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A B S T R A C T   

Performance monitoring is essential for successful action execution and previous studies have suggested that 
frontomedial theta (FMT) activity in scalp-recorded EEG reflects need for control signaling in response to 
negative outcomes. However, these studies have overlooked the fact that anticipating the most probable outcome 
is often possible. To optimize action execution, it is necessary for the time-critical performance monitoring 
system to utilize continuously updated information to adjust actions in time. This study used a combination of 
mobile EEG and virtual reality to investigate how the performance monitoring system adapts to continuously 
updated information during brief phases of outcome evaluation that follow action execution. In two virtual 
shooting tasks, participants were either able to observe the projectile and hence anticipate the outcome or not. 
We found that FMT power increased in response to missing shots in both tasks, but this effect was suppressed 
when participants were able to anticipate the outcome. Specifically, the suppression was linearly related to the 
duration of the anticipatory phase. Our results suggest that the performance monitoring system dynamically 
integrates incoming information to evaluate the most likely outcome of an action as quickly as possible. This 
dynamic mode of performance monitoring provides significant advantages over idly waiting for an action 
outcome before getting engaged. Early and adaptive performance monitoring not only helps prevent negative 
outcomes but also improves overall performance. Our findings highlight the crucial role of dynamic integration 
of incoming information in the performance monitoring system, providing insights for real-time decision-making 
and action control.   

1. Introduction 

Continuous performance monitoring serves as a fundamental 
mechanism for the effective regulation of behavior in response to dy-
namic environmental demands. A crucial aspect of this process is the 
detection and signaling of increases in need for control triggered by 
specific events, ranging from cognitive conflicts to behavioral errors and 
negative performance feedback. Accumulating evidence from recent 
research has highlighted the presence of a generic need for control signal 
in the form of transient frontomedial theta activity (FMT) activity 
(Cavanagh and Frank, 2014; Cavanagh et al., 2012b; M. Cohen, 2016; 
Watanabe et al., 2021). FMT in the context of performance monitoring is 
an increased event-related activity in the theta frequency band (4–8 Hz) 
that shows a frontomedial topography and is suggested to originate in 
the posterior medial frontal cortex (Cavanagh and Frank, 2014; 

Cavanagh et al., 2010; Debener et al., 2005; Hanslmayr et al., 2008; 
Wang, 2005; Yeung et al., 2004). 

Increased FMT activity is found in response to conflict inducing 
stimuli, for instance, in Simon tasks or Flanker tasks (Cavanagh et al., 
2012b; M. Cohen and Donner, 2013; M. Cohen and Ridderinkhof, 2013; 
Duprez et al., 2020; Lange et al., 2022; Pastötter et al., 2013), in 
response to negative outcomes in gambling tasks (M. Cohen et al., 2007; 
Gheza et al., 2018; Mueller et al., 2015) as well as to negative feedback 
in reinforcement learning tasks (Cavanagh et al., 2012a; Cavanagh et al., 
2010; Rommerskirchen et al., 2021), where stronger FMT power is 
associated with enhanced learning effects (van de Vijver et al., 2011). 
Increased FMT activity in response to behavioral errors has been linked 
to error awareness (Kalfaoğlu et al., 2018) but has also been shown for 
implicit errors and, interestingly, does not seem to drive visuomotor 
adaptation (Jonker et al., 2021). Instead, it is suggested to represent a 
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saliency signal, which conforms to the need for control framework for 
non-motor errors. It should be noted that there is currently debate about 
whether FMT is a generic, homogeneous signal (Cavanagh et al., 2012b) 
or whether there are multiple kinds of different FMTs, possibly with 
different neural sources, that may be active simultaneously (Lange et al., 
2022; Töllner et al., 2017; Zuure et al., 2020). Either way, there appears 
to be (at least) a general functional role of FMT as a need for control 
signal (Cooper et al., 2019). 

