80.) There were, however, no results available to
make an educated guess about the impact of co-actor identity on the two
ERP components. We recruited a sample of twenty-five participants.
Students of the University of Würzburg participated in the experiment
for monetary compensation. Informed consent was obtained from all
participants. One participant was excluded, because after the applica-
tion of the behavioral and EEG-based rejection criteria, the number of

remaining trials was lower than the preregistered critical value. A sec-
ond participant was excluded due to technical problems during EEG
recording. The final sample consisted of twenty-three participants
(mean age = 24.27; age range: 18 – 32; left-handed: 1, male: 4; one
participant’s demographic data were lost, so the description of the
sample is based on 22 participants). At an alpha level of.05 and with a
power of.80, this sample size can reveal an effect size4 of the magnitude
dz = 0.61.

2.2. Apparatus and stimuli

The experiment took place in a laboratory with an electrically
shielded, sound-proof cubicle and a workspace outside the cubicle
(Fig. 1). The participant was seated inside the cubicle, while the
experimenter, who was also the participant’s interaction partner in the
social task, sat outside. E-Prime 3.0 software (Psychology Software
Tools, 2016) was used for stimulus presentation and for recording re-
sponses. The cubicle and the workspace for the experimenter were both
outfitted with a 17” monitor (75-Hz refresh rate) and a standard
QWERTZ keyboard. Target stimuli were displayed in white against a
black background. Simple geometric shapes were presented as targets
for the participant (circle, triangle, rectangle and hexagon; size: 2 cm ×

2 cm). Targets appearing on the experimenter’s screen were four
different, complex, snowflake-like shapes. Participants responded with
the C, V, N and M keys, whereas the experimenter used the R, T, U and I
keys. The keys were operated with the index and middle fingers of each
hand. All response keys were marked with color labels. Corresponding to
the layout of the response keys, four blue rectangles (size: 3.2 cm ×

3.2 cm) were also displayed on the participants’ screen (but not on the
experimenter’s) in a horizontal row, below the midline.

Fig. 1. The experimental setup. The leader (participant) sat in a sound-proof
EEG chamber while the follower (experimenter) sat outside the chamber. The
figure shows how the feedback stage in the social task was explained in the
instruction: The final visual effect on the leader’s screen is elicited by the fol-
lower’s keypress. (In reality, the follower’s action was not required for the final
effect to appear).

3 It is debatable whether the error-related negative peak that we assessed in
the current study should be categorized as feedback-related (oFRN) or as error-
related negativity (oERN). The stimuli eliciting the ERPs that we examined can
be regarded as feedback signaling whether the co-actor’s response (or the
interaction as a whole) was correct. However, the visual effects in the present
study do not simply signal if the action was correct, they also represent the co-
actor’s actions: They provide information both on the spatial (which key was
pressed) and on the temporal aspect of the action (when was the key pressed).
Thus, perceiving the action effects generated by the co-actor is in many aspects
similar to observing their actions directly. Conceptually similar phenomena
have been labelled in past research as oERN and as oFRN as well (e.g., Huberth
et al., 2019; Weller et al., 2018). We decided to use the former term because it
emphasizes the monitoring of the co-actor’s actions, and the choice to represent
these actions by their visual effects was methodologically and not conceptually
motivated. (This way it was easier to warrant that physical parameters of social
and non-social action effects were identical.)

4 To our knowledge there is no reliable formula available for sensitivity
analysis in factorial within-subject designs, with considerable discrepancies
between different approaches. Thus, we based the sensitivity power analysis on
a paired t-test, since the interaction of the two-way repeated-measures ANOVA
can be also assessed as a paired t-test on difference values. Although, for the
ANOVAs we report partial eta-squared as the measure of effect size, the dz value
obtained in the sensitivity analysis gives a good estimate of the magnitude of
effect sizes that can be reliably revealed with the sample used in the current
study.
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2.3. Procedure

The experimental procedure was based on the method of Pfister et al.
(2020), but the between-subject design was adapted to a within-subject
setting, and we also made a few additional changes to accommodate the
ERP technique. Participants’ task was to perform keypresses in response
to the targets presented on the screen before them (see Fig. 2). A
response key was assigned to each of the four geometrical shapes
(counterbalanced across participants), and participants were asked to
press the corresponding key as fast as possible when a target stimulus
was displayed on the screen (for 300 ms). When participants performed
a correct response, with a random interval of 500–600 ms, the action
was followed by one of the four squares on the participants’ screen
changing its color from blue to green for 400 ms. On 85 percent of the
trials, the square that changed its color corresponded spatially to the key
that the participant had pressed (correct feedback trials5). For example, if
participants pressed the C key, the first rectangle from the left turned
green. On the remaining 15 percent of the trials (error feedback trials),
the color change affected one of the other squares (chosen randomly).
The next trial started after an interval of 1200 ms. When participants
pressed the wrong key in response to the geometrical shape, or if they
pressed one of the keys before the presentation of the stimulus, the trial
was interrupted, and a warning was presented on the screen. Although
the timing and the location of the action effect (i.e., color change) was
always controlled by the experimental software, participants were led to
believe that the causal chain of events that resulted in the action effects
depended on the experimental condition. They were informed that in
some blocks the color change of the squares was controlled by the ex-
perimenter’s actions, and thus, error trials signaled errors of the human
partner. In other blocks, however, the instructions said that effects were
controlled by the computer, and as such error trials were the results of
machine malfunctions.

