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“Balancing inside and outside. Moving without moving. Quiet but not quiet. Like 
riding a horse. A good rider can move very fast and cover a lot of ground, but he 

or she never seems agitated. The horse might be running across fields and ditches, 
through the forest, over the stream, and yet the rider remains tranquil and almost 

motionless. The actor’s mind is the rider, the body is the horse. 
 

A good rider consciously strives to unify him or herself with the horse, letting it 
move freely, while staying in control of every action. You give orders to the horse; 

you are the boss. The horse follows your will, but when you are riding well, the 
horse forgets about you, and you forget about the horse. The impulse of the horse 

and the impulse of the rider unify with each other until there is no division. 
 

It is not enough to acquire a dynamic body (horse), and then acquire a calm but 
responsive mind (rider). You must also find ways to join them together so that these 

opposites work easily in a relaxed harmony.” 
 
 

Yoshi Oida and Lorna Marshall,  
The invisible Actor, p41-42, (1997), Methuen Drama. 
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1.1 Introduction and outline  
Performing a goal-directed action requires one to perceive the environment and act 
upon changes within this environment. For instance, when playing soccer one 
might be faked out by an opponent (e.g., Robben). In such a case one needs to 
overcome the perceived impulse of following the direction of the leg of the 
opponent and instead act on the direction of the ball. In this example, the goal-
directed action entails resisting the impulse to react to the distracting fake 
maneuver and instead reacting to the moving ball. Within this thesis an integrated 
neuro-computational approach is taken to investigate such action conflict and the 
ability to perform/control such an action in a laboratory setting.  

Interference of relevant and irrelevant information is well studied within the 
field of experimental psychology using several types of conflict tasks (e.g., the 
Simon task and go/no-go task, see Box 1 for details). Several theoretical 
frameworks have been proposed over the last five decades to understand how the 
brain handles situations with conflicting actions opportunities. More recently, 
brain-behavior relationships have been investigated extensively to differentiate 
among these different theoretical frameworks. However, thus far, evidence comes 
mainly from correlational research using techniques like Electroencephalography 
(EEG) or functional Magnetic Resonance Imaging (fMRI), and it is still an open 
question how interference from action conflict is resolved and by which 
physiological mechanism(s).  

In this thesis, well-studied psychological concepts of action control are re-
examined using a neurophysiological technique that allows causal inferences about 
brain function, namely Transcranial Magnetic Stimulation (TMS), and a 
computational modeling approach. The goal of this thesis is to increase our 
understanding of how we control our actions during action conflict from an 
integrated perspective and to add new insights to the existing theoretical 
frameworks or identify new experimental findings and potential conceptual ideas. 
In this thesis the primary focus of interest is on the primary motor cortex and how 
other brain areas act on this output area of the brain. This motor region acts as a 
natural barrier between the decision processes in the brain and it’s action in the 
environment. Decision making brain processes merge together to produce 
measureable outcomes in the effectors to interact within the environment. Although 
processes at the spinal level may also be involved in action generation, for the 
above-mentioned purpose of this thesis the primary motor cortex is a convenient 
starting point.  

In this introduction I will first draw attention to the experimental paradigms 
used in this thesis and define two core concepts of the experimental psychology 
literature within these tasks, namely response capture and response inhibition 
(section 1.2). Secondly, I introduce the current existing theoretical frameworks of 
these core concepts (section 1.3). Third, I will discuss the current state of the field 
concerning the brain-behavioral findings (section 1.4). This is followed by short 
introduction of the neurophysiological and computational approaches (section 1.5 
and 1.6), leading up to the central experimental questions, presented in this thesis 
and an outlook on the remainder of this thesis (section 1.7).  
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1.2 Definition of concepts, paradigms and benchmark phenomena  
1.2.1 Response capture and Response inhibition 

In a typical conflict reaction time task both task-relevant and irrelevant 
information are presented simultaneously (e.g., the Simon task; see Box 1 for 
details). The irrelevant information triggers a response that is incorrect on 
incongruent trials. These action impulses are triggered due to the conflicting 
sources of stimulus-related information. Within the literature this impulse concept 
is called response capture; the susceptibility of the motor system to incitement by 
action impulses. Effort has been aimed at understanding how correct actions can be 
made in the presence of such response capture, and several lines of research have 
suggested a form of control to reduce such impulses. This suppression of these 
incorrect action impulses aims to counteract interference and facilitate the 
designated correct response, and is referred to as response inhibition (Logan et al., 
1984; Kornblum et al., 1990; Aron, 2004, 2010; Verbruggen & Logan, 2008; van 
den Wildenberg et al., 2010a). A large body of evidence for the existence of the 
concept of response inhibition comes from a slightly different task paradigm 
focusing for instance on stopping a pre-activated action or withholding an action 
(go/no-go paradigm; see Box 1) or reprogramming an intended action (Neubert et 
al., 2010). Similarities in brain-related activation patterns (as will be discussed 
below) of those types of tasks and conflict tasks have strengthened the idea of 
response inhibition as a concept of action control within conflict paradigms. In this 
thesis, the paradigm of primary interest was the Simon task (see Box 1 for details).  

Compared to most other types of conflict tasks, the Simon task is renowned for 
producing three relatively pronounced and robust behavioral benchmark 
phenomena. These benchmark phenomena, as discussed next, have been puzzling 
the scientific community due to their unknown underlying physiological 
mechanisms and complex computational assumptions. 

Box 1: Simon task and Go/no-go paradigm 

 
A. The standard Simon task exists of a task-relevant dimension, for instance, the color 
of the circle (press left for grey and right for black) and the task-irrelevant dimension 
is the location of the circle. If the location and color overlap, the trial is deemed 
corresponding or congruent, whereas if these two dimensions don’t overlap, the trial 
is deemed non-corresponding or incongruent. Overall, mean reaction time (RT) is 
shorter for congruent compared to incongruent trials, and this is referred to as the 
Simon effect. The incongruent trials are also more error prone as is reflected by 
increased error rate for incongruent trials. B. In a go/no-go paradigm certain stimuli 
are associated with a go response and others are associated with withholding the 
response. The relative frequency of no-go trials can be manipulated, often ranging 
between 50%-20%. In general, more errors are made on no–go trials (commission 
errors) compared to missing the go signal, so-called omission errors. 
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1.2.2 Three benchmark phenomena  
Three benchmark phenomena are renowned within the Simon task and will be 
introduced briefly; the congruency sequence effect (CSE), response capture, and 
fade-out (see Box 2 for details).  

 
 
 

Box 2: Three benchmark phenomena in the Simon task 

 
A. CSE. The size of the Simon effect, the magnitude of interference, depends on the 
recent trial history: The Gratton effect or, phrased more neutrally, Congruency 
Sequence effect (CSE; Egner et al., 2010). These sequential effects reveal faster 
responses to congruent stimuli that follow congruent trials, and to incongruent stimuli 
that follow incongruent trials; and slower responses to congruent stimuli that follow 
incongruent trials and to incongruent stimuli that follow congruent trials. 
 
B. Response capture. Response capture, the finding in the Simon task that errors are 
paramount among fast responses to incongruent stimuli compared to slower 
responses or to responses to congruent stimuli, is represented within a Conditioning 
Accuracy Function (CAF; Lappin & Disch, 1972a; 1972b, Pachella, 1974; Gratton et 
al., 1988). In a CAF, RTs are rank-ordered for each level of congruency, partitioning 
these values into equal-size segments (quantiles or bins), and the percentage of errors 
for each congruency level in each segment is calculated and plotted against the mean 
RT of that specific quantile. 
 
C. Fade-out. The Fade-out or reduction of the conflict effect (Simon effect) toward 
the slower tail of the RT distribution is typical for the Simon task and is represented 
by a delta plot. Delta plots involve rank-ordering correct RTs for each level of 
congruency, partitioning these values into equal-size segments (quantiles or bins), 
and calculating the difference in mean RT between incongruent and congruent trials 
in each segment and plotting them against the mean RT of that specific quantile. In 
most choice RT paradigms the variance increases with the mean (Wagenmakers & 
Brown, 2007), as is seen for the Stroop task; however, a different pattern is typically 
observed for Simon tasks (for a review see van den Wildenberg et al., 2010). Thus, 
the typical pattern of delta plots in the Simon task is a reduction of the Simon effect 
toward the slower tail of the RT distribution. In extreme cases, the Simon effect is 
reversed towards the slow tail of the distribution (e.g., Burle et al., 2005). 
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First, the size of the Simon effect depends on trial sequence history; interference 
effects on reaction time (RT) and accuracy are commonly reduced following a 
response conflict trial (for review see Egner, 2007; Hazeltine et al., 2011). This 
finding is commonly referred to as the Gratton effect (Gratton et al., 1992) or 
Congruency Sequence Effect (CSE; Egner et al., 2010). Secondly, a specific pattern 
of fast errors is produced triggered by the task-irrelevant information of the Simon 
stimulus, representing response capture. Third, the size of the Simon effect varies 
as a function of response speed, quantified by a so-called delta plot representing 
the fade–out of the congruency effect over time. This fade-out tends to violate a 
prominent statistical regularity (i.e., the lawful observation that the variance 
increases with the mean; Wagenmakers & Brown, 2007), and is so striking and so 
characteristic of the Simon task that a satisfactory account seems compulsory. In 
the next section I will present the most influential frameworks for these benchmark 
phenomena.  
 
1.3 Theoretical frameworks of action conflict  
Over the last five decades several theoretical frameworks have been presented to 
account for conflict effects in general and the Simon effect in particular. Here, 
three influential theoretical frameworks are mentioned briefly; the Attention 
orientation, Episodic binding, and Parallel processing accounts. An extended 
review of these frameworks is described in chapter five.  
 
1.3.1 Attention orientation account  
This framework suggests that orienting attention is responsible for differences in 
processing between congruent and incongruent trials (e.g., Stoffer, 1991; Nicoletti 
& Umilta, 1994; Umiltà & Nicoletti, 1992). According to this account, presenting a 
cue triggers attention to be oriented towards its spatial location. In case of 
congruent stimuli, attention is oriented to the correct side, but with incongruent 
stimuli, attention is oriented toward the side of stimulation and needs to shift, that 
is, be reoriented toward the opposite side, resulting in a slowing of RT. No 
concrete assumptions are made on the increased number of errors on incongruent 
trials; however, if speed is stressed, there is insufficient time for the reorientation, 
and error rates may go up. 
 
1.3.2 Episodic binding Account  
A prominent representative of this framework stems from Prinz and Hommel and 
their co-workers (e.g., Hommel et al., 2001), in which stimuli, actions, and action 
consequences are represented in a common coding space. This common coding 
provides a possible mechanism for direct visuo-motor transformations from spatial 
position to response side. Such strong natural associations need to be overcome by 
competing associations, such that for example the feature “left stimulus” is 
dissected from the episode “left stimulus, left response” in order to be bound into 
the new episode “left stimulus, green color, right response”. This episodic 
unbinding/rebinding is a time-consuming process, explaining why responses to 
incongruent stimuli are slowed compared to congruent trials (in which natural S-R 
associations do not require unbinding). 
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1.3.3 Parallel processing accounts  
In this conceptualization, stimulus features (such as location or color) are 
processed in parallel from their earliest identification up to their ultimate effects on 
response activation. In most parallel processing accounts, stimuli are assumed to 
evoke both an automatic activation as well as a confirmation or control phase. The 
automatic activation function can be seen as a form of response priming. Several 
views are presented with respect to a confirmation or control phase. The 
confirmation phase is described as a verification or identification process to 
confirm or abort the activation of the automatically primed response. In tasks like 
the Simon task, there is considerable dimensional overlap between stimulus 
position and response, but limited dimensional overlap between stimulus color and 
response. Hence, automatic location-based priming will result in facilitation 
(shorter RTs) if stimulus position is congruent with response side; but for 
incongruent stimuli, automatic priming will activate the incorrect response, which 
then needs to be aborted in favor of the slower color-based activation of the correct 
response (Kornblum et al., 1990). Other groups have suggested a more top-down 
inhibitory mechanism to control the unwanted activation of task irrelevant features 
(e.g., the dual process model proposed by Ridderinkhof, 2002b, see for review van 
den Wildenberg et al., 2010b) for more detail see chapter five of this thesis.  

These theoretical frameworks have been studied extensively. Several attempts 
have been made to validate these accounts by studying brain-behavior relationships. 
In the next section I will briefly describe the current state of the field of this brain-
behavior link within the action conflict domain. 
 
1.4 Brain networks  
A large body of literature has consistently identified a network of brain regions 
involved in action control processes with key nodes represented by the pre-
supplementary motor area (pre-SMA), and right inferior frontal cortex (rIFC, 
Garavan et al., 1999; Ridderinkhof et al., 2004; Aron & Poldrack, 2006; Mars et al., 
2007b; Mars et al., 2011). Traditionally, the pre-SMA has been associated with the 
selection of appropriate actions, in particular when facing competing alternatives 
(for review see  Ridderinkhof et al., 2011). The rIFC in particular has been 
identified as a critical node within this network mediating the inhibition of 
inappropriate responses (Garavan et al., 1999; Aron et al., 2003; Rubia et al., 2003; 
for review see Ridderinkhof et al., 2011). More specifically for the Simon task, 
proneness to response capture, reflected by the incidence of fast errors on conflict 
trials, co-varied with increased activation of the pre-SMA during conflict trials, 
such that individuals who showed more impulse capture also showed greater pre-
SMA activation (Forstmann et al., 2008a). This suggested that pre-SMA was 
engaged more strongly to select the correct response in the face of action conflict.   
In contrast, the proficiency of suppressing this response capture, as indicated by a 
pronounced reduction of the interference effect evidenced by the delta plot, co-
varied with activation of the rIFC (Forstmann et al., 2008a, 2008b). Consistent 
with this response inhibition view, a series of studies recently showed that rIFC 
exerts an inhibitory influence over the primary motor cortex (M1) when actions 
need to be reprogrammed in the context of environmental information (Buch et al., 
2010; Neubert et al., 2010).   
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However, the exact roles of rIFC and pre-SMA and the underlying mechanisms 
in action conflict are still unknown. Furthermore, on the theoretical level several 
accounts have been proposed to explain action conflict. Some of those accounts 
highlight a more passive decay of response capture over time without any active 
form of suppression (Hommel, 1993a; 1994).  

As mentioned above, most of these brain-behavior findings rely on correlational 
research. Therefore, here a technique is used that allows establishing causal 
inferences to investigate the underlying physiological mechanisms. This is 
followed by a computational modeling approach to fine-tune these theoretical 
frameworks and to investigate how well these frameworks explain action conflict.  
 
1.5 Physiological approach using transcranial magnetic stimulation  
Transcranial magnetic stimulation (TMS) is a suitable technique to investigate 
action conflict in a more causal manner. By changing the frequency, duration of a 
pulse, or stimulation location(s) of interest, different conceptual approaches can be 
applied with TMS. The diversity of these approaches could be compared with the 
range of applications for which a Magnetic Resonance Imaging (MRI) machine can 
be used; e.g. functional (f) MRI, Diffusion tensor imaging (DTI), Magnetic 
resonance spectroscopy (MRS), or resting state MRI. The general principles of 
TMS are explained in Box 3. In this thesis three different TMS approaches are used 
to gain insight into the physiological mechanisms underlying action conflict.  

1.5.1 Single pulse TMS: state dependent measure of cortico-spinal excitability  
Stimulation of the motor system provides an effective tool for studying the 
temporal dynamics of action control (Civardi et al., 2001; Burle et al. 2002; Taylor 
et al., 2007; Neubert, et al. 2010). Single pulse TMS (sTMS) can be used to track 

Box 3: Probing cortico-spinal excitability 

 
Running a current through a coil evokes a magnetic field; the stronger the current the 
stronger the magnetic field. This magnetic field passes the skull in a painless fashion 
and reaches the underlying tissue. Changing the current results in a brief change of the 
magnetic field thereby activating the underlying neurons. A single TMS (sTMS) pulse 
can be used as a probe of cortico-spinal excitability. In this procedure, a sTMS pulse 
is delivered over the hand representation of M1 to elicit a motor-evoked potential 
(MEP) in the electromyogram (EMG) recorded from the target muscle. The amplitude 
of the MEP indexes excitability of the cortico-spinal tract (Terao & Ugawa, 2002), 
whereas the duration of the late part of the silent period (SP) reflects the involvement 
of inhibitory neural circuits intrinsic to M1 (Todd et al., 2012) and is mediated by 
GABAB-ergic mechanisms. The silent period is only traceable if the target muscle is 
slightly contracted (Terao & Ugawa, 2002). 
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dynamic changes over time and measure the state of the motor system. As the 
motor cortex is the final output station of the brain, it seems a perfect starting point 
to see if response capture and response inhibition have a physiological foundation 
in the state dynamics of this system (see Box 3 for details).  
 
1.5.2 Interfering with brain function 
Repetitive TMS (rTMS) is an established tool to interfere with brain function to 
identify the causal roles of specific brain regions within a network (Walsh & 
Cowey, 2000; (see Box 4 for details)). Previous research with rTMS has indicated 
the causal involvement of rIFC in selective stopping (Chambers et al., 2006; Aron 
et al., 2007) and the pre-SMA in action selection, switching response and rule 
alternatives, or processing conflict (Rushworth et al., 2002; Taylor et al., 2007; 
Nachev et al., 2008; Mars et al., 2009; Neubert et al., 2010). Such interference 
studies have not yet been conducted within the class of conflict paradigms 
described here.  

 
1.5.3 Effective connectivity between cortical regions To probe the influence of 
rIFC on the motor cortex, the functional connectivity between rIFC and M1 can be 
assessed using paired pulse TMS (ppTMS, see Box 5 for details).  
Recent ppTMS studies showed that rIFC exerts an inhibitory influence on M1 
during action reprogramming (Buch et al., 2010; Neubert et al., 2010). This 
inhibitory effect was found when participants had to switch between response 
alternatives. However, during normal action selection, a facilitatory effect of rIFC 
on M1 was reported. Even though the paradigms in these studies are related to 
inhibition it still is an open question if response inhibition in the more conceptual 
sense translates to physiological suppression of the motor cortex during such a task. 
In this thesis, we exploited the use of TMS with its different approaches to gain 
insight in the underlying physiological mechanisms of action control in resolving 

Box 4: Interference of brain function 

         
With repetitive TMS (rTMS) functioning of the motor cortex can be enhanced or 
ameliorated depending on the specific protocol used. Two examples of such a protocol 
are inhibitory (1 Hz stimulation) and high-frequency (10 Hz) to suppress and facilitate 
neural activity, respectively (Walsh & Cowey, 2000). This technique has been 
extended to other brain regions as well. In general it is assumed these protocols have a 
similar effect on different brain regions. To control for the specificity of a function, 
either two regions with a dissociating function or a sham or control region can be used.  
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conflicting actions. A second tool to help understanding how action conflict is 
handled comes from the field of computational modeling. 

 
1.6 computational modeling approaches 
Computational modeling of the Simon task is an attractive and logical next step to 
promote our understanding of how we can handle conflicting situations. One 
attractive and widely studied class of RT models is the class of evidence 
accumulation models (e.g., Luce, 1986; Ratcliff & Smith, 2004). The central tenet 
of such models is that stimulus-related information is accumulated gradually over 
time; this accumulation is often modeled as a diffusion process. The most widely 
applied model of this class is the Ratcliff diffusion model (DM; Ratcliff, 1978; 
Ratcliff & McKoon, 2008). Such quantitative models should be capable of 
predicting how the exact shapes of RT distributions as well as accuracy patterns are 
affected by certain experimental manipulations, and these models can be assessed 
in terms of the adequacy of their fits to the observed data (e.g., Ratcliff & 
Tuerlinckx 2002; Ratcliff & McKoon 2008). In addition to the DM, the Linear 
Ballistic Accumulator model (LBA, Brown & Heathcote, 2008) is an example of 
such an evidence accumulator model. The LBA model differs from the DM in that 
it does not assume a stochastic accumulation of evidence, but rather a deterministic 
(ballistic), linear process. In addition, the LBA model treats the response 
alternatives as separate accumulating processes, with separate drift rates and bound 
parameters (see Box 6 for details of these type of models).  

These models have proven to be successful, within various RT paradigms, in 
providing not only insights into underlying mechanisms but also restrictions for 
qualitative theoretical accounts (Starns & Ratcliff, 2011; White et al., 2011; van 
Maanen et al., 2012). Detailed inspection of the model architecture and parameter 
range necessary for producing typical benchmark phenomena of the Simon task 

Box 5: Effective connectivity  

 
A) To measure the effective connectivity between two brain regions a paired pulse 
TMS (ppTMS) design can be used. In such an approach two TMS pulses with a 
specific interval (most often ranging between 1- 25 ms) are given. Previous research 
has indicated that 8 ms is effective for cortical cortical mapping (Neubert et al., 2010) 
between IFC and M1 (B). Dynamic changes can be measured at different time points. 
A test pulse over M1 gives rise to output in the EMG signal. By conditioning a second 
brain region prior to the test pulse, the effect of that brain region upon the motor cortex 
can be investigated.  C) The difference in MEP amplitude between single and paired 
pulse reflects the net effect of a region upon the motor cortex (Mars et al., 2009; Buch 
et al., 2010; Neubert et al., 2010; Buch et al., 2011; Catmur et al., 2011).  
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can potentially provide useful clues about how to formulate, test, and revise 
conceptual frameworks of the mechanisms underlying the Simon effect.  

 
1.7 Rationale and Research Questions  
Even though several theoretical accounts have been formulated to explain how we 
can handle and correctly act in an environment that induces conflicting action 
impulses, the neurophysiological mechanisms are still largely unknown. In this 
thesis, several causal approaches are taken to advance our insights into these 
mechanisms. The results of these experiments will be reflected in the Discussion, 
where I will try to answer the following questions: 
 
1. Are there neurophysiological and computational markers or elements that 
specifically reflect the psychological concepts of response capture and response 
inhibition? 
 
2.  What is the role of pre-SMA and rIFC in action control, and in particular in 
response capture and response inhibition? 
 
3. How do potential physiological and computational elements for resolution of 
action conflict in the Simon task fit within the currently existing theoretical 
frameworks? 
 
 
 
 
 

Box 6: Computational modeling 

 
A) In the diffusion model (DM), noisy evidence is encoded from a certain starting point 
(z) and accumulates (with drift rate v) toward one of the decision bounds (a) 
representing the two response options in a binary choice. As soon as the evidence 
accumulation crosses one of the bounds, that response option is executed. B) Schematic 
representation of linear ballistic accumulator (LBA) models with the following 
parameters; starting point parameter, the decision threshold (b+Δb), and drift rate 
parameters (v1 and v2). Conceptually the two models are quite similar and effects that 
are identified as arising from a processing component in one model arise from the same 
component in the other (Donkin et al., 2011). 
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1.8 Overview of chapters 
In chapter two, I have used sTMS to track the temporal dynamics of cortico-spinal 
excitability to examine how more traditional psychological concepts fit with 
physiological mechanisms. This work has been done in collaboration with Msc. 
M.C. Keuken of the University of Amsterdam.  

In chapter three rTMS is used to extend beyond the previous correlational 
approach with fMRI to examining the nature of brain-behavior associations of the 
rIFC with response inhibition and the pre-SMA with response capture.  Repetitive 
TMS over pre-SMA and rIFC is used to test whether these cortical regions are 
causally involved in the expression and suppression of impulsive action tendencies, 
respectively. This work has been done in collaboration with M.Sc. R. Kunert of the 
University of Amsterdam. 

This is followed in chapter four by an investigation of the exact nature of the 
effective connectivity between rIFC and the motor cortex using paired pulse TMS.  
This project was established in collaboration with Dr. R.B. Mars and M.Sc. F.X. 
Neubert of the University of Oxford.  
Finally, in chapter five, computational modeling of the characteristic benchmark 
phenomena of the Simon task is used to restrict current existing theories of action 
conflict and increase the insight into the underlying mechanisms. This work has 
been conducted in collaboration with Dr. L. van Maanen and Prof. B. Forstmann of 
the University of Amsterdam and Prof. R. Ratcliff of Ohio State University. 
 
The studies reported in these chapters have led to the following publications: 
 
Van Campen AD, Keuken MC, van den Wildenberg, WPM, Ridderinkhof KR 
(2014) TMS over M1 reveals expression and selective suppression of conflicting 
action impulses. Journal of Cognitive Neuroscience 26:1–15.  
 
Van Campen AD, Kunert R, van den Wildenberg WPM, Ridderinkhof KR 
(submitted) Repetitive TMS over IFC impairs suppression but not expression of 
action impulses during action conflict. Submitted to NeuroImage. 
 
Van Campen AD, Neubert F-X, van den Wildenberg WPM, Ridderinkhof KR, 
Mars RB (2013) Paired pulse transcranial magnetic stimulation reveals probability-
dependent changes in functional connectivity between right inferior frontal cortex 
and primary motor cortex during go/no-go performance. Frontiers in Human 
Neuroscience 7:736.  
 
Van Campen AD, Van Maanen L, Forstmann BU, Ratcliff R, Ridderinkhof KR 
(submitted) Evidence accumulation modeling of benchmark phenomena from 
conflict tasks: constraining the space of descriptive theories Submitted to 
Psychological Review. 



Chapter 2 

 

 

13 

 
 

Chapter 2 
 

TMS over M1 reveals expression and selective suppression of 

conflicting action impulses 

 
A. Dilene van Campen, Max K. Keuken, 

Wery P. M. van den Wildenberg  & K. Richard Ridderinkhof 
 

Abstract 
Goal-directed action control comes into play when selecting between competing 
action alternatives. Response capture reflects the susceptibility of the motor system 
to incitement by task-irrelevant action impulses; the subsequent selective 
suppression of incorrect action impulses aims to counteract response capture and 
facilitate the desired response. The goal of this experiment was to clarify 
physiological mechanisms of response capture and suppression of action impulses 
during conflict at the level of the motor system. 
We administered single pulse Transcranial Magnetic Stimulation (TMS) at various 
intervals just preceding speeded choice responses. The correct response side was 
designated by stimulus color, while stimulus location (which could match or 
conflict with response side) was to be ignored. TMS pulses triggered Motor 
Evoked Potential (MEP) and Silent Period (SP), providing sensitive indices of 
cortico-spinal excitation and inhibition. 
MEP data showed the typical progressive increase in cortico-spinal motor 
excitability leading up to the imminent (correct) response, which started earlier on 
non-conflict than on conflict trials. On conflict trials, the irrelevant stimulus 
location captured the incorrect response, as expressed by an early and transient rise 
in excitability. SP data showed that, already early during the response process, 
inhibition of the incorrect response was stronger for conflict than for non-conflict 
trials. Furthermore, inhibition decreased over time for non-conflict trials 
facilitating the imminent correct response while maintaining higher levels of 
inhibition on conflict trials.  In conclusion, dynamic patterns of cortico-spinal 
excitability provide unique physiological evidence for the expression and selective 
suppression of action impulses captured by competing action alternatives. 
 
 
 
 
 
 
 
Based on:  
Van Campen AD, Keuken MC, van den Wildenberg, WPM, Ridderinkhof KR (2014) TMS 
over M1 reveals expression and selective suppression of conflicting action impulses. 
Journal of Cognitive Neuroscience 26:1–15. 
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2. 1 Introduction 
Cognitive control facilitates goal-directed behaviour and comes into play when 
selecting between competing action alternatives (Egner & Hirsch, 2005). Conflict 
paradigms such as the Flanker, Stroop, and the Simon task, present both task 
relevant and irrelevant stimulus information, giving rise to conflict between 
simultaneously activated action alternatives (Simon, 1969; Eriksen & Eriksen, 
1974; MacLeod, 1991). Traditionally, the conflict effect is expressed by the 
difference in reaction time (RT) between conflict trials that afford two competing 
actions and non-conflict trials.  Here, we use single pulse Transcranial Magnetic 
Stimulation (TMS) to uncover the cortico-spinal dynamics of the expression and 
subsequent suppression of conflicting action impulses. In conflict tasks, response 
capture reflects the susceptibility of the action system to incitement by action 
impulses that are inadvertently triggered by task-irrelevant stimulus attributes. The 
subsequent selective suppression of these incorrect action impulses aims to 
counteract interference and facilitate the designated response (Kornblum et al., 
1990).  

The Dual Process Activation-Suppression (DPAS) model dissociates between 
these two temporally distinct processes and predicts that their dynamics are 
expressed behaviourally in reaction time (RT) distributions (Ridderinkhof, 2002). 
Whereas response capture manifests in the incidence of fast errors on conflict trials, 
its subsequent suppression is evident in the RT-distribution as a salient reduction of 
the conflict effect in slow compared to fast responses. Amassed evidence supports 
these predictions, with RT-distribution analyses revealing variations in response 
capture and inhibitory proficiency (e.g., as a function of Parkinson’s disease 
severity). These variations remain largely concealed when analyses are confined to 
mean RTs (for review see van den Wildenberg, et al., 2010b). The pre-
supplementary motor area (pre-SMA) and right inferior frontal cortex (rIFC) have 
been associated with the selection of appropriate actions (in particular when facing 
competing alternatives) and the suppression of inappropriate actions, respectively 
(for review see Ridderinkhof et al., 2011). Proneness to response capture, reflected 
by the incidence of fast errors on conflict trials, co-varied with increased activation 
of the pre-SMA during conflict trials, such that individuals who showed more 
impulse capture also showed greater pre-SMA activation, suggesting that pre-SMA 
was engaged more strongly to select the correct response in the face of action 
conflict. The proficiency of suppressing this response capture, as indicated by a 
pronounced reduction of the interference effect, co-varies with activation of the 
rIFC (Forstmann et al., 2008a; Forstmann et al., 2008b).  

TMS over the motor system provides an effective tool for studying the temporal 
dynamics of action control (Burle et al., 2002; Taylor et al., 2007; Neubert et al., 
2010). Here we use TMS to unveil the temporal interplay between the expression 
and suppression of action impulses during conflict. TMS over the primary motor 
cortex (M1) yields two distinct measures in the electromyogram recorded from 
effector muscles. The amplitude of the motor-evoked potential (MEP) indexes 
excitability of the cortico-spinal tract, whereas the duration of the late part of the 
silent period (SP) reflects the involvement of inhibitory neural circuits intrinsic to 
M1 (Terao & Ugawa, 2002). The build-up of response activation is reflected by 
increasing MEP amplitudes as action preparation unfolds following stimulus 
presentation. Previous TMS studies linked MEP amplitudes to the dynamic 
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activation and inhibition of overt responses. For example, in stop tasks, ongoing 
motor actions should be cancelled upon presentation of a stop signal. On stop trials, 
the build-up of response activation is curtailed and reversed just preceding the 
successful inhibition of the imminent response, a pattern not observed when 
attempted inhibition fails (van den Wildenberg et al., 2010a). When comparing 
conflicting and non-conflicting Simon trials to neutral trials, increased cortico-
spinal excitability reflects the priming of the spatially corresponding response hand. 
MEP amplitudes were magnified if stimulus location primed the correct response 
hand (Stürmer et al., 2000). However, the temporal dynamics and differentiation 
between activation and inhibition components remain to be explored.  

The goal of this experiment was to clarify physiological mechanisms of 
response capture and suppression of action impulses during conflict at the level of 
the motor system. Within the action-conflict paradigm, the DPAS model predicts 
an early capture of the incorrect response (increased MEP), followed by selective 
suppression of these activation tendencies (prolonged SP duration). 
 
2.2 MATERIALS AND METHODS 
2.2.1 Participants  
This study included ten participants (six men, M Age 27.5 years, SD 5.6). All 
participants were screened according to the international screening guidelines for 
TMS research (Rossi et al., 2009) and provided written informed consent prior to 
participation. All procedures were approved by the local ethics committee, and 
complied with relevant laws, institutional guidelines, and the international 
guidelines for TMS procedures (Rossi et al., 2009). 
 
2.2.2 Apparatus  
Task. A two-colour (green and blue) Simon task was shown on a computer screen 
(17 inch digital display). The computer screen was placed in front of the participant 
at a distance of approximately 90 cm and the stimuli appeared at eye level. Each 
trial started with a fixation cross (0.5 by 0.5 cm) in the middle of a white screen, 
which disappeared at the end of the trial (maximum duration of 2500 ms). A 
coloured circle (2 cm diameter) appeared on either the right or left side of the 
fixation cross (edge to edge distance between fixation cross and circle was 0.6 cm) 
and disappeared after a response was made (maximum duration 1500 ms); see 
Figure 1A. Participants were instructed to issue a left- or right-hand button press as 
quickly and accurately as possible according to the colour of the circle. Half of the 
participants responded right to blue circles and left to green circles; this mapping 
was reversed for the other half.   

Circles could appear left or right of fixation. Although task-irrelevant, the 
stimulus location inadvertently triggers an involuntary action impulse of the 
ipsilateral hand; e.g., circles presented to the right side activate the right hand 
response, irrespective of colour (see Figure 1a). Based on the correspondence 
between the location of the stimulus and the correct response hand on a given trial, 
the action selection according to colour is either facilitated or hampered by the 
involuntary action impulse that is triggered by the position of the circle. Responses 
are typically fast and accurate on Corresponding (CR) trials, in which the relevant 
and irrelevant aspects converge to the same hand (i.e., when a green circle 
requiring a left hand response is presented to the left of fixation). Alternatively, on 
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Non-corresponding (NCR) trials, RT is delayed and error levels are typically 
elevated because the two processing streams activate conflicting response 
tendencies (for example, when a green circle that should be responded to by the left 
hand is presented to the right of fixation). Within a block of 112 trials, an equal 
amount of CR and NCR trials were randomly distributed. After each block a 
feedback screen was presented with mean RT and accuracy of that block.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: Task set-up. A) Simon task. Coloured circles appear either on the left or 
right side of the screen. On corresponding (CR) trials, both the location and the colour 
of the circle drive the correct response hand. On non-corresponding (NCR) trials, the 
goal-directed correct response conflicts with the response activation driven by the 
task-irrelevant stimulus location. B) Trial sequence. To start the trial, the participant 
generates a tonic force between 2 and 5 N. This procedure yields background EMG 
activity from the APB muscles in the hand necessary for SP recording. The force 
criterion for RT was set at 7.5 N. C) Set-up of the TMS coil over the left M1. EMG 
activity from both the left and right APB is measured. D) RT distribution is 
established for each individual and individual timing intervals are calculated based on 
the individual RT distribution. During a trial potentially only one TMS pulse is given. 
 
Force recordings. Responses were recorded with force buttons mounted onto a 
grip; responses were given with the tip of the thumbs while holding a grip in each 
hand (see van den Wildenberg et al., 2010a). The participant initiated each trial by 
generating tonic force levels, yielding tonic background activity in the 
electromyogram (EMG), to distinguish the SP. Tonic force had to be maintained 
for 1000 ms within a specific force window (2-5 N) before the fixation cross would 
appear on the screen and the trial was initiated. The upper and lower force 
boundaries of the force window were fixed. An overt response (RT) was marked if 
the force exceeded a threshold of 7.5 N (see Figure 1B). A feedback environment 
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was used to learn the sensitivity of the force window. Above the screen a LED 
system indicated the amount of force applied to the force buttons.  The LED 
system visualized the applied amount of force during the first block of the first 
session to help the participant to learn how much force to apply to initiate the trial.  
 
EMG recordings. EMG activity of the right and left Abductor Pollicis Brevis 
(APB) was measured using VSRRP System (in-house built; Technical Division, 
Department of Psychology, University of Amsterdam). For each muscle two cup 
electrodes and a ground band were used. The sample rate was 2000 Hz. Baseline 
EMG activity (necessary for precontraction activity) was monitored continuously 
during the experiment (see Figures 1B and C). 
 
2.2.3 Procedure 
The experiment consisted of two sessions on two separate days: the first session 
was a behavioural session and in the second session TMS was applied. Both 
sessions were performed using the same experimental set-up. The main difference 
between the sessions was the application of TMS. The behavioural session 
consisted of four practice blocks and four experimental blocks. At the end of the 
behavioural session participants were introduced to TMS, and test pulses were 
delivered to familiarize the participants with the TMS set-up. The second session 
(with TMS) consisted of ten blocks. This session was similar to the behavioural 
session, but was preceded by a protocol (described below) to determine the correct 
location and intensity for the TMS pulse.  
 