This is also supported by evidence from cued conflict paradigms in 
which a cue is presented before the actual conflicting stimulus is pre-
sented. This cue can contain information whether a conflicting stimulus 
is about to come up. Generally, the occurrence of conflict increases ac-
tivity in the anterior cingulate cortex (ACC; Botvinick et al., 2001). 
However, if a cue indicates that a conflict is about to come up, the ACC 
exhibits less conflict-related activity when the conflicting stimulus is 
actually presented (Aarts et al., 2008; Asanowicz et al., 2022; Ide et al., 
2013; Luks et al., 2007). In a cued Flanker task, Strack et al. (2013) 
found that a predictive cue led to attenuation of conflict-related FMT 
power in response to incongruent trials. Instead, FMT power was 
increased prior to target onset. In a similar cued task switching para-
digm, Cooper et al. (2019) found that switch trials that were preceded by 
increased FMT power produced smaller switch costs on a behavioral 
level. Specifically, the performance slowing that is associated with task 
switching (Jamadar et al., 2015) was attenuated when there was 
enhanced FMT power while preparing to switch. Increased pre-response 
FMT activity has been associated with successful trials in different tasks 
(Cavanagh et al., 2009; Dias et al., 2022; Estiveira et al., 2022; 
Gomez-Pilar et al., 2018; Ruiz et al., 2011; van Noordt et al., 2017). 
Thus, early FMT activity seems to help perform the correct action more 
efficiently. Additionally, the findings on cued conflict paradigms suggest 
that the need for control signal, indexed by FMT, is triggered by the 
earliest indicator of an increased need for control, in line increases in 
FMT power when observing erroneous grasping movements of a virtual 
agent (Moreau et al., 2021; Pavone et al., 2016). 

Here, we extend these findings by specifically investigating the 
continuous, dynamic adaptations of FMT. Importantly, Cooper et al. 
(2019) found the association between switch costs and FMT power to be 
modulated by trial-by-trial changes in theta power. The most common 
approach to time-frequency analysis on frontomedial theta during 
cognitive control involves condition-averaged analyses (Cavanagh and 
Frank, 2014; Cavanagh et al., 2012b; Cooper et al., 2019). However, 
within-condition averaging eliminates most of its trial-by-trial variance. 
Therefore, different analyses such as single-trial regressions can provide 
benefits over cross-trial averaging by considering trial-by-trial variance, 
in the behavior and in neural dynamics (Cavanagh et al., 2010; M. Cohen 
and Cavanagh, 2011; Cooper et al., 2019). With this approach, we can 
explore the potential link between cognitive control and ongoing 
adaptations. 

Single trial regression analyses are well-suited to address two com-
mon limitations of previous studies on FMT. First, real-life actions do not 
always consist of discrete categories like "success" or "failure", "difficult" 
or "easy", while those are commonly used as laboratory conditions. 
Instead, many factors naturally vary on a continuous scale. FMT power is 
sensitive to situational factors such as surprise (Cavanagh et al., 2012a) 
and punishment expectancy (Cavanagh et al., 2010; Chase et al., 2011; 
Philiastides et al., 2010). Since these reflect continuous factors, it would 
be beneficial for experimental settings to implement them as such. 
Single-trial regression analyses allow for continuous predictors with 
unique values in every trial instead of discrete conditions. 

Second, the FMT-increasing events in laboratory tasks are commonly 
presented distinctively and at a specific time point. Real life actions, 
however, often work differently. We are not always dependent on 
waiting for the completion of the action and feedback on the definitive 
outcome. Instead, we can monitor many actions permanently and adjust 
our behavior earlier, if necessary, by anticipating the likely outcome. 
This allows for corrective action to be taken even before a negative 

outcome occurs, which is a key aspect of continuous online performance 
monitoring. Although ERPs provide excellent temporal resolution, they 
are sensitive to cross-trial latency differences (Luck, 2014). This makes it 
difficult to map cognitive processes with dynamic timing in traditional 
ERPs and event-related spectral perturbations (ERSPs). In contrast, 
regression analyses that consider predictors of just these timing dy-
namics can simultaneously capture both temporally consistent and 
temporally varying effects. Thus, applying regression analyses instead of 
cross-trial averaging opens the possibility to investigate the continuous 
adaptation of need for control to constantly incoming information. 