In the social condition participants were informed that their key-
presses resulted in visual stimuli that were presented on the experi-
menter’s screen (i.e., a complex, snowflake-like shape). The
experimenter responded to each of the stimuli with a specific key. The
mapping of the experimenter’s responses to the shapes warranted spatial
correspondence between the participant’s keypress that elicited the
stimulus and the experimenter’s correct response to the same stimulus.
Participants also received the information that the four squares on their
screen showed the state of the experimenter’s keys: When the experi-
menter pressed one of the keys, the corresponding square turned from
blue to green. This meant that action effects (color changes) that were
spatially compatible with the participants’ actions signaled the experi-
menter’s correct response while incompatible effects indicated an
experimenter error. However, the information that participants received
was not true. The timing and location of these effects were pre-
determined, and they were also displayed if the experimenter did not
respond to the target presented on their screen.

In the non-social condition, participants were informed that the device
of the experimenter had been disabled: Participants keypresses would
not elicit stimuli on the experimenter’s screen and the experimenter
could also not affect the color change of the squares. Participants were
told that the latter effects were elicited by the computer in response to
participants’ actions. The computer would change the color of the
rectangle that is spatially compatible with the participant’s action, but it
would not always produce the correct response.

In addition to selecting the appropriate response to the target stimuli,
participants were also asked to count the number of errors made by the
co-actor (be it the experimenter or the computer program) and report it
at the end of each block. To induce a larger variability in the number of
errors, in each of the conditions there were 3 blocks with an error

probability of .1, 3 blocks with an error probability of .2 and 1 block
with an error probability of .15. (Thus, the overall percentage of errors
was 15 percent in both conditions.) The order of the different percentage
blocks was randomized across participants, but for a single participant
the order was the same in both conditions.

A methodologically elegant property of the experimental design is
that the two conditions only differed with regard to the participant’s
construal of the situation. However, this choice also resulted in the two
conditions being perfectly identical from the participants’ perspective,
thus, we included some elements that could make the cover story
believable: (1) When introducing the social task during the practice
phase, participants were demonstrated that the setup indeed worked as
described: The experimenter showed that based on the stimuli appearing
on their screen, they could recognize which key had been pressed by the
participant. The experimenter also announced a few of their own key-
presses in advance, so participants could confirm that the visual stimuli
on their screen correspond with the actions of the experimenter. (2)
During the practice phase, participants switched places with the
experimenter and had the opportunity to experience the task (both the
social and the non-social condition) from their perspective. During this
phase, the task functioned as it was described in the instructions: In the
social condition, the final action effects on the leader’s screen were
indeed elicited by the follower’s response. To demonstrate this, the
experimenter who took the participant’s place in the cubicle, gave
verbal feedback on the participant’s actions. In the non-social condition,
participants experienced that the monitor and the keyboard outside the
cubicle were disabled and they were also shown that in this phase, the
computer generated feedback (color change of the rectangles) on the
screen inside the cubicle appeared without the follower’s contribution.
(3) Before the start of each block, participants were asked to signal when
they were ready to start the block by pressing the “c” key on the
keyboard. A red rectangle was presented on the screen, which turned
green when participants performed the keypress. In the social condition,
a second rectangle was also presented on the screen and the instructions
asked both the participant and the experimenter to perform a keypress to
signal that they are ready to start. We assumed that this would
strengthen the participants’ impression that they performed the task
alone (non-social condition) or in cooperation with the experimenter
(social condition).

After participants arrived at the lab, they were presented with a
consent form. Then, participants completed several practice phases with
a step-by-step introduction of different elements of the task. First, par-
ticipants received the instructions for either the social or for the non-
social task (counterbalanced across participants) and it was demon-
strated that the setup indeed worked as described in the cover story.
Participants then completed a short version (16 trials) of the task that
had been introduced. After that, the other task was introduced, and
participants also completed a short version of that. In the final practice
phase, participants were asked to switch places with the experimenter,
and repeated the previous steps of the practice. After the practice phase,
preparations for the EEG-recording were made. Participants then
completed 14 blocks of 52 trials. They started with the condition that
was presented to them first during the practice phase and completed
seven blocks of this task version. They could pause shortly between
blocks. Halfway through the experiment (after the 7th block has been
completed), a longer break was scheduled, and after that, participants
continued with the other condition, again completing seven experi-
mental blocks. After finishing the reaction time task, participants filled
in a questionnaire on the experiment. We asked them whether they
believed the cover story about the interactive and individual tasks, and
how they experienced the difference between the two conditions.

2.4. Behavioral measures

During the experiment we recorded the accuracy and the timing of
participants’ responses. Accuracy was recorded as a binary variable: If

5 We use the term feedback to refer to observed events to distinguish these
events from errors that were committed by the participants themselves.
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participants pressed the correct key in response to the target stimulus,
the trial was recorded as a hit, in all other cases (i.e., omission, miss,
early or late response) it was recorded as an error trial.6 Response times
were measured as the interval between the presentation of the target and
the response of the participant. Furthermore, we also assessed the ac-
curacy of recalling the number of error trials at the end of each exper-
imental block.