2.2.4 TMS  
TMS set-up. TMS over the left motor cortex was conducted with a Magstim 
System 200. Participants were seated in a chair with a head support system. This 
framework was used to minimize movements between the figure of eight coil and 
the head of the participant (see Figure 1C). Searching for the hotspot, defined as 
the location resulting in the largest MEP amplitude in the APB muscle of the right 
hand, started 2 cm lateral and 1 cm frontal to the vertex. The hotspot was marked 
with a skin-friendly marker to check for coil dislocation between blocks of trials. 
For each individual two thresholds were established: resting and active threshold. 
For resting threshold, the lowest intensity was taken at which the MEP amplitude 
was >50 µV in five out of ten pulses while the muscle was in a relaxed state. For 
active threshold, the lowest intensity was taken at which the MEP amplitude was 
>250 µV measured with a slight muscle contraction (monitored online). During the 
TMS session, the intensity was set at 110% of active motor threshold. It was 
checked that the set intensity did not interfere with the response. In one case this 
resulted in disturbance of the response. Here we slightly adjusted the threshold to 
the point that the pulse did no longer disturb the response (see Table 1 for 
participant characteristics). 
 
TMS intervals. For each participant, five TMS intervals were defined based on 
individual RT distributions of CR right hand trials assessed in the behavioural 
session and binned into four equal-sized segments (quartiles). The first two TMS 
intervals were set to 1/3 and 2/3 of the mean RT of the first bin; TMS intervals 3, 4, 
and 5 were set to the mean RT of bin 1, 2, and 3, respectively (see Figure 1D). To 
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compensate for the delay between EMG onset and the overt mechanical response, 
100 ms was subtracted from the RT mean of each bin based on pilot data. The 
mean TMS intervals were respectively 71, 142, 213, 264, and 314 ms after 
stimulus onset (see Table 1 for individual TMS intervals). The number of trials 
with a specific TMS interval was the same for each block. Because of the higher 
chances of responding before the TMS pulse, the distribution of TMS intervals 1 to 
5 was respectively 12, 12, 12, 20, and 32 per interval for each trial type. Within 
each block there were also 24 trials without TMS to discourage anticipation of the 
TMS pulse.  
 
Table 1: Individual participant characteristics. Age, Active Motor Threshold (AMT in 
percentage of maximum stimulator output), Test intensity (Test in percentage of 
maximum stimulator output) at 110% AMT and individual TMS intervals in ms 
(intervals 1-5). 

 
  
2.2.5 Data analyses 
Behavioural data. Trials with RTs >1000 ms and <100 ms were identified as 
outliers and removed from the analyses. Mean RT and accuracy levels were 
calculated separately for CR and NCR trials. The mean Simon interference effect 
was calculated as the difference between mean RT on correct NCR and CR trials. 
To quantify the temporal dynamics, RT distributions for CR and NCR trials were 
rank-ordered and divided in four equal-sized bins (quartiles). For each bin the 
mean RT for correct CR and NCR was established and the differences between 
those means (Simon effect per bin) were plotted against the mean RT of each bin; 
this was graphically represented in a delta plot. Both the Simon effect within each 
bin (delta values) and the slopes connecting subsequent delta values were taken as 
dependent measures (see van den Wildenberg et al., 2010b). For accuracy levels, 
percentage correct for CR and NCR trials were calculated for each bin and plotted 
against the mean RT of that specific bin, graphically represented in a Conditional 
Accuracy Function (CAF). 
 
Physiological data. MEP and SP were calculated from the EMG signal for each 
trial using an automatic tracking system and visual inspection by two experienced 
raters (inter-rater reliability was above .80). MEP amplitude was defined as the 

PP Age AMT
% 

Test 
% 

Interval 
1 

Interval 
2 

Interval 
3 

Interval 
4 

Interval 
5 

1 36 39 43 69 139 208 250 296 
2 30 31 35 80 160 241 284 333 
3 20 35 39 63 126 190 236 326 
4 36 38 40 65 131 196 232 252 
5 24 47 52 81 163 244 312 378 
6 25 36 40 66 133 199 243 279 
7 22 48 52 65 131 196 232 258 
8 23 31 34 73 147 220 263 307 
9 29 40 44 64 129 194 265 330 
10 30 38 43 81 162 243 322 385 
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absolute difference between the highest and the lowest peak within a 40 ms 
window after the TMS pulse. To correct for possible differences in baseline EMG 
levels, the EMG activity during the 100 ms interval preceding the TMS pulse was 
calculated for each trial separately, and MEP amplitude was divided by this 
baseline. The SP started at the point where the end phase of MEP crossed the 
averaged baseline EMG level. Reoccurrence of background EMG activation 
marked the end of the silent period. This time point was mathematically defined as 
when the tangents exceeded 2 SD of averaged baseline EMG level from the 
previous moment. 
     Secondly, all trials were visually inspected. After visual inspection, only trials 
with valid MEP and/or SP scores were included. Trials with a TMS pulse occurred 
during or after the response, trials containing double responses, and trials on which 
the raters disagreed were excluded. Further, only physiological measures of correct 
trials were included in the analyses. Based on the above criteria, the number of 
trials included for the analyses differed between conditions and participants. Mean 
number of trials per bin for left hand responses averaged over participants were 
respectively; 18, 18, 17, 29 and 44 trials. For right hand responses fewer trials 
remained, due to exclusion based on coinciding of the MEP or SP with the overt 
response (18, 18, 17, 19, 15 trials). To account for differences between subjects, all 
physiological data were normalized to Z-scores (Burle et al., 2002). The range of 
raw MEP amplitudes was 176 -5,483 µV, with a mean of 1,597µV and SD of 
819µV. 

The stimulated motor cortex (left hemisphere) is either directly involved (in 
case of right-hand responses) or not (in case of left-hand responses). Hence, 
physiological measurements reflected the state of either the directly involved 
cortico-spinal track, or the opposite (non-involved) side.  
 
Statistical analyses. Univariate repeated-measures analyses of variance (ANOVA) 
were applied to the various dependent measures derived from behavioural data 
(mean RT, overall accuracy, and various measures obtained from RT distributions) 
and physiological measurements (MEP amplitude, SP duration). The ANOVAs 
included the within-subjects factors Session (behavioural vs. TMS) and 
Correspondence (CR vs. NCR). For distributional analyses the additional factors 
Bin (bins 1-4) and Slope (slope 1-2, 2-3, 3-4) were included. For physiological 
measures (MEP, SP), the additional factor Hemisphere (involved in correct right-
hand responses and non-involved measured during correct left hand responses) and 
TMS interval (T1-T5) were included. Four planned pair-wise comparisons between 
the TMS intervals (T1 vs. T2, T2 vs. T3, T3 vs. T4, and T4 vs. T5) were conducted 
on the physiological measures to track changes over time. Exploratory analyses 
included the additional within-subjects factor Sequence (preceding trial was CR vs. 
NCR). Alpha levels for Omnibus ANOVAs were Bonferroni-corrected for multiple 
comparisons.  

When the sphericity assumption was violated, degrees of freedom were 
corrected using the Greenhouse-Geisser (GG) method using SPSS 18.0. 
Uncorrected dfs are reported for ease of reading. Pearson correlations tested the 
relationships between physiological and behavioural data, with alpha set at .01 to 
correct for multiple-comparisons. 
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2.3 RESULTS 
2.3.1 Performance Data 
Mean RT. Mean RTs were analysed using a two-way ANOVA with factors Session 
and Correspondence. RTs were longer on NCR trials compared to CR trials (428 
vs. 407 ms, main effect Correspondence, F(1,9) = 28.017, p < .001), reflecting the 
typical Simon effect. RTs were longer in the behavioural session than in the TMS 
session (437 ms vs. 398 ms, main effect of Session F(1,9) = 8.072, p = .019). This 
speeding effect associated with TMS has been reported previously (Hasbroucq et 
al., 1997). Interaction effects failed to obtain statistical significance (Session x 
Correspondence, F < 1), indicating that the mean Simon effect did not differ 
between the two sessions (23 ms during the behavioural vs. 19 ms for the TMS 
session). 
 
Mean Accuracy. Two-way ANOVA of accuracy levels, with factors Session and 
Correspondence, showed that participants made more errors in the TMS session 
compared to the behavioural session (7.3% vs. 4.7%, main effect Session, F(1,9) = 
10.560, p = .010). Responses were also less accurate on NCR compared to CR 
trials (7.4% vs. 4.6% errors, main effect Correspondence, F(1,9) = 8.036, p = .020), 
again reflecting the typical Simon effect. The interaction was not significant 
(Session x Correspondence, F < 1), confirming that correspondence effects on 
errors did not differ between behavioural and TMS sessions.  
 
2.3.2 Distributional analyses 
Delta plots. To characterize the dynamics of activation followed by suppression of 
incorrect response activation, we analyzed delta bin values (i.e., the size of the 
Simon effect) within each bin as well as delta slopes (see Figure 2A). First, a two-
way ANOVA of delta values with factors Bin and Session revealed that the 
interference effect declined over time (29, 26, 17, 11 ms; main effect Bin, F(3,27) = 
6.518, p = .017, GG-corrected: χ2 = 17.257, ε = .473). No main effect of Session 
(F(1,9) < 1) or interaction effect (Bin x Session, F(3,27) < 1) was found, indicating that 
TMS did not affect the magnitude of  the interference effect. Secondly, a two-way 
ANOVA of delta slopes with factors Slope and Session indicated at most a trend 
for differences over time (Slope, F(2,18) = 2.932, p = .080). By and large, delta plots 
sloped negatively as a function of RT, a negative trend that was slightly less 
pronounced in the fast part of the distribution. No main effect of Session (F(1,9) < 1) 
or interaction effect (Slope x Session, F(2,18) < 1) was obtained. In sum, TMS did not 
affect delta values and slope values. 
 
Conditional Accuracy Functions. A three-way ANOVA on accuracy levels (see 
Figure 2B and C) with factors Bin, Session and Correspondence confirmed that 
participants were less accurate in the TMS session (4.7% vs. 7.3%, Session, F(1,9) = 
10.519, p = .010,); that participants made more errors on NCR compared to CR 
trials (7.5% vs. 4.7%, Correspondence, F(1,9) = 8.061, p = .019); and that Session 
and Correspondence did not interact (Session x Correspondence F(1,9) < 1. At most 
a trend was obtained when comparing accuracy levels over bins (Bin, F(3,27) = 3.682, 
p = .069, GG-corrected: χ2 = 18.727, ε = .457), however post-hoc testing yielded 
no significant effects. More interesting, no interaction effect was found between 
Session and Bin (F(3,27) = 2.351) indicating that the dynamic pattern of accuracy 
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was comparable across sessions. Importantly, however, an interaction effect 
between Correspondence and Bin indicated that NCR trials, but not CR trials, were 
associated with fast errors, replicating the typical finding of fast response capture 
(Correspondence x Bin, F(3,27) = 13.997, p < .001). A three-way interaction effect 
(interaction Session x Correspondence x Bin, F(3,27) = 3.527, p = .028) suggested 
that more fast NCR errors were observed in TMS compared to behavioural 
sessions.  
 
To summarize, mean RT, accuracy levels and distributional analyses showed 
typical behavioural patterns that were by and large comparable between the 
behavioural and TMS sessions. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Delta plot and CAF. A) Delta plot. Plotting the Simon effect within each RT 
bin against the mean RT per bin showed similar delta plots for the behavioural and 
the TMS sessions. Conditional accuracy functions (CAFs) represent accuracy levels 
per bin plotted against the mean RT per bin. Typical patterns of high numbers of fast 
errors on NCR trials were obtained in the behavioural session (B) and the TMS 
session (C). 
  
2.3.3 Physiological Measures 
The MEP amplitude reflects the activation of the cortico-spinal track whereas the 
SP duration reflects the involvement of inhibitory circuits. Figure 3 shows the 
cortico-spinal excitability and inhibition over time for CR and NCR trials 
separately for the involved (right-hand responses) and non-involved (left-hand 
responses) hemisphere.  
 
Motor evoked potential. A three-way ANOVA of MEP amplitude was performed 
with the factors Hemisphere (involved vs. non-involved), TMS interval (T1-T5), 
and Correspondence (see Figure 3, panels A and B).  MEP amplitudes were 
increased when the stimulated hemisphere was involved in the response compared 
to when it was non-involved (main effect Hemisphere, F(1,9) = 18.589, p = .002). 
MEP amplitude varied over time (main effect TMS interval, F(4,36) = 7.332, p = .006, 
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GHG corrected: χ2 = 22.508, ε = .474). The main effect of Correspondence was not 
significant (F(1,9) = 1.607, p = .237). The pattern of change over time was different 
when the stimulated hemisphere was involved in the response compared to when it 
was not (interaction effect, Hemisphere x TMS interval, F(4,36) = 15.837, p < .001); 
MEP amplitudes increased as a function of time if the stimulated hemisphere was 
involved in the correct response (Figure 3, panel B), but failed to show such an 
increase when it was not (Figure 3, panel A). Likewise, the effect of 
Correspondence was modulated by Hemisphere: higher MEP amplitudes were 
found for CR compared to NCR trials, but only when the stimulated hemisphere 
was involved in the correct response (interaction effect, Hemisphere x 
Correspondence, F(1,9) = 21.842, p = .001). No interaction effects were found for 
TMS interval x Correspondence or Hemisphere x TMS interval x Correspondence 
(F < 1). 
 
Silent period. A three-way ANOVA of SP was performed with factors Hemisphere, 
TMS interval and Correspondence (see Figure 3, panels C and D). A main effect of 
Hemisphere (F(1,9) = 9.720, p = .012) indicated that the SP was shorter if the 
stimulated hemisphere was involved in the correct response. The length of the SP 
varied as a function of stimulation time (main effect TMS interval, F(4,36) = 15.104, 
p < .001, GHG corrected: χ2 = 26.918, ε = .423).  No main effect of 
Correspondence was found (F(1,9) = 2.354, p = .159). A gradual decline of SP 
duration as a function of stimulation time was observed only when the stimulated 
hemisphere was involved in the correct response (Hemisphere x TMS interval, F(4,36) 
= 15.513, p <.001; see Figure 3, panel D). An interaction between Correspondence 
and TMS interval (TMS interval x Correspondence, F(4,36) = 2.633, p = .050), 
showed that SP duration was longer for NCR than CR responses only during early 
stimulation intervals. No interaction effects were found between Hemisphere x 
Correspondence or between Hemisphere x TMS interval x Correspondence (F < 1). 
 
2.3.4 Changes over time 
The next section summarises the four planned comparisons (2x2 repeated 
ANOVAs) with the factors Correspondence and TMS interval (with I. T1 vs. T2, 
II. T2 vs. T3, III. T3 vs. T4, and IV. T4 vs. T5 as TMS intervals).  
 
MEP amplitude when the stimulated hemisphere was involved in the correct 
response (see Figure 3B). I) No differences in MEP amplitude were observed 
within the earliest (T1-T2) time intervals (Correspondence, F(1,9) < 1; TMS 
interval, F(1,9) = 1.143 p = .313; Correspondence x TMS interval, F(1,9) < 1). II) The 
MEP was larger for the T3 compared to T2 (TMS interval, F(1,9) = 14.999, p = .004), 
showing that closer towards the response the MEP amplitude increased. Overall, 
CR and NCR trials showed similar MEP amplitudes (Correspondence, F(1,9) = 
3.249, p = .105). However, the significant interaction (Correspondence x TMS 
interval F(1,9) = 7.125, p = .026) indicated that the increase in activation over time 
was stronger for CR than NCR trials. 
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Figure 3: MEP and SP. MEP and SP of the stimulated hemisphere when it was 
involved in the correct response (right panels) and when it was not directly involved 
(in case of correct left hand responses, left panels). Hands indicate correct response 
hand. In case of right-hand responses, the left hemisphere is directly involved in the 
correct response; in case of left-hand responses the left hemisphere is not involved in 
the correct response, but controls incorrect response tendencies. The top panels 
represent the MEP amplitude, which is divided by the EMG baseline and normalized 
to z-scores. The lower panels represent the length of SP also expressed in z-scores. 
Error bars represent S.E.M. On the X-axis the five TMS intervals are depicted. Mean 
TMS intervals over all participants are respectively: 71, 142, 213, 264 and 314 ms. A) 
MEP amplitudes evoked by TMS over left M1 reflecting cortico-spinal activation of 
the incorrect (right-hand) response alternative on correct (left-hand) trials. MEP data 
showed an early peak around 142 ms for NCR trials. B) MEP amplitudes evoked by 
TMS over left M1 reflecting cortico-spinal activation of the correct (right-hand) trials. 
MEP data showed differences between CR and NCR trials and an increase over time. 
C) SP duration evoked by TMS over left M1 reflecting inhibitory mechanisms of the 
incorrect (right-hand) response alternative on correct (left-hand) trials. SP data 
showed stronger inhibition of NCR trials around 142 ms. D) SP duration evoked by 
TMS over left M1 reflecting inhibitory mechanisms of the correct (right-hand) trials.  
SP data showed a decrease of SP over time with early differences between CR and 
NCR trials. 
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III) This pattern was consolidated between T3 and T4 with no further changes 
(TMS interval, F(1,9) = 1.943, p = .197;  Correspondence, F(1,9) = 6.027, p = .036; 
Correspondence x TMS interval F(1,9) < 1); MEP amplitudes remained higher for 
CR than NCR and increased no further. IV) Towards the final TMS interval, the 
MEP amplitude difference between CR and NCR responses decreased slightly and 
was no longer significant (Correspondence, F(1,9) = 2.116, p = .180), with no main 
effect of TMS interval (F(1,9) = 2.767, p = .131) or interaction (Correspondence x 
TMS interval F(1,9) < 1). To summarize, both CR and NCR responses showed 
increased activation over time, which is expressed earlier on, and remains more 
pronounced, for CR than NCR responses.   
 
MEP amplitude when the stimulated hemisphere was not involved in the correct 
response (see Figure 3A). I) MEP amplitude increased between T1 and T2 (TMS 
interval, F(1,9) = 6.704, p = .029). MEP amplitude was, as expected, higher (at trend 
level) for NCR than CR responses (Correspondence, F(1,9) = 4.868, p = .055). No 
interaction effect was found between Correspondence x TMS interval F(1,9) < 1). II) 
MEP amplitude decreased (at trend level) back to baseline between T2 and T3 
(TMS interval, F(1,9) = 4.289, p = .068). MEP amplitude did no longer differ 
between CR and NCR (Correspondence, F(1,9) = 1.053 p = .332); the decrease from 
T2 to T3 was slightly more pronounced (at trend level) for NCR responses 
(Correspondence x TMS interval, F(1,9) = 4.787, p = .056). III and IV) Pair-wise 
comparisons for the later time intervals yielded no effects (Correspondence x TMS 
interval 3 vs. 4, F(1,9) = 2.125; all other Fs < 1). Overall, when the stimulated 
hemisphere not involved in the correct response, early differences in activation 
dynamics were found indicating slightly stronger activation for NCR trials. 
 
SP duration when the stimulated hemisphere was involved in the correct response 
(see Figure 3D).  I and II) The duration of the SP decreased from T1 to T2 (TMS 
interval, F(1,9) = 33.950, p < .001) and from T2 to T3 (TMS interval, F(1,9) = 15.111, 
p = .004). SP duration was shorter for CR compared to NCR responses 
(Correspondence, F(1,9) = 22.679/8.332, p = .001/.018, for T1-T2 and T2-T3, 
respectively). This Correspondence effect remained stable from T1 to T2 
(Correspondence x TMS interval, F(1,9) < 1), but was nullified between T2 an T3 
(F(1,9) = 5.591, p = .042). These patterns reflect the reduction of inhibition 
contralateral to the effector involved in the correct response as time progresses 
towards the moment of the imminent response. This disinhibition is initially less 
pronounced for responses to NCR stimuli. III and IV) SP duration between T3-T4 
and T4-T5 did not vary significantly as a function of any factor (all Fs < 1.1). 
 
SP duration when the stimulated hemisphere was not involved in the correct 
response (see Figure 3C). I) Between T1 and T2, SP duration is not influenced by 
Correspondence (F(1,9) = 2.460 p = .151) or TMS interval (F(1,9) < 1), but a trend-
wise interaction effect (Correspondence x TMS interval, F(1,9) = 4.858, p = .055)  
suggests an initial increase of inhibition for NCR but not for CR trials. II and III) 
This pattern is consolidated between T2 and T3 (Correspondence, F(1,9) = 5.194, 
p = .049); TMS interval, F(1,9) = 1.671, p = .228; Correspondence x TMS interval, 
F(1,9) = 1.237, p = .295), but then cancelled between T3 and T4 (Correspondence, 
F(1,9) < 1; TMS interval, F(1,9) =  1.527, p = .248; Correspondence x TMS interval, 
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F(1,9) < 1). IV) SP duration decreased to baseline between T4 and T5 (TMS interval, 
F(1,9) = 26.395, p = .001); no differences between CR and NCR trials or an 
interaction effect remained (all Fs < 1). Overall, inhibition of the hand not involved 
in the correct response (but potentially involved in the incorrect response) is 
stronger for NCR trials early in time and decreased with time irrespective of 
Correspondence. 
 
Summary. When the stimulated hemisphere was involved in the correct response, 
MEP amplitude increased earlier in time (between T2-T3) on CR trials than on 
NCR trials. When it was not involved in the correct response, direct activation was 
found early in time (T1-T2). Inhibition of the hemisphere involved in the correct 
response showed a gradual reduction over time (T1-T3), with initially (T1-T2) 
higher levels of inhibition for NCR than CR trials. The hemisphere not involved in 
the correct response (and occasionally involved in the incorrect response) showed 
an initial increase of inhibition for NCR trials (T1-T2) and an overall decrease of 
inhibition at late intervals (T4-T5). 
 
2.3.5 Exploratory Analyses of Sequential effects  
The Simon effect is typically reduced or even reversed for trials that were preceded 
by NCR trials, compared to trials that were preceded by CR trials (see for review 
Egner, 2008). This effect was seen also for the present RT data in the TMS session 
(Simon effect: 25 ms after CR trial and 5 ms following a NCR trial), as confirmed 
by a two-way ANOVA (Correspondence x Sequence, F(1,8) = 10.666, p = 0.01). 
Mainstream interpretations of this pattern suggest that when the preceding trial was 
NCR, control is increased on the current trial such that the initial location-driven 
activation of the incorrect response is reduced, and the suppression of that 
activation is strengthened (cf. Ridderinkhof, 2002). The present MEP and SP data 
allow for a direct test of this hypothesis. Figures 4 and 5 present the MEP and SP 
patterns from Figure 3, separately for trials preceded by CR trials (Figure 4) and 
for trials preceded by NCR trials (Figure 5). We repeated the previous analyses 
with the additional within-subjects factor Sequence. Below, we report only those 
patterns that deviate from those reported above in the planned comparison section. 
 
MEP amplitude when the stimulated hemisphere was involved in the correct 
response (see Figures 4B and 5B). Between T1 and T2, MEP amplitude increased 
slightly when the preceding trial was CR, but decreased slightly when the 
preceding trial was NCR (TMS interval x Sequence (F(1,8) = 5.746, p = .043). MEP 
amplitudes diverge between CR and NCR (larger for CR responses) when the 
preceding trial was CR, but not when the preceding trial was NCR 
(Correspondence x Sequence: T2-T3: (F(1,8) = 14.452, p = .005;  and at most trend-
wise for T3-T4: (F(1,8) = 4.764, p = .061). Thus, the enhanced activation seen for 
CR responses was evident only when the preceding trial was CR. If the preceding 
trial was NCR, the activation pattern did not differ between CR and NCR trials. 
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MEP amplitude when the stimulated hemisphere was not involved in the correct 
response (see Figure 4A and 5A). Correspondence of the preceding trial (CR vs. 
NCR) did not modulate the patterns of MEP amplitude measured in the hand not 
involved in the movement. 

 
 
Figure 4: Sequential effects on activation and inhibition dynamics. Trials following CR 
trials. Details and panel organization are identical to those in Figure 3. 
 
SP duration when the stimulated hemisphere was involved in the correct response 
(see Figure 4D and 5D). Correspondence of the preceding trial (CR vs. NCR) did 
not reliably modulate the patterns of SP durations measured from the hand 
involved in the movement, except that the main effect for correspondence for T2-
T3 (II) was reduced to at most a trend (Correspondence, F(1,8) = 4.853, p = .059). 
The abolishment of cortico-spinal inhibition is initially less pronounced for NCR 
responses, but only when the preceding trial was CR.   
 
SP duration when the stimulated hemisphere was not involved in the correct 
response (see Figures 4C and 5C). The pattern seen in Figure 5C is slightly 
amplified when the preceding trial was NCR. For instance, the interaction between 
Correspondence and TMS interval becomes more pronounced between T1 and T2 
(F(1,7) = 7.312,  p = .030) as well as between T3 and T4 (F(1,7) = 5.854, p = .046). 
These early and later effects run in opposite direction, however, and at present do 
not appear to reflect a systematic pattern open to straightforward interpretation. 
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Figure 5: Sequential effects on activation and inhibition dynamics. Trials following 
NCR trials. Details and panel organization are identical to those in Figure 3. 
 
Summary. Sequential effects modulated the patterns for MEP amplitude and SP 
duration, in particular when the stimulated hemisphere was involved in the correct 
action. Trials preceded by CR trials showed facilitation of the imminent CR 
responses, but also to hindered disinhibition of imminent NCR responses. 
 
2.3.6 Linking Behavioral and Physiological data 
Reduced accuracy for fast responses to NCR stimuli has been taken to reflect the 
expression of potent action impulses incited by the task-irrelevant location of the 
stimulus. Activation of the incorrect response hand is also thought to be expressed 
by the amplitude of the MEP for the non-involved hand at short TMS intervals. 
Indeed, we observed a strong negative correlation between the accuracy levels of 
the fastest bin of NCR responses performed with the (right-hand) effector 
controlled by the stimulated hemisphere, and MEP amplitude on NCR trials at time 
interval T3 when the stimulated hemisphere was involved in the incorrect rather 
than correct response (r = -.820 p = .004). Thus, individuals who make more fast 
errors on NCR trials also tend to have higher direct activation of the motor cortex 
controlling the incorrect response as triggered by the NCR stimulus location. 

Shortening of SP duration when the stimulated hemisphere was involved in the 
correct action reflects the disinhibition of the imminent response. Our data showed 
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that NCR responses are disinhibited more slowly (at later TMS intervals) than CR 
responses. This finding may reflect the fact that the response to NCR stimuli is 
kept in check until the conflict between competing responses is resolved. For NCR 
trials at T3, SP duration showed a strong positive correlation with delta values at 
the fastest quartiles of the RT distribution (r = .930 p < .001 for delta value 1; r 
= .868 p = .001 for delta value 2). Thus, individuals who have a large Simon effect 
in the early segments of the RT distribution, reflecting a need for stronger selective 
suppression of incorrect action impulses, also show weaker physiological response 
disinhibition for NCR stimuli.  
 

In sum, the correlation patterns suggest that the expression and (early) 
suppression of action impulses as reflected by MEP and SP measures, correspond 
directly to behavioural expressions of these processes, as measured through 
parameters of RT distributions for CR and NCR trials. 
 
2.4 Discussion 
The goal of this study was to clarify physiological mechanisms of response capture 
and suppression of action impulses during conflict at the level of the motor system. 
We combined single-pulse TMS over M1 with measurements of MEP and SP 
recorded during a Simon task. MEP amplitude and SP duration changed 
dynamically over time and differentiated between CR and NCR trials. In the next 
section, first, the main physiological findings related to action selection, response 
capture, and selective suppression are discussed in relation to resolving response 
conflict. Second, we discuss the neural network potentially involved in 
implementing these processes and the implications of such a network for existing 
theoretical frameworks.  
 
2.4.1 Action selection 
The dynamics of the MEP revealed a progressive increase in cortico-spinal 
excitability prior to the contralateral overt (correct) response. On CR trials, cortico-
spinal excitability increased earlier (i.e., at about 140 ms following stimulus onset) 
compared to NCR trials, matching the typical behavioural finding in conflict tasks 
that CR responses are faster than NCR responses. Furthermore, early activation on 
CR trials was more pronounced when preceded by another CR trial compared to 
when preceded by an NCR trial. In the latter case, the facilitation effect 
disappeared altogether. Similar modulations of cortico-spinal excitability have 
been reported in the context of task switching (Bestmann et al., 2008). Michelet 
and colleagues (2010) used a Flanker task in which responses were made with 
either the flexor or the extensor of the same hand. Facilitation of the agonist was 
accompanied with a decrease in MEP amplitude of the antagonist. Klein-Flügge & 
Bestmann (2012) replicated these findings in a value based decision task and 
showed that the response competition between selected and unselected responses 
occurred parallel in time with the value based decision process. 
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2.4.2 Response capture  
On conflict trials, the irrelevant stimulus dimension (location) facilitates activation 
of the hand ipsilateral to the location and hence constitutes a source of response 
conflict. Using TMS to probe the hemisphere not involved in the correct response, 
we observed early response capture on NCR trials, reflected by increased MEP 
amplitudes as early as 142 ms after the onset of the visual stimulus. Note that this 
activation on NCR trials was observed even though our analyses were restricted to 
correct response trials only.  This manifestation of early response capture is further 
supported by the correlation between levels of activation of this hemisphere (when 
it was associated with the incorrect rather than correct response), as expressed by 
increased MEP amplitude, and behavioural response capture, expressed by the high 
number of fast errors made on NCR trials. This behavioural and physiological 
pattern suggests that the capture of inappropriate action impulses requires 
suppression in order to produce correct overt actions.   
 
2.4.3 Selective suppression  
First, an early selective increase of physiological inhibition on NCR trials suggests 
active attempts to suppress response capture shown when the stimulated 
hemisphere was associated with the incorrect action (142 ms). The current study is 
the first to show this specific physiological inhibition (reflected by SP) that serves 
to actively suppress incorrect response capture. 

Second, the inhibition component of the hemisphere involved in the correct 
action changes dynamically over time (T1, T2, and T3), and differentiates between 
CR and NCR trials: Inhibition levels on NCR trials are sustained for a longer 
period than on CR trials. This study shows that the hemisphere involved in the 
correct action starts off with high levels of inhibition; these levels decrease over 
time faster for CR than NCR trials, attaining similar levels of inhibition at T3. No 
effect of sequence is observed for the SP of the directly involved hemisphere, 
which dissociates the inhibitory effects from the activation dynamics of the 
involved hemisphere.  

Third, a general decrease of inhibition during late time intervals (T4-5) suggests 
that the inappropriate action is disinhibited only at a relatively late stage of the 
response process. This pattern suggests that responses are kept in check until they 
no longer constitute a risk for premature overt action. This disinhibition effect may 
result from the release of lateral inhibition (Meynier et al., 2009), or from the 
release of top-down inhibition (Burle et al., 2004), in either case implemented 
presumably through the basal ganglia (Ridderinkhof et al., 2011).  
 
2.4.4 Resolving response conflict  
During NCR trials, correct responses are disinhibited more slowly (at later TMS 
intervals) than during CR trials (as evidenced by SP duration for the involved 
hemisphere for NCR trials at T3). This finding may reflect the fact that the 
response to NCR stimuli is kept in check until the conflict between competing 
responses is resolved. This is further supported by the strong positive correlation 
between SP duration for the involved hemisphere for NCR trials at T3 and delta 
values at the fastest quartiles of the RT distribution. Thus, individuals who have a 
large Simon effect in the early segments of the RT distribution reflecting a need for 
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stronger selective suppression of incorrect action impulses also have less 
physiological response disinhibition for NCR stimuli.  
 
2.4.5 Levels of inhibition 
Physiological inhibition may occur at various levels, ranging from intra-
hemispheric inhibition  (Carson, 2005) to inhibition at the spinal level (Burle et al., 
2002; 2004). The SP reflects inhibitory mechanisms at both the spinal and the 
cortical level. Spinal inhibition accounts for the first approximately 50 ms and the 
second part represents the involvement of cortical inhibitory circuits (Wilson et al., 
1993; Chen et al., 1999). In general, cortical inhibition reflected by the silent 
period is mediated by GABAB receptors. Other inhibitory measures with TMS, for 
instance, short intra-cortical inhibition (SICI) are mediated by GABAA receptors ( 
Ziemann et al., 1996; Di Lazzaro et al., 2004; Paulus et al., 2008). The exact 
interplay of these different physiological inhibitory mechanisms is still unknown.  

Previous research on action programming showed sustained levels of SICI in 
case of prepared responses and a disappearance of SICI in case of action 
reprogramming (Neubert, Mars, Olivier, & Rushworth, 2011). Opposite effects in 
terms of increased SICI were found in case of pure response inhibition suggesting 
different underlying mechanisms of inhibition (Coxon et al., 2006). Duque and 
colleagues (2010) provided evidence for two dissociable inhibitory mechanisms 
during response preparation; involved in impulse control versus competition-
resolution. Decreased MEP amplitudes and suppressed H-reflexes at the spinal 
level, measured before the overt response, suggested an impulse-control 
component. This reduced excitability prevents the premature activation of 
responses, both at the cortical and the spinal level, and is only found in case of pre-
selected target muscles. Decreased MEP in the non-selected target muscles 
suggests a competition-resolution related inhibition to help select the correct 
response. This competition-resolution related inhibition may either arise from 
lateral or top-down input (Duque et al., 2010). This notion is further supported by 
paired-pulse TMS showing a facilitating influence from pre-SMA on M1 and an 
inhibitory influence from rIFC on M1 (Neubert et al., 2010).  

Interestingly, rTMS stimulation over the dorsal pre-motor cortex, thereby 
inducing a temporal dysfunction of this area, reduced the impulse-related inhibition 
suggested to prevent pre-activation of selected response. Conversely, rTMS over 
lateral pre-frontal cortex was associated with decreased inhibition in selecting the 
appropriate response Duque et al., 2012) Future studies may aim to determine with 
more precision how these different levels of inhibition interact. 
 
2.4.6 Temporal dynamics 
The use of TMS helped unravelling the time-specific changes in activation and 
inhibition at the cortico-spinal level that underlie the incidence as well as the 
resolution of response conflict. The present results with respect to the temporal 
dynamics are in line with previous TMS work on action control. For example, 
Taylor and colleagues (2007) reported early inhibitory effects during Flanker 
performance as soon as 184 ms. Secondly, in the context of the stop paradigm, 
excitability of inhibitory interneurons that drive SP prolongation was evident as 
early as 134 ms following the instruction to stop (van den Wildenberg et al., 
2010a). It should be noted that the effects reported here represent averages across 
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participants. Nevertheless, the timing of TMS was based on individual RT. This 
individual timing approach ensured that the TMS intervals occurred within the 
same phase of the response process across participants. However, inter-individual 
differences in RT distribution were relatively small in the early bins but tended to 
increase for later RT bins. In line with previous literature on this topic (e.g., Taylor 
et al., 2007; van den Wildenberg et al., 2010a), our results suggest a dynamic 
interplay of activation and inhibitory components starting very early in the 
response process.  

Overall this study highlights the interplay of response capture and selective 
inhibition processes resulting in dynamic patterns of cortico-spinal excitability 
within the motor cortex. In the next section we discuss the neural network 
potentially involved in implementing these processes in relation to existing 
theoretical frameworks. 
 
2.4.7 Neural network conflict dynamics, revisited 
The pre-SMA and rIFC are related to respectively selective activation and 
inhibition of motor responses during the Simon task (Forstmann et al., 2008a; 
Forstmann et al., 2008b). These findings are in line with the DPAS model, which 
explains conflict effects and, specifically, the reduction in the conflict effect as a 
function of RT. Involuntary activation (response capture), due to the location of the 
stimuli (pre-SMA), is surmised to be followed by active suppression (rIFC) of this 
undesired response. A similar activation-followed-by-suppression model has been 
invoked in accounting for conflict patterns in masked-priming tasks (e.g., Eimer & 
Schlaghecken, 2003). In this model, inhibition is assumed to be automatic rather 
than goal-directed. Still other models suggest a more passive decay of response 
capture over time without an active form of suppression (Hommel, 1993; 1994) 
Although the present data appear more consistent with an active selective 
suppression view, the DPAS model and alternative conjectures share the notion of 
framing the activation dynamics in a time-sequential manner: Response capture is 
followed by reduction of this direct activation (either through active selective 
suppression, automatic inhibition, or passive decay).  

However, the present data suggest that response capture and suppression 
processes may run in parallel rather than in strict sequence. Activation as well as 
(dis) inhibitory changes occur in ipsi- as well as contralateral cortico-spinal 
systems, commencing already early in the response process, and evolving 
continually over time. Task-irrelevant action impulses capture the incorrect 
response by producing early activation of the corresponding hemisphere; this 
capture is countered by inhibitory components at M1, in this study already at early 
stages as well. The typical RT slowing observed during conflict compared to CR 
trials results from delayed disinhibition of activation of the hemisphere associated 
with the correct response. The stronger (and/or earlier) the inhibition of the 
incorrect response, the faster the correct response can be disinhibited.  