Therefore, we conducted two experiments to investigate the tem-
poral dynamics of FMT activity. Participants shot at virtual targets in a 
virtual reality (VR) environment. In the first experiment, they were able 
to track the trajectory of the projectile, and thus anticipate the outcome 
before actually hitting the target. In the second experiment, they were 
not able to track the projectile. We conducted regression analyses for 
both experiments to estimate how FMT is affected by the outcome (hit/ 
miss), the flight duration of the projectile, and the distance by which the 
target was missed in the event of a miss. We expect that missing a target 
increases the FMT power compared to hitting it, as increased FMT power 
in response to negative outcomes represents a well-established effect 
(Bernat et al., 2015; Cavanagh et al., 2012a; Cavanagh and Frank, 2014; 
Cavanagh et al., 2010; M. Cohen, 2016; M. Cohen and Donner, 2013; M. 
Cohen et al., 2007; Cooper et al., 2019; Fryer et al., 2021; Kalfaoğlu 
et al., 2018; Lange and Osinsky, 2020; Lange et al., 2022; Philiastides 
et al., 2010; Töllner et al., 2017; van de Vijver et al., 2011; Wang, 2005; 
Watanabe et al., 2021; Zuure et al., 2020). Additionally, the 
regression-based analyses enable individual measures for the flight 
duration and the distance off target on a continuous scale. The flight 
duration of the projectiles corresponds to the period during which the 
participants can observe them and derive anticipations about the most 
likely outcomes. Interactions of this predictor and outcome-dependent 
FMT increases, especially in comparison to the experiment without 
any possibility to observe the projectile, would reflect indicators of dy-
namic adaptation of need for control to the incoming, observed infor-
mation. We expect that the ability to observe the trajectory will suppress 
the outcome-related FMT activity because the outcome can be antici-
pated in advance, thus reducing the need for control signal that is 
induced by the actual presentation of the outcome. 

2. Methods 

2.1. Participants and procedure 

In the first experiment, 23 participants took part. All datasets are 
included in the final analysis. Thus, data of 23 participants (18 female, 5 
male; Mage = 22.0 years, SDage = 2.12 years) were analyzed. In the 
second experiment, 27 participants took part. Three datasets had to be 
excluded from the analysis due to bad data quality. Thus, data of 24 
participants (20 female, 4 male; Mage = 22.38 years, SDage = 2.9 years) 
were analyzed. In both experiments, the sample sizes lead to a power of 
.96, expecting a strong main effect of the outcome on FMT power 
(Cohen’s d = 0.8; J. Cohen, 1988), based on the literature. 

All participants had normal or corrected-to-normal vision. Students 
from the Osnabrück University received course credit for participating 
in the study. All participants gave written informed consent. The study 
was approved by the local ethics committee. The procedure in the lab as 
well as the EEG data recording, processing, and analysis were the same 
for both experiments. 

After arriving at the lab, participants gave written informed consent, 
filled out a sociodemographic questionnaire, and the EEG was applied. 
They were equipped with the wireless VR HMD (HTC Vive Pro) and VR 
controllers (Valve Index) and performed the experiment task, which took 
about 20–30 min. The entire procedure took about 60–90 min. 
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2.2. Experimental task design 

The virtual environment was created using Unity 5 (Unity Technol-
ogies, San Francisco, United States). Within the virtual environment, the 
subjects saw a forest clearing and picked up a virtual pistol. In each trial, 
a balloon appeared in a random position and slowly floated upwards. 
The participants were instructed to shoot this balloon. They had one shot 
for each balloon/trial. If they hit the balloon, it burst into green frag-
ments, indicating a successful trial. If they missed the balloon, it also 
burst, but into red fragments, indicating an erroneous trial. Depending 
on the outcome, the balloon in the next trial spawned closer to the 
participant after an erroneous trial or farther away after a successful trial 
(Mdistance = 35.46m, SDdistance = 13.77m). This way, a hit rate of M =
52.32% (SD = 11.23%) was achieved. All participants completed 5 
blocks with 100 trials each. 