2.5. EEG recording and signal processing

A BrainVision QuickAmp amplifier with 32 active electrodes was
used for recording the EEG signal from the participants. EEG was
recorded with a 1000-Hz sampling rate using a 200-Hz online low-pass
filter. Electrodes were positioned according to the 10–20 System, with
additional electrodes placed at the mastoids. Horizontal and vertical
electrooculogram was acquired from passive electrodes above and
below the left eye (HEOG) and at the outer canthi of the eyes (VEOG).
EEG was analyzed with the MNE Python package (Gramfort et al.,
2014). The signal was re-referenced offline to the signal average of the
mastoids and filtered using a 0.1-Hz high-pass filter and a 47.5–52.5-Hz
band-stop filter. Eye movement artifacts were corrected by performing
independent component analysis and rejecting components that corre-
lated with signal at any of the EOG channels7 (using an adaptive
z-score-based threshold of 3.0). After that, the signal was re-filtered,
using a 1—14-Hz band-pass filter for oERN analysis and a 0.1—14-Hz
filter for oPE analysis (Weller et al., 2018). 900-ms epochs, time-locked

to the presentation of the feedback stimuli (color change of the squares),
including a 100-ms pre-stimulus baseline, were extracted from the
continuous EEG signal. For each error feedback trial, a matching correct
feedback trial with identical effect location was selected, and only this
subset was included in the analyses. EEG signal averages were calculated
at FCz for oERN and at Pz for oPE. For each participant and condition,
the signal average of the feedback error and correct feedback trials was
calculated. Then, using these individual averages, we calculated the
error feedback minus correct feedback difference waveforms for each
participant and condition. We determined the oERN time window as the
100-ms interval centered at the negative peak (between 200 and 350 ms
after stimulus presentation) in the average of the grand average differ-
ence waveforms in the two conditions.8 The oPE time window was
determined in a similar manner, using the positive peak (between 250
and 500 ms after stimulus presentation) in the signal average of grand
average difference waveforms as the center of the 100-ms window. For
each participant, condition and feedback accuracy, oERN and oPE am-
plitudes were calculated as the signal average in the above time win-
dows. Both amplitude values were calculated in relation to a − 100–0-ms
pre-stimulus baseline.

Fig. 2. The experimental method. The upper row shows participants’ reaction time task and the visual effects that followed the participants’ actions. The middle and
bottom rows depict what the instructions told participants about the task of the co-actor (the experimenter). In the social condition, participants were led to believe
that the visual effects displayed on their screen were elicited by their co-actor’s correct or erroneous responses to their actions, while in the non-social condition they
received the information that the co-actor does not contribute to the task, and the visual effects are generated by the computer.

6 The analysis of accuracy data was also performed by only considering
misses as error trials, but since the same pattern of results was observed as with
the wider range of errors, we only report the results obtained with the latter
approach.
7 This resulted in the exclusion of M = 1.73, SD = 0.70, 95 % CI [1.42, 2.04]

components on average.

8 Initially we planned to determine the time windows for amplitude mea-
surement using the average (and not the difference) of the ERPs related to
correct feedback and error feedback trials. This plan was also reported in the
preregistration. However, since oERN and oPE peaks were only apparent in the
error feedback trials, we used the difference waveforms instead, while retaining
other aspects of the planned analysis (electrodes and time ranges of interest).
Using this method for determining the time windows for amplitude measure-
ments can bias the error feedback vs. correct feedback comparison. Thus,
although we also report the feedback main effect for the two-ways ANOVAs, we
limit the interpretation to the condition × feedback interaction.
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2.6. Statistical analyses

We planned to exclude participants from analyses if they were off by
±2 trials when reporting the number of error feedback trials in at least 8
blocks, but all participants fulfilled this requirement. From the analysis
of response accuracy, only trials were excluded where participants
themselves made a response error on the preceding trial (action started
before the presentation of the target, no response in the 1500-ms time
window after target presentation, or wrong response to the target).
When analyzing reaction times (i.e., post-error slowing), beside
response errors on the preceding trial, response errors on the actual trial
and a response time of 2.5 SD over or below the cell average (for each
participant, condition and previous feedback) were also applied as
additional rejection criteria. For EEG analysis, rejection criteria applied
for the reaction-time analyses (response errors on the preceding or on
the actual trial, reaction times 2.5 SD over or below the cell average)
were complemented by the exclusion of epochs where the signal range
exceeded 150 µV at any channel. Participants for whom less than 25
trials remained in either of the cells, were not included in statistical
analyses. Trial numbers considered for various analyses are summarized
in Table 1.

Due to the experimental design, the number of error feedback trials
was substantially lower than the number of correct feedback trials. Since
unequal sample sizes can bias the estimation of the effects, for all three
major analyses (post-error accuracy, post-error reaction times and error-
observation-related ERP components), from each participant’s full set of
correct feedback (and corresponding post-correct-feedback) trials we
randomly selected a subset that matched the number of error-feedback/
post-error-feedback trials available for that participant. The only re-
striction during the selection of the subsample was that matching error-
feedback and correct-feedback trials would be characterized by identical
location of the feedback stimulus (i.e., color change of the same
rectangle).

The absolute difference between the reported and actual number of
error feedback trials was calculated for each participant and block and
averaged across blocks within a condition. The recall-accuracy values
obtained in the social and non-social conditions were then compared
with a paired t-test. Average reaction time and the percentage of
response errors was calculated for each participant, condition and pre-
vious feedback (correct or error) and both measures were analyzed with
Condition × Previous feedback repeated-measures ANOVAs.