The basal ganglia and parietal regions areas are known to have direct 
connections to the M1 either via excitatory or inhibitory neurons (Behrens et al., 
2003; Aravamuthan et al., 2007; Koch et al., 2010). The different inhibitory 
contributions (direct, hyperdirect and indirect routes; e.g., Aron et al., 2007; Frank 
et al., 2007) of the basal ganglia could give rise to the changes in the dynamics of 
the activation and inhibitory patterns obtained in this study. Recent findings of the 
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contribution of parietal regions in action planning and attention in action 
interference might relate to the strong facilitation found after repeating CR trials 
(Brown et al., 2011; Cui & Andersen, 2011). This facilitation indeed suggests an 
attentional bias towards the spatial location of the cue, which could be mediated by 
parietal-motor connections.  
 
2.5 Conclusion  
This study highlights the temporal dynamics of several physiological processes 
within the cortico-spinal motor system during an action-conflict task. First, the 
manifestation of response capture and selective suppression of action impulses, and 
their timing, can be traced at the physiological level. Second, these effects arise 
early and simultaneously. Third, effects in the hemisphere involved in the incorrect 
response are paralleled by effects in the hemisphere involved in the correct 
response. And finally, RT-slowing on conflict trials results from delayed 
disinhibition of the correct response.   
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Chapter 3 
 

Repetitive TMS over IFC impairs suppression 

but not expression of action impulses during action conflict 
 

 
A. Dilene van Campen, Richard Kunert, 

Wery P.M. van den Wildenberg, & K. Richard Ridderinkhof 
 

Abstract 
Control over premature action impulses is a key aspect of goal-

directed behavior. Both unintentional response capture by an irrelevant 
stimulus dimension and its suppression can be studied with the Simon 
paradigm. In this conflict task, participants respond to a relevant feature (color) 
of a stimulus while ignoring an irrelevant feature (location). Structural as well 
as functional imaging studies in humans linked two cortical areas, the pre-
supplementary motor area (pre-SMA) and the right inferior frontal cortex 
(rIFC), to respectively the susceptibility to response capture and the selective 
suppression of action impulses. To extend these correlational associations, the 
present study applies repetitive transcranial magnetic stimulation (rTMS) to 
test the causal involvement of these two cortical areas in action control. We 
collected behavioral data from participants performing the Simon task before 
and after 1 Hz rTMS over pre-SMA and rIFC in separate sessions. Reaction 
time distribution analyses dissociated individual susceptibility to making fast, 
impulsive response errors (i.e., response capture) and the proficiency of the 
suppression of the interference from these impulses. Disruption of rIFC 
function specifically impaired selective suppression of conflicting action 
tendencies, thereby delaying the selection of the correct action. In contrast, the 
anticipated increase of fast impulsive errors after perturbing pre-SMA function 
was not confirmed. The observed causal role of the rIFC in the suppression of 
motor impulses during action conflict is discussed in relation to current 
neurobiological mechanisms of action control. 

 

 
Based on: 
 
Van Campen AD, Kunert R, van den Wildenberg WPM, Ridderinkhof KR (submitted). 
Repetitive TMS over IFC impairs suppression but not expression of action impulses during 
action conflict. Submitted to NeuroImage. 
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3.1 Introduction 
The present study applies repetitive transcranial magnetic stimulation (rTMS) to 
differentially test the causal role of the pre-supplementary motor area (pre-SMA) 
and the right inferior frontal cortex (rIFC) in the expression and the suppression of 
impulses during action conflict. Conflict paradigms provide informative measures 
of action control to resolve conflict situations that are characterized by the 
simultaneous activation of multiple response tendencies (Eriksen and Eriksen, 
1974; Lu and Proctor, 1995). In the exemplary Simon task (Simon & Rudell, 1967; 
Simon 1969) participants are instructed to issue a fast left- or right-hand response 
to the color of a signal occurring to the left or right of visual fixation. Although 
signal location is task-irrelevant, responses are slower and more error-prone on 
conflict trials when the signal occurs in the hemifield opposite to the response side 
signaled by the signal color (e.g., a colored signal calling for a right-hand response 
occurring in the left hemifield).  

Dual-process models provide elaborate experimental and conceptual 
frameworks for studying action control during conflict (Kornblum et al., 1990). 
The Dual-Process Activation Suppression (DPAS) model (Ridderinkhof, 2002a; 
2002b) invokes distributional analyses to dissociate two critical and temporally 
distinct cognitive processes that are masked when analyzing mean Simon effects. 
First, response capture, or the susceptibility to making fast, impulsive response 
errors driven by conflicting action impulses. Secondly, selective suppression is 
engaged to ward off and resolve the interference from incorrect action impulses, 
(Ridderinkhof, 2002a; van den Wildenberg et al., 2010; van Campen et al., 2014). 
Recent neuroimaging work revealed how individual variations in brain structure as 
well as function covary with differences in action conflict resolution. Participants 
prone to response capture, i.e., those committing many fast response errors on 
conflict trials, showed increased pre-SMA activation. The proficiency of 
suppressing conflicting action tendencies, expressed in reduced interference for 
slower responses, co-varied with both activation and white matter connectivity of 
the rIFC (Forstmann et al., 2008a; 2008b).  

Extending beyond the correlational nature of these brain-behavior associations, 
we applied rTMS over pre-SMA and rIFC to test whether these cortical regions are 
causally involved in the expression and suppression of impulsive action tendencies, 
respectively. rTMS is an established tool to interfere with brain function to identify 
the causal roles of specific brain regions within a network (Walsh and Cowey, 
2000). Previous research with TMS has indicated the causal involvement of rIFC in 
selective stopping (Chambers et al., 2006; Aron et al., 2007) and the pre-SMA in 
action selection, switching response and rule alternatives, or processing conflict 
(Rushworth et al., 2002; Taylor et al., 2007; Nachev et al., 2008; Mars et al., 2009; 
Neubert et al., 2010). Based on DPAS-model predictions and ensuing 
neuroimaging work (Forstmann et al., 2008a; 2008b), we expect that rTMS over 
pre-SMA induces response capture, yielding an increase in fast impulsive errors on 
conflict trials. In addition, perturbation of rIFC function is expected to impair 
selective suppression of conflicting action tendencies resulting in an increased RT 
interference effect for slow responses.  
 
 
 



rTMS over IFC impairs suppression 

 

 

38 

3.2 Materials and Methods 
3.2.1 Participants  
The present study included twelve participants (7 women, M = 26 years, SD = 4.37) 
with normal or corrected to normal vision. All participants were screened 
according to the international screening guidelines for TMS research (Rossi et al., 
2009) and provided written informed consent prior to participation. The 
institutional review board approved the study. One other initially recruited 
participant was excluded from participation prior to the TMS experiment due to 
high TMS threshold (above 60% of max. stimulator output).  
 
3.2.2 Apparatus 
3.2.2.1 Task. A two-color (green and blue) Simon task was presented on a 
computer screen (17 inch digital display). The computer screen was placed in front 
of the participant at a distance of approximately 90 cm and the stimuli appeared at 
eye level. Each trial started with a fixation cross (0.5 by 0.5 cm) in the middle of a 
white screen, which disappeared at the end of the trial (maximum duration of 1500 
ms). A colored circle (2 cm diameter) appeared on either the right or left side of the 
fixation cross (after either 750, 1000 or 1250 ms) and disappeared when a response 
was made (maximum duration of circle presentation was 1500 ms). If the trial 
lasted more than 800 ms a reminder appeared to respond faster. Each trial 
combination of stimulus color and location was pseudo randomized for each 
session. Exact stimulus repetitions occurred as low as practically feasible, ranging 
between 15.5 and 17.7% of total trials across participants.  

Participants were instructed to issue a left- or right-hand button press as quickly 
and accurately as possible according to the color of the circle. For instance, 
participants responded right to blue circles and left to green circles; this mapping 
was counterbalanced over participants. Because circles could appear left or right of 
fixation, the (task irrelevant) stimulus location inadvertently triggered an 
involuntary action impulse of the ipsilateral hand; e.g., circles presented to the right 
side activate the right hand response, irrespective of color (see Figure 1). Based on 
the correspondence between the location of the stimulus and the correct response 
hand on a given trial, action selection according to color is either facilitated or 
hampered by the involuntary action impulse that is triggered by the position of the 
circle. Responses are typically fast and accurate on Corresponding (CR) trials, in 
which the relevant and irrelevant processing streams converge to the same hand 
(i.e., when a green circle requiring a left hand response is presented to the left of 
fixation). Alternatively, on Non-corresponding (NCR) trials, RT is delayed and 
accuracy levels are typically lower because the two processing streams activate 
conflicting response tendencies (for example, when a green circle that should be 
responded to by the left hand is presented to the right of fixation).  
 
3.2.2.2 Procedure. Participants were familiarized with the task during a behavioral 
session consisting of 6 experimental blocks of 96 trials each (not included in the 
analyses) followed by familiarization of the TMS set up. On different days 
(separated by at least two days) participants received either stimulation over rIFC 
or pre-SMA, the order was counterbalanced over participants. Before and after 
rTMS, the participants completed 5 experimental blocks of 96 trials after 
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performing 20 practice trials that were discarded. Participants received 
performance feedback after each experimental block (see Figure 1). 
 
3.2.2.3 rTMS. Participants were comfortably seated in a chair with a chin rest to 
minimize head movements. A 70- mm figure of eight coil was attached to the seat 
framework. Single-pulse TMS over the left and right motor cortex was conducted 
with a biphasic rapid 200 Magstim System to obtain the resting motor thresholds 
(RMT) for the Abductor Pollicis Brevis (APB) muscle. Searching for the scalp 
location yielding the largest MEP amplitude in the APB muscle started 2 cm lateral 
and 1 cm frontal to the vertex. RMT was measured and the lowest intensity was 
taken at which the MEP amplitude was >50 µV in five out of ten pulses. Overall 
the mean RMT was 53% of maximum stimulator output (ranging from 47% to 
59%).  The stimulation intensity for both rTMS sessions was set at 90% of RMT of 
the left M1. Participants received 1 Hz stimulation during 15 minutes (900 pulses 
in total) over the rIFC and pre-SMA on separate days. Both cortical areas were 
localized using MRI-guided neuronavigation system (Visor; Advanced Neuro 
Technology, Enschede, The Netherlands). Individual MRI scans were acquired 
using a 3T Philips Achieva Magnetic Resonance Imaging System with a voxel size 
of 1mm x 1mm x 1mm, 240 mm FOV. Averaged brain coordinates derived from a 
previous fMRI study with the same task (Forstmann et al., 2008b) were translated 
into subject space and the coil was placed directly above the targeted cortical 
region using neuronavigation. The rIFC (BA 44) was localized at [x=38, y=20, 
z=4]. The pre-SMA was localized at [x=4, y =6, z= 52]. Coordinates are given in 
MNI space. Participants used foam earplugs during the experiment to reduce the 
noise of rTMS. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: Simon task. Colored circles appear either on the left or right side of the 
screen. On corresponding (CR) trials, the location driven and color driven activation 
converge to the same hand. Location and color driven activation are conflicting on 
non-corresponding (NCR) trials. 
 
3.2.3 Data Analysis 
Mean RT and accuracy levels were calculated separately for CR and NCR trials. 
RTs longer than 2.5 SD were excluded on a subject specific basis, resulting in the 
elimination of less than 7.3% of trials averaged over all conditions. Mean RT and 
accuracy data were submitted to repeated measures ANOVA using the within-
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subject factors TMS (pre-TMS vs. post-TMS), Correspondence (CR vs. NCR), and 
Area (rIFC vs. pre-SMA). 

The measure for the strength of response capture, the proportion of fast errors, 
is revealed by conditional accuracy functions (CAFs) that plot accuracy rates as a 
function of the whole vincentized RT distribution. For each correspondence level, 
RTs were rank-ordered and partitioned into 5 equal-sized bins (quintiles; segments 
1-5). Accuracy rates were calculated for each segment, yielding five accuracy 
values each for CR and NCR trials. The accuracy rates were plotted against the 
average RT for each bin. The strength of impulse capture was analyzed by focusing 
on comparisons of the accuracy rates for the fastest RT segment of the CAFs on 
NCR trials. 

Delta plots quantified the temporal dynamics of interference control, plotting 
the Simon effect (i.e., mean RT NCR minus mean RT CR) as a function of RT. 
Delta plots involve rank-ordering correct RTs for each level of Correspondence, 
partitioning these values into five segments, and calculating the Mean RTs for each 
Correspondence level in each segment. Thus, Simon effects were computed for 
each segment; smaller Simon effect in the slower end of the distribution signifies 
greater proficiency in selective suppression of action impulses (Ridderinkhof, 
2002a). Exploratory analyses included the additional within-subject factor 
Sequence (preceding trial was CR vs. NCR). When the sphericity assumption was 
violated, degrees of freedom were corrected using the Greenhouse-Geisser (GG) 
method. Uncorrected dfs are reported for ease of reading.  

 
3.3 Results 
The organization of the results is as follows. First Mean RT and accuracy are 
presented followed by omnibus analyses of CAFs and Delta plots and the related 
planned comparisons. Second, exploratory analyses with the additional factor 
Sequence are shown in the same manner. 

 
3.3.1 Mean RT and Accuracy 
Mean RT was analyzed using a three-way ANOVA with the factors Area, TMS and 
Correspondence. Overall, mean RT was longer on NCR trials compared to CR 
trials confirming the overall Simon effect (329 vs. 311 ms, main effect of 
Correspondence, F(1,11) = 121.337, p < .001). The interference effect was similar 
for rIFC and pre-SMA sessions (respectively 322 vs. 317 ms, main effect of Area, 
F(1,11) = 2.347, p = .154)  and for  pre- and post-sessions (321 vs. 319 ms, main 
effect of TMS, F(1,11) = 1.140, p = .308). The three-way interaction was not 
significant (Area x TMS x Correspondence, F(1,11) = 3.153, p = .103 (all other 
interactions , F < 1).  

For accuracy, ANOVA with the factors Area, TMS, and Correspondence 
revealed differences between CR and NCR trials, reflecting more errors on NCR 
trials compared to CR trials, again showing the typical Simon effect (12.6 vs. 6.4%, 
main effect Correspondence, F(1,11) = 27.460, p < .001). Error rates did not differ 
between rIFC and pre-SMA sessions (10 vs. 9%, main effect of Area, F(1,11) = 1.139, 
p = .309) or between pre- and post-stimulation (9 vs. 10%, main effect of TMS, 
F(1,11) = 1.740, p = .214). The three-way interaction (Area x TMS x Correspondence, 
F(1,11) = 1.168, p = .303 was not significant (all other interactions F < 1). 
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3.3.2 Distributional Analyses 
3.3.2.1 Conditional Accuracy Functions. ANOVA with the factors Bin, TMS, Area 
and Correspondence revealed typical CAF patterns (see Figure 2). That is, 
decreased accuracy levels for NCR trials compared to CR trials (87.5% vs. 93.6%, 
main effect of Correspondence, F(1,11)= 26.078, p < .001). 

Accuracy levels changed as a function of response speed (83.8%, 88.5%, 91.9%, 
94.1% and 94.5% main effect of Bin, F(4,44) = 28.877, p < .001, GG-corrected: χ2 = 
33.404, ε = .407). Importantly, the accuracy patterns as a function of RT were 
differential for Correspondence (Bin x Correspondence, F(4,44) = 54.933, p < .001, 
GG-corrected: χ2 = 17.601, ε = .619). Overall accuracy was similar for the two 
stimulated brain areas (main effect of Area, F(1,11) = 1.180, p = .300) and between 
sessions (main effect of TMS, F(1,11) = 1.679, p = .222). Additional interaction 
effects were not significant, TMS x Correspondence, F(1,11) = 1.040, p = .330, Area 
x TMS x Correspondence, F(1,11) = 1.155, p = .305, Area x TMS x Bin, F(4,44) = 1.238, 
p = .309, TMS x Correspondence x Bin, F(4,44) = 1.760, p = .154,  All other Fs < 1). 

Based on a priori hypotheses derived from the DPAS model, decreased 
accuracy levels for NCR trials within the fastest RT bin were expected after pre-
SMA stimulation (gray rectangles Figure 2). However, fast error rates on NCR 
trials did not change after rTMS over pre-SMA (t(11) = .789, p = .447). Likewise, 
comparing pre- and post rIFC stimulation revealed similar fast error rates (t(11) = -
.500, p = .627). In sum, and contrary to our expectations with respect to response 
capture, rTMS over pre-SMA did not increase the susceptibility for making fast 
impulsive response errors. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: CAFs of pre- and post- rTMS over either rIFC or pre-SMA. To compute the 
conditional accuracy function (CAF), all reaction times for corresponding (CR) and 
non-corresponding (NCR) trials were rank-ordered separately and then partitioned 
into five equal-sized bins representing the fastest to the slowest reactions. For each bin, 
an accuracy rate is calculated and plotted against the mean reaction time for that bin, 
creating a CAF spanning the entire distribution of reactions. The figure depicts the 
CAFs for CR (solid lines) and NCR (dotted lines) trials related to A) rIFC and B) pre-
SMA stimulation. As expected, errors were predominantly associated with the fastest 
reactions (i.e., the fastest bin) on NCR trials, confirming that participants were 
susceptible to capture by the incorrect action impulses. rIFC and pre-SMA 
stimulation yielded similar patterns of fast errors, indicating that the strength of 
initial capture was equivalent. Gray rectangles represent planned comparisons. 
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3.3.2.2 Delta plots. To quantify the temporal dynamics of interference control, we 
analyzed the interference effect (i.e., delta values) as a function of RT. Here, the 
delta values are taken as dependent measure, although analyses of the slopes 
connecting the delta values yield similar results.  

First, ANOVA with the factors Bin, Area, and TMS revealed changes in delta 
value over time (see Figure 3) resulting in a decreased interference effect for longer 
RT (22, 26, 26, 25, and 21 ms, main effect of Bin, F(4,44) = 4.658, p = .039, GG-
corrected: χ2 = 40.478, ε = .331). Secondly, this interference pattern differed 
between pre- and post-sessions (Bin x TMS, F(4,44) = 14.418, p < .001,  GG-
corrected: χ2 = 23.815, ε = .524). Third, a trend was found for the interaction effect 
between Bin, Area, and TMS suggesting differential temporal dynamics of 
interference control between pre- and post-sessions for rIFC and pre-SMA (Bin x 
TMS x Area, F(4,44) = 3.131, p = .069,  GG-corrected: χ2 = 28.665, ε = .463). No 
significant other main effects or interaction effects wereobtained (TMS x Area, 
F(1,11) = 2.555, p = .138,  all other interactions F < 1). 

An increased RT interference effect for slower responses after rIFC stimulation 
(gray rectangles Figure 3) was expected based on a priori hypotheses. Indeed the 
RT interference effect for the slowest RT bin was significantly increased after rIFC 
stimulation ( t(11) = 4.351, p = .001). Pre-SMA stimulation did not affect 
interference control (t(11) = .919, p = .378). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: Delta plot of pre- and post- rTMS over either rIFC or pre-SMA. Delta plots 
show the interference effect over time. To compute a delta plot, reaction times (RT) 
for correct responses to corresponding (CR) and non-corresponding (NCR) trials 
were rank-ordered separately and then partitioned into five equal-sized bins 
representing the fastest to the slowest reactions. For each bin, an interference effect 
was computed (mean RT for NCR trials minus mean RT for CR trials) and plotted 
against the mean RT for that bin. The black lines represent the delta plot for pre-
stimulation sessions and the gray lines represent the post-stimulation sessions for A) 
rIFC and B) pre-SMA. Gray rectangles represent the planned comparisons. 
Stimulation over rIFC resulted in increased RT interference effect for the slow 
responses and this increase is absent after pre-SMA stimulation. 
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To summarize, rIFC stimulation increased the RT interference effect for slower 
responses. No latency effects of rTMS were observed after pre-SMA stimulation, 
indicating the causal involvent of the rIFC in suppressing action impulses. The 
expectation that pre-SMA stimulation should increase response capture was not 
confirmed; rTMS over rIFC and pre-SMA had no effect on fast impulsive errors. 
To check if sequential effects contributed to this null finding, the data were 
analyzed taking into account the correspondence of the previous trial. 

 
3.3.3 Sequential effects: exploratory effects 
Trials following a CR trial typically show a larger interference effect compared to 
trials following a NCR trial (Egner 2008). Stimulation over rIFC is expected to 
result in reduced interference effect, irrespective of the correspondence on the 
preceding trial. Stimulation of pre-SMA with 1 Hz rTMS is expected to increase 
the amount of fast impulsive errors on NCR trials following a CR trial compared to 
following a conflict trial. To analyze these sequential effects the extra factor 
Sequence was added to the previous analyses, for the ease of reading only results 
different from the previous ones are mentioned.  

 
3.3.3.1 Conditional Accuracy Functions. A five-way ANOVA, including the factor 
Sequence, showed a similar general CAF pattern (main effect Correspondence, 
F(1,11) = 23.774, p < .001, main effect Bin, F(4,44) = 30.459, p < .001, GG-corrected: 
χ2 = 27.802, ε = .401). According to the sequence effect, participants were indeed 
less accurate on trials following a CR trial (see Figure 4) compared to following a 
NCR trial (90.1 vs. 91.5%, main effect Sequence, F(1,11) = 9.525, p = .010). The 
pattern of change over time for both CR and NCR trials depended on the 
correspondence level of the previous trial (interaction Sequence x Correspondence 
x Bin, F(4,44) = 20.631, p < .001, GG-corrected: χ2 =21.025, ε = .650, alongside 
interaction effects between Sequence and Correspondence, F(1,11) = 43.803, p 
< .001, Sequence and Bin, F(4,44) = 20.313, p < .001, and between Correspondence 
and Bin, F(4.44) = 66.774, p < .001, GG-corrected: χ2 = 23.405, ε = .519). However, 
accuracy levels did not vary between pre- and post-TMS  (main effect of TMS, 
F(1,11) = 1.695, p = .220, all other Fs < 1.5).  

Although the pertinent omnibus analyses of accuracy did not yield statistically 
reliable effects of rTMS, additional exploratory analyses were restricted to the 
fastest bin of the NCR CAF because theoretically response capture is most 
pronounced here. Planned comparisons (gray rectangles in Figure 4) on the first bin 
of the CAF revealed no differences in accuracy levels on NCR trials following a 
CR trial (t(11) = .477, p = .643) or following a NCR trial (t(11) = .813, p = .433) in 
case of rTMS over pre-SMA; nor, for that matter, after rIFC stimulation (following 
CR trial, t(11) = .437, p = .670 or following NCR trial, t(11) = -.161, p = .875). 
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Figure 4: Sequential effects on accuracy for pre- and post rTMS over either rIFC or pre-
SMA. Accuracy percentages for NCR trials (dotted lines) and CR trials (solid lines) 
are presented as a function of correspondence of the previous trial. Black lines 
represent pre-rTMS whereas gray lines represent post-rTMS sessions concerning A) 
pre-SMA following CR, B) pre-SMA following NCR, C) rIFC following CR, and D) 
rIFC following an NCR trial. As expected, errors were most frequent following CR 
trials compared to following NCR trials, confirming that participants were less 
susceptible to capture following conflict. Gray rectangles represent the planned 
comparisons. 
 
3.3.3.2 Delta Plots.  Four-way ANOVA with the factors Bin, TMS, Sequence and 
Area showed first of all an overall effect of Sequence (39 vs. 10 ms, main effect of 
Sequence, F(1,11) = 93.915, p <  .001). Secondly, the Correspondence effect over 
time depended on the nature of the previous trial (interaction Sequence x Bin, F(4,44) 
= 7.235, p = .008, GG-corrected: χ2 = 36.939, ε = .388). The delta plot (see Figure 
5) is also modulated by TMS (interaction TMS x Bin, F(4,44) = 13.519, p < .001. GG-
corrected: χ2 = 34.213, ε = .329). The overall interference effect showed a 
differential pattern for the stimulated brain area (interaction effect, Area x TMS, 
F(1,11) = 6.286, p = .029). However, the overall interference effect did not interacted 
with TMS and the nature of the previous trial (interaction Sequence x TMS, F(1,11) = 
1.505, p = .245), No clear overall changes over time for the delta value (Bin, F(4,44) 
= 2.434, p =.134, GG-corrected: χ2 = 42.018, ε = .335) or other interactions (Area x 
TMS x Bin, F(4,44) = 2.689, p = .116, GG-corrected: χ2 = 42.139, ε = .329, all other 
Fs < 1) were found.  

Although a statistically reliable four-way interaction effect was absent, theory-
driven exploratory analyses were restricted to the slowest RT bin. Planned 
comparisons (gray rectangles see Figure 5) revealed that rTMS over rIFC caused 
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an increased RT interference effect for slower responses for trials following an 
NCR trial (t(11) = -3.249, p = .008), but less so when the preceding trial was CR (t(11) 
= -1.848, p = .092). No significant effects were found with respect to pre-SMA 
stimulation for both trials following a CR (t(11) = . 394, p = .701) and following a 
NCR trial (t(11) = - .975 , p = .350).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Delta plot showing sequential effects during pre- and post -rTMS over either 
rIFC or pre-SMA. Computation of delta plot is similar to description mentioned in 
Figure 3, except that the data was split according to the correspondence of the 
previous trial and rank-ordered separately. The delta plot varied as a function of 
Sequence, following a CR (solid lines) or NCR trial (dotted lines). The black lines 
represent the delta plot of the pre sessions and the gray lines represent the delta plots 
from the post sessions for stimulation over A) rIFC and B) pre-SMA. Gray rectangles 
represent the planned comparisons. 

 
To summarize, as anticipated, reliable sequential effects on both the delta plot and 
CAF were obtained. However, rTMS of pre-SMA nor IFC affected the percentage 
of fast impulsive errors. For the delta plot, rTMS over rIFC resulted in an increased 
RT interference effect for the slowest bin if the previous trial was a NCR trial. 
These effects were absent after pre-SMA stimulation.  

 
3.4 Discussion 
In this study we used rTMS to test the causal involvement of pre-SMA and rIFC on 
the expression and suppression of action impulses. A priori hypotheses derived 
from relevant neuroimaging research (Forstmann et al., 2008a; 2008b) hold that 
stimulation of pre-SMA should result in an increased amount of fast impulsive 
errors in face of conflict. Stimulation of rIFC was expected to increase RT 
interference effects reflecting less suppression of unintended action impulses. The 
first hypothesis concerning the role of pre-SMA in response capture was not 
supported. No effect of stimulation was found on the accuracy level of fast 
responses even when sequential effects were taken into account. The second 
hypothesis concerning the causal role of rIFC in selective suppression of action 
impulses was confirmed. The specificity of the effects seen after rIFC stimulation 
lends credibility to the null finding obtained for pre-SMA stimulation yet a few 
caveats might apply. The importance of these findings is highlighted below. 
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3.4.1 Expression of action impulses 
Pre-SMA is suggested to play an important role in action selection (Nachev et al., 
2008; Mars et al., 2009). This, together with the brain correlates reported by 
Forstmann et al. (2008a; 2008b) concerning a type of conflict task similar to the 
one used in the current study, led to the hypothesis that 1 Hz rTMS over pre-SMA 
would hamper response selection reflected by increased fast error rates. However, 
pre-SMA stimulation did not affect error rates. The underlying reasons for this null 
finding could either be physiological or functional.  

First of all, the coordinates of the pre-SMA target obtained with fMRI were 
located deeper in the cortex than the coordinates of the rIFC. The distance between 
the TMS coil and the target might have reduced the impact of rTMS (Stokes et al., 
2005). Secondly, the composition of the cortical layers between the two cortical 
areas might be different (Zilles and Amunts, 2012). The effect of low frequency 
rTMS on interneurons or excitatory neurons is different (Funke and Benali, 2011). 
It is still unclear if 1 Hz rTMS has an inhibitory effect on the whole region of pre-
SMA or just on for instance the inhibitory interneurons. 

Closely related to physiological caveats are possible compensation mechanisms 
of the brain. The role of pre-SMA is maybe more mediating and other brain areas 
could compensate for a loss of activation; activation of pre-SMA occurs before the 
activation of rIFC in action switching and the motor cortex seems to compensate 
for the loss of activation within the pre-SMA (Taylor et al., 2007; Neubert et al., 
2010; Cai et al., 2012). This compensation mechanism  can be verified by using a 
dual coil approach in which rTMS over one area is followed by inactivation of a 
second area (Hartwigsen et al., 2012).  

In the current study, rTMS over pre-SMA did not result in (a priori expected) 
increase of fast errors on conflict trials, suggesting it potentially has a more subtle 
role. Previous research showing activation of pre-SMA to correlate with fast error 
rates, compared conflict trials to neutral rather than non-conflict trials (Forstmann 
et al., 2008b), as the authors suggested that both conflict and non-conflict trials 
may entail response capture, albeit effectuated by different processing routes.   

Results of a study with paired-pulse TMS over pre-SMA and M1 are consistent 
with this suggestion (Mars et al., 2009). Such a paired-pulse TMS protocol affords 
studying how response activation in M1 is modulated by preceding activation in 
pre-SMA. This paired-pulse study revealed that pre-SMA activity facilitated 
activation in M1 on correct switch trials, independent of whether response conflict 
was induced by a response-reprogramming requirement or not. It has further been 
proposed that pre–SMA stimulation induces a shift towards direct activation, 
without overt errors necessarily resulting in faster responses. Electromyographic 
(EMG) recordings from the response effectors, providing single-trial data on covert 
partial EMG errors, may prove useful in studying these shifts in initial activation of 
an incorrect response (Allain et al., 2009). 

In general pre-SMA function is related to a broad range of aspects within action 
control ranging from initial sequence learning, action switching to selective 
stopping (Nakamura et al., 1998; Rushworth et al., 2002; Nachev et al., 2008; Cai 
et al., 2012). The question still remains open if pre-SMA is involved in the 
correction of incorrect motor actions or facilitates correct actions or both.  
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3.4.2 Suppression of action impulses 
The key finding of this study is the evidence for the causal involvement of rIFC in 
selective suppression to counteract interference from involuntary action impulses, 
as evidenced by the rTMS-induced increased interference on the slow tail of the 
RT distribution. This finding extends the previously reported relation between 
function and structure of the rIFC that was correlational in nature (Forstmann et al., 
2008a; 2008b), and resembles similar findings in the domain of nonselective 
stopping (Chambers et al., 2006). A similar finding is also found outside the action 
control domain, as rTMS of the rIFC resulted in impaired reasoning during 
incongruent trials resulting in enhanced belief-bias effects (Tsujii et al., 2011). The 
proposed model entails a heuristic (fast and automatic) part and a logic- reasoning 
component (slow build up) similar to the DPAS model (Ridderinkhof, 2002a). This 
suggests a general role of rIFC in suppression of involuntary impulses beyond the 
motor system. The present findings add to that literature, in that they demonstrate, 
for the first time, that the suppression of action impulses in conflict tasks critically 
relies on proper engagement of the rIFC. 

Interestingly, the exploratory analyses concerning the sequential effects further 
nuance this finding: the impairment of selective suppression resulting from rIFC-
TMS is statistically reliable after NCR trials but only trend-wise so after CR trials. 
This pattern, although interpreted with caution, may suggest that the rIFC is 
involved not only in the reactive suppression of conflicting action impulses, but 
possibly also in strengthening proactive control after encountering action conflict 
(Aron, 2011; Stuphorn and Emeric, 2012). Proactive inhibition reflects the trial-by-
trial adjustments; here most likely reflected by the overall decreased RT 
interference effect in case the previous trial was a conflict trial. Reactive inhibition 
counteracts the response capture within the trial and is responsible for the 
decreased RT interference effect on the current trial. Reactive and proactive control 
can be dissociated, for instance by the demonstration of selective deficits among 
patients with Parkinson’s Disease (Wylie et al., 2010). Previous research (Zandbelt 
et al., 2012) showed the involvement of rIFC in reactive inhibition; keeping the 
exploratory nature of the present sequential findings in mind, the current results 
suggest the involvement of rIFC in proactive control as well. TMS over rIFC 
impairs not only reactive selective suppression, but also the proactive modulation 
over this reactive control. Such a modulation of inhibition could also explain the 
previously reported effect of anticipation of conflict trials on the delta plot 
(Forstmann et al., 2008b). Delta plots of unexpected trials showed a larger decrease 
in RT interference effect for slower responses and increased activation in rIFC 
compared to expected trials (Forstmann et al., 2008a). Proactive control serves the 
anticipation of the upcoming trial based on either previous experience (sequential 
effects) or on prior expectations of the upcoming event. If the expectancy for a 
specific trial is violated activation of rIFC is required to strengthen proactive 
control.  

The general role of the IFC in the suppression of action, as highlighted by the 
meta-analysis by Levy and Wagner (2011) is extended here to the selective 
suppression of action impulses. On conflict trials in the Simon task, one action 
impulse is suppressed in favor of activation of the correct response alternative. 
Thus, the role of rIFC in such selective suppression may constitute a subprocess of 
a more generic class of situations characterized by the need to override actions. 
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Previous work has pointed to a general role for IFC in action override, also in 
situations that focus less prominently on action suppression (Verbruggen et al., 
2010). Future work should focus on the specific role of the IFC in action 
suppression and action override.  

Note that delta plots result from combining RT distributions of both CR and 
NCR trials. Differences within the delta plot reflect changes in the underlying RT 
distributions, which may involve both excitatory and inhibitory mechanisms. The 
underlying physiological mechanisms involved in suppression of action impulses 
can be either implemented via excitatory or inhibitory connections (Duque et al., 
2010).  

To summarize, the present rTMS study shows increased RT interference for 
slow responses providing causal evidence for the involvement of rIFC in the 
suppression of conflicting action impulses. It seems that suppression of action 
impulses is mainly impaired when the previous trial was a conflict situation.  

 
3.5 Conclusion 
Overall we conclude that rIFC stimulation impairs selective suppression, shown by 
an increased RT interference effect for slower responses thus causally relating 
suppression of action impulses to rIFC function. No effects on fast impulsive errors 
were obtained after pre-SMA stimulation, leaving the exact role of the pre-SMA in 
conflict processing an open question.  
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Abstract 
The functional role of the right inferior frontal cortex (rIFC) in mediating 
human behavior is the subject of ongoing debate. Activation of the rIFC has 
been associated with both response inhibition and with signalling action 
adaptation demands resulting from unpredicted events. The goal of this study 
is to investigate the role of rIFC by combining a go/no-go paradigm with 
paired pulse transcranial magnetic stimulation (ppTMS) over rIFC and the 
primary motor cortex (M1) to probe the functional connectivity between these 
brain areas. Participants performed a go/no-go task with 20% or 80% of the 
trials requiring response inhibition (no-go trials) in a classic and a reversed 
version of the task, respectively. Responses were slower to infrequent 
compared to frequent go trials, while commission errors were more prevalent 
to infrequent compared to frequent no-go trials. We hypothesized that if rIFC 
is involved primarily in response inhibition, then rIFC should exert an 
inhibitory influence over M1 on no-go (inhibition) trials regardless of no-go 
probability. If, by contrast, rIFC has a role on unexpected trials other than just 
response inhibition then rIFC should influence M1 on infrequent trials 
regardless of response demands. We observed that rIFC suppressed M1 
excitability during frequent no-go trials, but not during infrequent no-go trials, 
suggesting that the role of rIFC in response inhibition is context dependent 
rather than generic. Importantly, rIFC was found to facilitate M1 excitability 
on all low frequent trials, irrespective of whether the infrequent event involved 
response inhibition, a finding more in line with a predictive coding framework 
of cognitive control. 