In the first experiment the pistol shot projectiles that could be seen 
and traced. The projectiles moved at a speed of 195 m

s (Mair time =

181.34ms, SDair time = 45.08ms) according to a trajectory affected by 
gravity. To ensure similar timing of successful and erroneous trials, the 
exact time point of the balloons bursting was determined by the distance 
between the participant and the balloon. The balloons burst as soon as 
the projectile reached the distance between the participant and the 
balloon. For successful trials this corresponds to the moment when the 
projectile hits the balloon. In the case of erroneous trials, this means that 
the balloons burst at the exact moment when the projectile would have 
hit them if it had not deviated from the target. 

The experimental task design in the second experiment was similar 
to the first experiment with the exception that the virtual pistol shot 
laser rays instead of projectile. Each ray appeared immediately upon 
pulling the trigger on the controller and was visible for 100ms. In 
contrast to the first experiment, the ray hit the balloon instantly and thus 
the outcome was identifiable immediately. There was no anticipatory 
phase between pulling the trigger and the bursting of the balloon. Both 
events happened at the same time, independent of the shooting distance. 
Similar to the first experiment the distance was adjusted on a trial-by- 
trial base (Mdistance = 31.23m, SDdistance = 12.13m) and the balloons 
burst after every shot. 

It is important to note that in the first experiment the distance to the 
target corresponds to the time in which the projectile can be observed. A 
greater distance leads to a longer observation time and vice versa. In the 
second experiment, the same factor reflects only the distance, since there 
is no observation time. Therefore, we will refer to this factor as distance/ 
time in the following. 

2.3. EEG data recording and processing 

EEG data was recorded with a mobile 32 channel active EEG system 
(Live Amp, Brain Products, Gilching, Germany) using the Brain Vision 
Recorder software (Brain Products, Gilching, Germany) and synchro-
nized with Unity via Lab Streaming Layer (LSL). The electrode layout 
was according to the international 10-20-system. The data were recor-
ded with a 500 Hz sampling rate and 0.016–250 Hz band-pass filter. The 
data was referenced online to FCz and the ground electrode was placed 
at AFz. The impedance of all electrodes was kept below 15 kΩ. 

Offline preprocessing and analysis was conducted with Matlab 
(MathWorks Inc.) and EEGLAB (Delorme and Makeig, 2004). Line noise 
was removed using the zapline plus plugin (Klug and Kloosterman, 
2022) and channels that were repeatedly detected as bad channels in 
more than 50% of 20 iterations were removed and interpolated (Klug 
et al., 2022). Applying this procedure, a total of 10 channels was 
interpolated in six datasets (M = 0.21, SD = 0.59; Max = 2). The data 
were further referenced to the common average, the former reference 
channel FCz was reinstated as additional data channel and the data were 
filtered with a 1–30 Hz band-pass filter (Klug and Gramann, 2021). Then 
artifact subspace reconstruction (ASR) was applied for burst correction 

followed by AMICA (Palmer et al., 2012) as this provides a powerful 
combination to extract independent components in mobile EEG setups 
(Chang et al., 2018; Gorjan et al., 2022). The extracted components were 
classified using the ICLabel plugin and components with a probability 
>80% of being a muscle or eye component were removed (M = 2.06, SD 
= 0.84, Max = 5). 