We estimated the oERN and oPE amplitudes for each participant,
condition and feedback (correct feedback, error feedback). Then the two
dependent variables were submitted to Condition (interactive, individ-
ual) × Feedback (correct, error) repeated-measures ANOVAs. To assess
electrode effects, we also calculated the ERP amplitudes at different
electrodes (oERN at Fz, FCz and Cz and oPE at Fz, Cz and Pz), and
submitted the values to Condition × Feedback × Electrode repeated-
measures ANOVAs. However, since the electrode factor did not influ-
ence the effect of interest for either oERN or oPE (that is, no Condition ×

Feedback accuracy × Electrode interaction was observed) the results of

these analyses are reported in the Supplementary Material (Figure S1
and Table S1). As an exploratory analysis, we also conducted a cluster-
based permutation analysis to compare error feedback minus correct
feedback difference waves in the social and non-social conditions. This
analysis is also presented in the Supplementary Material (Figure S2). In
all two-way ANOVAs (reaction time, accuracy, ERP amplitudes) the
focus was on the Condition × Feedback or Condition × Previous feed-
back interaction. If needed, paired t-tests with Bonferroni correction
were used for post-hoc analyses.

3. Results

3.1. Behavioral data

In the error counting task, participants generally performed well: On
average, they reported a wrong number of error feedback trials in M
= 2.43, SD = 1.88, 95% CI [1.62, 3.25] of 7 blocks in the non-social and
M = 2.17, SD = 1.83, 95% CI [1.38, 2.96] of 7 blocks in the social
condition. The average difference between the actual and the reported
number of error feedback wasM= 0.57, SD= 0.71, 95% CI [0.26, 0.87]
in the non-social and M = 0.46, SD = 0.44, 95% CI [0.27, 0.65] in the
social condition. The difference between conditions in the extent of
counting errors was not significant, t(22) = 0.74, p = .465, dz = 0.15.

Fig. 3 shows mean reaction times and accuracies for all experimental
conditions. The analysis of reaction times indicated a main effect of
previous feedback, F(1, 22) = 12.29, p = .002, η2P = .358, which shows
that actions after error feedback were initiated slower (non-social con-
dition: M = 675.54, SD = 102.11, 95% CI [631.38, 719.69]; social
condition: M = 682.48, SD = 92.93, 95% CI [642.30, 722.66]) than
actions after correct feedback (non-social condition: M = 648.34, SD =

91.86, 95 % CI [608.61, 688.06]; social condition: M = 669.85, SD =

107.47, 95% CI [623.37, 716.32]). The main effect of condition, F(1, 22)
= 3.25, p = .085, η2P = .129,—with descriptively slower reaction times
in the social condition compared to the non-social condition—was not
significant, but the relatively large effect size suggests that replication
with a larger sample could possibly reveal an effect. The same might be

Table 1
The average number of trials (per participant) retained after applying exclusion criteria.

Total EEG-analysis PES PIA

Non-Social Correct feedback 306.71±7.59 253.96±22.98
(47.48±8.69)*

Post-correct-feedback 255.61±21.36
(46.87±9.65)

275.04±13.40
(51.48±8.02)

Error feedback 57.30±7.59 47.48±8.69 Post-error-feedback 46.87±9.65 51.48±8.02

Social Correct feedback 308.61±6.87 254.65±22.21
(46.09±7.53)

Post-correct-feedback 257.17±20.15
(45.39±8.11)

276.70±12.89
(49.65±6.81)

Error feedback 55.39±6.87 46.09±7.53 Post-error-feedback 45.39±8.11 49.65±6.81

*To have equal number of (post-)error-feedback and (post-)correct-feedback trials, in the case of the latter trial type a randomized selection procedure (that took the
location of the final effect into consideration) was used for determining the trials included in the analyses. The final number retained after this selection procedure,
which is equal to the number of (post-)error-feedback trials in the same condition, is shown in parentheses.

Fig. 3. Behavioral results. Group-average reaction time (left) and accuracy
(right) on post-correct and post-error trials in the two conditions. Error bars
indicate 95 % confidence intervals adjusted for the within-subjects design
(Morey, 2008).
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true for the Condition × Previous feedback interaction, F(1, 22) = 2.31,
p = .143, η2P = .095, although in this case, the effect size is somewhat
smaller. Even if we believe that the numerically larger post-error slow-
ing in the non-social condition reflects a real effect, this would be the
opposite of the effect that was reported by Pfister et al. (2020), who
reported increased post-error slowing when monitoring human errors.

The percentage of correct responses was not influenced by previous
feedback (correct vs. error), F(1, 22) = 0.16, p = .689, η2P = .007, nor by
condition (social vs. non-social), F(1, 22) = 1.37, p = .255, η2P = .059,
nor did the two factors interact, F(1, 22) = 0.28, p = .600, η2P = .013.

3.2. Error-related ERPs

Fig. 4 shows grand-average ERPs for the main electrodes of interests,
accompanied by their topographic distribution. Corresponding mean
amplitude statistics are summarized in Fig. 5.

At FCz, oERN peaked 238 ms after the onset of the feedback stimulus,
and individual amplitude values were calculated as the signal average in
the 100-ms time window centered at this point. The analysis at FCz
indicated a significant main effect of feedback (correct vs. error), F(1,
22) = 6.81, p = .016, η2P = .236, and a significant Condition x Feedback
interaction, F(1, 22) = 6.42, p = .019, η2P = .226. The condition main
effect was not significant, F(1, 22) = 0.89, p = .355, η2P = .039. These
results indicate that amplitudes related to error feedback were more
negative than amplitudes related to correct feedback and that this dif-
ference was larger in the non-social than in the social condition (Figs. 4
and 5). This was supported by post-hoc t-tests with Bonferroni correc-
tion: In the non-social condition the difference between amplitudes in
correct feedback and error feedback trials was significant, t(22) = 3.34,
pB = .006, dz = 0.70. In the social condition a significant difference was
not observed, t(22) = 1.55, pB = .269, dz = 0.32.