 
 
Based on: 
 
Van Campen AD, Neubert F-X, van den Wildenberg WPM, Ridderinkhof KR, Mars RB 
(2013) Paired pulse transcranial magnetic stimulation reveals probability-dependent 
changes in functional connectivity between right inferior frontal cortex and primary motor 
cortex during go/no-go performance. Frontiers in Human Neuroscience 7:736. 
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4.1 Introduction 
A changing environment requires us to constantly adapt our behavior in response 
to new and surprising events. Suppressing unwanted actions or switching between 
response alternatives are important mechanisms to adapt our behavior. From a 
psychological perspective the set of mechanisms responsible for this flexible 
behavior are frequently grouped together under the umbrella term ‘cognitive 
control’ (Miller, 2000; Ridderinkhof et al., 2004; Rushworth et al., 2004; Verguts 
and Notebaert, 2009). Response inhibition, i.e., the suppression of response 
activation of the upcoming action, is traditionally seen as one hallmark of cognitive 
control (Logan et al., 1984; Verbruggen and Logan, 2008; van den Wildenberg et 
al., 2010a). More recently, it has been argued that our brain implements control by 
employing a predictive strategy through which it extracts statistical regularities in 
the environment and uses this information to optimize response strategies (Friston, 
2005; Clark, 2013). Evidence for predictive modulation of brain activity consistent 
with this model has been reported in parietal and frontal cortex (Huettel et al., 
2005), but also in the primary motor cortex (Bestmann et al., 2008). In this 
framework, when an unpredicted stimulus occurs, this results in a prediction error 
typically signalling adaptation of the predicted or planned motor response (“action 
reprogramming”, Mars et al., 2007b), and the updating of the internal 
representation of the environment (Mars et al., 2008;  den Ouden et al., 2012). 

A large body of literature has consistently identified a network of brain regions 
involved in cognitive control processes (Garavan et al., 1999; Ridderinkhof et al., 
2004; Aron and Poldrack, 2006;  Mars et al., 2007b; Mars et al., 2011). The right 
inferior frontal cortex (rIFC) in particular has been identified as a critical node 
within this network (for review see Ridderinkhof et al., 2011). Early studies 
suggested that this area is critical for the inhibition of inappropriate responses 
(Garavan et al., 1999; Rubia et al., 2003; Aron et al., 2003), thus specifying its role 
in action reprogramming and response inhibition. Consistent with this view, a 
series of studies recently showed that rIFC exerts an inhibitory influence over the 
primary motor cortex (M1) when actions need to be reprogrammed in the context 
of environmental information (Buch et al., 2010; Neubert et al., 2010). However, 
others have suggested a broader role for rIFC in action control. For instance, 
Verbruggen and colleagues (2010) suggested that different subparts of rIFC have 
distinct roles in detecting changes in the environment and implementing the most 
appropriate action. Vossel and colleagues (2011) showed that rIFC activity in 
response to unpredicted stimuli depends on the previous trial history, an 
interpretation consistent with a predictive coding framework of cognitive control 
such as discussed above.  

Most current studies focusing on the role of rIFC in cognitive control present 
participants with an environment in which one stimulus-response combination is 
most frequent and occasional unexpected events require the dominant response to 
be overridden or replaced by an alternative action. These studies thus confound the 
requirement to inhibit a response and the surprise inherent in the unexpected 
stimulus. Thus, it cannot be fully established whether rIFC is involved primarily in 
response inhibition or more generally in the processing of unpredicted events. The 
goal of the current experiment is, therefore, to examine the influence of rIFC on the 
motor cortex in a context in which the role of response inhibition could be 
disentangled from a role in the processing of unpredicted events generally. 
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We employ a modified version of the classical ‘go/no-go’ task. In this task, one 
type of stimulus is presented frequently while another type is presented 
infrequently. In the standard version of this task, participants are required to 
respond to the frequently presented stimulus and to withhold their action to the 
infrequently presented stimulus.  In a modified version of the task we reversed the 
probabilities, such that the no-go stimuli are frequent and the go stimuli are 
unexpected. Thus, in this context, the unpredicted stimulus signals a need to 
override the pre-potent tendency to refrain from action (cf. Nieuwenhuis et al., 
2003) and does not require response inhibition. Importantly this infrequent go 
stimulus is similar to the infrequent trials in the standard version of the task in 
terms of surprise and action adaptation demands. This set-up allows us to 
disentangle the role of IFC in response inhibition from a role in processing 
unexpected events in general. 

To probe the influence of rIFC on the motor cortex, the functional connectivity 
between rIFC and M1 is assessed using paired pulse transcranial magnetic 
stimulation (ppTMS). In this procedure, a single “test” TMS pulse is delivered over 
the hand representation of M1 to elicit a motor-evoked potential (MEP) in the 
EMG recorded from the effector muscle. On half of the trials, a “conditioning” 
TMS pulse over rIFC precedes the test pulse over M1. By calculating the ratio of 
the MEP amplitude recorded on paired pulse and single-pulse trials, the impact of 
rIFC on the motor cortex assessed (Mars et al., 2009; Buch et al., 2010; Neubert et 
al., 2010; Buch et al., 2011; Catmur et al., 2011). Recent ppTMS studies showed 
rIFC exerts an inhibitory influence on M1 during action reprogramming (Buch et 
al., 2010; Neubert et al., 2010). This inhibitory effect was found when participants 
had to a switch between response alternatives. However, during normal action 
selection, a facilitatory effect of rIFC on M1 was reported. 

The main aim of this study was thus to use physiological markers of the effects 
of rIFC on M1, as assessed by ppTMS, to disentangle the role of rIFC in response 
inhibition and signaling unpredicted actions in a go/no-go task. Manipulation of the 
probability of the no-go trials was used to differentiate between inhibitory demands 
per se from the action adaptation demands resulting from unpredicted action 
signals. In case rIFC is involved in response inhibition per se, we expected an 
influence of IFC on M1 on no-go trials only. Alternatively, in case of a more 
generic override-related activation of rIFC in response to unpredicted action 
signals in general, similar patterns are expected for infrequent no-go and infrequent 
go stimuli in both experiments. 
 
4.2 Material and Methods  
4.2.1 Participants 
Eleven participants (age range 20-32 years, Mean 26.8 years SD 3.7, six women) 
performed experiment A and nine participants performed experiment B (age range 
20-32 years, Mean 26.8 years SD 3.9, five women). Initially twelve participants 
were recruited for each experiment. One participant was excluded from the 
analyses of frequent go experiment, due to low trial numbers. One participant was 
excluded from the analyses of frequent no-go experiment, due to low trial numbers. 
Another two participants dropped out after frequent go experiment because the 
frequent no-go experiment could not be completed due to time restrictions. This 
resulted in a total of eleven participants in experiment A and nine participants in 
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experiment B (eight of which participated in both experiments). All participants 
had normal or corrected-to-normal vision. All participants gave informed consent 
and were screened for familial epilepsy or other neurological disorders. A safety 
questionnaire was used to assess potential and risk factors of TMS. The Mid and 
South Buckinghamshire Research Ethics Committee approved the experimental 
procedures. At least one week before participating, participants were invited to a 
“taster” session, in which the whole procedure of the experiment was explained to 
them and they were given the opportunity to experience a few pulses of TMS, such 
that they could make an informed decision about their participation in the actual 
experiment. Participants participating in both experiments only attended the taster 
session before their first participation.  
 
4.2.2 Experimental set up 
All participants were seated approximately 85 cm in front of a computer screen and 
responded with the right index finger on the space bar. A chin support system was 
used to prevent movement of the head during the experimental blocks. Participants 
wore earplugs to protect against the noise of TMS and an EEG cap on which the 
locations of the TMS stimulation sites were marked (see Figure 1).  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: Experimental setup. A) TMS set up and task display. Participants were 
seated in front of the computer display and responded by pressing the space bar with 
the right index finger. The test coil was placed over the left M1 and the conditioning 
coil was placed over rIFC. EMG was recorded continuously from the right hand FDI 
muscle. B) TMS intervals. After the fixation cross the stimulus appeared on the screen 
for 500-750ms. On TMS trials, a pulse of TMS over the motor cortex was applied on 
one of three SOAs, either 75, 125 or 175 ms. On half the TMS trials, this pulse was 
preceded by a pulse over rIFC 8 ms earlier. 
 
4.2.3 Design and procedure 
Stimuli were presented in white on a black background on a computer screen. A 
fixation cross was presented in the middle of the screen at the start of trial for 500-
750 ms (uniform distribution) and disappeared at stimulus onset. A letter T 
(presented in regular orientation or upside-down) was used to represent go or no-go 
signals respectively. This mapping was counterbalanced over participants. The 
stimuli disappeared after 60 ms.  

When participants participated in both experiment A and B, the two 
experiments were conducted in two separate sessions on different days and 
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separated by at least one week and the stimulus-response mapping were held 
constant across the two sessions for that participant. In experiment A, the “frequent 
go” experiment, participants were instructed to withhold their response on 20% of 
the trials (no-go trials) and respond as quickly as possible with the right hand by 
pressing the spacebar on 80% of the trials (go trials). In experiment B, the 
“frequent no-go” experiment, participants were instructed to withhold their 
response on 80% of the trials (no-go trials) and respond as quickly as possible on 
20% of the trials (go trials).  

Each experiment consisted of one behavioral practice block, a TMS practice 
block and eight experimental blocks of 120 trials each. The behavioral practice 
block and the TMS practice block consisted of 60 trials. In each experimental 
block, TMS was delivered on 24 trials on go and no-go trials, 12 single pulse and 
12 paired pulse trials. TMS trials were mixed in a quasi-random fashion with no-
TMS trials (either 4, 5, or 6 successive no-TMS trials in between TMS trials) to 
prevent expectancy of the TMS pulse. TMS pulses were delivered at one of three 
time intervals after stimulus onset (SOA), namely 75, 125, or 175 ms. Overall, for 
each SOA there were 32 single pulse  trials (sp) and 32 paired pulse trials (pp), 
resulting in a total of 192 TMS pulse trials distributed over go and no-go trials per 
experiment.  
 
4.2.4 Transcranial magnetic stimulation (TMS) 
Two figure-of-eight coils connected to MagStim 200 monopulse machines (The 
Magstim Company, Whiteland, UK) were used to deliver TMS pulses. The TMS 
coil delivering the test pulse over left M1 was placed tangentially on the skull with 
the handle pointing backwards at an angle of approximately 45° (cf. O'Shea et al., 
2007). The second coil delivering the conditioning pulse was placed initially over 
rIFC with the handle pointing forward. In a few participants the orientation of the 
coil was slightly adjusted in downwards position in case the stimulation resulted in 
uncomfortable muscle contractions. The location of the coil over left M1 was 
determined as the location in which the largest MEP amplitude for any given 
stimulation intensity was elicited in the right first dorsal interosseous (FDI) muscle 
controlling the right index finger. The location of the conditioning coil was based 
on averaged MNI coordinates (x = 53, y = 15 z = 18), overlapping with previous 
work (Forstmann et al. 2008, Neubert et al. 2010 and Verbruggen et al. 2010) 
transformed back into subject space for each individual and was placed using 
neuronavigation (MRI-aligned frameless stereotaxic neuronavigation, Brainsight, 
Rogue Research, inc). 

Resting motor threshold (RMT) in both left and right FDI were assessed, 
defined as the lowest intensity (expressed as % of maximum TMS stimulator 
output) at which an MEP  with an amplitude of >50 µV is present in at least three 
out of five trials. The conditioning pulse intensity in the experiment was set at 
110% of RMT of the right M1 elicited in the left FDI (cf. Mars et al. 2009, Buch et 
al. 2010). The intensity of the test pulse over left M1 was set at the value that 
yielded an average MEP of 1.0 mV recorded from the right FDI at rest. The inter-
pulse interval for paired pulse TMS was set at 8 ms. Mean RMT stimulator output 
over the right hemisphere was 35% for both experiments, established at the start of 
each experiment (range frequent go experiment: 28% - 44%; frequent no-go 
experiment: 30%- 40%).  Mean left hemisphere stimulation intensity (1.0 mV) was 
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42% for both experiments (range frequent go experiment: 32% - 54%; frequent no-
go experiment: 37%- 53%).  
 
4.2.5 Electromygraphic (EMG) recordings  
Two Ag-AgCl electrodes were placed over the muscle belly of the FDI and the 
related muscle tendon on both the right and left hand. The left-hand electrodes 
were only used for determining the RMT and were removed before the start of the 
experimental blocks. An earth electrode was attached to the bony structure of the 
right elbow (olecranon ulnae). EMG data was sampled at 5000 Hz using a 
Cambridge Electronic Design (CED) 1902 amplifier, a CED Micro1401 Mk II. 
A/D converter. Bandpass filtering of 10-1000 Hz and using an additional 50 Hz 
notch filter was performed using Spike2 computer software (CED, Cambridge, 
UK). MEP amplitude was defined as the peak-to-peak amplitude within a window 
of 10-40 ms after the test pulse over M1. 
 
4.2.6 Analyses MEP data  

Analyses of the MEP data followed standard procedures (Mars et al., 2007a; 
2009). Trials were excluded if a) the participant responded incorrectly (commission 
or omission errors), b) the participant responded prematurely (RT < 50 ms), c) no 
reliable MEP was elicited (MEP < 200 µV), d) the MEP was elicited during or 
after the voluntary response, artificially inflating the MEP amplitude, or e) there 
was a strong precontraction of the response muscle, again artificially inflating the 
MEP amplitude. Exclusion criteria d) and e) were based on trial by trial inspection 
and using a cut-off based on 10 µV of root mean square calculated during pre-
stimulus baseline (100 ms prior to stimulus). To account for differences in overall 
MEP amplitude between participants, all MEP amplitudes were transformed into z-
scores using all MEP retained after preprocessing using the criteria outlined above 
of that participant over all conditions (Burle et al., 2002; van Campen et al., 2014). 
To quantify the paired pulse effect (PPE) of rIFC on M1, the ratio of MEP 
amplitudes between single pulse and paired pulse for each individual and SOA was 
indexed by z-scores per condition: PPE = [pp MEPmean - sp MEPmean] / [SD pp 
+ sp], where pp is paired pulse and sp is single pulse  TMS (Buch et al., 2010). In 
this way a direct comparison between single and paired pulse TMS is given. 
 
4.2.7 Normality of data  
RT data were roughly normally distributed. In contrast, accuracy levels (i.e. error 
percentages) were not normally distributed. Therefore, analysis of variance 
(ANOVA) on error percentages were performed over square-root transformed 
percentages. Shapiro-Wilk tests for normality indicated that 3 out of 24 MEP 
samples (Experiment A: spTMS no-go trials at 75 ms, Experiment B: sp-ppTMS 
go trials 175 ms) do not comply with the assumption of normality over participants. 
Because (1) the majority of the MEP samples is roughly normally distributed over 
participants, and (2) the ANOVA procedure is quite robust against moderate 
violations of the normality assumption (Schmider et al. 2010), we analyzed single 
pulse  and paired pulse MEP amplitude with an overall omnibus mixed ANOVA. 
PPE data are normally distributed over participants, according to both 
Kolmogorov-Smirnov (>.166) and Shapiro-Wilk (>.183) tests of normality. 
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Analyses. Mean RT and accuracy data were submitted to ANOVA with the 
between-subjects variable Experiment (frequent go vs. frequent no-go). A two-way 
ANOVA with the within-subject factors Trial-type  (go vs. no-go trial) and SOA 
(75, 125 and 175 ms) and the between-subjects factor Experiment (frequent go vs. 
frequent no-go) was used to analyze the single pulse MEP data. A three-way 
ANOVA with the within-subject factors Pulse (single pulse vs. paired pulse), 
Trial-type  (go vs. no-go trial) and SOA (75, 125 and 175 ms) and the between-
subjects factor Experiment (frequent go vs. frequent no-go) was used to analyze all 
MEP data. When the sphericity assumption was violated, degrees of freedom were 
corrected using the Greenhouse-Geisser (GG) method. Uncorrected degrees of 
freedom are reported for ease of reading.  

It was not known at which time point in the response interval IFC exerted 
influence of the motor cortex. Therefore, we probed this interaction at the different 
SOAs. However, this also made our design unnecessarily conservative. Therefore, 
when looking at the specific effects on infrequent trials, which are the focus of the 
current manuscript, we followed hierarchical procedure to investigate these effects. 
First, we test the PPE on infrequent trials for each SOA in each experiment against 
zero. Based on these analyses we identified that the 125 ms SOA in the frequent go 
experiment and the 175 ms SOA in the frequent no-go experiment were the 
moments at which IFC exerted its influence on M1. We then tested the differential 
effects of trial-type in the two experiments at only these SOAs in a single ANOVA. 
This procedure, though, does mean our data await replication in a separate 
experiment in with the SOAs are predetermined in the hypothesis. In the next 
section behavioral data are presented first, followed by the single pulse MEP data, 
overall physiological data, and PPE analyses. 
 
4.3 Results 
4.3.1 Behavioral data  
A one-way ANOVA with the between-subjects factor Experiment (frequent go vs. 
frequent no-go) was used to analyze the RT and accuracy data. RTs on go trials 
were considerably faster in the frequent go experiment as compared to the frequent 
no-go experiment (333 ms vs. 431 ms, main effect Experiment, F(1,18) = 20.586, p 
<.001). Fewer commission errors were made on frequent compared to infrequent 
no-go trials (0.3% vs. 20.8%, main effect Experiment, F(1,18) = 45.251, p <.001). 
Commission error responses were considerably faster on infrequent compared to 
frequent no-go trials (304 ms vs. 471 ms, main effect Experiment, F(1,17) = 17.175, 
p = .001). For go trials, omission error incidence was comparable across 
experiments (0.4% vs. 1.1%, Experiment, F(1,18) = .533, p = .475). These behavioral 
patterns were similar to a previous study using a similar probability manipulation 
(Nieuwenhuis et al., 2003). 
 
4.3.2 Single pulse TMS  
A two-way ANOVA with the within-subject factors Trial-type (go trials vs. no-go 
trials), and SOA (75, 125, or 175 ms) and the between-subjects factor Experiment 
(frequent go vs. frequent no-go) was used to analyze the z-scored single pulse  
MEP data. As expected MEP amplitudes were higher on go compared to no-go 
trials (.042 vs. -.101, main effect of Trial-type, F(1,18) = 6.111, p = .024). Larger 
MEP amplitudes were found in the frequent no-go experiment for no-go trials (-
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.088 vs. .029, main effect Experiment, F(1,18) = 7.984, p = .011). In addition, the 
difference in MEP amplitudes between go and no-go trials was modulated by the 
experimental context (interaction effect, Trial-type x Experiment, F(1,18) = 39.867, p 
< .001). 

MEP amplitudes differed depending on the time point of stimulation (-.200, -
.010 and .122, main effect of SOA, F(2,36) = 7.933, p = .001). As can be seen in 
figure 2A, in the frequent go, where responding to the stimulus was the 
predominant response and participants reacted fastest (see above, Behavioral 
results), the amplitude of the MEP increased over time when the stimulation 
occurred closer to the response. On the no-go trials, where participants were not 
required to make a response, this monotone increase is not observed. This pattern 
of go and no-go modulation of MEP amplitude was not seen in the frequent no-go 
experiment, presumably due to the much longer response times. These effects are 
reflected in the significant interactions, between SOA and Experiment (F(2,36) = 
7.650, p = .002), between SOA and Trial-type (F(2,36) = 3.677, p = .035) and 
between Trial-type, SOA, and Experiment (F(2,36) = 16.963, p < .001).  

In sum, the single pulse MEP amplitudes during frequent go trials show the 
pattern normally observed during response trials and this pattern was modulated by 
the task manipulation with frequent no-go signals. These results suggest that our 
experimental manipulation was successful and hence we now turn to comparing the 
effects of rIFC stimulation on M1. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: MEP amplitudes. Z-scored MEP amplitudes of single-pulse (sp) and paired-
pulse (pp) MEPs for go and no-go trials at three SOA for A) frequent go experiment 
and B) frequent no-go experiment. Black lines represent MEP amplitudes of go trials 
and grey lines of no-go trials. Solid lines are single-pulse MEP amplitudes and dotted 
lines are paired-pulse MEP amplitudes. 
 
4.3.3 Physiological effects of ppTMS over rIFC on M1  
A three-way ANOVA with the within-subject factors Pulse (spTMS vs. ppTMS), 
Trial-type (go vs. no-go trials), and SOA (75, 125, or 175 ms) and the between-
subjects factor Experiment (frequent go vs. frequent no-go) was used to analyze the 
z-scored MEP data (Figure 2A and B). As was observed for the single pulse  data, 
MEP amplitudes on go trials were larger than on no-go trials (.067 vs. -.113, main 
effect of Trial-type, F(1,18) = 16.103, p = .001), but this general pattern was different 
between the two experiments (Trial-type x Experiment interaction, F(1,18) = 40.469, 
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p < .001). There was no main effect of pulse (Pulse, F(1,18) = .144, p = .709), but 
there were specific effects of Pulse between the two experiments (Pulse x 
Experiment interaction, F(1,18) = 5.200, p = .035).  In the frequent go experiment, 
MEP amplitudes were lower following spTMS than ppTMS, whereas in the 
frequent no-go experiment this pattern was reversed. This was also reflected in the 
different trial-types (Trial-type x Pulse x Experiment interaction, F(1,18) = 4.446, p 
= .049). Thus, the presence of a pulse over rIFC affected the amplitude of the MEP 
elicited by the test coil in the two experiments differently. 

Investigating the SOA-specific effects, we again observed that the MEP 
amplitudes changed over time (-.197, -.019 and .146, main effect of SOA, F(2,36) = 
13.182, p < .001). The pattern of MEP amplitudes over time was different between 
the two experiments (interaction effect, SOA x Experiment, F(2,36) = 9.666, p < .001) 
and differed between go and no-go trials (interaction effect, SOA x Trial-type, F(2,36) 
= 9.424, p = .002, GG-corrected: χ2 = 9.757, ε = .696).  Also the pattern over time 
of MEP amplitudes on go and no-go trials was different between the two 
experiments  (interaction effect, Trial-type x SOA x Experiment, F(1,18) = 15.459, p 
< .001). 

In summary, the effects of Pulse indicate that preceding the test pulse over M1 
by a conditioning pulse over rIFC modulated the amplitude of the MEP. This effect 
is specific to Trial-type and SOA. Importantly, the reported effect differed between 
the two experiments. In the next section, we investigate these differences more 
closely using planned t-tests of the effects of the rIFC on M1 at each SOA and 
trial-type and within each experiment. 
 
4.3.4 Paired pulse effects (PPE): all SOAs  
In order to get a clearer picture of the effects of the rIFC pulse on the excitability of 
the motor cortex, we calculated the “paired pulse effect” (PPE) for each time point 
and each condition (see Methods). The PPE has been established as a standard 
measure of causal influence of one cortical area over another (e.g., Civardi et al., 
2001; Koch et al., 2006; O'Shea et al., 2007; Mars et al., 2009; Buch et al., 2010). 
If there is no effect of the rIFC pulse on the excitability of the motor cortex, i.e., on 
the MEP amplitude, PPE is zero. A positive PPE means that a pulse over rIFC 
increased the excitability of the motor cortex in that condition, termed ‘facilitation’, 
and a negative PPE indicates a decrease in M1 excitability, termed ‘inhibition’. 
These effects are displayed in Figure 3A and B. 
 
 
 
 
 
 
 
 
 
 
Figure 3: Paired-pulse effect (PPE) no-go trials and go trials.  Black bars represent 
PPE of go trials and grey bars of no-go trials for A) frequent go experiment and B) 
frequent no-go experiment. 
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One sample t-tests of the PPE against zero (the null hypothesis of no effect of 
rIFC stimulation) showed that in frequent go experiment the only influence of rIFC 
on the motor cortex was a facilitatory effect on the infrequent no-go trials at the 
specific time interval of 125 ms after stimulus presentation (.353, t(10) = 2.298, p 
= .044, all other effects p > 0.30). Interestingly, such a facilitatory effect was also 
present on the infrequent go trials in the frequent no-go experiment, with rIFC 
stimulation enhancing motor cortex excitability at the later time point of 175 ms 
(.319, t(8) = 2.560, p = .034). Thus, there is a facilitatory effect of rIFC on M1 on 
infrequent trials, independent of their response (or inhibition) requirements. 
Inhibitory effects of rIFC on M1 were found in the frequent no-go experiment on 
no-go trials at 125 ms (-.266, t(8) = -4.230, p = .003). A direct contrast of the 
facilitatory effect on infrequent no-go trials in the first experiment (frequent go 
trials) and frequent no-go trials in the second experiment revealed a significant 
difference between the two at SOA 125 ms (.353 vs. -.266, t(18) = 3.729, p = .002, 
corrected for unequal variance). No other effects reached significance (all p > 0.1). 
 
4.3.5 Paired pulse effects (PPE): Effects of low probability 
 The goal of the experiment was to test whether the influence of IFC on M1 
differed as a function of frequency between trial-types and experiments. 
Specifically, we were interested to see what would happen on low-frequency trials 
if they were traditional no-go trials or go trials. In order to ensure that we were able 
to detect any effects present, we probed the influence of IFC on M1 at three 
different SOAs. Thus far, we have reported effects while looking at all these SOAs. 
This design is, however, unnecessarily conservative, since we probe time points 
outside those where expect our effect. Therefore, we now present a more focused 
analysis, comparing the PPE on low frequent trials between the two experiment at 
the SOA that IFC influence is strongest. This SOA was defined for each 
experiment as the moment where the PPE of the low-frequent trial-types was 
maximum as indicated by the t-test of the PPE against zero. This was the 125 ms 
SOA for the frequent go experiment and the 175 ms SOA for the frequent no-go 
experiment. 

We performed an ANOVA on the PPE on both go and no-go trials at those time 
points of maximum influence of IFC on M1. This one–way ANOVA with within-
subject factor Trial-type (go trials vs. no-go trials) and the between-subjects factor 
Experiment (frequent go vs. frequent no-go) for infrequent stimuli (SOA 125 and 
175 ms) revealed an interaction between Trial-type and Experiment (Trial-type x 
Experiment interaction, F(1,18) = 10.076, p = .005). No main effect of Experiment or 
Trial-type was found (Experiment, F(1,18) = 1.958, p = .179, Trial-type, F(1,18) = 
1.616, p = .220). This analysis thus shows that IFC influences M1 on different 
trial-types in the two experiments. 

In conclusion, slower RTs on go trials and fewer commission errors on no-go 
trials were found in the frequent no-go experiment replicating previous results 
(Nieuwenhuis et al. 2003). Overall, differences in MEP amplitudes between the 
experiments were found indicating a different pattern of activation. Most important, 
facilitatory PPEs were observed not only on infrequent no-go trials, but also on 
infrequent go trials. The time difference between these PPEs (maximal at 125 and 
175 ms after stimulus presentation, respectively) likely reflects the corresponding 
difference in response speed between the two contexts. In case of frequent no-go 
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trials, an inhibitory PPE was found that peaked around 125 ms after stimulus 
presentation. 
 
4.4 Discussion 
The main goal of this study was to investigate the role of rIFC on the excitability of 
the primary motor cortex during cognitive control. Two main hypotheses can be 
formulated based on the literature, namely that rIFC functions to inhibit incorrect 
response tendencies or that rIFC responds to surprising stimuli in a more general 
sense. We manipulated the probability of no-go trials to differentiate inhibitory 
demands (withholding an action) from the action adaptation demands resulting 
from unpredicted events. Behaviorally, we observed faster responses on frequent as 
compared to infrequent go trials, and fewer commission errors on frequent as 
compared to infrequent no-go trials. Physiologically, facilitatory functional 
connectivity between rIFC and M1 was observed not only on infrequent no-go 
trials, but, crucially, also on infrequent go trials. This finding implies that rIFC 
influences M1 when unpredicted stimulus signals action adaptation demands in 
general, rather than just response inhibition per se.  

The behavioral findings replicate previous work (Nieuwenhuis et al., 2003). 
These authors analyzed behavioral and event-related brain potential effects in a 
go/no-go task using frequent go and frequent no-go contexts. Physiologically, these 
authors first replicated typical findings, reporting a larger N2 event-related 
potential on infrequent no-go trials compared to frequent go trials, consistent with 
the then dominant account that N2 amplitude reflects inhibitory demands. However, 
when go- and no-go probabilities were reversed, they observed that the N2 
disappeared or reversed for frequent no-go trials; instead, the N2 was now largest 
for the infrequent go trials, more consistent with an alternative account of the N2 in 
terms of conflict when the predicted action was to be overridden by a competing 
action option as designated by an infrequent signal. Their results are similar to the 
facilitatory PPE observed on the low frequent stimuli in the current experiments.  

The physiological effects in the present study form an extension and in part an 
apparent departure from the results of previous PPE studies (Buch et al., 2010; 
Neubert et al., 2010). In the next section we will first contrast the current findings 
with previous studies using single pulse TMS over M1 and secondly compare the 
current findings with other paradigms in which PPE is used as an index of 
functional connectivity. Finally, we will discuss the current findings within the 
existing framework of action control. 
 
4.4.1 Single pulse effects 
In this study, we exploited the use of TMS as a probe of cortico-spinal excitability. 
The amplitude of the MEP elicited by a single TMS pulse over the primary motor 
cortex can be taken as an index of the activity within cortico-spinal neurons 
(Civardi et al., 2001). This was clearly reflected in the development of the MEP on 
successive SOAs in the frequent go experiment. While MEP amplitudes were not 
significantly modulated during no-go trials, they increased during the stimulus-
response interval on go trials. This is similar to effects standard observed in the 
literature (Leocani et al., 2000; Yamanaka et al., 2002; Coxon et al., 2006; van den 
Wildenberg et al. 2010b; Fujiyama et al., 2011). A different pattern was observed 
on frequent no-go experiment, which is partly explained by the longer response 
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times in that experiment, resulting in the TMS pulses effectively occurring earlier 
in the response period. The pattern of MEP amplitudes during the go trials in the 
frequent no-go experiment might slightly surprising, showing a tendency to be a bit 
lower than baseline (75 and 125 ms) at SOA 175 ms, but it should be noted that it 
is not uncommon to see inhibitory processes within the motor cortex at work 
during longer stimulus-response intervals (Hasbroucq et al., 1999; Duque and Ivry, 
2009). Importantly, in the current experiment, the single pulse MEP amplitude is 
simply a baseline that is compared to the MEP amplitude on ppTMS trials. It is the 
modulation of the spTMS MEP amplitude by the preceding pulse over rIFC that is 
the dependent variable in this experiment. 
 
4.4.2 Paired pulse functional connectivity 
 In the current study we found facilitatory effects of rIFC on M1 on low frequent 
trials, independent of whether these trials required the inhibition of a response. An 
inhibitory effect of rIFC on M1 was found only on frequent no-go trials. Previous 
work probing rIFC influence over M1 showed an inhibitory effect on switch trials 
around 175 ms and a facilitatory effect on stay trials (Neubert et al., 2010). This 
inhibition seemed to be preceded by a facilitatory effect of pre-SMA on M1 on 
action reprogramming trials (Mars et al., 2009; Neubert et al., 2010). One might 
expect action reprogramming trials and no-go trials to show similar dynamics, but 
this was not observed in the current experiment. Although the results of the present 
study make sense in the context of the literature on predictive coding and rIFC 
(e.g.,Vossel et al., 2011), the results are not directly comparable with these 
previous paired pulse TMS experiments. However a number of factors might 
reconcile these apparently different effects. 

First, it seems likely that multiple processes occur in the time interval between 
stimulus and response. Rather than rIFC sending a single signal to M1 it seems 
more likely that there is a two-way stream of communication, with information 
going both from rIFC to M1 and back, and it is known that rIFC interacts with M1 
via both cortical and subcortical pathways (Neubert et al., 2010), the different 
functions of which are yet to be established. The current study is also the first to 
probe rIFC/M1 interactions during cognitive control outside the context of explicit 
action reprogramming and could therefore have tapped into previously unidentified 
interactions between the two cortical loci. Importantly, one should also be cautious 
relating physiological inhibition, as indicated by an inhibitory PPE, and cognitive 
inhibition, which is what is assumed to occur during response conflict resolution. 
Although the result from previous action reprogramming studies conveniently 
showed physiological inhibition where cognitive inhibition would be hypothesized, 
this inference warrants caution. 

It should also be noted that the effects of ppTMS, although highly consistent 
and replicable between subjects and sessions (Neubert et al., 2010), are quite 
sensitive to even small changes in stimulation site and stimulation intensity 
(Civardi et al., 2001). Although we have kept the stimulation intensities in the 
current experiment to the same levels as in the previous experiments, the location 
of the rIFC coil might have been more ventral. In the study by Neubert and 
colleagues (2010), the coil ended up in location with a z-coordinate in MNI space 
of 25-30, whereas in the current study we aimed at a z-coordinate of 18. It is now 
becoming more and more apparent that the rIFC consists of a number of 
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subdivisions, including different partitions in the dorsal-ventral dimension. It is 
also becoming clear that these subareas have different functions in cognitive 
control (Verbruggen et al., 2010). Therefore, it is not unlikely that our quite ventral 
simulation position targeted a different rIFC subdivision than the previous studies 
of Neubert and colleagues (2010) and Buch and colleagues (2010). This provides 
an interesting hypothesis for future studies. 
 
4.4.3 The role of rIFC in the larger network 
Cognitive control relies on a network of areas, prominently involving the rIFC, 
pre-supplementary motor area (pre-SMA), and basal ganglia (for reviews see 
Mostofsky and Simmonds, 2008; Ridderinkhof et al., 2011; Mars et al., 2011). It is 
therefore important to consider the present results in the context of this larger 
network, rather than presuming that rIFC functions alone to implement cognitive 
control. Work in primates (Isoda and Hikosaka, 2007) and humans (Nachev et al., 
2007; Forstmann et al., 2008a,b; Mars et al., 2009; Wylie et al., 2010b) confirm an 
essential role not only for rIFC but also for pre-SMA and STN in conflict 
resolution. It has been shown that all nodes of this network are connected in the 
human brain (Aron et al., 2007) and that disruption of one node influences the 
activity and functional connectivity of the remaining nodes (Neubert et al., 2010).   

The current results show a role of rIFC beyond response inhibition and it is 
worth considering what this means for its role in the larger network. Previous 
models in the interaction between the different nodes in this cognitive control 
network suggest that medial frontal cortex including pre-SMA is active before 
lateral frontal cortex including rIFC (Neubert et al., 2010; Kouneiher et al., 2009). 
The fact that rIFC is active on all types of surprising trials dovetails with similar 
observations of pre-SMA (Strange et al., 2005). These results invite an 
interpretation along the lines of predictive coding framework for the whole 
network and provide some possible clues on the function of rIFC within this 
network.  
 
4.4.4 Interpretation limitations 
The current findings of IFC influence on M1 in response to infrequent stimuli 
provide evidence in line with the predictive coding account (Friston 2005; Clark 
2013). However, some caution is warranted. 

First, the exact timing of functional connectivity is difficult to predict. 
Therefore, we probed three well-documented time points (75, 125 and 175 ms), 
adding an additional factor to the design, making our design necessarily less 
powerful. Therefore, in the final part of the analyses, we used a series of t-tests to 
determine at which SOA the influence of IFC over M1 was largest on the 
infrequent trials. This turned out to be the 125 ms SOA in the frequent-go 
experiment and the 175 ms SOA in the frequent-no-go experiment. We then 
performed a Trial-type x Experiment ANOVA on the PPE of these time points, 
showing clearly that the effect of IFC on M1 is on different trial-types in the two 
experiments. In this way, we thus limit our interpretation to the trial-type and 
direction of the effect. We acknowledge that by analyzing the data in this fashion, 
we perform a delicate balance between the need to probe a range of time points in 
order to ensure we don’t miss detecting our effect and the need to not have a very 
underpowered design. The current results should thus be seen as preliminary. 
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Future experiments should for instance, perform these tests on different datasets, 
one focusing on identifying the SOAs that should be probed and a separate dataset 
to investigate the effect of frequency. 

Second, we probed the functional connectivity between IFC and M1 using an 
inter-pulse interval of 8 ms, which is similar to the timing of previous experiments 
(Buch et al., 2010; Catmur et al., 2011) and is thought to afford the involvement of 
direct cortical pathways (Neubert et al., 2010). Additional experiments employing 
longer inter-pulse intervals might reveal additional effects relying on sub-cortical 
pathways as well. 

The current study thus invites a number of follow-up experiments to investigate 
top-down control over the motor cortex within a predictive coding framework, 
replicating the present effects in a large cohort and investigating the neural 
pathways mediating these effects. In general, we believe ppTMS has proven itself a 
suitable tool in this endeavor. 
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Evidence accumulation modeling of benchmark phenomena 

from conflict tasks: Constraining the space of descriptive 

theories 
 

A. Dilene van Campen, Leendert van Maanen, 
Birte U. Forstmann, Roger Ratcliff  & K. Richard Ridderinkhof 

 
Abstract 

Over the last half-century, several descriptive models have been forwarded to 
explain behavioral interference effects emerging from conflict paradigms such as 
the Simon task. The aim of the present study is to use formal quantitative modeling 
for constraining the space of these qualitative theories. We extracted three 
representative behavioral benchmark phenomena of the Simon task: congruence 
sequence effects (CSE), response capture (fast incongruent errors), and fade-out 
(reduction of interference effects for slower responses). Based on experimental 
evidence, we examine which parameter variations of two quantitative models (the 
Diffusion model and the Linear Ballistic Accumulator model) account for the 
benchmark phenomena. Response capture and CSE are accommodated by bias 
toward congruent responses or toward repetition of congruence conditions, 
respectively, whereas a combination of bias toward congruent responses and a 
compensatory increase in drift rate for incongruent responses jointly account for 
fade-out. These nontrivial modeling outcomes are replicated in data from a recently 
published study with neurophysiological indices and evaluated in light of those 
indices. Finally, we use the modeling outcomes to establish the mechanistic 
elements and process dynamics that any representative theory should be able to 
capture. Several prominent descriptive models of the Simon task are evaluated in 
terms of whether and how they accommodate the key mechanisms and dynamics, 
and of their capacity to predict benchmark phenomena without superfluous 
assumptions.  
 