Continuous EEG was segmented from − 1500ms to 1000ms around 
the outcome feedback onset, i.e., the burst of the balloon. A time- 
frequency transformation was applied on the single trial level using a 
family of complex Morlet wavelets in 30 logarithmic steps. Importantly, 
for analyzing the data we implemented a relative baseline division per 
frequency layer (− 1000ms to − 500ms) without a dB-transformation. 
We applied dB-transformation only for computing the grand averages 
of power values that are displayed in Fig. 1, since logarithmic scaling on 
single trial level would be biased for small values (M. Cohen, 2014). 

For the data of the first experiment, we also applied a second analysis 
where we segmented the continuous EEG around the time point of 
pulling the trigger of the gun (− 1500ms–1000ms), i.e., the moment of 
shooting. All subsequent analysis steps were applied to these segments 
in the same way. Thus, we analyzed three experimental conditions in 
total: (1) data from the first experiment (projectile) relative to the 
moment of the outcome presentation (“exp. 1 (projectile): outcome”); (2) 
data from the first experiment (projectile) relative to the moment of the 
shot (“exp. 1 (projectile): shot”); (3) data from the second experiment 
(laser), where the moment of the outcome presentation matches the 
moment of the shot (“exp. 2 (laser)”). 

2.4. Regression analysis 

In order to investigate the impact of different continuous factors on 
single trial level, we computed regression-based ERSPs (rERSPs) (Smith 
and Kutas, 2015). Using mass-univariate multiple regression, a linear 
model was estimated according to the following formula: 

yi = INT + β1x1i + … + β5x5i + noisei  

With yi = power at time − frequency point for trial i  

INT= Intercept  

x1 = 1 for successful trials, 0 for erroneous trials  

x2 = distance to target (≙observation time)

x3 = outcome ∗ distance to target (≙observation time)

x4 = error size  

x5 = error size ∗ distance to target (≙observation time)

The variables for error size and distance/time were z-transformed. 
The model was estimated for each sample point for each frequency. This 
derives five regression weights and an intercept for each sample point 
and frequency per channel and participant. We computed the co-
efficients for the effects that were not directly resembled by a regressor, 
leading to a total of eight coefficients that we analyzed (OutcomeMiss, 
OutcomeHit, OutcomeMiss vs. Hit, Distance/TimeMiss, Distance/TimeHit, 
Distance/TimeMiss vs. Hit, Error SizeMiss, Interaction: Distance/Time-
Miss*Error SizeMiss). 

We averaged the theta band (4–8 Hz) estimates for each coefficient 
and applied cluster-based permutation tests to derive time windows 
with significant effects per coefficient. We used data from channel FCz 
(based on the literature), cluster-forming thresholds of p = .01 and 
computed 10.000 iterations. We applied the cluster-based permutation 
tests to the data of each experimental condition, namely exp. 1 (pro-
jectile): outcome, exp. 1 (projectile): shot, and exp. 2 (laser). In addition, 
we computed difference scores by subtracting the regression coefficients 
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from exp. 2 (laser) from those of exp. 1 (projectile): shot and subjected 
these difference scores to the same cluster-based permutation tests. We 
excluded the data from exp. 1 (projectile): outcome from this analysis, as 
visual inspection indicated that the timing of the effects was too dis-
similar to enable a meaningful comparison. 

3. Results 

The dB-transformed power values and the topographies for the dif-
ferences of miss minus hit trials are displayed in Fig. 2. The results of the 
regression analyses are displayed in Fig. 3. For all three experimental 
conditions (exp. 1 (projectile): outcome; exp. 1 (projectile): shot; exp. 2 

Fig. 1. Screenshots of the virtual environment. A: Balloon before shot. B: Green fragments after hitting the balloon. C: Red fragments after missing the balloon. The 
number to the right displays the number of trials remaining in the given block. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 