At Pz, oPE peaked 429 ms after the onset of the feedback stimulus,
and the 100-ms time window centered at this point was used for the
amplitude assessment. The analysis at Pz indicated a significant main
effect of condition, F(1, 22) = 6.50, p = .018, η2P = .228, as well as a
significant main effect of feedback, F(1, 22) = 173.96, p < .001, η2P
= .888. The Condition × Feedback interaction was not significant, F(1,
22) = 0.60, p = .446, η2P = .027. These results suggest overall more
positive oPE amplitudes in the non-social compared to the social con-
dition, and more positive amplitudes for error feedback than for correct
feedback.

In the post-experiment questionnaire, participants indicated an
average belief level of M = 57.73 (on a 0–100 scale), SD = 28.31, 95%
CI [45.17, 70.28] in the cover story (i.e., that they indeed interacted
with the experimenter and with the computer in the two conditions). As
an exploration of the influence of belief in the experimental manipula-
tion, we performed the ANOVAs with observed-error-related ERP com-
ponents and the ANOVAs with accuracy and reaction time with belief in
the experimental manipulation as an additional categorical predictor:
Twelve participants reported a belief of at least 50 percent. They were
categorized as “believers” while the remaining part of the sample was
categorized as “sceptics”. The belief factor did not have a significant
impact on any of the main effects or interactions. (See the Supplemen-
tary Material for more details.)

4. Discussion

We examined participants’ electrophysiological responses to errors
committed by their partner when interacting with another human agent
and with a machine. Based on previous results (Pfister et al. 2020), we
expected that error-related ERP components would be more pronounced
when errors are committed by a human co-actor. Instead, in the oERN
time window, we observed an enhanced error-related signal component
(i.e., the difference between ERPs induced by error feedback and by
correct feedback) when the errors were generated by the computer,

while there was no evidence for an impact of co-actor identity in the oPE
time window. Although ERPs were the main focus of our study, we also
examined behavioral responses related to observed errors. We did not
find any impact of error observation on accuracy, but similarly to
findings reported in previous studies (Castellar et al., 2011; Pfister et al.,
2020; Sacheli et al., 2021; Weller et al., 2018), reaction time increased
on trials following errors committed by the co-actor. In contrast with the
results of Pfister et al. (2020), however, this oPES effect was not
enhanced when participants were cooperating with another human
agent. If anything, oPES seemed slightly more pronounced during
human-machine cooperation. This would be consistent with the oERN
results, but the difference between conditions was not significant and
since the effect seemed relatively small, a replication with a larger
sample would be necessary to assess whether oPES depends on the type
of agent who is committing the error. In summary we can conclude that
while past research found either no difference between the processing of
human and machine errors, or an enhanced error processing when the
error is committed by a human agent (Castellar et al., 2011; Huberth
et al., 2019; Pfister et al., 2020; Somon et al., 2019), our study rather
indicated stronger error-related effects in relation to machine errors. As
we discuss in the following, a reason for this deviation from previous
results might be that the relevance of the observed agent’s actions for
the observer is different in a supervisory context and in a leader-follower
setting.

4.1. Error-related ERPs

The latency and the topographical distribution of the error-related
components obtained in the current study correspond to previous find-
ings (see Weller et al., 2018, for example), thus, it is likely that these
components reflect the same error-processing mechanisms that have
been associated with (o)ERN and (o)PE in prior research. What exactly
these mechanisms are is a topic of longstanding debate (e.g., Falkenstein
et al., 2000; Holroyd & Coles, 2002), but a relatively consistent finding
across studies is that only PE amplitudes are influenced by the conscious
detection of errors, while the ERN seems independent of error awareness
(Nieuwenhuis et al., 2001; Overbeek et al., 2005). Thus, it seems plau-
sible that ERN reflects an initial, automatic stage of error monitoring,
while conscious, evaluative processes—that might also involve the
preparation of adjustments made in response to the errors—have a
stronger connection with the PE component (Falkenstein et al., 2000;
Nieuwenhuis et al., 2001). Although in general, the error-related ERP
components obtained in the current study can be regarded as typical, the
pattern that they showed in the two experimental conditions contra-
dicted our expectations in multiple aspects.

Because the two conditions were identical with regards to physical
stimulation, we expected that if an impact of the co-actor identity would
be observed, it would more likely be present at the later, evaluative
processing stage. That would have been also consistent with the findings
of Somon et al. (2019), who found a difference between the processing
of human and machine errors in the 400–500 ms range (after observing
the error)—although in more anterior locations compared to where we
assessed the oPE. Furthermore, when comparing error processing for
commanded and observed actions, while keeping the physical parame-
ters of the conditions constant, Weller et al. (2018) also only found a
difference in oPE amplitudes (but not in the oERN component), which
could suggest that beliefs regarding the cause of the errors only influ-
ence later processing stages. In the present study, however, the differ-
ence in the processing of human and machine errors emerged in the
oERN time window and not in the oPE time window. Regardless if the
oERN recorded in our study reflects mismatch between representations
of the correct and the actual response (Falkenstein et al., 1991; Hewig
et al., 2011), the comparison process itself (Falkenstein et al., 2000) or
the discrepancy between expected and actual outcome (Holroyd and
Coles, 2002; Nieuwenhuis et al., 2004), this finding suggests that belief
regarding the co-actor’s identity influences relatively early stages of
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error processing. In the oPE time window we only found a main effect of
condition, indicating that regardless if the feedback was correct or
incorrect, the late positive component was larger for non-social than for
social effects. This might show that feedback in general was regarded as
more relevant when interacting with a machine. A possible explanation
for this is that consistent reactions from automated systems could lead to
machine responses being interpreted as reliable feedback on one’s own
actions (i.e., concealing the indirect nature of the action effects), while
in the case of human interaction there are more degrees of freedom
associated with the action effects and as such the information content of
these stimuli might be regarded as less valuable.