 
 
Based on: 
 
Van Campen AD, Van Maanen L, Forstmann BU, Ratcliff R, Ridderinkhof KR (submitted) 
Evidence accumulation modeling of benchmark phenomena from conflict tasks: 
constraining the space of descriptive theories Submitted to Psychological Review.
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5.1 Introduction 
Within the so-called conflict paradigm, a range of reaction time tasks have been 
employed to study the mechanisms through which task-irrelevant stimulus 
information interferes with the efficiency of responding to task-relevant stimulus 
information. Seminal efforts in this tradition (Stroop, 1935; Fitts & Seeger, 1953; 
Eriksen & Eriksen, 1974; Simon & Rudell, 1967) have been followed up by a host 
of studies entailing a wide variety of conflict tasks, yielding a plethora of findings, 
and giving rise to a proliferation of process models to account for these findings. 
These models generally tended to remain descriptive in nature and were often 
designed to explain a limited set of specific phenomena. The field has remained 
largely devoid of formal modeling attempts aimed at accounting for a wider range 
of phenomena. The aim of the present study is to engage formal quantitative 
modeling for constraining the space of qualitative theories of interference effects in 
one of the paradigmatic conflict tasks, the Simon task (in which the spatial location 
of stimuli is task-irrelevant but nonetheless influences the process of selecting a 
response, as designated by stimulus color).  

In brief, after introducing some classic examples of tasks from the conflict 
paradigm (1), we will focus on typical findings in the Simon task 2) extract from 
those a comprehensive set of representative benchmark phenomena for which a 
theory should account; and 3) evaluate the extent to which main-stream descriptive 
models provide parsimonious predictions and explanations with respect to each of 
these benchmark phenomena. Next, we will 4) explain why quantitative modeling 
would help constrain theoretical space for qualitative models. To show 5) how 
these models could be used we will present an experiment with the Simon task, 
designed to produce the benchmark phenomena in pronounced form, that will 
allow us to 6) fit two representative mathematical evidence-accumulation models 
(the Diffusion model and the Linear Ballistic Accumulator model) to identify 
which parameter variations are key to accounting for the benchmark phenomena. 
Next, we 7) replicate the model selection and fits in an existing data set, and 
evaluate the model solutions directly to neurophysiological indices of response 
activation and suppression as derived from that study. We will then 8) use the 
modeling outcomes to establish the mechanistic elements and process dynamics 
that any representative theory should be able to capture. Finally, we 9) consider the 
most prominent candidate theories in terms of how they accommodate the key 
mechanisms and dynamics in a parsimonious fashion and their capacity to predict 
the benchmark findings without superfluous assumptions, and we 10) evaluate how 
our modeling outcomes constrain the space of descriptive theories of such effects, 
and help set these theories on a more mechanistic footing. 
 
5.1.1 Classic Conflict Tasks 
Imagine being confronted with a jinxing soccer opponent. One might easily be 
tricked into responding to a skillful leg feint rather than to the direction / position 
of the ball. Goal-directed action entails resisting the impulse to react to the 
distracting jinx maneuver and instead reacting to the moving ball. In the lab, 
interference from irrelevant information is typically studied using varieties of 
conflict tasks. In this section we will briefly outline a number of classic tasks, 
named after their eponyms (Stroop, Fitts, Simon, Eriksen), that are still highly 
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influential after many decades. These theories divide issues into perceptual 
interference and response competition.  

Few tasks have been as influential as the Stroop task (Stroop, 1935). Instructed 
to name the ink color of a stimulus, participants typically respond fast and accurate 
in the absence of conflict (e.g., say “blue” to a rectangle printed in blue, or to the 
word BLUE printed in blue – the latter is an example of a congruent stimulus). 
Responses to incongruent stimuli (e.g., the word PINK printed in blue) are 
generally slower and less accurate because of the strong tendency to read the word 
and mistakenly utter “pink” instead of “blue”. This performance difference is 
called the Stroop effect and its magnitude is used widely to study how well 
individuals resist or handle interference from irrelevant information. 

Another classic conflict effect is seen in spatial stimulus-response (S-R) 
compatibility tasks. S-R compatibility refers to the spatial congruency between a 
stimulus and the designated response. Responses are fast and accurate when a 
stimulus presented on the left side of a visual display requires a response with the 
left hand, but slow and error-prone when it requires an incompatible response with 
the right hand (Fitts & Seeger, 1953). Notably, when subjects cross their arms, the 
conflict effect goes with spatial position rather than with the hand: left-hand 
responses to a stimulus presented on the left are slowest when the left hand is 
positioned on the right side of the body.  

The effects of spatial S-R compatibility hold even when stimulus position is 
task-irrelevant (Simon, 1969). For instance when subjects respond to the color of a 
stimulus (say, a blue stimulus requiring a left-hand response and a green stimulus 
requiring a right-hand response), responding is slowed when the task-irrelevant 
position of the stimulus corresponds to the side of the designated response 
compared to when the stimulus is presented on the opposite side (a conflict effect 
referred to as the Simon effect; the conflict effect observed when the stimulus 
position is task-relevant and designates a spatially incompatible response is often 
referred to as the Fitts effect). 

A similarly classic conflict task is the Eriksen flankers task (Eriksen & Eriksen, 
1974). A centrally presented target stimulus is one of two letters that are associated 
with opposite responses. Surrounding distractor letters (‘flankers’) are either the 
same (congruent) as the target, or the alternative (incongruent). Congruent flankers, 
though task-irrelevant, if anything, activate the correct response, whereas incorrect 
flankers incite the impulse to generate the competing response, as expressed in 
slower and more error-prone responses. This conflict effect has been studied most 
often using arrow versions of the Eriksen flanker task, introduced initially for use 
in young children who have not yet mastered the alphabet (Ridderinkhof et al., 
2005). In letter as well as arrow versions of the task, the conflict effect is typically 
referred to as the flanker effect. 

A host of different varieties, and sometimes combinations, of these tasks have 
been entertained since their introduction. While all of these tasks count as conflict 
tasks and as such are suggested to entail similar mechanisms of interference and 
competition, pronounced differences in emphasis cause different studies to 
capitalize on different aspects and dynamics of conflict. For instance, while 
semantic conflict may play a more considerable role in the Stroop task than in 
other conflict tasks, response competition is likely to play a more prominent role in 
S-R compatibility tasks, whereas the role of perceptual interference may depend 
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more on experimental manipulations that on task type per se (e.g., Simon & 
Berbaum, 1990; Egner, 2007; Pratte et al., 2010).  

In this study we will concern ourselves primarily with the Simon effect. Over 
the last forty years, the literature on the Simon task has witnessed an ongoing (and 
often heated) debate over the possible mechanisms of action selection and 
interference (e.g., Craft & Simon, 1970; Hedge & Marsh, 1975; Nicoletti & Umilta, 
1985; Kornblum et al., 1990; Hommel, 1993b, 1994; De Jong et al., 1994; 
Ridderinkhof, 2002a; Stürmer et al., 2002; Hommel et al., 2004; Egner, 2008; 
Leuthold, 2011; Van der Lubbe & Abrahamse, 2011; for reviews see Simon 1990, 
and a 2011 special edition of Acta Psychologica dedicated to the Simon task).  

Experimental manipulation of the difficulty and efficiency of various 
component processes has proven relatively straightforward in the Simon task 
(Hommel, 2011a; Leuthold, 2011), and includes a number of intriguing and 
nontrivial effects (such as the finding that the Simon effect is greater when stimuli 
and response hands are arranged vertically compared to horizontally; as detailed 
below). Moreover, compared to most other types of conflict tasks, the Simon task 
is renowned for producing relatively pronounced and robust benchmark 
phenomena, as will be discussed shortly. First, we will consider the distinction 
between anticipatory versus online modes of action control in conflict tasks, as this 
distinction will play a role in interpreting and understanding the benchmark 
phenomena discussed below, irrespective of the preferred interpretational 
descriptive model. 
 
5.1.2 Online Action Control vs. Anticipatory Action Regulation  

It is important to distinguish the discussion of the mechanistic processes of 
online action control from the anticipatory processes that regulate them 
(Ridderinkhof et al., 2011).i Online action control refers to processes involved in 
selecting the correct response, as designated by the task-relevant stimulus feature, 
and in suppressing and overriding incorrect actions (Vohs & Baumeister, 2004). In 
the jinxing soccer-player example, online action control consists in overriding the 
tendency to respond to the jinx maneuver in favor of reacting to the ball. It may 
not always be possible to deploy online action control processes successfully, 
to completely cancel out incorrect, inappropriate, or undesirable actions.  

However, in establishing action control it may be possible to prepare for 
task-inappropriate action affordances and to mitigate or counteract their 
undesired effects. If one has been jinxed on previous occasions, anticipatory 
action regulation might lead one to tighten / emphasize online control to pre-empt 
being tricked further. Thus, the expression of the online action control processes 
may be modulated by anticipatory adjustments of action-selection priorities. 
Anticipatory action regulation thus refers to those modulatory processes that either 
strengthen online action control proactively, or pre-empt the need for such online 
action control (Rabbitt, 1966). Such anticipatory processes can be described in 
terms of two orthogonal dimensions: regulation may be prospective or reactive in 
nature, and it may take on proactive or pre-emptive forms. 

In many an instance, anticipatory regulation will be reactive in nature; that is, 
adjustments of online action control will be contingent upon performance errors or 
internal signals of performance difficulty, such as response conflicts. Once being 
jinxed by one’s opponent, one might instill reactive anticipatory regulation to 
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prevent one from being tricked again. In other instances, anticipatory regulation 
will be more prospective in nature; for instance, when playing a top team, the 
opponent’s reputation (“always to the left”) may incite prospective anticipatory 
regulation to prevent one from being jinxed in the first place.  

Whether prospective or reactive in nature, anticipatory action regulation can be 
accomplished through either proactive or pre-emptive adjustments. One may 
attempt to proactively strengthen online action control, for instance by a priori 
amplifying those processes that help keep our horses in check when skilled jinxing 
is anticipated. Alternatively, one may attempt to pre-empt the need for online 
action control, for instance by keeping one’s eyes on the ball, that is, increasing the 
focus of selective attention to filter out task-irrelevant stimuli such that these fail to 
elicit strong capture in the first place; or by counteracting the expected action.  
 
5.2 Benchmark Phenomena in the Simon Task 
In this section we will briefly review some representative findings from the Simon 
task. For more extensive reviews we refer to Pratte et al., (2010) and Proctor et al., 
(2011). From this selective review we will extract a limited set of representative 
benchmark phenomena that each theory of the Simon task should be able to 
account for. In order for these benchmark phenomena to be explained, descriptive 
models should accommodate mechanisms that allow for the specific processes and 
specific process dynamics so as to engender the phenomena without the need for 
additional or superfluous assumptions.  

We have selected as benchmark phenomena a set of phenomena that we believe 
are central and is well suited to distinguish between descriptive interpretational 
framework in terms of their power to accommodate or even predict them.  No 
candidate model of the Simon effect can be regarded as plausible if it is unable to 
generate the benchmark phenomena (Schwarz & Miller, 2012). Our aim is to 
evaluate which mechanistic and dynamic characteristics are crucial in order for 
theories to account for the phenomena. In the experiments presented below we 
have combined the different benchmarks into one study, and in the formal response 
time modeling of the data, a single model framework is used to account for the 
different phenomena.  

We will begin by examining the effects of various experimental manipulations 
of the Simon effect, and single out three patterns of findings, which present a 
challenge to any theoretical framework. First, we examine the robust effects of trial 
history which are generally independent of experimental manipulations 
(Hazeltineet al., 2011). Second, we analyze how the Simon effect changes across 
the RT distribution: these dynamics tend to violate a prominent statistical regularity 
(i.e., the variance increases with the mean; Wagenmakers & Brown, 2007), and 
produce a pattern of fast errors so striking and so characteristic of the Simon task 
that a satisfactory account seems compulsory. 
 
5.2.1 Benchmark 1 – Congruency Sequence Effects 
The magnitude of interference in the Simon task, as well as other conflict tasks, 
depends on recent trial history: interference effects on RT and accuracy are 
commonly reduced following response conflict (for review see Egner, 2007). This 
finding is commonly referred to as the Gratton effect (Gratton et al., 1992), but 
since that term is used mostly in the context of one specific interpretational 
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framework (namely, Conflict Control Loop Theory), a more neutral term is 
Congruency Sequence effect (CSE; Egner et al., 2010). The CSE may be likened to 
our jinxing example: if one’s opponent just attempted a jinx, one will keep one’s 
eyes on the ball so as not to be tricked again by distracting feints on the next 
encounter; but if jinxing attempts remain absent for some time, one may become 
more lenient and hence be lured straight into the trap upon the next attempt.  

In the Simon task and similar conflict tasks (e.g., flanker task; Mayr et al., 2003, 
picture-word interference; van Maanen & van Rijn, 2010), these sequential effects 
are revealed by faster responses to congruent stimuli that follow congruent trials, 
and to incongruent stimuli that follow incongruent trials; and slower responses to 
congruent stimuli that follow incongruent trials and to incongruent stimuli that 
follow congruent trials (Fig. 1A). The modulation expressed in the CSE is two-fold 
(van den Wildenberg et al., 2012): control is increased after a conflict trial, but 
control is relaxed after a congruent trial. The CSE steadily diminishes with time 
between trials (cf. Egner et al., 2010); disappearing within 4,000 ms, the CSE 
appears to be rather short-lived.  

The CSE is an example of anticipatory action regulation, and may be 
accomplished either in pre-emptive or proactive fashion (or both, in a 
complementary manner). One may proactively tighten the level of online action 
control, such as to more strongly resist any action impulses as triggered by task-
irrelevant stimulus features; or one may try to pre-empt such action impulses 
altogether, for instance, by focusing attention more tightly on task-relevant 
stimulus features. 

Other examples of behavioral adaptation in the Simon task and other conflict 
tasks include behavioral adaptations after committing a performance error, such as 
post-error slowing (Rabbitt, 1966), and post-error reduction of interference (PERI, 
Ridderinkhof, 2002b). In order to prevent additional errors, participants typically 
become more cautious by slowing down and, in the case of conflict tasks, by up-
regulating control to minimize the influence of irrelevant stimulus features on 
performance; such post-error slowing could be explained by a change in response 
threshold of quantitative models (Dutilh et al., 2012). However, given the 
considerable number of trials necessary to analyze such proactive post-error 
adjustment, and the less widespread analysis of such effects in the literature, we 
will focus here on the CSE as a more firmly established benchmark phenomenon in 
conflict tasks.  
 
5.2.2 Distributional analyses 
Analyzing reaction time distributions may also help to better appreciate the 
dynamics of interference processes in conflict tasks. Moreover, while different 
conflict tasks may produce superficially similar results at the level of mean RT, 
they may differ considerably in subtler but no less important aspects of RT 
distributions. In this section, we will discuss two characteristic features of RT 
distributions in conflict tasks: response capture (the finding that errors are 
paramount among fast responses to incongruent stimuli compared to slower 
responses or to responses to congruent stimuli), and fade-out (a reduction of the 
conflict effect toward the slower tail of the RT distribution). 
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Figure 1: Schematic representation of the three benchmark phenomena. A) Congruency 
sequence effects (CSE), B) Response capture and C) Fade-out of the interference 
effect. A) Schematic representation of CSE: RT difference between congruent (CON) 
and incongruent (INC) trials while taking the nature of the previous trial into account. 
Traces represent CON trials (black) and INC trials (grey) and on x-axis the nature of 
the previous trial (N-1) is represented.  B) Schematic representation of response 
capture in Conditional Accuracy Function (CAF). To plot a CAF, reaction times (RT) 
for correct and incorrect responses to CON (black) and INC (grey) trials are rank-
ordered separately and then partitioned into equal-sized quantiles representing the 
fastest to the slowest reactions. For each quantile, the percentage correct is calculated 
and plotted against the mean RT of that specific quantile (1-4). C) Schematic 
representation of a delta plot with Simon (dotted line) and Stroop (solid line) data. 
Typical fade-out is displayed for Simon data. To compute a delta plot, reaction times 
(RT) for correct responses to CON and INC trials are rank-ordered separately and 
then partitioned into equal-sized quantiles representing the fastest to the slowest 
reactions. For each quantile, an interference effect is computed (mean RT for INC 
trials minus mean RT for CON trials) and plotted against the mean RT of that specific 
quantile (1-4). 
 
5.2.2.1 Benchmark 2: Response capture 
Conflict tasks are designed to trigger performance errors. Many of these errors turn 
out to be fast errors, a phenomenon that we will refer to as response capture. This 
observation was first analyzed explicitly by Gratton and colleagues (Gratton et al., 
1988), who used Conditional Accuracy Functions (CAFs; Lappin & Disch, 1972a, 
1972b; Pachella, 1974) to show that incongruent stimuli elicited a below-chance 
dip in accuracy for fast responses which gradually turned into asymptote accuracy 
levels for slower responses. If fast responses to incongruent stimuli are associated 
with below-chance accuracy, they must be driven by the task-irrelevant stimulus 
feature (which is associated with the incorrect response). For congruent stimuli, the 
task-irrelevant stimulus feature (which is associated with the correct response), 
response capture should lead to increased accuracy in fast responses, a pattern 
usually prevented from emerging by near-ceiling accuracy during congruent trials 
across the RT distribution.  

Although it takes large numbers of trials to actually demonstrate the initial 
below-chance dip, many studies have since confirmed that fast responses to 
incongruent trials are particularly error prone (for reviews see Proctor et al., 2011; 
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Van den Wildenberg et al., 2010b). Most studies have used Vincentizing (Vincent, 
1912; Ratcliff, 1979) to calculate the average of equal-sized response speed 
quantiles so that accuracy can be statistically compared across portions of the 
reaction time (RT) distribution (for a schematic illustration see Figure 1B). All 
studies confirm that while fast responses to congruent stimuli are associated with 
near perfect accuracy, incongruent stimuli trigger significantly more errors in the 
fast portion of the RT distribution. 

This pattern of response capture becomes more pronounced when participants 
are instructed to emphasize speed over accuracy, but diminishes when instructions 
emphasize accuracy. Emphasizing the importance of response speed greatly 
increased fast errors on conflict trials compared to the instruction condition that 
stressed accuracy (Wylie et al., 2009), a central finding that models of the Simon 
effect need to account for. Note that restricting the analysis of error rates to overall 
accuracy performance is likely to conceal the dynamics of response capture. 
 
5.2.2.2 Benchmark 3: Fade-out  
Given that performance accuracy in conflict tasks varies as a function of response 
speed, we may also explore how the Simon effect expressed in RT changes across 
the RT distribution. In a so-called delta plot (Ridderinkhof, 2002b), also referred to 
as  distribution plots (De Jong et al., 1994), correct RTs are rank-ordered for each 
level of congruency, these values are partitioned into equal-size segments 
(quantiles), and the mean RTs for each congruency level in each segment are 
calculated (for a formal discussion of delta plots, see Schwarz & Miller, 2012).  

Theoretically, the typical pattern of two conditions, X and Y (where Y is 
associated with slower responses), is that the proportional difference in RT 
between the two conditions is similar across RT segments (cf. Luce, 1986). 
Consequently, the absolute RT difference between conditions X and Y increases 
from fast to slower segments of the RT distribution (Ratcliff & Murdock, 1976; 
Wagenmakers et al., 2005; Pratte et al., 2010;  see Figure 2). If the mean and 
variance of RTs in condition Y are higher than those in condition X, then it follows 
that the RT difference between Y and X at the slow tail of the RT distribution must 
be greater, and the RT difference at the fast tail of the RT distribution must be 
smaller than around the modus of the distributions (see Figure 2A; Zhang & 
Kornblum, 1997; Speckman et al., 2008). Within the delta plot, the slope values of 
the lines connecting the delta values should be positively-going (e.g., Davelaar, 
2008).  

By contrast, for the Simon task, at the slower end of the RT distribution the 
slopes connecting the delta values typically level off and turn negative (see Figure 
1C; e.g.,  De Jong et al., 1994; Tagliabue et al., 2000; Burle et al., 2002; 
Ridderinkhof, 2002b; Stürmer et al., 2002; Vallesi et al., 2005; Wiegand & 
Wascher, 2005; Wylie et al., 2010a; Kubo-Kawai & Kawai, 2010; Hazeltine et al., 
2011; for a review see van den Wildenberg et al., 2010b; see Figure 2B and 2D). 
Thus, the typical pattern in delta plots in the Simon task is a reduction of the Simon 
effect toward the slower tail of the RT distribution, as expressed in negative slopes. 
In extreme cases, the reduction of the Simon effect is so pronounced as to turn into 
a reversed Simon effect during the slowest segments of the delta plot (e.g., Burle, 
et al., 2005). Deriving delta plots from RT data is one specific form of 
distributional analysis that, in going beyond mean RT, is potentially informative 
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because they reveal the fade-out of the Simon effect for slower RTs. Note that, 
once more, restricting the analysis of response speed to mean RT typically 
obfuscates the nontrivial temporal dynamics revealed by distribution analyses 
(Ratcliff & Murdock, 1976). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Schematic representation of transformation of cumulative density function to 
delta plot. Schematic representation of a cumulative density function (CDF) of RT 
distributions for the conditions X and Y (panel A and C) is shown and their related 
expression in a delta plot (panel B and D). Top panels represent CDF leading to an 
increasing delta plot (panel A and B) and lower panels show CDF leading to a 
decreasing effect in a delta plot (panel C and D). 
 
5.3 How Prevailing Theories Account for Benchmark Phenomena 
Here we describe briefly the prevailing descriptive accounts of the mechanisms 
underlying our benchmark phenomena. A more elaborate description of these 
accounts, and an extensive evaluation of how these accounts are constrained by the 
outcomes of our formal modeling exercise, are presented in section 9.   
 
5.3.1 Benchmark 1 – Congruency Sequence Effects 
The prevailing accounts of CSE roughly fall in one of two main categories: 
episodic binding and conflict adaptation. In terms of episodic binding, the features 
of the stimulus and of the response become associated: if an incongruent trial is 
followed by another incongruent trial, the same associations can remain intact and 
the ensuing response can be released quickly; but when followed by a congruent 
trial, some of the associations need to be weakened and make way for new ones, 
resulting in slower responding, and hence a CSE (e.g., Mayr et al., 2003; Spapé et 
al., 2011). In terms of conflict adaptation, conflict as experienced during 
incongruent trials results in tightening of control on the next trial, and consequently 
in reduced conflict (and hence faster responses) on the next trial when the stimulus 
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is incongruent; by contrast, congruent trials are followed by more lenient control 
on the next trial, resulting in increased conflict (and hence slower responses) when 
the next stimulus is incongruent (e.g., Kerns et al., 2004).  
 
5.3.2 Benchmark 2 – Response Capture Expressed in Fast Errors  
Accounts of response capture generally rely on the notion spatially compatible 
visuo-motor links are able to directly activate responses; if the (task-irrelevant) 
stimulus position activates the incorrect response before the processing of the 
(task-relevant) color has run to completion, a fast error would ensue (e.g., Gratton 
et al., 1992).  
 
5.3.3 Benchmark 3 – Interference Dynamics Expressed in Fade-out in Delta Plots  
When processing the task-irrelevant stimulus position is not fast enough or not 
strong enough to produce an actual overt error, then the decay of activation may be 
such that by the time color-based activation comes online, the incorrect activation 
has lost most of its power to interfere with the correct activations, and hence the 
conflict effect on RT would be minimal. Slower responses to incongruent trials 
may suffer less and less from interference as the location-based incorrect activation 
is already subject to decay. This process may be strengthened by top-down 
suppression of unwanted impulsive actions. Slower reactions on incongruent trials 
are less likely to be negatively impacted by incorrect action impulses because 
passive decay and/or selective suppression has accrued to counteract them (Burle et 
al., 2002; van den Wildenberg et al., 2010b). Consequently, congruency effects are 
affected by selective response inhibition more in slow than in fast responses, thus 
giving rise to the benchmark effect of declining Simon effects at the slow end of 
the RT distribution. 
 
5.4 How Evidence-Accumulation Modeling May Constrain the Space of 
Theoretical Mechanisms Underlying the Simon Effect 
Computational modeling of the Simon task is an attractive and logical next step in 
providing insights into the mechanisms underlying conflict effects. For instance, 
within various RT paradigms, the use of diffusion modeling has proven successful 
in providing not only insights into underlying mechanisms but also restrictions for 
qualitative theoretical accounts (Hübner et al., 2010; Starns & Ratcliff, 2011; 
White et al., 2011; Van Maanen et al., 2012; King et al., 2012; Mulder et al., 
2014;). Detailed inspection of the model architecture and parameter range 
necessary for producing our benchmark phenomena can potentially provide useful 
clues about how to formulate, test, and revise conceptual frameworks of the 
mechanisms underlying the Simon effect. For example, the conspicuous negative-
going delta plot signature typically associated with the Simon task is a distinct and 
unusual feature of RTs that can help to narrow down the search space for plausible 
candidate models.  

Quantitative models should be capable of predicting how the exact shapes of 
RT distributions as well as accuracy patterns are affected by certain experimental 
manipulations, and these models can be assessed in terms of the adequacy of their 
fits to the observed distributions (e.g., Ratcliff & McKoon, 2008; Ratcliff & 
Tuerlinckx, 2002). Schwarz & Miller (2012) evaluated the capability of several 
types of mathematical models for producing negative-going delta plots as typically 
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observed in Simon tasks. They demonstrated that well-established RT models are 
hardly capable of producing negative-going delta plots at least not without 
somewhat artificial additional assumptions. This holds for serial stage models 
(unless stage durations are correlated, and the between-stage correlation is larger in 
the faster condition); for two-state mixture models (unless the two states differ 
sufficiently in processing speed, and the slower processing state is the default state); 
and for maximum-based exhaustive processing models (without further 
assumptions). The latter model may be considered as a formalization of the 
activation-suppression model (Ridderinkhof, 2002b), if the two processes within 
the exhaustive processing model are taken to correspond to the activation of 
responses by the relevant information and the suppression of response capture as 
triggered by the irrelevant information. However, in the exhaustive processing 
model, suppression should work only (in an all-or-none fashion) when the 
processing of task-relevant information operates more slowly than the to-be-
suppressed activation process; the activation suppression model posits no such 
restriction and could in principle allow for the relevant information to be processed 
faster while still suppressing response capture, see for details section 9. 
 
5.4.1 Evidence-Accumulation Models 
One attractive and widely studied class of RT models is the class of evidence 
accumulation models (e.g., Luce, 1986; Ratcliff & Smith, 2004). The central tenet 
of such models is that stimulus-related information is accumulated gradually over 
time; this accumulation is often modeled as a diffusion process. The most widely 
applied model of this class is the Ratcliff diffusion model (Ratcliff, 1978; Ratcliff 
& McKoon, 2008), Figure 3).  
 
 
 
 
 
 
 
 
 
Figure 3: Representation of Diffusion model (DM). Schematic representation of DM 
with the following parameters; boundary separation (a), starting point (z), drift rate 
for accumulation of evidence for response (v). Evidence accumulates over time (v) 
from startingpoint (z) until bound (a) is reached. 
 

In the diffusion model (DM), noisy evidence is encoded from a certain starting 
point (z) and accumulates (drift rate v) toward one of the decision bounds (a) 
representing the two response options in a binary choice. As soon as the evidence 
accumulation crosses one of the bounds, that response option is executed. For the 
Simon task, these could, for example represent the "left" and "right" responses 
(although often these are collapsed into the "correct" and "incorrect" bound). An 
important assumption of the model is that each component (such as starting-point 
or drift rate) varies across the trials of the experiment, and cannot be held constant 
from one trial to another (Ratcliff & McKoon, 2008).  



Chapter 5 

 

 

77 

A desirable property of the DM is that in this way both response times and 
response proportions are explained. For example, a "hard" and an "easy" condition 
may differ in the speed at which evidence is accumulated. As evidence in the 
"easy" condition accumulates faster, response times will be faster, but also the 
probability that the incorrect bound will be reached will be lower (i.e., fewer 
errors). The noise in the accumulation of evidence engenders predictions that help 
to match key features of the observed RT distributions: for instance, slower 
responses spread out the tail of the RT distribution to the right. Another way in 
which the diffusion model accounts for the combination of response proportions 
and response times, is by taking into account prior evidence that a participant may 
entertain: A starting point of evidence accumulation that is closer to one of the 
bounds represents a bias or belief that the response option represented by that 
bound will be correct in the upcoming trial. If it is correct, than only little 
additional evidence is required to make a fast, correct decision; if it is incorrect, 
relatively more evidence is required to overcome this -- incorrect -- bias, and still 
make a correct decision. In addition, the probability of making an error due to the 
stochastic nature of the diffusion process is increased. The diffusion model also 
accounts for other properties in the data, but for the current discussion, these are 
the most important ones.  

Here, in addition to the DM, we also present model fits from a related evidence-
accumulation model, the Linear Ballistic Accumulator (LBA, Brown & Heathcote, 
2008), Figure 4). The LBA model differs from the DM in that it does not assume a 
stochastic accumulation of evidence, but rather a deterministic (ballistic), linear 
process. In this process, like the DM components of the model, drift rates and 
starting-points vary from trial to trial. In addition, the LBA model treats the 
response alternatives as separate accumulating processes, with separate drift rates 
and bound parameters. Conceptually the models are quite similar and effects that 
are identified as arising from a processing component in one model arise from the 
same component in the other (Donkin et al., 2011).  
 
 
 
 
 
 
 
 
 
 
 
Figure 4: Representation of Linear Ballistic Accumulator (LBA) model. Schematic 
representation of LBA model with the following parameters; starting point, the 
decision threshold (b) and bias (Δb), and drift rate parameters (v1 and v2). Evidence 
accumulates with mean rate v1 for alternative 1 and mean rate v2 for alternative 2, 
towards a decision threshold. The threshold (b) is biased towards alternative 2 and 
away from alternative 1 by Δb.  
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In the current paper, we fit both the DM and the LBA model to the data. To 
preview, the observation that the LBA and diffusion models both account for the 
benchmark phenomena, in similar ways, provides strong evidence that our results 
are not due to implementation details of the specific models, but rather are the 
result of general properties of the class of evidence accumulation models. 
Nevertheless, in the Methods section below, we will in detail discuss the models 
that we fit to the data. 

It has been argued that the diffusion model fails to produce fading Simon effects 
in the form of negative-going delta plots (Pratte et al., 2010; Schwarz & Miller, 
2012; Servant et al., 2014). For instance, lowering drift rate or increasing threshold 
in incongruent compared to congruent conditions would not only slow down mean 
RT, but also increase the variance and hence produce positive-going delta plots. 
One might assume that location and color are separate sources of evidence. As 
such location and color could induce differences in starting point or induce 
different drift rates. For instance, drift rate of the irrelevant stimulus feature 
(location) becomes less over time due to, for instance, inhibition of the task 
irrelevant information. Thus, for congruent stimuli, the two drift rates would 
additively activate the same response but, due to inhibition, the net drift rate would 
gradually decline. For incongruent stimuli, the location and color activate opposite 
responses, leading to a small net drift rate. Due to inhibition of the task irrelevant 
feature, the net drift rate would, in this case, gradually increase. However, due to 
the opposition versus addition, the net drift rate would always remain slower for 
incongruent compared to congruent stimuli, once more yielding effects not only on 
mean RT but also on variance, and hence producing positive-going delta plots 
(Schwarz & Miller, 2012). Given these results one might wonder if fitting the DM 
is suitable for the Simon task. However, our findings reveal the complexity of the 
Simon task and as such show that its variability cannot be captured by only one 
mechanism/parameter. 
 
5.4.2 Benchmarks and the diffusion model 
The diffusion model might account for the CSE by assuming that some parameters 
take a different value depending on the previous trial. In particular, the starting 
point of accumulation may be closer to the bound representing the same choice as 
on the previous trial. That is, if on both the previous and the current trial the color 
and location correspond, than this would result in a starting point that is closer to 
the response bound representing the correct response. Essentially, this can be 
viewed as a bias towards the correct response bound. In contrast, if the previous 
trial was an incongruent trial and the current trial is congruent, then there is less 
bias towards the correct response bound. A similar mechanism can be conceived 
for the evidence accumulation process itself, with larger or smaller drift rates 
depending on the mapping between current and previous trial. We will explore 
both possibilities in the present analysis to understand which scenario explains the 
data more satisfactorily. 

The diffusion model may account for the benchmark finding of response 
capture by assuming a starting point shift as a function of the current trial. Whereas 
the CSE may be a reflection of starting-point shifts mediated by the previous trial, 
fast errors arise because the starting point of accumulation is close to the bound 
representing the congruent response choice, when the correct response is in fact the 
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incongruent response choice. The stochastic nature of the diffusion process causes 
the system to make an incorrect response on a larger proportion of trials because 
less evidence is required to make an incorrect response/reach the bound.  

The decrease of the Simon effect (the fade-out) naturally follows from the 
response time distributions that are associated with a starting point shift towards an 
incorrect response (congruent) bound, in combination with diffusion towards the 
correct (incongruent) response bound. That is, fast correct responses on congruent 
trials may in large measure be attributed to a bias towards the congruent/correct 
bound, leading to a relatively large difference in response times when comparing 
the leading edge of the congruent and incongruent RT distributions (see Figure 5). 
For slower responses, the response time is determined more by the evidence 
accumulation process (reflected in the variance of the RT distribution) itself. If this 
mechanism favors the incongruent response option (i.e., a drift rate towards the 
incongruent bound), the initial difference decreases for slower responses, which 
leads to a gradually smaller difference in the RT distributions, and hence a fade-out 
of the Simon effect, or even a reversal in extreme cases (e.g., Burle et al., 2005). 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Schematic representation of model parameters and RT distributions of CON 
and INC trials and the related quantiles representations. A) Conceptual representation 
of differences in starting point / bias and drift rate is shown.B) RT distributions for 
CON and INC trials with quantiles (Q, 0.1, 0.3, 0.5, 0.7 and 0.9) for each distribution 
are shown. The leading edge of the RT distribution for CON trials is larger at an 
earlier time compared to the INC trials. The width, representing the spread, of the RT 
distribution for the INC trials is smaller compared to the width of the distribution of 
the CON trials. In the bottom Q’s represent the differences in RT of the quantiles for 
CON and INC trials. For the slowest quantile the difference between RT quantiles of 
CON and INC is reversed. 
 
5.4.3 Benchmarks and the linear ballistic accumulator model 
These same properties of the evidence accumulation process can be modeled with 
the LBA model. The typical way of modeling a bias in LBA is by assuming 
different thresholds for the separate accumulators representing each alternative 
(e.g., Brown & Heathcote, 2008; Forstmann et al., 2010). Thus, the CSE may be 
accounted for by assuming different threshold parameters between congruent and 
incongruent response options, or by assuming different drift rates between 
congruent and incongruent response options. The response capture and fade-out 
can be modeled using different thresholds as well. Similar to the diffusion model, 
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the fade-out effect can be predicted by the LBA model with a larger drift rate for 
the incongruent response option relative to the congruent response option. 
 
5.4.4 The Present Study 
5.4.4.1 Research Aims 
This study aims to use evidence accumulation modeling to constrain and explicate 
the assumptions needed by qualitative theories to account for key findings in the 
Simon task, thus contributing to a more thorough understanding and more precise 
description of the cognitive architecture and dynamics underlying the Simon effect. 
To this end, we present the results of an experiment, which will 1) engender the 
benchmark phenomena in the Simon task, and 2) allow us to evaluate how the DM 
and LBA models need to be parameterized in order to reproduce these benchmark 
phenomena. In order for the model evaluation to be sufficiently informative, we 
will 3) assess how the RT distribution effects are modulated by a standard 
experimental manipulation of the Simon effect (i.e., horizontal versus vertical 
arrangement of stimuli and responses). We will 4) replicate the current analysis in 
the data from a similar Simon experiment (published recently as Van Campen et al., 
2014) to explore generalization of the current findings and link the evidence 
accumulation model parameters to physiological measures of activation and 
inhibition. 
 