Fig. 2. Time-frequency activity for the differences of miss minus hit trials per experimental condition. Time-frequency plots display dB-transformed Δpower at FCz.  
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(laser)) we found a general FMT increase in miss trials (p < .00001 
[− 356ms, 612ms]; p < .00001, [14ms, 1000ms]; p < .00001, [32ms, 
770ms]) and a general FMT decrease in hit trials (p < .00001, [− 454ms, 
620ms]; p < .00001, [4ms, 1000ms]; p < .00001, [− 56ms, 816ms]), 
meaning that FMT power differs significantly from the baseline. Further, 
there was significantly stronger FMT power after miss trials compared to 
hit trials (p < .00001, [− 408ms, 620ms]; p < .0001, [2ms, 1000ms]; p <
.00001 [− 42ms, 786ms]). 

Interestingly, the cluster-based permutation tests revealed no sig-
nificant effects of distance/time for the second experiment (laser) but for 
the first experiment (projectile; exp. 1 (projectile): outcome; exp. 1 
(projectile): shot). For miss trials, there is significantly less FMT power 
with increasing distance/time (p < .00001, [− 14ms, 314ms]; p <
.00001, [120ms, 508ms]) when a traceable projectile was visible. This 
effect is descriptively smaller but also significant for hit trials segmented 
relative to the outcome (p = .002, [16ms 250ms]) but is not apparent for 
hit trials segmented relative to the shot. For both segmentations, the 
distance/time effect for miss trials is significantly stronger than the 
distance/time effect for hit trials (p < .00001, [20ms, 264ms]; p = .001, 
[140ms, 412ms]), but again, this is not the case for exp. 2 (laser). 

We found decreasing FMT power with increasing error size in miss 
trials for all three experimental conditions again (p < .00001, [− 288ms, 
92ms]; p = .003, [242ms, 440ms]; p < .00001, [216ms, 424ms]). There 
were no significant interactions of distance/time and error size. 

Finally, we compared the two experiments using the regression co-
efficients of exp. 1 (projectile): shot and exp. 2 (laser). The cluster-based 
permutation tests revealed only one significant cluster, namely the effect 
of less FMT power with increasing distance/time for miss trials was 
stronger in the first experiment (projectile) than in the second experi-
ment (laser; p = .002, [180ms, 450ms]). 

4. Discussion 

We investigated the integration of continuously incoming informa-
tion in the performance monitoring system using two shooting tasks in 
immersive virtual environments. In one task, it was possible to observe 

the trajectory of the projectile and in the other it was not. Our results 
show that the observation of the trajectory influences the cognitive 
processing of the outcome. The performance monitoring system seems to 
continuously draw on all available information to evaluate as quickly as 
possible an outcome that is likely to occur. The FMT response to the 
definite outcome feedback is attenuated if the trajectory of the projectile 
can be observed beforehand. This is in line with the framework that FMT 
acts as a need for control signal and is therefore not needed when the 
negative outcome is already expected due to the observation of the 
trajectory. 

As expected, we found increased FMT after missing shots in both 
experiments. This finding corresponds to well-established effects of 
increased FMT in response to errors or negative feedback (Cavanagh 
et al., 2012a; M. Cohen et al., 2007; Gheza et al., 2018; Jonker et al., 
2021; Kalfaoğlu et al., 2018; Mueller et al., 2015; van de Vijver et al., 
2011). However, in our experiments, FMT power was also impacted by 
the ability to observe the projectile. When the participants were able to 
observe the projectile, the FMT power decreased linearly with 
increasing distance to the target/observation time. Crucially, we did not 
find any effect of distance on FMT power when the participants were not 
able to observe the projectile. Instead, distance had a significantly 
stronger FMT decreasing effect when participants could observe the 
projectile, than when they could not. Thus, the distance to a target itself 
does not seem to evoke this suppression in FMT. Rather, the observation 
time seems to drive this effect, since it corresponds to the distance in the 
experiment where participants can observe the projectile but is missing 
in the other experiment. Accordingly, the longer participants can 
observe the projectile, the more the outcome-related FMT is attenuated. 
This effect is similar to the results of cued conflict paradigms on ACC 
activity in the fMRI (Aarts et al., 2008; Asanowicz et al., 2022; Ide et al., 
2013; Luks et al., 2007) and on FMT in the EEG (Cooper et al., 2019; 
Strack et al., 2013). It supports the assumption that FMT reflects a signal 
of the performance monitoring system to indicate a need for control. A 
sudden negative event elicits a high need for control when no infor-
mation is available before an outcome is presented. However, if 
incoming information about a likely outcome is available, it seems to be 