Beside the time window where the impact of manipulating partici-
pants’ belief about the co-actor’s identity was observed, the direction of
the effect was also contrary to our expectations. Previous studies

suggested that error monitoring is enhanced when observing human as
compared to machine errors (Pfister et al., 2020; Somon et al., 2019). In
apparent contrast with these studies, we observed larger oERN ampli-
tudes in the non-social condition. However, our findings might be
reconciled with prior knowledge about human-human and
human-machine interactions: According to Lewandowsky et al. (2000),
when it comes to task allocation, humans trust automated systems more
than they trust other human agents. On the one hand, this can have the
effect of reduced attention and increased complacency (i.e., operators
becoming too trusting of the supervised system and not recognizing
errors as a consequence: Moray et al., 2000; Sheridan & Parasuraman,
2006). On the other hand, the expectation of consistent and reliable
functioning can also make errors made by machines more salient. This
stands in contrast with human agents, who can be expected to make

Fig. 4. ERPs in the social and non-social condition. The upper row in Panel A shows the ERPs obtained from correct feedback and error feedback trials, while the
lower row shows the difference waveforms calculated from these ERPs (error feedback minus correct feedback). Panel B shows the topographical distribution for the
two ERP components of interest, averaged in the 100-ms time windows marked by the orange bars in Panel A. Topographical maps are presented for all four
combinations of condition and feedback (per component) as well as for the error-minus-correct difference waveform.
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mistakes—as reflected in the saying “to err is human” (Pope, 1711).
Furthermore, even disregarding involuntary mistakes, the action-effect
contingency is arguably reduced when the effects are the reactions of
a human co-actor as opposed to machine operations (Kunde et al., 2018;
Watson, 1979): Humans are perceived as having the free choice to select
from a wide range of available responses while machines operate in a
more deterministic manner. Increased error probability and reduced
action-effect contingency could both contribute to participants forming
less accurate predictions regarding the outcome of the actions or putting
less weight on such predictions. As a result, when producing social ef-
fects, the interpretation of errors might be less stringent and the pre-
diction error signal induced by an erroneous outcome less
pronounced—which could be reflected in the (o)ERN (Yasuda et al.,
2004).

While our study was not designed to contrast different explanations
of error-related ERPs, the present findings align well with expectancy-
based accounts of the ERN/FRN (Holroyd & Coles, 2002; Alexander &
Brown, 2011). These accounts suggest that the ERN and FRN do not rely
on a cognitive mechanism specifically dedicated to recognizing errors or
response conflict; rather, they reflect expectancy violations. For
example, the reinforcement-learning theory of the FRN/ERN (Holroyd&
Coles, 2002; Holroyd et al., 2005) posits that these components repre-
sent negative deviations from expected outcomes. Recent approaches,
such as the prediction of response outcome theory (Alexander & Brown,
2011), go a step further by proposing that these components can be
elicited by prediction violations regardless of outcome valence—that is,
even by outcomes that are more positive than expected.

In this context, the increased oERN for machine errors observed in
the present study may reflect a larger prediction error, as participants
likely formed more specific expectations about human-machine in-
teractions while demonstrating greater tolerance for diverse action
outcomes in human-human interactions. Studies supporting expectancy-
based explanations often establish predictions by manipulating the fre-
quency of different event types (e.g., Ferdinand et al., 2012; Wessel
et al., 2012). This applies to our study as well. However, in our exper-
imental setup, error probability and action-effect predictability were
identical across the social and non-social conditions. Thus, if partici-
pants perceived differences between these conditions, such perceptions
were likely shaped by prior experiences with human and artificial agents
or by beliefs and attitudes stemming from those experiences.

Krigolson and Holroyd (2006, 2007) also raised the possibility that
ERN and PE do not reflect different stages of error processing, but
different error types. According to this idea, ERN is induced by
high-level (i.e., failure to reach goal) and PE by low-level errors (e.g.,
discrepancy between desired and actual motor command). The fact that
in the present study, the social and non-social conditions were identical
on the physical level could explain why there is no difference in the
low-level goals and as such in oPE. It is possible, however, that high-level
goals are different in human-human and human-machine interactions.
Due to the deterministic nature of machines, the goal of a human agent

when operating a device could be to elicit a specific effect/response,
while agents might have less specific goals in mind when cooperating
with a human an agent (e.g., to elicit any response). As a consequence,
the same incompatible action effect might be regarded as large deviation
from the goal in the non-social condition and only as a small error (or
even no error) in the social condition, which could explain the timing
and location (oERN instead of oPE) as well as the direction of the
observed effect.