5.4.4.2 Hypotheses 
5.4.4.2.1 Benchmark Phenomena. For the empirical study, we expect to replicate 
the typical CSE, that is, faster responses to congruent stimuli that follow congruent 
trials, and to incongruent stimuli that follow incongruent trials; and slower 
responses to congruent stimuli that follow incongruent trials and to incongruent 
stimuli that follow congruent trials (Figure 1A). We further expect to replicate the 
typical findings of response capture and fade-out, that is, conspicuously low 
accuracy for fast responses to incongruent stimuli, and a decrease of the Simon 
effect on RT towards the slow tail of the delta plot (Figure 1B + C). Moreover, as 
discussed more elaborately below, we predict that the Simon effect on RT will be 
greater when stimuli and response buttons are arranged vertically compared to 
horizontally, and that the slopes of delta plots will be more negative-going in 
horizontal compared to vertical arrangements. 
 
5.4.4.2.2 Effects of Horizontal/Vertical Arrangement on RT Distribution. The 
spatial orientation of S-R mapping is among the most frequently used 
manipulations in the Simon task. The Simon effect is present for both orientations 
(e.g., Craft & Simon, 1970; Hedge & Marsh, 1975; Stürmer et al., 2002; Vallesi et 
al., 2005; Vallesi & Umiltà, 2009), but is more pronounced for vertical 
arrangements (Wiegand & Wascher, 2005; 2007). An early distributional analyses, 
based on a modified version of the Simon task, revealed a similar RT pattern for 
vertical and horizontal arrangements (De Jong et al., 1994). By contrast, more 
recent studies, using more standard versions of the Simon task, showed a fade-out 
Simon effect for slower responses in the horizontal mapping, as opposed to an 
increasing Simon effect in the vertical set-up ( Vallesi et al., 2005; Wiegand & 
Wascher, 2005; Buetti & Kerzel, 2008). Wiegand & Wascher, (2005; 2007) argued 
that the difference between horizontal and vertical Simon effects is essentially 
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caused by the notion that the horizontal but not the vertical S-R mapping is 
associated with an overlapping spatial-anatomical relationship (the visuo–motor 
overlap hypothesis). In the vertical set-up, an overlapping spatial-anatomical 
relationship is absent (as our effectors are not anatomically organized in the 
vertical plane), stimulus position thus is less likely to elicit strong response capture, 
and where there is no response capture there is no decay and no need to suppress 
such capture. 
 
5.4.4.2.3 Modeling. We hypothesize that applying the DM and LBA models to a 
classic Simon task results in variations of multiple parameters. Within the classic 
Simon task set-up with horizontal arrangements, both current trial and previous 
trial effects are expected. First, the best fitting model will be selected out of three 
potential parameter models. Congruent and incongruent trials may be associated 
with different values of starting point (z) or bias as well as drift rate (v), and these 
may differ depending on previous-trial congruency. Thus, the full model contains 
four free parameters for starting point or bias, and four free parameters for drift rate. 
Two lower-order models with fewer free parameters are also selected. This allows 
us to explore whether sequential effects can be explained with fewer parameters, 
and in addition allows us to understand which parameters differ as a function of the 
previous trial. The so-called bias model contains four free parameters for starting 
point (congruent / incongruent * previous-trial congruent / incongruent) and two 
free parameters for drift rate (congruent and incongruent on the current trial). The 
drift model is reversed relative to the bias model and has four drift rate parameters 
and two bias parameters. Both the DM and the LBA are expected to fit the 
benchmark phenomena observed for the classical Simon task set-up, with 
comparable adjustments. Parameter estimates of the DM and the LBA model are 
expected to change in a systematic manner between horizontal and vertical 
stimulus arrangements.  
 
5.5 Experiment: Simon Task with Horizontal and Vertical Set-up 
5.5.1 Methods 
5.5.1.1 Participants 
This study included ten participants (6 men, M age year 28, range 24-36). All 
participants had normal or corrected-to-normal vision and provided informed 
consent prior to participation. The local ethics committee approved all procedures, 
which complied with relevant laws and institutional guidelines. 
 
5.5.1.2 Procedure 
All participants performed a Simon task with a horizontal and a vertical set-up on 
different days. The order of the sessions was counterbalanced. Each session 
consisted of one practice block and five experimental blocks. Within a block of 
112 trials, an equal number of congruent (CON) and incongruent (INC) trials were 
randomly distributed. After each block a feedback screen was presented with mean 
RT and accuracy of that block. 
 
5.5.1.3 Apparatus and stimuli 
5.5.1.3.1 Task. A two-color (green and blue) Simon task was implemented and 
stimuli were shown  on a computer screen (17 inch digital display). The computer 
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screen was placed in front of the participant at a distance of approximately 90 cm 
and the stimuli appeared at eye level. Each trial started with a fixation cross (0.5 by 
0.5 cm) in the middle of a white screen, which disappeared at the end of the trial 
(maximum duration of 2500 ms). A colored circle (2 cm diameter) appeared on 
either the right or left side of the fixation cross in case of horizontal set-up, or 
above or the fixation cross in case of the vertical set-up (edge to edge distance 
between fixation cross and circle was 0.6 cm in all cases). The circle disappeared 
after a response was made (maximum duration 1500 ms; see Figure 6).  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Task set-up Experiment 1. A) Classical Simon task with horizontal task set-
up. Colored circles appear either on the left or right side of the screen. If the location 
and color dimension converge to the same hand, a congruent (CON) trial is presented. 
If the location and the color dimension are not overlapping this is an incongruent 
(INC) trial.  B) Simon task with vertical  task set-up. 
 
Participants were instructed to press a response button (see below) as quickly and 
accurately as possible according to the task-relevant feature, the color of the circle, 
independent of the task-irrelevant position of the circle. Half of the participants 
responded with the right hand to blue circles and with the left hand to green circles; 
this mapping was reversed for the other half. The mapping was similar for 
horizontal and the vertical set-up. The position of the response buttons matched the 
set-up of the stimuli in terms of spatial arrangement (see below).  
 
5.5.1.3.2 Force buttons. Responses were recorded with force buttons mounted onto 
a grip; these response buttons were fixated on a board for each individual 
separately. In case of horizontal stimuli the response buttons were placed on the 
right and left side in line with the hands, the arms were in a natural position with an 
approximately 90° degree flexion in the elbows and slight supination of the wrist 
(approximately 32-35 cm apart).  For the vertical orientation the response buttons 
were placed in the center of the board above each other (see Figure 4). The position 
of the arms was compared to the horizontal set-up with an additional endo-rotation 
of the shoulder to hold the response buttons. The right hand was always placed 
above the left hand (approximately 10-12 cm apart). Responses were given with 
the tip of the thumbs while holding a grip in each hand (see van Campen et al., 
2014).  
The participant initiated each trial by generating tonic force levels. Tonic force had 
to be maintained for 1000 ms within a specific force window (2-5 N) before the 
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fixation cross would appear on the screen and the trial was initiated. The upper and 
lower force boundaries of the force window were fixed. An overt response (RT) 
was marked if the force exceeded a threshold of 7.5 N.  
 
5.5.2. Model Fitting  
5.5.2.1 Diffusion model 
The DM was fit to the data for each individual subject using the G-square method 
from Ratcliff & Smith (2004). The DM had eight parameters that were allowed to 
vary for each set-up (horizontal and vertical) and individual; boundary separation 
(a), Starting point variability (sz), starting point (z), non-decision time (ter), non-
decision time variability (St), drift rate variability (η), and drift rate for 
accumulation of evidence for congruent (vc) and incongruent responses (vi). 
Parameter estimates were optimized using using multinomial maximum likelihood 
estimation for each quantile (0.1, 0.3, 0.5, 0.7, 0.9%). Boundaries were defined as 
reaching threshold for either a correct or incorrect response. Fitting the model was 
done using a minimizing routine, which iteratively adjusted the parameters values 
until those parameters best predicted the data. This was done separately for all of 
the conditions within an experiment (Ratcliff & Tuerlinckx, 2002).   
 
5.5.2.2 LBA model 
In the LBA model, seven parameters were free to vary for each set-up (horizontal 
and vertical) and individual; the upper bound of the starting point distribution 
uniformly distributed; the decision threshold (b); a bias parameter representing the 
different thresholds of the correct and incorrect accumulators (with the threshold of 
the correct accumulator set at b+Δb and the threshold of the incorrect response 
accumulator set at b-Δb). In addition there are drift rate parameters for congruent 
and incongruent conditions (vc and vi), a common drift rate standard deviation (s), 
and an intercept value representing non-decision processes (Ter). As is standard in 
LBA models, the drift rate of the incorrect accumulators is set at 1-vc and 1-vi, 
respectively (e.g., Brown & Heathcote, 2008; Van Maanen et al., 2012). Parameter 
estimates were optimized using QMLE for the 0.1, 0.3, 0.5, 0.7 and 0.9 quantile of 
the RT distribution for correct and incorrect responses separately (Heathcote et al., 
2002).  
 
5.5.2.3 Model selection 
A combination of changes in starting-point bias and drift rate was expected to 
result in negative-going delta plots. Therefore all other parameters were 
constrained over individuals. As explained in Section 5.4.2.3, three models were 
chosen with different parameters for different combinations of starting point / bias 
and drift rate, allowing changes to depend on either the current or previous trial. 
Within the Full model, starting point/ bias and drift rate both have four free 
parameters according to all combinations of current and previous trials, 
respectively: conCON, conINC, incCON, and incINC. For the Bias model, starting 
point/ bias have four free parameters, while drift rate was only allowed to vary 
between congruent and incongruent on the current trial. Within the Drift model, 
drift rate has four free parameters according to a combination of current and 
previous trials, while starting point / bias was restricted to two free parameters.  
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To evaluate goodness of fit, G2 values were calculated (Smith & Ratcliff, 2014). 
For both models, Schwarz weights were calculated based on Bayesian Information 
Criterion (BIC) following the procedures of Wagenmakers & Farrell (2004). Model 
comparisons were based on the summed BIC values over participants. 
 
5.5.2.4 Parameter estimates 
The models were fitted separately for each experimental paradigm (horizontal or 
vertical). Therefore, the estimates of model parameters were analyzed separately 
with either repeated-measures ANOVA using the within-subject factors 
Congruency (CON vs. INC) and Sequence (previous con or inc), or with a paired t-
test in case of only two free parameters.  
  
5.6 Results for benchmark phenomena and model outcomes 
The results section is divided in two parts. In the first section, overall RTs are 
presented together with the three key benchmark phenomena; CSE, response 
capture, and fade-out of Simon effect for slower responses in distributional 
analyses for all experimental paradigms. The second part reports the model 
selection and fits for all experimental paradigms, followed by analyses of the 
parameters for both DM and LBA model of the Simon task of the selected model. 
Whenever sphericity assumptions were violated, degrees of freedom were 
corrected using the Greenhouse-Geisser (GG) method. Uncorrected dfs are 
reported for ease of reading. 
 
5.6.1 Behavioral findings 
Mean RT was calculated separately for CON and INC trials to examine the general 
Simon effect. RTs longer than 3.5 SD were excluded. RT data was submitted to 
overall mean analyses (repeated-measures ANOVA) using the within-subject 
factors Congruency (CON vs. INC), Orientation (Horizontal vs. vertical set-up), 
and Sequence (following a con or inc trial). Four conditions were formed based on 
the current and previous trial: 1) the previous trial was congruent and the current 
trial is also congruent (conCON); 2) the previous trial was congruent and the 
current trial is incongruent (conINC); 3) the previous trial was incongruent and the 
current trial is congruent (incCON); or 4) the previous trial was in congruent and 
the current trial is also incongruent (incINC). These acronyms are used throughout 
the remainder of the paper. Correct RT and accuracy data were analyzed through 
repeated-measures ANOVA with the factors Congruency (CON vs. INC), 
Orientation (Horizontal vs. Vertical), and Sequence (con vs. inc), unless reported 
otherwise. The key findings are presented in Figure 7. 
  
5.6.1.1 Overall Simon effect.  
A general Simon effect was observed for RT (525 vs. 552 ms, main effect 
Congruency, F(1,9) = 17.778, p = .002). There was no overall difference in RT 
between horizontal and the vertical set-up (main effect Orientation, F(1,9) < 1; see 
also Figure 7A). A significant interaction effect indicates a larger Simon effect for 
the vertical compared to horizontal set-up (40 vs. 16 ms, interaction effect 
Congruency x Orientation, F(1,9) = 5.877, p = .038).  
 Likewise, a general Simon effect was observed for accuracy (95.5% vs. 
91.4%, main effect Congruency, F(1,9) = 7.621, p =.022). There was no overall 
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difference in accuracy between horizontal and the vertical set-up (93.6% vs. 93.3%, 
main effect Orientation, F(1,9) < 1). A significant interaction effect indicates a larger 
Simon effect for the vertical compared to horizontal set-up (6.2% vs. 2.1%, 
interaction effect Congruency x Orientation, F(1,9) = 6.420, p = .032).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 7: Benchmark phenomena of Simon task with a horizontal and vertical set-up 
(Experiment 1); i.e., CSE response capture and fade-out. Black lines represent CON 
trials and grey lines represent INC trials. A) General Simon effect for the horizontal 
(H) and the vertical (V) set-up is displayed. B) The CSE of the horizontal set-up (CSE-
H) are shown and C) similar for the vertical set-up (CSE-V). Response capture in 
CAF for the horizontal set-up (D) and the vertical set-up (E) are displayed. To plot a 
CAF, reaction times (RT) for correct and incorrect responses to CON (black) and INC 
(grey) trials are rank-ordered separately and then partitioned into equal-sized 
quantiles representing the fastest to the slowest reactions. For each quantile, the 
percentage correct is calculated and plotted against the mean RT of that specific 
quantile (1-5). F) Interference effects over time for the horizontal and vertical set-up 
are shown in a delta plot. To compute a delta plot, reaction times (RT) for correct 
responses to CON and INC trials are rank-ordered separately and then partitioned 
into equal-sized quantiles representing the fastest to the slowest reactions. For each 
quantile, an interference effect is computed (mean RT for INC trials minus mean RT 
for CON trials) and plotted against the mean RT of that specific quantile (1-5). 
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5.6.1.2 CSE.  
No overall effect of Sequence was observed (F(1,9) = 1.353, p = .275, although the 
effect of the previous trial is different for the two set-ups (interaction effect 
Orientation x Sequence, F(1,9) = 18.343, p = .002). Most important, the main effect 
of Congruency was modulated by Sequence (interaction effect Congruency x 
Sequence, F(1,9) = 15.438, p = .003). This CSE pattern did not depend on the set-up 
(interaction effect Congruency x Sequence x Orientation, F<1; see for details 
Figure 7B and C). 
 
5.6.1.3 Response Capture.  
Conditional Accuracy Functions (CAFs) involve rank-ordering RTs (pooled across 
correct and incorrect responses) for each level of Congruency, partitioning these 
values into equal-size quantiles, and calculating the percentage correct in each 
quantile (factor Bin) plotted against the Mean RTs (of both correct and incorrect) 
for each congruency level in each quantile (for an overview of procedures, see van 
den Wildenberg et al., 2010b).  

The ANOVA revealed typical patterns for the CAF. Accuracy did not vary as a 
function of response speed quantile (89.0%, 93.1%, 94.3%, 95.4% and 95.4%, 
main effect Bin, F(4,36) =3.67, p = .055, GG-corrected χ2 = 28.72, ε =.43), and the 
Bin effect was not modulated by Orientation (interaction effect Orientation x Bin, 
F(4,36) <1). Most importantly, however, the effect of Congruency differed as a 
function of response speed (interaction effect Congruency x Bin, F(4,36) = 7.84, p 
= .009, GG-corrected χ2 =25.44, ε =.36), in horizontal and vertical set-ups alike 
(interaction effect Congruency x Bin x Orientation, F(4,36) =1.18, p = .335). As can 
be seen in Figure 7D and E, incongruent stimuli triggered response capture in the 
form of fast errors.  
 
5.6.1.4 Fade-out.  
Delta plots were constructed by plotting the Simon effect as a function of response 
speed. More specifically, delta plots involve rank-ordering correct RTs (pooled 
across congruent and incongruent responses), partitioning these values into equal-
size quantiles, and calculating the Simon effect (i.e., RT[INC] minus RT[CON]) 
per quantile plotted against the Mean correct RTs (pooled across congruent and 
incongruent responses) per quantile (for an overview of procedures, see van den 
Wildenberg et al., 2010b). 

Repeated-measures ANOVA on delta values with the factors Bin and 
Orientation shows that the Simon effect did not differ as a function of response 
speed quantile when pooled across horizontal and vertical set-ups (main effect Bin, 
F(1,9) < 1). However, as can be seen in Figure 5, the delta plots differ dramatically 
between horizontal and vertical set-ups (interaction effect Orientation x Bin, F(4,36) 
= 5.36, p = .027, GG-corrected: χ2 = 55.19, ε = .37). Delta values increase as a 
function of speed for the vertical set-up, but show a marked decrease for the 
horizontal set-up, resulting in a reversal of the Simon effect in the slowest quantile 
(see Figure 7F for details). 
  
5.6.1.5 Summary 
To summarize, in addition to the typical Simon effect and its modulation by 
stimulus arrangement, typical effects are found for each of the three benchmarks of 
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the Simon task; CSE, response capture, and fade-out. In case of a vertical set-up a 
positive-going delta plot is found, while for the horizontal set-up, a negative-going 
delta plot obtains. In the next section, model selection fits of DM and LBA model 
are presented. 
 
5.6.2. Sequential sampling models: model selection and fits 
For the model analyses, DM and LBA were fitted separately for each set-up 
(horizontal and vertical), resulting in separate model fits and parameter estimates 
(see Methods section). In the next section, we will first describe the model 
selection and fits. In subsequent sections we report on the parameter estimates in 
the different conditions. 
 
5.6.2.1 Model selection and fits 
The DM and LBA model versions of the three selected models (full, bias, and drift 
model) were fit to the data of horizontal and vertical set-ups separately, and 
separately for each individual. Table 1 shows how well each model fits the data 
and Table 2-4 shows the predictions of the models.  
The full model scores worst on Schwarz weight criteria of the LBA model and is 
therefore rejected. For the classical Simon task with a horizontal set-up, the bias 
model is the best model according both LBA and DM Schwarz weights and G-
square (compared to the drift model). For the vertical set-up no overall agreement 
is found among the different criteria. The Schwarz weights of the DM indicate the 
bias model as giving the best fit. Meanwhile, Schwarz weights for the LBA model 
indicate an advantage for the drift model.  
Table 1 
Overview of Schwarz weights, G-square of the three a priori selected models (Bias, Drift 
and Full model) for Experiment 1 (horizontal and vertical set-up) & 2.  

Experimental 
paradigm 

Horizontal (Exp. 1) Vertical (Exp. 1) TMS (Exp. 2) 

Model Bias Drift Full Bias Drift Full Bias Drift Full 

DM G-square 33.9 36.4 -- 21.0 22.1 -- 45.8 46.9 -- 

LBA G-square 57.9 59.3 56.6 51.0 51.1 49.5 67.9 67.0 64.2 

DM 
Schwarz weights 

1.00 0.00 -- 0.94 0.06 -- 0.93 0.07 -- 

LBA 
Schwarz weights 

1.00 0.00 0.00 0.18 0.82 0.00 1.00 0.00 0.00 

Note. The bias model has four degrees of freedom for starting point / bias according to 
all CSE conditions combined with two degrees of freedom for drift rate (CON and 
INC trials). The drift model has drift rate flexible for all four CSE conditions 
combined with starting point/bias differences for CON and INC trials. The full model 
has four degrees of freedom for both starting point/ bias and drift rate according to 
CSE conditions. 

The main purpose of this study is to use evidence accumulation modeling to 
restrain the theoretical space for interpretations of the Simon task while taking into 
account the three benchmarks. The classical Simon task with the horizontal set-up 
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has typically been reported to show negative-going delta plots, a pattern replicated 
here. Therefore, we have chosen to restrict our analyses to the bias model and to 
compare potential systematic changes within the parameters starting-point bias and 
drift rate in the bias model for both experimental set-ups (see Table 5 & 6 for all 
parameter estimates). In addition, individual fits of the bias model are good for 
both DM and LBA across horizontal and vertical set-ups as shown in Figure 8. 
Here, observed data is plotted against predicted data from the bias model. Dots 
represent individual data points for each condition, subject and task. A perfect 
match between observed and predicted data would fall on the diagonal line. In the 
next section, potential systematic differences between conditions are discussed for 
both the DM and the LBA model for each experimental set-up. 
 
Table 2 
Predictions for each quantile of DM and LBA model of the Simon data with the 
horizontal set-up in Experiment 1. 
 

Correct  Error Horizonta
l  
Set-up 

Prop 
% 

Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5 

Observed data 
conCON .97 393 450 497 549 655 474 525 546 563 654 
conINC .91 445 496 540 591 670 368 413 468 507 562 
incCON .92 414 475 532 589 698 411 457 494 529 593 
incINC .94 426 485 526 574 683 385 445 486 536 594 
Predictions DM 
conCON .97 397 453 500 554 666 464 537 599 675 836 
conINC .90 433 492 538 590 689 371 419 460 501 579 
incCON .93 414 473 523 580 698 397 452 497 545 648 
incINC .93 388 441 486 536 647 423 478 522 571 665 
Predictions LBA 
conCON .96 392 448 498 555 653 482 541 592 655 780 
conINC .91 440 493 540 594 687 366 423 471 525 614 
incCON .92 414 471 522 580 682 412 467 514 568 666 
incINC .93 424 477 523 575 666 414 470 519 576 681 

 
Note. The quantiles (0.1, 0.3, 0.5, 0.7, 0.9) of the RT distributions are represented by 
Q1-5 and are given for the actual data and the predictions of the DM and the LBA 
model for each of the conditions separately in ms; conCON, conINC, incCON, and 
incINC. 
 
 
 
 
 
 
 



Chapter 5 

 

 

89 

 
Table 3 
Predictions for each quantile of DM and LBA model of the Simon data with the vertical 
set-up in Experiment 1. 
 

Correct  Error Vertical  
Set-up Prop 

% 
Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5 

Observed data 
conCON .97 405 463 505 556 661 448 477 567 640 743 
conINC .89 450 515 564 617 744 400 443 474 521 582 
incCON .96 416 474 520 577 697 448 532 566 625 702 
incINC .91 436 491 541 595 713 407 457 502 550 646 
Predictions DM 
conCON .97 407 462 507 559 674 405 454 502 571 734 
conINC .89 446 506 555 615 735 392 445 488 541 673 
incCON .95 419 476 523 579 699 428 488 540 609 768 
incINC .92 408 466 517 582 738 431 484 528 582 694 
Predictions LBA 
conCON .97 400 455 504 560 658 406 463 511 568 681 
conINC .89 448 507 559 618 727 389 453 506 568 679 
incCON .95 413 469 518 574 675 423 482 531 591 706 
incINC .91 434 491 542 600 706 414 474 526 587 702 

 
Note. The quantiles (0.1, 0.3, 0.5, 0.7, 0.9) of the RT distributions are represented by 
Q1-5 and are given for the actual data and the predictions of the DM and the LBA 
model for each of the conditions separately in ms; conCON, conINC, incCON, and 
incINC. 
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Table 4 
Predictions for each quantile of DM and LBA model for Experiment 2. 
 

Correct Error TMS 
Prop 
% 

Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5 

Observed data 
cC .95 296 333 363 404 498 320 350 369 407 485 
cI .90 332 367 398 435 520 296 321 346 373 453 
iC .93 306 343 380 431 513 323 365 397 431 506 
cC .92 319 356 388 432 516 284 321 357 408 496 
Predictions DM 
cC .95 297 333 366 407 494 306 352 400 467 616 
cI .90 323 363 398 440 522 286 317 348 388 483 
iC .93 307 345 380 422 515 317 362 406 468 607 
iI .92 292 326 359 402 505 318 358 393 435 518 
Predictions LBA 
cC .95 295 334 369 410 483 315 359 397 443 533 
cI .89 328 367 401 440 510 286 330 368 410 486 
iC .93 305 345 381 422 497 325 370 410 458 552 
iI .93 321 359 392 431 500 291 334 369 411 484 

 
Note. The quantiles (0.1, 0.3, 0.5, 0.7, 0.9) of the RT distributions are represented by 
Q1-5 and are given for the actual data and the predictions of the DM and the LBA 
model for each of the conditions separately in ms; conCON(cC), conINC(cI), 
incCON(iC), and incINC(iI). 
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Table 5 
Parameter estimates of DM for Experiment 1 (horizontal and vertical set-up) & 2 

Parameters DM Exp 

a ter η sz st z1 z2 z3 z4 vc vi 
DM-H 0.110 0.400 0.108 0.042 0.172 0.066 0.040 0.057 0.046 0.366 0.436 

DM-V 0.116 0.402 0.109 0.040 0.160 0.069 0.043 0.061 0.050 0.371 0.397 

DM-T 0.088 0.297 0.113 0.037 0.095 0.054 0.033 0.048 0.037 0.391 0.509 

 
Note. For the DM model the following parameters are calculated for the horizontal 
set-up (DM-H), vertical set-up (DM-V) in Experiment 1 and Experiment 2 (DM-T): 
boundary separation (a), Starting point variability (sz), starting point (z1-4), non-
discussion time (ter), non-decision time variability (st), across trial drift rate variability 
(η), drift rate for accumulation of evidence for congruent response (vc) and 
incongruent response (vi). Starting point numbering refers to four CSE conditions: 
conCON (z1), conINC (z2), incCON (z3), and incINC (z4). 
 
Table 6  
Parameter estimates of LBA model Experiment 1 (horizontal and vertical set-up) & 2. 
 

Parameters LBA model Experiment 
a Ter s b1 b2 b3 b4 vc vi 

LBA-H 185 186 0.176 6.46 74.7 28.4 57.5 0.808 0.897 
LBA-V 184 165 0.185 29.8 81.7 42.7 65.4 0.185 0.185 
LBA-T 106 121 0.171 12.8 67.1 23.1 58.8 0.782 0.884 

 
Note. For the LBA model the following parameters are calculated for the horizontal 
set-up (LBA-H), vertical set-up (LBA-V) in Experiment 1 and Experiment 2 (LBA-T): 
Threshold (A), intercept (Ter), drift standard deviation (s), Bias (b1-4) drift rate for 
congruent response (vc) and incongruent response (vi). Bias numbering refers to four 
CSE conditions: conCON (b1), conINC (b2), incCON (b3), and incINC (b4). 
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Figure 8: Fits of DM and LBA model. Plots of accuracy and RTs per quantile (0.1, 0.5, 
0.9) for observed data (x-axis) and predicted model data (y-axis) based on the fits of 
Bias model of DM and LBA model for the two experiments; horizontal and vertical 
set-up (Experiment 1) and TMS (Experiment 2). First column represents fits of DM. 
Second column represents fits of LBA model. 
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5.6.3 Parameter estimates  
5.6.3.1 Horizontal set-up  
5.6.3.1.1 DM. ANOVA with the within-subjects factors Congruency (current trial 
CON vs. INC) and Sequence (previous trial con vs. previous trial inc) reveals 
differences in starting point between CON and INC trials (0.062 vs. 0.043, main 
effect Congruency, F(1,9) = 26.62, p = .001). Furthermore, this congruency effect 
depends on the previous trial (interaction effect Congruency x Sequence, F(1,9) = 
29.39, p < .001). No overall effect of the previous trial (0.053 vs. 0.052, main 
effect Sequence, F(1,9) = 1.49, p = .253) is found. Evaluating these effects with 
paired t-tests (see Table 7 for details) reveals a higher starting point for conCON 
condition compared to the conINC and to the incCON condition. If the previous 
trial was an inc trial, CON trials have a higher starting point than INC trials. But if 
the current trial is INC, a higher starting point is found for previous inc trials 
compared to previous con trials (see Figure 9). Overall, these starting point patterns 
resembled the observed patterns of CSE on RT (with a polarity reversal due to 
scaling). Interestingly, drift rate is higher for INC trials compared to CON trials, 
suggesting faster (rather than slower) evidence accumulation on INC trials 
compared to CON trials. 
 
Table 7 
Paired t-tests of parameter estimates (Starting point/Bias and drift rate) of bias model 
fitted with DM and LBA model for Experiment 1(both horizontal and vertical set-up). 
 

Horizontal Vertical Parameters 
t(9) p t(9) p 

DM 
Drift rate CON vs. INC -2.55 .031 -.99 .350 
Starting point conCON vs. conINC 7.29 < .001 6.06 < .001 
Starting point conCON vs. incCON 4.07 .003 6.54 < .001 
Starting point conINC vs. incINC -3.74 .005 -3.21 .011 
Starting point incCON vs. incINC 2.54 .032 2.75 .023 
LBA model 
Drift rate CON vs. INC -3.17 .011 -.02 .984 
Bias conCON vs. conINC -7.00 < .001  -4.83 .001 
Bias conCON vs. incCON -4.86 .001 -6.05 < .001 
Bias conINC vs. incINC 3.06 .014 3.94 .003 
Bias incCON vs. incINC -2.70 .024 -2.15 .060 

 
5.6.3.1.2 LBA model. Similar results are found with the LBA model. To relate bias 
in the LBA to the starting point parameter from the DM, the bias parameter should 
be interpreted as distance from the threshold (correct response alternative). Low 
bias values suggest a closer position towards the threshold compared to high bias 
values similar as closer starting point towards the correct response. ANOVA with 
the factors Sequence and Congruency shows again an overall effect for 
Congruency (17.42 vs. 66.13, F(1,9) = 26.23, p = .001), indicating, in this case, 
lower bias for CON trials compared to INC trials. Again, this pattern depends on 
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the specific combination with the previous trial type (interaction Congruency x 
Sequence, F(1,9) = 24.90, p =.001). No overall effect of the previous trial is found 
(40.60 vs. 42.96, main effect Sequence, F(1,9) < 1). Evaluating these effects (see 
Figure 10) reveals a similar pattern as with the DM, again resembling the observed 
CSE patterns in RT (see Table 7 for paired t-tests). The difference in drift rate that 
was observed with the DM is similar to that found using the LBA model, again 
suggesting that evidence accumulation on INC trials was faster than on CON trials. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 9: Starting point and drift rate parameters of DM. Starting point and drift rate 
parameters of DM in case of the Bias model for the horizontal (H) and vertical (V) set-
up in Experiment 1 are shown. The four conditions for starting point are displayed: 
conCON, conINC, incCON, incINC. For drift rate two conditions (CON and INC) are 
shown. 
 
5.6.3.2 Vertical set-up 
5.6.3.2.1 DM. Repeated-measures ANOVA for the vertical set-up yielded similar 
results for starting point (0.065 vs. 0.047, main effect Congruency, F(1,9) = 21.97, p 
= .001; 0.056 vs. 0.056, Sequence, F(1,9) = <1; Interaction effect Sequence x 
Congruency (F(1,9) = 27.51, p = .001). Paired t-test analyses also yielded results 
similar to those obtained for the horizontal set-up; importantly, however, no 
difference in drift rate between CON and INC trials was found (see Table 7 and 
Figure 9). 
 
5.6.3.2.2. LBA model. The bias parameter in the LBA model showed effects that 
resembled those on the starting point parameter in the DM: lower Bias reflects a 
position close towards the correct bound (36.27 vs. 73.56, main effect Congruency, 
F(1,9) = 13.07, p = .006; 55.74 vs. 54.09, main effect Sequence, F(1,9) <1; interaction 
effect Congruency x Sequence, F(1,9) = 30.62, p < .001). Zooming in on these 
effects using paired t-tests reveals lower bias for conCON compared to either the 
conINC and incCON conditions, which is comparable to the DM findings. Further, 
bias of conINC was higher than incINC condition but no difference was found 
between incCON and the incINC condition (see Table 7 for details paired t-tests 
and Figure 10). This pattern resembles the CSE pattern. For drift rate, again, 
similar results were found as with the DM model; no difference between CON and 



Chapter 5 

 

 

95 

INC trials (See Table 7 for details), suggesting that evidence accumulation for INC 
trials was as fast as for CON trials. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 10: Bias and drift rate parameters of LBA model. Bias and drift parameters of 
LBA model in case of the Bias model for horizontal (H) and vertical set-up (V) in 
Experiment 1 are shown. The four conditions for bias are displayed: conCON, 
conINC, incCON, incINC. For drift two conditions (CON and INC) are shown. 
 
5.6.3.3 Summary of parameter estimates 
Overall, these results suggest that 1) starting-point bias is modulated according to a 
combination of previous and current trial, directly reflecting CSE effects as 
observed with both horizontal and vertical set-ups; and 2) drift rate differs between 
CON and INC for the horizontal set-up but not for the vertical set-up. Interestingly, 
drift rate is higher for INC trials than CON trials.  

Although the faster evidence accumulation for incongruent stimuli is striking, 
we have shown that this effect is consistent for both the DM and LBA model. Note, 
differences exist between these models in the size of the non-decision time 
parameter (ter). The LBA model produces estimates that are over 200 ms shorter 
than for the diffusion model.  

To replicate the increased drift rate for incongruent trials, and to explore 
possible links of the current model parameter patterns with neurophysiological 
mechanisms, we fit the models to published data from a horizontal Simon task, in 
which we the excitability of the motor cortex was examined in addition to 
behavioral data. This is discussed in the following section. 
 
5.7 Model Solutions evaluated in light of neurophysiological indices 
5.7.1 Replication: Simon task combined with transcranial magnetic stimulation 
A second data set from a classical horizontal Simon task, taken from a previously 
published study (van Campen et al., 2014), was used to replicate the modeling 
findings for the horizontal set-up of the experiment reported here. In this previous 
study, we administered single pulse transcranial magnetic stimulation (TMS) over 
the motor cortex during the response to congruent and incongruent stimuli, and 
measured the electromyogram (EMG) to examine activation and inhibitory 
dynamics of the corticospinal motor system at different time points after stimulus 
presentation. Behavioral data (Simon effect, CSE, distribution-analytical indices of 
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response capture and fade-out) was collected while measuring these activation and 
inhibitory dynamics (for details see van van Campen et al., 2014).  

In the present section, we will first discuss the results of the full, bias, and drift 
models, followed by statistical analyses of the parameters to evaluate systematic 
changes. In the last subsection, we evaluate the model parameters in the horizontal 
Simon task in light of these neurophysiological indices. Our TMS study suggested 
that activation dynamics of the hand involved in the correct response depend on the 
congruency not only of the current trial but also of the previous trial (van Campen 
et al., 2014). Sustained inhibitory processes, of the involved hand, were observed 
in case of incongruent trials compared to congruent trials, but this did not depend 
on the previous trial.  
 
5,7.1.2 Behavioral data from TMS study 
Behavioral findings including benchmark phenomena as described in van Campen 
et al., (2014). Figure 11 is adapted from this paper showing CSE, response capture, 
and fade-out of Simon task. In brief, the overall Simon effect, the CSE, response 
capture, and fade-out resembled those observed typically and those reported in the 
horizontal set-up of experiment 1.  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 11: Three benchmark phenomena of Experiment 2. A) CSE, B) Response 
capture in CAF and C) Fade-out in a delta plot adapted from Van Campen et al. 2014, 
see for detailed explanation of CAF and delta plot Figure 1B and 1C. 
 
5.7.1.3 Modeling of behavioral data from TMS study 
Modeling the behavioral data from the previous TMS study was expected to 
replicate the findings for the horizontal set-up observed in the present study. We 
will briefly discuss the model fit followed by the statistical analyses of the 
parameter estimates. 
 
5.7.1.3.1 Model fit. Replication of the classical Simon task (horizontal set-up) 
within the TMS experiment again suggests, for all fit criteria and both DM and 
LBA model, the bias model as the preferred model (see Table 1 and Figure 8).  
 