Fig. 3. Regression-based ERSPs (rERSPs) for the theta-band (4 Hz–8 Hz) at channel FCz. The ERSPs are based on non dB-transformed theta power. Shaded areas 
reflect time windows with statistically significant effects of the corresponding regression coefficient on theta power (p < .01). 
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continuously integrated by the performance monitoring system. By such 
continuous evidence-accumulation, the performance monitoring system 
may already “know” about the outcome at the moment it is presented. 
Thereby the sudden increase in need for control at that single moment is 
dampened because adaptations can be prepared and initiated in 
advance. 

Such a dynamic, continuous mode of performance monitoring would 
provide obvious advantages for the organism, as opposed to, in the most 
extreme case, waiting for an action to end before evaluating its outcome. 
In this framework, the anticipatory online evaluation should draw on 
multidimensional sources of information to achieve high degrees of 
precision and especially expectations, which are derived, updated, and 
integrated on an ongoing basis. One could define several types of ex-
pectations, possibly even infinitely many with continuous transitions 
between them. Following, we will differentiate three main categories: 
global, intermediate, and local expectations. 

When performing a task repeatedly, either one time right after the 
other or because it is a mundane task that we might have done many 
times before, we generate a global expectancy about the probability of 
every possible outcome. Expectations are further generated within a 
smaller, intermediate framework. Research on different ERP compo-
nents has shown that performance monitoring in a given trial is influ-
enced by the outcome of the immediately preceding trials or events. One 
example of a prominent behavioral effect found across tasks is post-error 
slowing/speeding (Damaso et al., 2020; Danielmeier and Ullsperger, 
2011; Dudschig and Jentzsch, 2009; Purcell and Kiani, 2016), but also at 
the neuronal level, preceding events can cause an amplification/de-
crease in the effects of feedback-related activity (Osinsky et al., 2012) 
and FMT power (Pastötter et al., 2013) in subsequent trials. The history 
of preceding events is integrated to build up sequence-generated ex-
pectancies, which are less stable than the global expectations and must 
be dynamically adjusted after each new event. Previous studies have 
shown that the probability of a specific outcome affects the 
outcome-related FMT power, with increased power for unexpected 
outcomes (Cavanagh et al., 2012a; Cavanagh et al., 2010; Gheza et al., 
2019; Hajihosseini and Holroyd, 2013; Janssen et al., 2016; Osinsky 
et al., 2016; Paul et al., 2020; Rommerskirchen et al., 2021; Umemoto 
et al., 2023). While this is in line with the framework of FMT as a need 
for control signal, these experiments only took the global and interme-
diate expectations into account, since the probability manipulations 
were implemented trial or condition wise with high vs. low outcome 
probabilities or expected vs. unexpected outcomes. Our study revealed 
that outcome evaluations in the medial frontal cortex, indicated by FMT 
(Cavanagh and Frank, 2014; Cavanagh et al., 2010; Debener et al., 2005; 
Hanslmayr et al., 2008; Wang, 2005; Yeung et al., 2004), are not only 
sensitive to global and intermediate expectations but also to expecta-
tions at an even smaller, local level. These local expectations are built, 
evaluated, and discarded within a single trial while observing the pro-
jectile. The expectation formed before the trial can be continuously 
updated based on the constant flow of new information about the 
location and trajectory of the projectile. This enables the anticipation of 
the outcome to be improved continuously, and not exclusively depend 
on pre-trial expectations that are based on global and intermediate 
contexts. The continuous online integration of information allows for 
the control signal to be adjusted, even before the definite outcome oc-
curs. This explains, on the one hand, why informative cues about a 
pending conflict suppress ACC activity (Aarts et al., 2008; Asanowicz 
et al., 2022; Ide et al., 2013; Luks et al., 2007) and FMT (Cooper et al., 
2019; Strack et al., 2013). On the other hand, it also explains the linear 
relationship between observation duration and FMT suppression found 
in our study. The longer the projectile can be observed, the more local 
information is available in the online evaluation, leading to improved 
anticipation accuracy and corresponding adjustments in the need for 
control signal. 