The above explanations are based on the idea that larger (o)ERN
amplitudes reflect enhanced error monitoring (Hajcak et al., 2005). A
study by Carp et al. (2009) indicated that this presumption might need
revision in certain cases. The authors reported inconsistencies with re-
gard to the correlation between error-related ERP amplitudes and
observer-agent similarity: similarity and oPE showed a positive corre-
lation, whereas similarity and oERN exhibited a negative correlation.
Since the authors assessed error-related components in the
correct-minus-error difference waveforms, they explained the unex-
pected phenomenon by higher similarity resulting in increased negative,
ERN-like peaks for the observation of correct actions, and as such they
assumed that it is actually increased monitoring that resulted in the
smaller oERN amplitudes. Although this interpretation does not apply to
our results, it demonstrates that smaller oERNs do not necessarily
indicate reduced or less effective monitoring. Furthermore, the oERN
being smaller in the social setting of the present study is also consistent
with the results of Carp et al., since the similarity between the partici-
pants (the observer) and a human co-actor is larger than the
human-computer similarity. The picture seems, however, more
complicated, if we also consider a study of Kang et al. (2010), which
reported a positive correlation between oFRN and closeness between
observer and actor.

Interestingly, while a significant oERN peak was reported by Weller
et al. (2018) in a leader-follower setting with a second participant in the
follower role (i.e, very similar to the social condition of the present
experiment), we only found a significant difference in the oERN time
window between amplitudes related to correct feedback and error
feedback when the feedback was generated by the computer and not
when it was produced by the actions of a human co-actor. On the one
hand, the lack of an effect in the social condition might be in part a
power issue, since a small, non-significant difference (dz = 0.30) was
also present in the current study. On the other hand, the ERP assessment
method that was used in both studies (defining analysis time windows
via signal peaks in the error-minus-correct difference waveforms) is only
adequate for estimating between-condition differences in the
error-related effects and not for an accurate assessment of the magnitude
of the effect itself (i.e., the difference between amplitudes recorded in
error and correct trials).

4.2. Behavioral results

The oPES observed after the co-actor’s errors in similar leader-
follower settings (Pfister et al., 2020; Weller et al., 2018) was also
evident in the current study. However, in contrast with Pfister et al.
(2020) we did not find increased post-error slowing in the social con-
dition. If anything, post-error slowing seemed slightly larger in the
non-social condition (although the difference between conditions was
not significant), which would be in line with the oERN effect that was
observed. Although the experimental design is based on the method
used by Pfister et al., with a few adjustments that enable the assessment
of ERPs, there is a key difference that might explain inconsistencies in
the oPES results: Belief regarding the co-actor’s identity was manipu-
lated in a within-subjects manner in the present study, whereas Pfister
et al. used a between-subjects design. In the within-subjects setting, it is
more difficult to prevent participants from becoming suspicious with
regard to the cover story. Efficiency of the belief manipulation or par-
ticipants’ search for evidence that would confirm or dispel their suspi-
cions might account for differences in error-related behavioral patterns,

Fig. 5. Group-average ERP amplitudes in correct feedback and error feedback
trials in the two conditions. Amplitude values were calculated in the oERN (left)
and oPE (right) time windows. Error bars indicate 95 % confidence intervals
adjusted for the within-subjects design (Morey, 2008).
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especially since—as discussed earlier—trust in automated systems can
result in both decreased as well as increased attribution of resources to
error monitoring. Furthermore, effect sizes for the Condition/setting
(social, non-social) × Previous feedback (correct, error) interaction
were relatively small in both experiments (η2P =.07 in Pfister et al., 2020
and η2P =.09 in the present study9), thus a replication with a larger
sample would be required to obtain reliable evidence regarding the
impact of co-actor identity on oPES.

4.3. Limitations and future directions

Our experimental paradigm was built on the assumption that we
could induce different beliefs regarding the cause of the errors in the
social and in the non-social condition. Results of the post-experiment
questionnaire, however, indicated that the overall level of belief in the
cover story was relatively low. Only slightly more than half of the
sample reported a relatively high belief in the cause of the errors as
explained in the instructions, while a substantial part of the sample can
be interpreted as rather not believing the explanation they received. On
the one hand, despite a large number of participants doubting the in-
structions, we found a significant effect, which could indicate that the
difference between the processing of human and machine errors might
be actually larger than the effect obtained in the present study. On the
other hand, if the difference between conditions (in oERN and possibly
also in oPES) is explained by the attribution of errors to different causes,
then this effect should have been influenced by participants’ belief in the
cover story: For those who don’t believe it, the two conditions should
seem identical and in their case, there shouldn’t be a difference between
ERPs recorded in the social and non-social conditions. However, when
including belief as a predictor in the ANOVAs of the electrophysiological
and behavioral measures, this additional factor did not have an impact
on the results (see Tables S2 and S3 in the Supplementary Material). A
possible explanation for this might be that responses to the post-
experiment questionnaire do not reflect participants’ actual state of
belief during the experiment: Participants responses might have been
influenced by the aspiration to establish a positive image of themselves
(i.e., expressing doubts regarding the cover story to appear more intel-
ligent). It is also possible that participants who had a low belief score
only started to be suspicious towards the end of the session, and the
belief induction was still effective throughout a substantial part of the
study. However, we also have to consider the possibility that the
observed differences were not induced by participants’ causal beliefs but
by some other factor. It is possible, for example, that participants, being
skeptical of the cover story, directed their attention toward finding ev-
idence to confirm or disprove the information provided during the in-
structions. Depending on which aspects of the instructions they found
suspicious or what type of evidence they sought, this could have led to a
different allocation of cognitive resources across the two conditions,
potentially contributing to the observed effects. However, the ANOVA
that included belief as an additional predictor does not support this
explanation. If the oERN difference between the social and non-social
settings was linked to skeptical participants actively seeking evidence
to confirm their doubts, the effect would have been expected to be more
pronounced among those who did not believe the instructions. The
analysis, however, revealed no such effects.