5.7.1.3.2 DM. Repeated-measures ANOVA with the factors Congruency and 
Sequence shows higher starting points values for CON compared to INC trials 
(0.051 vs. 0.035, main effect Congruency, F(1,9) = 31.05, p <. 001), and this effect is 
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modulated by the previous trial (interaction effect Congruency x Sequence, F(1,9) = 
12.46, p = .006). No overall effect of the previous trial is found (0.044 vs. 0.042, 
main effect Sequence, F(1,9) = 2.80, p = .128). Zooming in on these differences with 
paired t-tests (see Table 8 for details) again reveals higher starting point values for 
conCON compared to either the conINC and incCON conditions. Further, starting 
point of incCON was higher than incINC condition but no difference was found 
between conINC and the incINC condition (see Figure 12). Drift rate was again 
higher for INC trials compared to CON trials. These effects are similar to the 
previous reports for the horizontal set-up in the experiment reported in the present 
study. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 12) Parameters of DM and LBA model for Experiment 2. Parameter estimates of 
DM and LBA model in case of Bias model for replication experiment based on data 
from Van Campen et al. (2014). For starting point / bias four conditions are displayed: 
conCON, conINC, incCON, incINC. Drift rate of two conditions (CON and INC) are 
shown. 
 
5.7.1.3.3 LBA model. For bias, repeated-measures ANOVA yields similar effects 
(17.98 vs. 62.91, main effect Congruency, F(1,9) = 29.25, p <.001); 39.95 vs. 40.93, 
Sequence, F(1,9< 1; interaction effect Congruency x Sequence, F(1,9) = 27.45, p 
= .001). Paired t-tests show that all four comparisons between the conditions are 
significant (see Table 8). For drift rate, effects are similar to those found for the 
DM, and similar to those reported for the experiment reported in this study, 
confirming the higher drift rate values for INC trials than for CON trials (see 
Figure 12). 
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5.7.1.3.4 Summary. Overall, both the DM and LBA model replicated the findings 
of the horizontal set-up of the experiment reported in this study. The same two 
mechanistic elements are consistently found to be primarily responsible for the 
three benchmark phenomena: CSE and response capture are related to a shift in 
starting-point bias, while the negative-going delta plot is also related to higher drift 
rates for incongruent compared to congruent conditions. In the next section, we 
evaluate how these model parameter estimates relate to physiological measures of 
activation and inhibitory mechanisms. 
 
Table 8 
Paired t-tests of parameter estimates (Starting point/Bias and drift rate) of bias model 
fitted with DM and LBA model for Experiment 2. 
 

DM LBA model Parameters 
t(9) p t(9) p 

Drift rate CON vs. INC -2.61 .03 -3.29 .009 
Starting point/ Bias conCON vs. 
conINC 

6.83 < .001 -6.32 < .001 

Starting point/ Bias conCON vs. 
incCON 

3.79 .004 -4.41 .002 

Starting point / Bias conINC vs. 
incINC 

-2.15 .06 4.01 .003 

Starting point/ Bias incCON vs. 
incINC 

3.44 .01 -4.24 .002 

 
5.7.2 Linking parameter estimates to physiological measures of activation and 
inhibition 
With single pulse TMS over the motor cortex, activation and inhibitory dynamics 
of the motor cortex can be measured. In our previously published TMS experiment 
with the horizontal Simon task (van Campen et al., 2014), we showed how 
activation dynamics of the motor cortex are reflected in the amplitude of motor 
evoked potentials (MEP) at five time points after stimulus presentation. Larger 
MEP amplitude values represent greater excitability in the primary motor cortex of 
that hemisphere. As the TMS pulse over the motor cortex is administered 
progressively closer in time to the imminent response, such that motor excitability 
is minimal briefly after stimulus presentation, and maximal briefly before the time 
of responding a typical increase in MEP is found (Tandonnet et al., 2011; van 
Campen et al., 2013). During responses to congruent Simon stimuli, the dynamic 
increase in motor excitability occurs at an earlier moment in time than during 
responses to incongruent stimuli; moreover, this differential increase depends on 
the congruency of the previous trial (see Figure 13A-B). These effects on MEP 
amplitude increase were most prominent between roughly 142-213 ms after 
stimulus presentation (as based on the timing of TMS pulses vis-à-vis individual 
RT distributions). During this time interval, the MEP amplitude was also increased 
in case of incongruent trials if the hand was not involved in the final correct 
response, reflecting activation due to the irrelevant stimulus information (location). 
These physiological data show that prior to the final button press, the motor cortex 
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is already primed for a specific response. Such early physiological activation due to 
the location of the stimulus supports the findings of starting point bias of both the 
DM and LBA model. This early physiological activation occurs before the decision 
process finishes in the models and might be redirected to overcome the activation 
of the “wrong” response alternative in favor of the correct other response. However, 
we should note that the non-decision time in the LBA model is shorter that the time 
at which the activation differs between congruent and incongruent trials (121 ms 
versus 142 ms). Because the LBA process is deterministic and does not change 
during the time course of the decision, the measured physiological activation is not 
fully consistent with the LBA model.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 13: Physiological parameters for excitation and inhibition, MEP amplitude and 
silent period, and correlations with the LBA model. The upper panels show the 
physiological MEP and silent period parameters between on average 142 ms and 213 
ms after stimulus presentation, adapted from Van Campen et al. (2014). MEP 
amplitude represents the excitation dynamics of the motor cortex. Higher amplitude 
reflects stronger excitatory activation within the motor cortex. The amplitude increase 
is differential for the type of trial and is suggested to depend on the previous trial 
(panel A and B). Silent period duration represents the inhibitory dynamics of the 
motor cortex. The longer the silent period duration the more inhibition there is in the 
motor cortex (panel C). The correlations of MEP change between the two time points 
with the bias parameter of the LBA model for either INC or CON trials separately are 
shown in panel D and E. The correlation of the change in inhibition between the two 
time points with the drift rate parameter of the LBA model for either INC or CON 
trials is shown in panel F. In panels D-F each dot represents participant. 
 

The Silent Period (SP) duration was measured at the same time points and 
reflects the inhibitory processes within the motor cortex (van den Wildenberg et al., 
2010b). Long SP duration reflects high levels of inhibition at that moment within 

!

!

0.0

0.2

0.4

0.6

0.8

After CR trial

Pulse time (after stimulus onset)

M
EP

 a
m

pli
tu

de

!

!

~142 ms ~213 ms

CR
NCR

!

!

!

!

!

!

!

!

!

!

!

!

!
!

!

!

!

!

!

!

150 250 350

0.0

0.5

1.0

After CR trial

Bias

M
EP

 a
m

pli
tu

de
 d

iffe
re

nc
e

!

!

0.0

0.2

0.4

0.6

0.8

After NCR trial

Pulse time (after stimulus onset)

M
EP

 a
m

pli
tu

de

!

!

~142 ms ~213 ms

CR
NCR

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

150 250 350

−0.2

0.0

0.2

0.4

0.6

0.8

1.0

After NCR trial

Bias

M
EP

 a
m

pli
tu

de
 d

iffe
re

nc
e

!

!−0.3

−0.2

−0.1

0.0

Pulse time (after stimulus onset)

SP
 d

ur
at

ion

!

!

~142 ms ~213 ms

CR
NCR

! !

!

!

!

!

!

!
!

! !
!

!

!

!

!

!

!

!!

0.70 0.80 0.90

−1.0

−0.5

0.0

0.5

1.0

Drift rate

SP
 d

ur
at

ion
 d

iffe
re

nc
e



Diffusion and LBA modeling of conflict effects 

 

 

100 

the motor cortex. Several changes in the SP were observed. For the hemisphere 
directly involved in the correct incongruent response, a sustained level of inhibition 
was found within the motor cortex compared to congruent trials. This sustained 
level of inhibition began between 142-213 ms after stimulus presentation 
irrespective of previous-trial congruency (see Figure 13C). Secondly, an early 
inhibition was manifested temporarily in case of correct suppressed incongruent 
responses and followed by a late general decrease in inhibition (van Campen et al., 
2014). Changes in the inhibitory dynamics could relate to the increased drift rate 
for incongruent responses. 

To establish a relationship between these physiological effects of activation and 
inhibitory dynamics and the parameter estimates of the Bias model, we performed 
correlational analyses. However, these analyses should be taken with caution. The 
correlations are based on ten subjects only, and we only found significant 
correlations for the LBA model (although the correlations with the DM parameters 
showed similar patterns). To assess the reliability of the correlation between 
physiological and model parameters, we computed confidence intervals on the 
correlation coefficients using bootstrapping (Efron, 1979). The distribution of 
correlation coefficients obtained in this way can be used for hypothesis testing. The 
proportion of the distribution that is larger than zero represents an indicator of a 
positive correlation. In the following we restrict ourselves to the relevant 
correlations based on this jack-knifing method. 

We expected the activation dynamics between 142 and 213 ms to correlate with 
starting-point bias (see Figure 13D-E) because around that time the physiological 
effects were most evident. In the LBA model, a larger bias value entails a larger 
distance towards the correct response threshold or boundary relative to the 
incorrect response threshold or boundary. A weak positive correlation between 
MEP amplitude and bias was only found on conCON trials (conCON: Mean (0.41) 
and SD (0.25) of the bootstrapped distribution of correlations). The proportion of 
the distribution that is larger than 0 is indicative of the probability of a positive 
correlation coefficient P (r > 0) = .94). This correlation might suggest that when 
bias is weak (due to incongruency of the previous trial), a stronger increase of 
activation is necessary to reach threshold; if, however, the bias is already close to 
the correct bound (when the previous trial was congruent), then less additional 
activation is needed to activate the correct response (i.e., to reach the correct 
bound).  

Concerning the inhibitory mechanisms, reflected in a decline in SP duration 
within the same timeframe, we expect a correlation with drift rate (see Figure 13F). 
A positive correlation is found between drift rate and SP duration change for INC 
trials but not for CON trials (Mean (0.61) and SD (0.21) of the bootstrapped 
distribution of correlations, P (r > 0) = .99). This suggests that during responses to 
incongruent stimuli, lower drift rates are associated with lower levels of 
physiological inhibitory processes, signifying that a sustained level of inhibition is 
in need for / or induces faster accumulation of evidence in favor of the correct 
response.  

Overall, the modeling results of the classical Simon task with a horizontal set-
up, reported in the present study, are replicated in the data from a recently 
published study (van Campen et al., 2014). This additional analysis allows us to 
evaluate how well starting-point bias and drift rate parameters are in agreement 
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with the neurophysiological indices found in our previous study. The physiological 
evidence shows a primed activation towards a specific option very early in the 
decision process, corresponding to the findings of starting-point bias, and selective 
suppression of this activation, corresponding to a combination of starting-point bias 
and drift rate effects. In the next section, we will examine how these modeling 
outcomes can be meaningfully interpreted.  
 
5.8 Mechanistic Elements and Process Dynamics Essential to the Simon Effect 
The main aim of the present paper is to use evidence-accumulation modeling to 
constrain the space of descriptive theories of interference effects in conflict tasks 
so as to promote a deeper understanding of the underlying cognitive, 
neurophysiological, and computational mechanisms. Therefore, both the DM and 
LBA model were fit to empirical data using three differently parameterized models 
(full, bias, and drift models). Systematic changes of individual model parameter 
estimates were assessed to reveal underlying mechanism(s) responsible for three 
key benchmark phenomena: CSE, response capture, and fade-out. These three 
benchmarks reflect behavioral phenomena typically observed in the Simon task, as 
confirmed in the new study reported here. In brief, model fitting indicated two 
mechanistic elements that underlie these effects: 1) CSE as well as response 
capture seem to be captured by differences in starting-point bias, while 2) 
differences in speed of evidence accumulation (drift rate) are key to differences in 
the extent to which delta plots turn negative, although the net effect of drift rate 
depends on starting-point bias.  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 14: Schematic representation of theoretical implications of model outcomes in 
classical Simon task. A) Schematic representation of the effects of starting point and 
drift rate of DM on four conditions; conCON, conINC, incCON, incINC. B) Similar 
for LBA model.  
 

To summarize how differences in the two mechanistic elements give rise to 
response capture and fade-out in a typical horizontal Simon task, first a schematic 
representation is given for both the DM (see Figure 14A) and LBA model (Figure 
14B). Secondly, Figure 15 shows how a combination of lower starting-point bias 
and higher drift rate for INC trials (Figure 15A) results in a shift in the leading 
edge of the RT distribution and a more narrow RT distribution (Figure 15B). In 
addition, the lower starting-point bias for INC trials also leads to early response 
capture, as shown in the CAF (Figure 15C). To reconstruct the fade-out of the 
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Simon effect in the delta plot (Figure 15D), the difference between the mean RT 
per quantile (vincentile) of INC and CON trials is plotted against the mean RT of 
that specific quantile.  

In the present section we will elaborate in some detail on the findings of 
starting-point bias and rate of evidence accumulation and their theoretical 
implications. This discussion is followed in the subsequent section by an 
evaluation of how these model solutions constrain the theoretical space of 
descriptive models of interference effects in conflict tasks. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 15: Conceptual flowchart of the transformation of model parameters into 
response capture and fade-out. A) Simplified conceptual representation of differences 
in starting point / bias and drift rate is shown. Only current trial effects are displayed. 
Effects of previous trials are disregarded. Differences in starting point / bias result in 
a larger leading edge of RT distribution of CON trials (see panel B) at an earlier time 
compared to the leading edge of the RT distribution of INC trials.  Increased drift rate 
for INC trials results in decreased spread of the RT distribution of INC trials 
compared to CON trials (see Panel B). B) Conceptual representation of RT 
distributions of CON and INC trials together with the quantile representations (Q, 0.1, 
0.3, 0.5, 0.7 and 0.9). C) Response capture of INC trials follows from lower starting 
point / bias and faster drift rate of INC trials. D) Fade–out in the elta plot results from 
net effect of starting point/ bias differences between conditions and faster drift rate 
effect for INC trials compared to CON trials. In Panel C and D the mean rt per 
quantile is indicated with a Q reflecting the quantile average. 
 
5.8.1 Starting point and Bias  
The literature on CSE shows that the nature of the previous trial biases the action 
on the current trial (Egner, 2008). Such a bias effect is indeed what we find with 
the DM and LBA model. Previous studies focusing on bias in the DM either 
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manipulated the number of trials or the prior knowledge of the upcoming trials 
(Ratcliff & Smith, 2004). For instance, manipulation of the proportion of target 
trials within a classical memory recognition task was used to manipulate bias for a 
specific decision; these fluctuations in bias were reflected in the starting point of 
the DM (Edwards, 1965; Ratcliff, 1985; Ratcliff & Smith, 2004; Leite & Ratcliff 
2011). Within a random dot motion paradigm, a bias towards either the most 
frequent option or the option with the largest payoff was reflected in starting point 
differences (Ratcliff & McKoon, 2008, experiment 3; Mulder et al., 2012). Similar 
evidence has been presented for a Flanker task, manipulating the proportion of left- 
versus right-hand responses was reflected in starting point changes (White et al., 
2012). In general, differences in starting-point bias seem to reflect a preference for 
a specific option relative to the alternative option early in the decision process. The 
Simon task appears to entail a pronounced preference for the congruent option due 
to the spatial overlap of stimulus location and response hand. The effects of 
starting-point bias are similar for the horizontal and vertical experimental setting 
suggesting a similar preference for a specific option. In both set-ups an overlap 
existed between the spatial location of the stimulus and the response hand. In both 
experimental settings the incongruent trials, and especially the trials following a 
congruent trial, are more prone to lead to response capture of the incorrect response 
due to the differences in starting-point bias. 

Physiological evidence for such early facilitation is provided in a causal manner 
with studies using Transcranial Magnetic Stimulation (Tandonnet et al., 2011; van 
Campen et al., 2014, presented in section 7). Tandonnet and colleagues (2011) 
showed that the amplitude of the MEP increased at an earlier moment of time for 
the optimal condition in a choice RT task. Within the Simon paradigm, such a 
facilitation of CON trials is found starting on average shortly after 142 ms after 
stimulus presentation. This facilitation is suggested to also depend on the nature of 
the previous trial (van Campen et al., 2014).  

Behaviorally, Scherbaum and colleagues (Scherbaum et al., 2010) used a 
mouse-tracked Simon paradigm and observed a bias towards the location of their 
response on the previous trial before the stimulus was processed. To explain their 
findings, these authors suggested either an interpretation in terms of episodic 
memory, in which repetitions of recent episodes are less time-consuming than 
alternations (Hommel et al. 2002; Hommel 2004), or, alternatively, dynamic 
embodied tendencies that serve to relay motor control from the previous action to 
the current action unless a strong action conflict is encountered (Thelen et al., 
2001). Note that both episodic binding accounts and conflict monitoring loop 
theory have been proposed to explain interference effects in the Simon task. These 
results generally suggest, at least at a functional level, that a bias is formed towards 
whichever happens to be the easier action. 
 
5.8.2 Evidence accumulation  
The faster evidence accumulation for INC trials in combination with a lower 
starting-point bias explains the negative-going delta plot (and the reversal of the 
conflict effect in the slow tail of the RT distribution) in the horizontal Simon task, 
which is completely absent when the stimulus-response alignment is vertically 
oriented. Thus, although activation of the correct response is hampered on INC 
trials by a location-driven bias towards the CON response, an increased rate of 
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evidence accumulation might serve to overcome that bias. As can be seen in Figure 
15, the increase in drift rate does not always fully compensate for the location-
based bias, but the simulations confirm that this could even result in a reversal of 
conflict effects for the slowest responses. Interestingly, the correlation (across 
participants) of drift rate with the duration of silent periods, as presented here 
based on previously published data by Van Campen et al., (2014), suggests that the 
level or build-up of inhibition allows for the faster accumulation of evidence for 
the correct response which might be in line with more top-down control 
frameworks. 

Consistent with these suggestions of top-down control, a study using repetitive 
TMS (rTMS) over the dorsolateral prefrontal cortex, allegedly producing a 
transient dampening of the stimulated area’s functioning, resulted in decreased drift 
rates (Philiastides et al., 2011). In a recent study (van Campen et al, submitted) we 
observed that rTMS over the ventrolateral prefrontal cortex resulted in positive-
going delta plots in a Simon task, as compared to pronounced negative-going delta 
plots in the same individuals under sham stimulation. This prefrontal region is 
generically associated with top-down response inhibition (for review see 
(Ridderinkhof et al., 2011). Together, these findings are consistent with top-down 
regulation of response control, as expressed in increased drift rates for INC trials 
and in negative-going delta pots.  

The engagement of top-down control in the modulation of drift rate also appears 
consistent with data from individuals with documented problems in such top-down 
control, such as associated with attention deficit / hyperactivity disorder (AD/HD). 
For instance, in children with AD/HD, evidence accumulation was found to be 
inefficient (reduced drift rate; Metin et al., 2013). Indeed, children with AD/HD 
also show greater interference from irrelevant information, as expressed in less 
negative-going delta plots compared to healthy controls (Ridderinkhof et al., 2005).  
Bottom-up and top-down influences are suggested to be involved in integration of 
sensory evidence accumulation by a network of both parietal and frontal brain 
areas (Heekeren et al., 2006). Recently, an rTMS study in a Flanker task suggests 
two distinct control networks; i.e., a more parietal perceptual network and a more 
frontal response conflict network (Soutschek et al., 2013). The authors suggest an 
interaction between these two networks. Detection of perceptual level of conflict 
might help solving the conflict on the response selection level. Within such a 
neural network, differences in starting-point bias might be reflected in pre-
activated connections within a network favoring the easy condition: the second 
network might affect, for instance, the drift rate. Depending on the dynamics of 
those networks either more weight is placed on one or the other parameter.  

An important note here is the departure from this pattern in the vertical 
orientation set up. For some reason, this increase in drift rate for INC trials does 
not occur in the vertical Simon task. We can only speculate on why this is. One 
potential explanation is that the effect is present but much weaker in the vertical 
condition. Burle and colleagues (Burle et al., 2014) found negative going delta 
plots (fade-out) in a Flanker task under time pressure especially on those trials that 
consist of so-called partial errors, suggesting that fade-out occurs only when the 
task set-up and instructions encourage strong response capture. Another, possibly 
related, explanation might be strong selective suppression of ipsilateral primary 
motor cortex simultaneous with the build-up of activation in contralateral M1 
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(Meynier et al., 2009), which can occur only with horizontally mapped response 
configurations (or, at least, would be less pronounced in response configurations 
orthogonal to the left/right organization of cerebral hemispheres).   
 
5.9 How Prevailing Descriptive Theories of Account for the Benchmark 
Phenomena 
Understanding the mechanisms underlying interference effects in conflict tasks has 
presented researchers in experimental psychology and cognitive neuroscience with 
a continual challenge for more than half a century. Gaining insights into these 
mechanisms is of considerable interest, both from a scientific and practical point of 
view, as the Simon task contains elements representative of daily life (such as 
traffic participation or think of the jinxing soccer player), and, at the same time 
allows for explicit experimental control (Hommel, 2011b; Leuthold, 2011).  

Over recent decades, various theoretical models, most often descriptive theories, 
have been proposed. Such theories should be capable of providing a parsimonious 
account of key findings, as well as deriving unique and new predictions. Some of 
these models are more qualitative than quantitative in nature. The advantage of 
using computational modeling, as presented here, is that it gives a richer set of data, 
namely a description of the whole reaction time distributions. In the present section 
we present an overview of the main theoretical accounts of the Simon effect, 
categorized into classes of models that share key features but differ in their 
implementation. For each of these theoretical accounts, first the three behavioral 
benchmark phenomena of CSE, response capture, and fade-out will be addressed. 
And secondly, we discuss how these theoretical accounts could address the 
currently presented mechanistic elements of RT modeling; more distant starting-
point bias and increased drift rate of evidence accumulation for incongruent trials. 
 
5.9.1 Attention Orienting and Response Selection Accounts 
The first theoretical note of the classic Simon effect was formulated in terms of 
facilitation due to differences in the spatial orientation; “people have a natural 
tendency to respond towards the source of stimulation” (Simon, 1969, p. 174). In 
this response selection account, selection of the correct response is more difficult 
in incongruent compared to congruent trials, due to the natural tendency to respond 
in the direction of the task-irrelevant stimulus position. A slightly different, but 
related conceptualization suggested that orienting attention is responsible for 
differences in the Simon task between congruent and incongruent trials (e.g., 
Stoffer, 1991; Nicoletti & Umilta, 1994; Umiltà & Nicoletti, 1992). According to 
the attention shift hypothesis, presenting a cue triggers attention to be oriented 
towards its spatial location. In case of congruent stimuli, attention is oriented to the 
correct side, but with incongruent stimuli, attention is oriented toward the side of 
stimulation and needs to shift, that is, be reoriented toward the opposite side, 
resulting in a slowing of RT.  

Studies using additive factors logic (Sternberg, 1969), working on the 
assumption that different stages of processing commence only when the previous 
stage has been completed (for review see Sanders, 1980), have not lent 
unequivocal support for the response-selection or attention reorienting hypotheses, 
since the conflict effect interacts not only with variables known to affect the stages 
of attention orienting (such as stimulus eccentricity) or the response-selection stage 
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(such as number of response alternatives), but also with perceptual processes (such 
as stimulus encoding difficulty) or response preparation processes (such as 
foreperiod duration effects) (for review see Simon, 1990). Later studies 
demonstrated that conflict effects in the Simon and Eriksen flanker tasks violated 
basic assumptions of the additive factors logic (Hommel, 1994; Ridderinkhof et al., 
1995), suggesting that in case of conflict effects, the notion of discrete successive 
stages should be replaced by alternative conjectures.  

Key to attention orienting as well as response selection accounts of the Simon 
task is the tendency to orient and respond toward the spatial source of the 
stimulation. In general, sequential sampling models imply that evidence for one 
option is evidence against the other option. In case of incongruent trials, this means 
that the initial orienting / response tendency towards the spatially congruent 
location is subsequently replaced by orienting / response tendency towards the 
opposite location, which is assumed to be time consuming. In as far as documented, 
these accounts have remained mute with respect to our three benchmark 
phenomena. However, the notion that congruent trials are facilitated due to priming 
seems consistent at least with response capture and with the starting-point bias 
effects observed here. Although the attention orienting and response selection 
accounts make no predictions as to CSE, they could be reconciled with such CSE 
(and with the role of starting-point bias effects therein) by making the additional 
assumption that the most recent location that was oriented / responded to yields 
some residual effect that primes attention or response tendencies on the next trial. 
Importantly, however, faster drift rate / evidence accumulation for INC trial seems 
to be in direct contradiction to the attention orienting account. Given the need for 
redirection, evidence accumulation should (if anything) be slowed on INC trials, 
which is opposite to the present finding that evidence accumulation is faster for the 
INC trials than for the CON trials.  
 
5.9.2 Episodic Binding Accounts 
Ideomotor theory, put forward in seminal form by Unzer (1771/1851) and Müller 
(1838/1848), and elaborated in its most influential formulation by (James, 1890), 
proposed that actions are represented in terms of their perceptual consequences, 
and hence that thinking of a desired end state in terms of its perceptual 
consequences would instantly trigger the action leading to that end state. This 
framework has been turned into an episodic binding framework by Prinz and 
Hommel and their co-workers (e.g., Hommel et al 2001). Here, stimuli, actions, 
and action consequences are represented in a common coding space. Along these 
lines, common coding provides a possible mechanism for direct visuo-motor 
transformations from spatial position to response side. Such strong natural 
associations need to be overcome by competing associations, such that for example 
the element [left stimulus] is dissected from the episode of [left stimulus, left 
response] in order to be bound into the new episode of [left stimulus, green color, 
right response]. This episodic unbinding/rebinding is a time-consuming process, 
explaining why responses to incongruent stimuli are slowed compared to congruent 
trials (in which natural S-R associations do not require unbinding).  
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5.9.2.1 Benchmark 1 – Congruency Sequence Effects.  
The theoretical framework of episodic binding provides a straightforward 
expectation for CSE by assuming that an episode as bound together on a preceding 
trial facilitates or hampers processing on the current trial, depending on the exact 
contingencies (Hommel et al., 2004; Mayr et al., 2003; Proctor & Vu, 2002). If the 
previous trial was congruent and the current trial is also congruent, nothing needs 
to be unbound/rebound, and RT will be fast. As a nontrivial prediction, the same 
should hold when the previous trial was incongruent and the current trial is also 
incongruent; no un/rebinding is necessary, and the response to the current stimulus 
can be relatively fast despite its incongruency. When there is a need for 
un/rebinding, RT will be slowed. This is the case not only when the current 
incongruent trial was preceded by a congruent one, but also when the current 
congruent trial was preceded by an incongruent one (cf. Spapé et al., 2011).  

Previous work on bias manipulations in episodic memory has related memory 
processes to differences in the starting point (Ratcliff & Smith, 2004). Although 
their work pertained mostly to long-term memory, these authors proposed that 
starting point differences might be accounted for by feature binding. For instance, 
if features A and B are bound together, if feature A needs to be associated with 
feature C rather than B on a subsequent occasion, then evidence accumulation is 
offset in the wrong direction. This notion of off-set starting points whenever an 
episode needs to be unbound appears consistent with the occurrence of CSE. The 
observed correlation between bias and MEP amplitude (reflecting motor 
excitability) on conCON trials but not on incCON trials suggests that when starting 
point is off-set (when the previous trial was incongruent), a stronger increase of 
activation is necessary to reach threshold; if by contrast the starting point is already 
close to the correct bound (when the previous trial was congruent), then less 
additional activation is needed to activate the correct response. This finding would 
appear consistent with the episodic binding mechanisms assumed to underlie the 
CSE. 
 
5.9.2.2 Benchmark 2 – Response Capture Expressed in Fast Errors.  
To our knowledge, representative accounts within the framework of episodic 
binding do not speak directly to response capture. As a straightforward speculation, 
however, one might assume that episodes containing ‘natural’ S-R associations 
(such as in spatially congruent mappings) are formed more easily, or more tightly, 
than episodes containing spatially incongruent mappings. The stronger the 
congruent connection, the more it may resist unbinding on a subsequent 
incongruent trial, and the more often it may result in errors. Weaker congruent 
connections may be unbound successfully, but since un/rebinding takes time, this 
results in relatively slow correct responses. Hence, incongruent errors will be 
relatively fast (but only if the preceding trial was congruent). Thus, we may 
speculate on a mechanism that might be consistent with starting-point bias effects. 
Spatially congruent S-R associations may be stronger than incongruent ones, and 
hence result in fast errors if they resist unbinding on a subsequent incongruent trial. 
Successful unbinding in case of weaker congruent S-R connections may result in 
correct, but slowed responses. The resulting pattern of relatively fast incongruent 
errors may correspond to a starting point that is offset towards the incorrect 
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response after congruent trials; overcoming this bias takes time, so that correct 
incongruent responses will be relatively slow.  
 
5.9.2.3 Benchmark 3 – Interference Dynamics Expressed in Fade-out in Delta 
Plots.  
To the best of our knowledge, the episodic priming framework does not make 
specific predictions as to RT distributions. Based on the speculations on response 
capture, discussed above, one might argue that the fast tail of the distribution of 
correct RTs on incongruent trials (when preceded by congruent trials) is somewhat 
truncated, since faster responses may have resisted unbinding and hence have run 
into overt error. Since this truncation would not occur on congruent trials, the 
Simon effect would be relatively large in fast portions of the correct RT 
distribution; such a pattern would counter the positive-going trends in early 
segments of the delta plot. Such a pattern would not, however, predict fade-out 
during the slow segments of the delta plot.   

Accordingly, the increase in drift rate in incongruent compared to congruent 
trials appears difficult to reconcile with episodic priming accounts. One potential 
mechanism could be that, on incongruent trials, the need for un/rebinding signals 
the need for redirection and faster subsequent build-up of evidence accumulation. 
However, this account necessitates a series of additional assumptions that do not 
seem inherent to the episodic priming account. 
 
5.9.3 Parallel Processing Accounts 
An initial account of conflict effects in terms of parallel processes was presented in 
the continuous flow model (Coles et al., 1985; Eriksen & Schultz, 1979). In this 
conceptualization, stimulus features are processed in parallel from their earliest 
identification up to their ultimate effects on response activation. Task-irrelevant 
features can be processed (and hence activate a response) faster than task-relevant 
features, if the former outnumber the latter (as in the Flanker task) or if the former 
have more natural S-R associations than the latter (as in the Simon task). 
Essentially similar to this continuous flow view, Cohen and colleagues developed a 
connectionist model (Cohen et al., 1990) that would later develop into the conflict 
control loop theory (Botvinick et al., 2001), entailing features essential to capture 
some of the benchmark phenomena, as discussed in a later section.  

A different theoretical approach comes from Kornblum and colleagues (1990). 
In their dimensional overlap hypothesis, the extent to which the dimension of both 
stimulus and response overlap determines either facilitation or a RT cost effect. In 
their dual-process model, presented stimuli evoke both an automatic activation as 
well as a confirmation phase. The activation function is considered automatic and 
can be seen as a form of response priming. The confirmation phase is described as 
a verification or identification process to confirm or abort the activation of the 
automatically primed response. In tasks like the Simon task, there is considerable 
dimensional overlap between stimulus position and response, but limited 
dimensional overlap between stimulus color and response. Hence, automatic 
location-based priming will result in facilitation (faster RTs) if stimulus position is 
congruent with response side; but for incongruent stimuli, automatic priming will 
benefit the incorrect response, which then needs to be aborted in favor of the 
slower color-based activation for the correct response.  
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The activation-suppression model (Ridderinkhof, 2002b) comprises a variety of 
Kornblum’s dual-process model, differing mostly in the omission of a discrete 
stage of verification. While the Kornblum model entails an automatic priming 
process that needs to be aborted in case of a mismatch between the location-based 
and color-based responses, the activation-suppression model entails parallel 
response activation routes, rapid and direct when possible (comparable to the rapid 
visuomotor translation in ideomotor theory), slower and more deliberate when 
necessary (for instance when S-R translation requires arbitrary mapping rules, such 
as the color-location mapping in the Simon task). The direct activation route has 
also been referred to as the unconditional route (De Jong et al., 1994), whereas the 
deliberate route has been linked to a conditional process that operates by logical 
recoding (Hedge & Marsh, 1975). When activation along the two routes concurs, 
fast responses result; but when they conflict, the initial incorrect activation needs 
selective suppression, in time to prevent it from running into overt error. The view 
of selective suppression receives further support from experimental work by 
Hübner & Mishra, (2013) and Stürmer and colleagues (2002), the latter allowing 
control to act over both the conditional and unconditional route.  

The short-term memory links model (Tagliabue et al., 2000) assumes that the 
Simon effect results from different time courses of processing along short-term and 
long-term memory (STM/LTM) links. LTM links correspond to the strong spatially 
compatible visuo-motor links assumed by most other parallel processing models. 
Task-specific STM links can be set up quickly and transiently; activation produced 
via STM links is slower than that produced via LTM links, but STM links can be 
strengthened by practice. This model makes the nontrivial prediction that 
substantial practice with incongruent Simon stimuli will strengthen STM links 
between contralateral S-R pairs to such an extent that the Simon effect gets reduced 
or even reversed, which is what Tagliabue and colleagues (2000) observed (see for 
comparable findings Proctor & Lu, 1999; Theeuwes et al., 2014).  

To preview, each of the accounts within the parallel processing framework 
appear to accommodate the starting-point bias effects in relation to both the CSE 
and response capture. None of these conjectures can account for the observation of 
increased drift rate in incongruent trials, however, without invoking selective 
response suppression as an additional mechanism. In the next sections we will 
discuss the proposed mechanisms underlying the three benchmark phenomena vis-
à-vis the model solutions in some detail. 
 
5.9.3.1 Benchmark 1 – Congruency Sequence Effects.  
The Conflict Control Loop Theory assumes, based on connectionist modeling of 
human behavioral, electrophysiological, and neuroimaging data, a module for 
conflict detection. If stimuli, processed in parallel, activate conflicting responses, 
the conflict is computed in the form of Hopfield energy (corresponding to the 
product of activation in the model nodes for left- and right-hand activation; 
Botvinick et al., 2001). High levels of conflict, as experienced during incongruent 
trials, result in pre-emptive tightening of control on the next trial, such that the 
weights of processing paths for the task-relevant color is increased and that of task-
irrelevant location is decreased, resulting in reduced conflict (and hence faster 
responses) on the next trial when the stimulus is incongruent, but also in less 
location-based activation and hence slower responses when the next stimulus is 
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congruent. Low levels of conflict, as experienced during congruent trials, result in 
more lenient control on the next trial, resulting in increased conflict (and hence 
slower responses) when the next stimulus is incongruent, but in stronger location-
based activation and hence faster responses when the next stimulus is congruent (cf. 
Kerns et al., 2004). In view of the adaptive nature of the alleged mechanism, the 
CSE was called the conflict-adaptation effect within this tradition, a label that has 
been used more widely since. 

The dimensional overlap model (Kornblum et al., 1990) has not been used to 
explicitly account for the CSE, but it would seem that the verification process 
serves a similar function as the conflict detection module in the conflict control 
loop theory. Although the dimensional overlap model was not build as a neural 
network, connectionist implementations have been proposed that could in principle 
account for the CSE. 

The activation-suppression model also relies (implicitly at least) on the 
occurrence of conflict, but does not entail an explicit computational mechanism for 
conflict detection. The main distinction between the activation-suppression model 
and the conflict control loop theory pertains to the time frame in which conflict 
adaptation takes place: whereas in the conflict control loop theory the adaptation is 
a between-trial process, in the activation-suppression model adaptation starts to 
build up online, that is, within the trial (Burle et al., 2002). Incorrect response 
activation is suppressed within the current trial in an attempt to prevent it from 
running into overt error. Whether the attempt is successful or not, the need for 
control is registered and transferred to the next trial, so that on the next trial 
location-based reactions are pre-empted or, to the extent that they cannot be fully 
prevented, suppression of location-based response activation is proactively 
strengthened (Ridderinkhof et al., 2011). 

The CSE has not been dealt with in the context of the STM links model, but 
could readily be interpreted in its terms. If the current trial is incongruent, then the 
incongruent STM link is transiently strengthened, benefiting the response to a 
repeated incongruent stimulus on the next trial while impeding the response if the 
next stimulus were congruent; and vice versa if the current trial is congruent. 
Although experimental studies have shown that it takes substantial practice with 
incongruent mappings to set up STM links of sufficient strength to reduce the 
Simon effect, in principle a single instance might suffice to produce a marginal but 
measurable CSE.  

In sum, then, each of the parallel processing accounts appears to entertain 
implicit or explicit varieties of a mechanism of conflict adaptation underlying the 
CSE. Since conflict control loop theory was the most explicit as well as most 
influential model in driving theory and research into what were called conflict 
adaptation effects, we will discuss this account first, and briefly review variations 
of this account in other parallel processing accounts.  