Apart from the effect of target distance on FMT, we also observed a 
negative linear relationship between error size and FMT power in both 
shooting tasks. Apparently, this contrasts with some previous studies 
that found larger errors during continuous movement tasks to elicit an 
enhanced increase in FMT power (Arrighi et al., 2016; Jonker et al., 
2021; Spinelli et al., 2018) or the functionally related error-related 
negativity (ERN; Vocat et al., 2011). In our view, the negative rela-
tionship observed in our study reflects the effects of anticipation and 
expectancy in our experimental design. When participants were able to 
observe the projectile, larger errors may have been easier to detect with 
greater confidence during the anticipatory phase. This could have pro-
vided a larger and stronger base of evidence for performance moni-
toring, enabling the anticipation of the outcome and attenuating the 
feedback-related FMT activity. Interestingly, we also observed a nega-
tive relationship between FMT power and error size in the second 
experiment where the projectile could not be observed. One potential 
explanation is that this reflects an effect of expectancies which are built 
during the phase of aiming and taking the shot. Poorly executed actions 
might already be associated with a negative outcome expectation, 
resulting in a weaker increase in FMT power. In our experiment, 
corrective actions could not be taken during the trial, which may have 
contributed to the weaker association between FMT power and error 
size. 

Furthermore, continuous adjustment of expectations may affect 
performance adjustments during the anticipation phase. In many daily 
actions, it is appropriate or even existentially necessary that the per-
formance monitoring system not idly waits for the outcome before 
intervening, e.g., when we misjudge the speed while taking a turn in a 
car or when we reach for a glass of water but miss it by a few inches and 
knock it over. Rather, the performance monitoring system should 
continuously collect and evaluate information about the likely outcome 
of the action before it occurs to use this information for proactive control 
and adaptive processes of executive control already during action per-
formance (Alexander and Brown, 2011; Braver et al., 2009). Another 
limitation to be addressed is the unbalanced gender distribution in our 
samples, which could have affected the results. While these are only post 
hoc explanations which call for future verification our findings highlight 
the importance of an accurate differentiation of task characteristics, as 
the interplay of task demands, cognitive processes, and individual dif-
ferences seems to contribute to a complex variability in the relationship 
between FMT power and error size across different contexts (Pastötter 
et al., 2012). 

Our experiment has shown that the performance monitoring system 
is continuously drawing on all available information to evaluate an 
outcome that is likely to occur and adapting its need for control signal 
accordingly. This dynamic mode of operation can significantly improve 
performance monitoring. Fast and accurate online evaluations of actions 
are critical in everyday life in order to be able to adjust behavior in time. 
Accordingly, it seems only reasonable that our performance monitoring 
system is optimized to not only effectively learn from mistakes, but also 
to avoid them, if possible, before or even while they are being made. 
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Pastötter, B., Berchtold, F., Bäuml, K.-H.T., 2012. Oscillatory correlates of controlled 
speed-accuracy tradeoff in a response-conflict task. Hum. Brain Mapp. 33 (8), 
1834–1849. https://doi.org/10.1002/hbm.21322. 
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