The post-hoc exploration of the influence of belief in the experi-
mental manipulation lacked sufficient power to reliably detect smaller
effect sizes. To ensure that the effect observed in the present study arises
from differences in the monitoring of social versus non-social action
effects—and not from skepticism toward the experimental manipu-
lation—future research should aim to replicate these findings using

modifications designed to enhance participants’ belief in the in-
structions. Given the inherent transparency of within-subjects manipu-
lations, achieving this might require adopting a between-subjects
design, which would necessitate a substantially larger sample size.

In the present study we adopted the experimental design used by
Weller et al. (2018) and by Pfister et al. (2020). In this design, error trials
differ from correct ones not only in adherence of the co-actor to the task
instructions, but also in action-effect compatibility (i.e., actions and
visual effects are spatially compatible in correct trials but incompatible
in error trials) and in frequency (correct trials are more frequent than
error trials). Thus, it is possible that between-condition oERN differ-
ences are related to one of these factors and not to error processing. As a
consequence, instead of referring to trials with alleged errors of the
co-actor as error trials, categorizing them as oddball trials could have
been more adequate (see Pfister et al., 2020). Despite these consider-
ations, we retained the error-based terminology, because the fact that it
was the oERN amplitude—which had been obtained previously in a
wide range of error paradigms (see Musco et al., 2023)—that was
affected by the identity of the co-actor, suggests a connection between
error processing and the effect observed in the present study.10

Furthermore, to enable a controlled comparison of social and non-social
action effects, the leader-follower paradigm used in the present study
focused specifically on the relationship between actions and their eli-
cited effects. However, this approach necessarily overlooks other factors
that characterize interpersonal interactions. Our findings suggest that
performance monitoring may differ between social and non-social con-
texts. To further investigate the unique aspects of social error moni-
toring, future studies could employ experimental designs incorporating
additional features of interpersonal interactions, such as observing the
co-actor’s actual actions (not only their effects), adopting interchange-
able leader-follower roles, or allowing participants to correct each
other’s errors (see Neszmélyi et al., 2022).

In the current study, the instructions did not specify the reasons
behind the errors made by the experimenter or the computer. During the
practice phase, participants experienced the task from the follower’s
perspective, and the inherent difficulty of this part of the task provided
an implicit justification for the experimenter’s errors. However, partic-
ipants might also have assumed that these errors were intentional.
Similarly, machine errors could have been interpreted in various way-
s—as device malfunctions, intentional oddball events, or outcomes of
randomization. While several studies have demonstrated that the
alignment of observed errors with the observer’s goals influences error
processing (Castellar et al., 2011; de Bruijn et al., 2012; de Bruijn & von
Rhein, 2012), to our knowledge, no studies suggest a similar influence
based on the observer’s assumptions about the alignment of the errors
with the observed agent’s goals. In other words, there is no evidence
indicating that error processing differs depending on whether the
observed agent intentionally chooses the wrong action (from the ob-
server’s perspective) or commits the error accidentally. Therefore, our
interpretation of the current findings centers on the leader’s perspective,
positing that social action effects are generally less reliable or predict-
able than non-social ones. Nonetheless, the potential influence of
intentionality and goal attribution to the co-actor should not be dis-
missed. Investigating these factors in relation to error processing rep-
resents an intriguing avenue for future research.

9 This corresponds to dz = 0.31 which is substantially smaller than the effect
size that can be reliably shown with the present experimental design.

10 However, it cannot be ruled out that this component represents a N200,
which shares characteristics with the ERN/FRN. In conflict tasks, incongruent
events are associated with an enhanced N200 (Gehring et al., 1992; Nieu-
wenhuis et al., 2003), and this component may have been influenced by spatial
action-effect incompatibility in the present experiment. Within this framework,
our findings could suggest that the spatial correspondence of causally con-
nected events holds greater significance in interactions with machines, whereas
interpersonal interactions allow for greater flexibility regarding the spatial
relationship between agents’ actions.

B. Neszmélyi and R. Pfister Biological Psychology 194 (2025) 108965 

10 



4.4. Conclusion

The current study provided strong evidence against our initial hy-
pothesis that ERPs related to error observation would be more pro-
nounced when they were induced by inadequate human responses to
participant’s actions as compared to erroneous computer responses. We
even found some evidence for a reverse effect, with oERN amplitudes
being larger in the non-social than in the social condition. A possible
explanation for this unexpected effect is that machine malfunctions are
associated with a larger prediction error than human errors. This could
be based either on different goals (human: eliciting any response, ma-
chine: eliciting a specific response) or on different expectations (human:
unpredictable response, machine: consistent response) when interacting
with human agents and with machines in a leader-follower setting.
Alternatively, the effect might be related to participants’ suspicions
regarding the cover story of the experiment and to their efforts invested
in looking for evidence that would expose false information. To better
understand differences between interacting with humans and with
automated systems, future studies could further explore predictions
based on these explanations.
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