As detailed above, conflict control loop theory assumes that conflicting 
response tendencies are detected by a dedicated comparator (Botvinick et al., 2001). 
Conflict during incongruent trials triggers tightened control on the next trial; as a 
consequence, on the next trial, incongruent locations produce less conflict stimuli 
(yielding relatively fast incongruent responses), whereas locations produce less 
facilitation (yielding relatively slow congruent responses). This mechanism appears 
entirely compatible with the presently observed model solutions that entail greater 
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starting point off-set / weaker bias for incongruent trials. This mechanisms also 
appears consistent with the correlation between bias and MEP amplitude on 
conCON but not incCON trials; when the previous trial was incongruent, a stronger 
increase of activation is necessary to reach threshold than when the previous 
congruent trial resulted in stronger bias. 

Other parallel processing accounts rest on largely similar assumed mechanisms, 
although typically with less explicit computational mechanisms for conflict 
detection. In the conflict control loop theory, adaptation is a between-trial process, 
with conflict detected during one trial signals increased control (bias) for the next 
trial. In the activation-suppression model, the need for control is not only registered 
and signalled to the next trial, but in fact can trigger control within the same trial 
(Burle et al., 2002) in an active attempt to prevent partial errors from running into 
full overt errors (Spieser et al., under revision). This online form of adaptation 
cannot, however, be reconciled directly with starting-point bias effects only; this 
requires additional effects, as discussed under Benchmark 3 in a later section.  
 
5.9.3.2 Benchmark 2 – Response Capture Expressed in Fast Errors.  
The so-called temporal overlap hypothesis states that interference effects obtain 
only if there is sufficient temporal overlap between the processing of task-relevant 
and task-irrelevant stimuli (cf. Virzi & Egeth, 1985). In the context of a variety of 
this hypothesis, the continuous flow model, (Gratton et al., 1988) predicted and 
observed that responses to incongruent stimuli would be associated with below-
chance accuracy. When the fastest responses are driven by the task-irrelevant 
stimulus feature, then error incidence should be particularly high for incongruent 
trials and particularly low for congruent trials, which is what they observed. 
Hommel (1993a) adopted the temporal overlap hypothesis and emphasized that 
‘natural’ visuo-motor links are able to automatically activate responses more 
rapidly than artificially mapped stimuli that require unbinding/rebinding before 
responses can be activated. This notion of temporal overlap could potentially 
explain the occurrence of fast errors to incongruent stimuli: if the task-irrelevant 
stimulus position activates the incorrect response before processing of task-relevant 
color has run to completion, a fast error would ensue. If direct visuo-motor links 
take precedence over more deliberate stimulus-action mappings, then responses 
may be rapid but error-prone, constituting one possible avenue for instilling 
response capture. The STM-links model, conflict control loop theory, the 
dimensional overlap model, and the activation-suppression model assume similar 
mechanisms. The latter model has included this feature explicitly into the model, 
leading to predictions that response capture should be expressed more strongly 
under speed emphasis compared to accuracy instructions (Wylie et al., 2009), more 
strongly in safe than in risky contexts (Wijnen & Ridderinkhof, 2009), and more 
strongly among healthy older adults than young adults (Ridderinkhof & Wijnen, 
2011). 

Thus, each of the parallel processing accounts entertains, in one form or other, 
the notion of ‘natural’ S-R links that are processed faster, and hence activate the 
corresponding response earlier, than more deliberate and time-consuming 
processes that enable more arbitrary S-R associations to affect the response system. 
The continuous flow model thus assumed the fastest responses to be driven by the 
task-irrelevant stimulus feature, and hence predicted error incidence to be 
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pronounced for incongruent trials and minimal for congruent trials. Largely similar 
mechanisms are assumed by other parallel processing accounts. These mechanisms 
are readily reconciled with the starting-point bias effects reported in the present 
model solutions: a greater bias toward congruent responses will result in evidence 
accumulation drifting towards and beyond incorrect response boundaries for 
incongruent trials, yielding fast incongruent errors. 
 
5.9.3.3 Benchmark 3 – Interference Dynamics Expressed in Fade-out in Delta 
Plots.  
The continuous flow model, the conflict control loop theory, and the dimensional 
overlap model are mute with respect to the fade-out of conflict effects as a function 
of response speed. As one corollary of the temporal overlap hypothesis, Hommel 
(1993b; 1994; 1997) assumed that response activations resulting from direct visuo-
motor links quickly rise to a peak and are subsequently subject to automatic decay. 
By implication, when processing of the task-irrelevant stimulus position precedes 
that of the task-relevant color, the result might be a fast error. But if this activation 
is not strong enough to produce an actual overt error, then the decay of activation 
may be such that by the time color-based activation comes online, the incorrect 
activation has lost most of its power to interfere with the correct activations, and 
hence the conflict effect on RT would be minimal. This reasoning has found 
support by findings that, with increasing time between the presentation of the 
stimulus and the response, the Simon effect becomes smaller (Hommel, 1993b; 
1994; Eimer et al., 1995). Although (again to the best of our knowledge) this 
reasoning has not been applied to negative-going delta plots in the literature, 
conceivably the argument can be stretched so as to predict that while 
intermediately fast responses are characterized by maximal temporal overlap 
between location-based and color-based activation, slower responses suffer less 
from interference as the location-based incorrect activation is already subject to 
decay. ii  

The activation-suppression model was originally conceived in order to deal with 
observations of fade-out (Ridderinkhof, 2002b). It was proposed as a refinement of 
general dual-process models by incorporating specific hypotheses about the 
temporal dynamics of incorrect response activation followed by top-down 
suppression of unwanted impulsive actions. The reasoning is that response capture 
may be so strong as to call for its suppression in order to prevent it from running 
into overt error. An active response inhibition mechanism, serving to selectively 
reduce the activation of specific responses in conflict situations, has often been 
suggested to keep inappropriate response activations in check (e.g., Eriksen & 
Schultz, 1979; Kopp et al., 1996).  

Such selective inhibition was explicitly incorporated into the activation-
suppression model. Slower reactions on incongruent trials are less likely to be 
negatively impacted by incorrect action impulses because selective suppression has 
accrued to counteract them (Burle et al., 2002; van den Wildenberg et al., 2010b); 
selective inhibition takes some time to build up, and hence becomes effective only 
after a given amount of time (Eimer & Schlaghecken, 1998; Eimer, 1999). When 
selective inhibition processes have had time to develop, the activation of the 
incorrect response along the direct route will be reduced. Correct responses to 
congruent trials will be less facilitated by the position-driven route, whereas correct 
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responses to incongruent trials will be less delayed. Thus, congruency effects are 
affected by selective response inhibition more effectively in slow then in fast 
responses. The model accordingly predicts that negative slopes of slow segments 
of delta plots are more pronounced in contexts where stimulus position is never 
(compared to sometimes) task-relevant (Ridderinkhof, 2002a), less pronounced 
among children with Attention-Deficit/Hyperactivity Disorder compared to healthy 
controls (Ridderinkhof, et al, 2005), and restored by deep-brain stimulation of the 
subthalamic nucleus in patients with Parkinson’s Disease (Wylie et al., 2009). 
Selective inhibition of the incorrect response may be so strong as to result in 
relative facilitation of the correct response; in such cases, responses on incongruent 
trials may actually become faster than on congruent trials, leading to a reversal of 
the Simon effect on the slowest responses. However, although the activation-
suppression model predicts the benchmark effect of declining Simon effects at the 
slow end of the RT distribution, this model has not been specified to a degree that 
would permit one to deduce the precise quantitative form of the delta plot that it 
predicts (Schwarz & Miller, 2012). 

The STM-links model predicts fade-out and even reversal of the Simon effect 
through priming based on LTM and STM links. LTM links prime the spatially 
congruent response, whereas incongruent STM links subsequently prime the 
opposite response. Response activation can be initially primed by the spatially 
congruent LTM links, but the opposite response may be primed subsequently by 
the slower incongruent STM links. A positive Simon effect obtains at the faster end 
of the RT distribution because action selection is driven by the early subthreshold 
activity produced by the congruent LTM links.  Fade-out occurs toward the slow 
tail of the distribution, and can turn into a full reversal of the Simon effect if 
incongruent STM links possess sufficient strength (after considerable practice with 
incongruent mappings) and if the subthreshold activity produced by incongruent 
STM links has more time to develop and hence to bias action selection towards the 
incongruent response (Tagliabue et al., 2000). Although evidence for STM links 
derives mostly from computational simulations of connectionist models, the 
proposed mechanism is relatively simple and leads to straightforward predictions 
that have received initial experimental support (Tagliabue et al., 2000).  

In sum, fade-out in delta plots has been predicted by the activation suppression 
model and the STM links model, and can be partially reconciled with some other 
parallel processing accounts, whereas still others predict fan-out (which is the 
default prediction deriving from lawful statistical regularities) rather than fade-out. 
Our modeling exercise resulted in the nontrivial implication that fade-out can occur 
when responses to incongruent trials entail starting point off-set in combination 
with increased drift rate.  

Since most accounts remain mute with respect to fade-out, we first discuss this 
outcome with respect to the activation suppression and STM links models, 
followed by a discussion of decay effects that may be integrated a posteriori with 
other accounts. Theoretical notions that will turn out to be consistent with the 
presently observed model solutions may well be integrated with other parallel 
processing accounts; this will not be discussed further.  

The evidence accumulation models suggested that fade-out and reversal of the 
Simon effect entail a combination of two effects:  starting point bias towards 
congruent responses, and increased drift rate for incongruent responses. In terms of 
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the activation-suppression account, the initial activation of the incorrect response 
(impulse capture) apparently needs to be counteracted by a subsequent increase in 
the speed of evidence accumulation for the opposite response. Conceptually, to 
account for this somewhat nontrivial pattern, we may assume that once the initial 
response capture is overruled and overridden, the probability of sampling evidence 
for the incorrect response is reduced, allowing for a faster build-up towards 
boundary. However, such a conjecture requires additional assumptions in order to 
account for the reduced probability of sampling incorrect evidence. Such an 
additional or perhaps even entirely alternative mechanism might be the selective 
suppression of the initially biased response. Consistent with the latter notion is the 
finding that individual differences in the increase in drift rate for incongruent 
responses co-vary with the duration of the TMS-induced silent period in the EMG 
recorded from the correct hand, a physiological marker of active response 
inhibition. The selective suppression of the incorrect response capture leads to 
facilitation of evidence accrual for the correct response, thus engendering an 
increase in drift rate. This selective suppression account is consistent not only with 
fade-out of delta plots, but also with reversal of the Simon effect at the slow end of 
the RT distribution (see Figure 15).  Whether or not such selective suppression 
leads to a reduced probability of sampling incorrect evidence will remain an open 
question.  

In terms of the STM-links account, after considerable practice with incongruent 
S-R mappings, incongruent STM S-R links may become strong enough to bias 
decisions toward the incongruent response (or at least to counter the LTM-based 
bias toward the congruent response). Likewise, the stronger these incongruent 
STM S-R links, the greater the drift rate for evidence accumulation. In the 
experiment reported here, there was no prior practice with incongruent mappings, 
and the number of congruent and incongruent trials was balanced, rendering an 
STM-driven increase in drift rate for incongruent compared to congruent trials 
somewhat less plausible. Also, the STM links would seem to produce starting-point 
bias effects in the direction opposite to what was found here. Although we did not 
run (and fit evidence accumulations models to the results of) experiments with 
practice with incongruent S-R mappings (as compared to practice in congruent 
mappings), straightforward predictions based on the present modeling outcomes 
would be that practice with incongruence would strengthen the drift rate but also 
strengthen the bias toward incongruent responses, a pattern that would be partially 
consistent and partially inconsistent with the findings of the present modeling 
exercise. In addition, the mechanisms underlying the STM-link model do not 
appear to be readily reconciled with the observed correlation between drift rate 
effects and TMS-induced silent period effects as reported here.  

Passive decay has been suggested as an alternative account for fade-out. The 
slower the response, the more decay, such that the conflict effect on RT would 
diminish, eventually perhaps even returning to zero for the slowest responses. 
Although theoretically feasible, and although the initial response capture is 
consistent with the observed starting-point bias effect, passive decay would predict 
that drift rates don’t differ between congruent and incongruent responses. In the 
extreme case of full decay at slow responses, color-based evidence accumulation 
does no longer suffer from location-based interference, so that drift rate should be 
the same as in other conditions that do not feature interference, such as with 
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congruent stimuli. Indeed, passive decay will not lead to the reversal of the Simon 
effect, which requires that drift rate is higher for incongruent compared to 
congruent responses.  
 
5.10 Evaluation and Summary  
Computational modeling of benchmark phenomena in the Simon task has proven 
useful in providing insights into the mechanisms underlying conflict effects 
(Schwarz & Miller, 2012). The architecture and parameter range of evidence 
accumulation models, as necessary for generating these benchmark phenomena, 
helped evaluate existing conceptual frameworks of the Simon effect. Such 
frameworks should be able to capture the three behavioral benchmark phenomena 
of CSE, response capture, and fade-out, in relation to the mechanisms represented 
by the starting-point bias and drift rate effects observed here. These mechanistic 
elements were discussed in view of how they might constrain descriptive theories 
of the Simon effect. 
 
Attention orienting and response selection accounts were consistent with the 
starting-point bias effects as expressed in response capture, and could be reconciled 
(a posteriori at least) with CSE, again in relation to starting-point bias effects, if it 
can be assumed that the most recently responded-to location primes attention or 
response tendencies on the next trial. Accounts in terms of attention orienting and 
response selection do not accommodate fade-out, and faster drift rate / evidence 
accumulation for INC trial appear to run counter to their predictions.  
 
Episodic binding accounts predict the CSE and accommodate it in terms consistent 
with off-set starting points whenever an episode needs to be unbound. A posteriori, 
this account may also accommodate response capture, consistent with starting-
point bias effects, by assuming that spatially congruent S-R associations result in 
fast errors if they resist unbinding on a subsequent incongruent trial. Episodic 
priming accounts do not predict fade-out, and the increase in drift rate in 
incongruent compared to congruent trials appears difficult to accommodate without 
complicated additional assumptions.  
 
Parallel processing accounts assume that conflict, as experienced during 
incongruent trials, triggers tightened control on the next trial; the ensuing CSE is 
consistent with the greater starting point off-set for incongruent trials. These 
accounts naturally predict response capture, again consistent with starting-point 
bias effects. Fade-out in delta plots may be understood, at least in part, in terms of 
passive decay of response capture, but such decay is not in agreement with 
increased drift rate for incongruent trials. The latter pattern does appear to be 
consistent, at least under some conditions, with the assumptions underlying the 
STM links model, although that model’s predictions would correspond to starting-
point bias effects in the direction opposite to what was observed here. The 
combined pattern of starting-point bias and drift rate effects appears consistent with 
selective suppression of response capture, which takes time to build up but may 
become so effective as to result in reversed Simon effects in the slow end of the RT 
distribution. The latter model’s predictions are consistent also with the presently 
observed correlations between TMS-induced effects and model parameter effects. 
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In sum, the present exercise constrains descriptive theories of the Simon effect in 
the following way. The DM and LBA model reveal two mechanistic elements 
responsible for the benchmark phenomena (CSE, response capture, and fade-out of 
the classical Simon effect). The first process depends on the nature of the previous 
trial and is involved early in/ prior to the decision making process (starting-point 
bias). The second mechanistic element reflects changes within the decision making 
process (faster evidence accumulation for incongruent trials).  

Starting-point bias effects account for the CSE. This follows directly from 
episodic priming as well as parallel processing models, and can also be 
accommodated by attention orienting and response selection accounts through 
relatively straightforward additional assumptions.  
Response capture also results from starting-point bias effects, which can be derived 
directly from attention orienting / response selection as well as parallel processing 
models, and can be accommodated with a few additional assumptions by episodic 
binding accounts as well.  

Fade-out turns out to be the more critical benchmark: it is accounted for by 
starting-point bias effects in combination with increased drift rate for incongruent 
trials, and none of the theoretical models are able to fully accommodate these 
patterns except models that explicitly assume that response capture undergoes 
selective inhibition. Interestingly, even though the effects become pronounced only 
in the slower tail of the RT distributions, they seem to arise relatively early during 
the decision process. The fade-out, and the potentially ensuing reversal of the 
Simon effect at the slowest end of the RT distribution, is most consistent with 
predictions of the activation-suppression model, although this model does not 
specify a priori the precise quantitative form of the delta plot (Schwarz & Miller, 
2012). That is, if inhibition is hypothesized to be stronger in one condition or group 
than another, the model allows to test for relative differences, but does not predict 
precisely 1) whether fade-out will be more pronounced or rather commence earlier 
in the RT distribution, 2) when exactly fade-out will first differentiate between 
conditions / groups, or 3) whether the Simon effect actually will reverse toward the 
slow tail. Indeed, these factors vary across a range of experimental and group 
factors (for review see Proctor et al., 2011), and the activation-suppression model 
does not make any a priori predictions about such variations.  

In line with previous research (Hazeltine et al., 2011; Hommel, 1994), the 
current work supports the view that different underlying processes are responsible 
for the three key benchmark phenomena highlighted here. These processes are 
expressed in bias effects and in increased drift rate for responses to incongruent 
stimuli, and the plausibility of several candidate processes underlying these effects 
have been discussed. Computational modeling has been demonstrated to not only 
provide useful tools for supplementing the analysis of the processes underlying 
congruence effects in traditional conflict tasks, but also to help constrain the space 
of descriptive theories of such effects, and to help set these theories on a more 
mechanistic footing. 
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FOOTNOTES	  
	  
i	  In	  a	  different	  context,	  Braver	  and	  colleagues	  (Braver,	  2012;	  Braver	  et	  al.,	  2007)	  
distinguish	  between	  proactive	  and	  reactive	  control	  strategies	  which	  correspond	  
roughly	  to	  our	  notions	  of	  anticipatory	  and	  online	  control,	  respectively.	  We	  choose	  not	  
to	  copy	  their	  nomenclature	  since,	  as	  will	  become	  apparent	  the	  next	  section,	  the	  terms	  
proactive	  and	  reactive	  apply	  more	  specifically	  to	  certain	  dimensions	  within	  
anticipatory	  control	  
ii	  Hommel,	  Personal	  communication.	  
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6. Discussion, future directions and conclusion 
Within the field of experimental psychology, two concepts have frequently been 
described in the literature to explain information processing during performance on 
a Simon task: response capture and response inhibition. However, the nature of the 
neurophysiological mechanisms underlying these concepts is still largely unknown. 
The goal of the empirical chapters presented in this thesis is to provide an 
integrated account on action control to resolve conflict through the use of 
Transcranial Magnetic Stimulation (TMS) and computational modeling, techniques 
that allow the inference of causal relations. The following questions were posed in 
the Introduction. 
 
1. Are there neurophysiological and computational markers or elements that 
reflect psychological concepts of response capture and response inhibition? 
 
2. What is the role of pre-SMA and rIFC in action control, and in particular in 
response capture and response inhibition? 
 
3. How do potential physiological and computational elements for resolution of 
action conflict in the Simon task fit within the current existing theoretical 
frameworks? 
 
In the following, I will first discuss the findings of the four empirical chapters in 
light of these three questions. Secondly, I will present two orthogonal but 
complementary frameworks; the predictive coding account and the dynamic 
systems account. Lately, these two frameworks have received an increased interest 
within the decision-making and motor control domains. Some aspects of these two 
accounts might be useful to consider in understanding the mechanisms underlying 
action conflict. Finally, I will address the benefits of understanding these 
phenomena, propose some future directions, discuss the limitations of the currently 
presented approaches, and draw some concluding remarks for this thesis. 
 
6.1 Neurophysiological and computational markers or elements that reflect 
specific psychological concepts of response capture and response inhibition 
In chapter two, the temporal dynamics of activation and inhibition of the motor 
cortex during conflict resolution were investigated using single pulse TMS (sTMS). 
In chapter five computational modeling was used to explain the underlying 
components of three benchmark phenomena of the Simon task, which have been 
related to the concepts of response capture and inhibition. Here, I will first 
summarize the findings of both chapters and related those findings to the concepts 
of response capture and response inhibition. I will end this section with remarks on 
how the data both underscore as well as question the concepts of response capture 
and response inhibition. 
 
6.1.1 Activation and inhibitory dynamics  
Summarizing the findings of chapter two, first, the activation dynamics of M1, 
represented by the MEP amplitude, show increased activation of the hand involved 
in the correct upcoming response. This is nowadays a typical finding in the action 
literature (Verleger et al., 2009; Duque et al., 2010; Van den Wildenberg et al., 



Discussion, Future directions and Conclusion  

 

 

122 

2010a). The onset of this activation occurs earlier for congruent compared to 
incongruent trials, suggesting an advantage due to the dimensional overlap between 
stimulus location and location of the correct response hand on congruent trials. The 
first indication that the activation levels of the two response alternatives diverge 
starts 140 ms after stimulus presentation, evidencing response selection at the level 
of the primary motor cortex before an overt response has been issued. Secondly, in 
line with the notion of response capture, the incorrect response hand is activated on 
incongruent trials. On these conflict trials, the location of the stimulus triggers 
activation of the incorrect response but this activation is not strong enough to result 
in a button press (an overt response error). This so-called response capture on 
incongruent trials occurs slightly earlier compared to the initial activation of the 
correct congruent response by the involved hand. Third, this activation of the 
incorrect response tendency on incongruent trials is accompanied by a concurrent 
but transient increase of the silent period, a measure reflecting both cortico-spinal 
inhibition. Fourth, this cortico-spinal inhibition of the hand involved in the correct 
response is prolonged for incongruent trials compared to congruent trials. This 
indicates an early release of inhibition to execute the response on congruent trials. 
Finally, in an exploratory approach, the nature of the previous trial affects the 
activation dynamics but not the inhibitory dynamics of the correct hand suggesting 
that these activation and inhibition mechanisms are not per se coupled together and 
may have different inputs.  
 
6.1.2 Relationship with response capture and response inhibition  
Overall, the timing of the increased activation levels observed at M1 are in line 
with the notion of response capture. Early activation of M1 due to the location 
driven response tendency is evidenced for both congruent (leading up to correct 
responses) and “incorrect” incongruent response tendencies (correctly suppressed 
actions). In case of incorrect response tendencies these activations are accompanied 
by an increase in inhibition simultaneously with the activation. Interestingly, these 
activation and inhibitory changes happen simultaneous in time or in very close 
proximity to each other, highlighting the role of an early inhibitory process in the 
decision process. This might at first seem to be in contrast with the notion of some 
theoretical frameworks, like for instance the active-suppression account, where 
response inhibition needs time to build up and is affects slower responses stronger 
than fast responses. However, previous work on distributional dynamics has 
indicated that such an inhibitory component could occur already early in the 
process (Wijnen & Ridderinkhof, 2007). Note that the delta plots reported in this 
thesis also level off from the first delta point onwards suggesting an early 
inhibitory involvement.  

Other theoretical frameworks would have even more difficulty explaining such 
inhibitory components due to the lack of theoretical grounds for it at all.  
Interestingly, the results presented in chapter two seem to indicate a set of 
physiological mechanisms (temporal dynamics in both activation and inhibition) 
are playing a role in the motor cortex at different time points during information 
processing. One could speculate on what triggers the release of the inhibition in the 
motor cortex involved in the correct response. Candidate explanations for the 
release of inhibition are for instance, inter or intra-cortical inhibition (Carson, 2005; 
Reis et al., 2008), inhibition at the spinal level (Burle et al., 2002; 2004) or 



Chapter 6 

 

 

123 

potential changes of other nodes in the action conflict network as discussed below. 
The silent period, measured in chapter two, reflects inhibitory mechanisms at both 
the spinal and the cortical level. Spinal inhibition accounts for approximately the 
first 50 ms; the second part of the silent period represents the involvement of 
cortical inhibitory circuits (Wilson et al., 1993; Chen et al., 1999). The cortical 
inhibition reflected by the silent period is mediated by GABAB receptors. Other 
inhibitory measures with TMS, such as short intra-cortical inhibition (SICI) are 
mediated by GABAA receptors (Ziemann et al., 1996; Di Lazzaro et al., 2004; 
Paulus et al., 2008). The exact interplay of these different physiological inhibitory 
mechanisms is still largely unknown.  
 
6.1.3 Multiple inhibitory mechanisms   
In line with the above-mentioned differences in cortical inhibition, Duque and 
colleagues (2010) provided evidence for two dissociable inhibitory mechanisms 
during response preparation; one involved in impulse control and another involved 
in competition-resolution. Decreased MEP amplitudes and suppressed H-reflexes 
at the spinal level, measured before the overt response, suggest an impulse-control 
component. This reduced excitability prevents the premature activation of 
responses, both at the cortical and the spinal level, and is only found in case of pre-
selected target muscles. Decreased MEP in the non-selected target muscles 
suggests a competition-resolution related inhibition to help select the correct 
response. This competition-resolution related inhibition may either arise from 
lateral or top-down input (Duque et al., 2010).  

The overall level of activation and suppression resulting in the final motor 
output is suggested to depend on several excitatory and inhibitory inputs from 
several brain areas including the opposite motor cortex in a context specific 
manner (Carson, 2005). This is highlighted by the results in chapter two together 
with the study by Duque and colleagues (2010). For instance, inputs from the other 
motor cortex or from more anterior motor areas such as the ventral and dorsal pre-
motor cortex or the pre-SMA, might give rise to changes in the action selection 
process (see for review of known connections to M1 see Reis et al., 2008). As such 
we could argue that both fast top-down, lateral, and bottom-up processes could all 
interact at the level of the motor cortex. This notion of several inputs towards the 
motor cortex during action conflict is further supported by paired pulse TMS 
(ppTMS) experiments. Neubert and colleagues (2010) for instance showed a 
facilitating influence from pre-SMA on M1 and an inhibitory influence from rIFC 
on M1 in action reprogramming. Moreover, of evident importance but slightly 
beyond the scope of this thesis are the modulatory effects of the basal ganglia on 
M1 (Herz et al., 2014; Jahfari et al., 2012). Before turning our attention towards 
these other brain areas of interest, we will first discuss how the outcome of out 
computational modeling approach related to the concepts of response capture and 
response inhibition. 
 
6.1.4 Computational modelling 
In chapter five, computational modeling was used as a tool to study the three 
behavioral benchmarks of information processing aimed at conflict resolution 
(CSE, response capture and fade-out). The model fitting, of both the diffusion and 
the linear ballistic accumulator model, indicates two mechanistic elements that 
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underlie these benchmark effects. First, CSE as well as response capture seem to be 
mainly driven by differences in starting-point bias. The starting-point bias depends 
on the trial history, but fluctuates independent if trial history as well. Secondly, 
differences in speed of evidence accumulation (drift rate) are key to differences in 
the extent to which delta plots turn negative, although the net effect of the shape of 
delta plot depends also on starting-point bias. The fade-out of the delta plot reflects 
the underlying RT distributions and is, in model terms, best reflected by the 
combination of both starting-point bias and drift rate. Dissociating these terms is 
attractive as it allows us to constrain theoretical accounts for the Simon effect. 

The fade-out of the delta plot has been used as a marker for response inhibition 
to counteract the action impulses leading to response capture (see for review 
Ridderinkhof et al., 2011). It is attractive to assign the increased drift rate to this 
concept of response inhibition, with higher drift rate representing stronger response 
inhibition. One straightforward interpretation focuses on the process of evidence 
accumulation: if activation of the incorrect response is selectively suppressed, this 
results in relative facilitation of the correct response and hence a greater speed of 
accumulation for that correct response than in congruent trials (that lack this 
benefit). This selective suppression could in principle reflect either top-down 
inhibition (building up over time) or lateral inhibition, or both.  Once activation 
favors the correct response, lateral inhibition would lead to facilitation and hence 
higher drift; note, however, that lateral inhibition cannot overcome the initial 
incorrect activation – by contrast, lateral inhibition would initially result in even 
stronger activation of the incorrect response, and eventually to an overt error.  Such 
a lateral inhibition account might need an additional assumption that this inhibition 
starts to build only later during the evidence accumulation process. One could track 
the dynamics of interhemispheric inhibition to understand such a possible 
contribution. 

In a slightly alternative conjecture, one could argue that due to suppression of 
the starting-point bias towards wrong response option (congruent option) a relative 
shift (facilitation) towards the correct incongruent bound occurs and therefore 
results in an increased drift rate. Thereby, the starting-point bias is reduced even 
before the evidence accumulation starts. To examine this possibility further, we 
could inspect if the faster proportion of the trials are modeled differently than a 
slower set of responses; however, this was not possible given the number of trials 
in the present experiments. A slightly problematic aspect of this interpretation 
concerns the need for suppression. The starting-point bias is driven by the location 
effect (congruency effect) and the state of the system (due to context on the 
previous trial). This starting-point bias might be a prerequisite for the need of 
inhibition. If we assume that this requisition is inherently reflected in the starting-
point bias, then this need for inhibition should also be present in the vertical set-up.  

However, despite similar starting-point bias effects, delta plots don’t run 
negative in the vertical condition, suggesting (according to the activation-
suppression explanation) that inhibition is less strongly engaged. Thus, in the 
vertical set-up, there is strong response capture but this is for some reason not met 
with selective suppression. Possibly, selective suppression is recruited in the 
horizontal rather than vertical plane for ecological reasons (suppression being more 
potent in the predominant plane of natural movement). Note that while the 
modeling allows us a deeper understanding of the mechanisms underlying 
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benchmark effects in conflict tasks, and describes how these mechanisms are 
affected by experimental manipulations, it does not allow an explanation of why 
these manipulations have the effects they have.   
 

To summarize, the insights provided by physiological data in combination with 
computational modeling presented in this thesis add to the current literature on 
action control. Response capture is reflected by the activation dynamics and 
counteracted by early inhibitory mechanisms at the level of M1. The interaction at 
the level of the motor cortex seems to be complex and multiple types of neurons 
receive input potentially from both top-down and bottom-up structures. Together, 
the net output determines the final output toward the hand muscles. The 
computational model outcomes underline the concept of response capture. 
However, an account for the additional increase in drift rate for incongruent trial is 
less straightforward, leaving open several theoretical possibilities. Both approaches 
attribute a large role to the state dependent context of the system due to, for 
instance, trial history, and suggest that several input mechanisms are involved. In 
the next section the involvement of key nodes of the action network is discussed. 
 
6.2 The role of the IFC and pre-SMA in action control 
A large body of literature has identified a role of the pre-SMA in response capture 
and the rIFC in response inhibition (Garavan et al., 1999; Aron & Poldrack, 2006; 
Mars et al., 2007b; Forstmann et al., 2008a,b; Mars et al., 2011; Levy & Wagner, 
2011; Ridderinkhof et al., 2011). In chapter three these roles are investigated in a 
causal manner with repetitive TMS (rTMS). This is followed by the detailed 
examination of the role of rIFC towards the motor cortex using ppTMS presented 
in chapter four. 
 
6.2.1 rTMS over pre-SMA 
Summarizing, rTMS stimulation over pre-SMA, as presented in chapter three, 
yielded no effect on response capture indexed by the proportion of fast errors on 
incongruent trials. Several explanations might account for this null-finding. First, 
the effects of rTMS may be too subtle to result in increased number of errors. 
Adding noise to the system might not be strong enough to measurably disturb the 
function of that specific region (resulting in errors). Secondly, this specific brain 
region may not be involved in the currently tested selection process. For instance, 
the pre-SMA may be involved less in exogenously designated action selection 
compared to endogenous action selection (e.g., Nachev et al., 2005). Third, the 
underlying neuronal complexity may be insufficiently sensitive to 1 Hz stimulation. 
Fourth the action network may be able to adapt to the decreased activation of the 
pre-SMA and quickly reorganize itself to act properly (for instance by relying more 
on the rIFC; Hertz et al., 2014). Illustrative for the complexity of action selection is 
a recent TMS study using a flanker paradigm. There, a facilitatory effect of 
processing of task-relevant information under conflict with 10 Hz stimulation over 
pre-SMA was found, especially when expectancy of conflict is low (Soutchek et al., 
2013). Similar, Duque and colleagues (2013) found increased MEP amplitudes 
(taken as a measure of inhibition in conflict resolution) of the non-selected hand, 
only when the stimulus was difficult to discriminate.  Based on these two studies, 
one could argue a coupling between perceptual and response conflict at the level of 
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pre-SMA. Concluding, the pre-SMA seems to be involved in resolving action 
conflict (see Forstmann et al., 2008a,b); however, the exact and unique role of pre-
SMA in the Simon task is still unknown. 
 
6.2.2 rTMS over rIFC  
In contrast to the pre-SMA, rTMS stimulation of the rIFC showed a reduced fade-
out of the interference effect, as predicted. These results indicate a specific role of 
the rIFC during conflict resolution in the Simon task and might drive response 
inhibition as is suggested in the behavioral literature (see for review Ridderinkhof 
et al., 2011). Note that, based on the evidence presented in chapter five, the fade-
out, and its underlying RT distributions, is best described by differences in starting-
point bias as well as increased drift rate. Thus rIFC seems causally involved in 
resolving action conflict and affects the underlying RT distributions; which aspect 
it affects most (as expressed in baseline or drift rate) is still an open question. 
Importantly, the exact physiological mechanism through which rIFC exerts its 
potential physiological inhibitory effect is not clear from changes in the fade-out. 
In chapter four therefore the underlying physiological nature has been investigated 
using ppTMS. 
 
6.2.3 Effective connectivity of rIFC towards M1  
Changing the relative probability of no-go trials in a go/no-go paradigm revealed 
frequency-dependent changes in the effective connectivity of rIFC towards M1. A 
facilitatory effect of rIFC towards M1 was observed not only on infrequent no-go 
trials, but, crucially, also on infrequent go trials. This finding seems to imply that 
the effect of rIFC towards M1 depends on the context of the task. On the other 
hand, we could argue that both conditions have an element of override in them, 
which suggests a need for response inhibition. Such an override element was also 
present in the action reprogramming task used by Neubert and colleagues (2010), 
who found an inhibitory influence from rIFC on M1. This opposite physiological 
effect might seem odd at first sight; however, one should consider that the 
physiological outcome for effective connectivity is still measured at the level of 
M1. Therefore the final outcome of this effective connectivity measure might 
depend on interactions with other brain regions and its context as mentioned in 
section 6.1.2. 

Others have suggested a broader role for rIFC in action control. For instance, 
Verbruggen and colleagues (2010) suggested that different subregions of rIFC have 
distinct roles in detecting changes in the environment and implementing the most 
appropriate action. At the same time, several groups suggest a role for the pre-
SMA in inhibition (Cai et al., 2012; Obeso et al., 2013; Duque et al., 2013). It is 
therefore important to consider the present results in the context of a larger network, 
rather than presuming that rIFC functions only to implement response inhibition 
and potentially pre-SMA in response capture.  If we consider that actions within 
the Simon task evolve from a balanced brain network, disturbing certain nodes of 
such a network might have stronger or weaker effects on RT and accuracy 
distributions depending on how well the network is able to re-balance. If a node is 
critical in the network, interference with rTMS could change the behavioral 
outcome. If the network is strong enough, the network could counteract the 
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disturbance of brain function with TMS and remain unaltered in its behavioral 
dynamics.  
6.2.4 Other brain regions 
The basal ganglia and parietal regions are also known to have direct connections to 
M1, which can be either excitatory or inhibitory in nature (Behrens et al., 2003;, 
Aravamuthan, et al., 2007; Koch et al., 2010). The different inhibitory 
contributions (direct, hyperdirect, and indirect routes (e.g., Aron et al., 2007; Frank 
et al., 2007; Wylie et al., 2010b) of the basal ganglia could give rise to the changes 
in the dynamics of the activation and inhibitory patterns of the motor cortex. 
Parietal regions involved in action planning and attention in action interference 
(Cohen & Ridderinkhof, 2013) might be involved in the strong facilitation found 
after repeating CR trials (Brown, et al., 2011; Cui & Andersen, 2011). This 
facilitation indeed suggests an attentional bias towards the spatial location of the 
cue, which could be mediated by parietal-motor connections. Both starting-point 
bias effects, CSE and activation dynamics of the motor cortex could be seen in the 
light of the function of those parietal mediated pathways. In future research, the 
balance between these network components could be investigated with a combined 
approach of effective connectivity modeling and rTMS or applying rTMS over 
several regions at the same time. For instance, within the action network we could 
see how the directionality of connectivity changes in case we interfere with the 
function of pre-SMA (cf. Hertz et al., 2014) or rIFC, separately, simultaneously, or 
in sequence. 
 
6.3 How do potential physiological and computational elements for resolution 
of action conflict in the Simon task fit within the current existing theoretical 
frameworks? 
Theoretical or descriptive frameworks offer a way to relate behavioral and 
physiological data to each other and to predict behavior. Three theoretical 
frameworks have been presented in the introduction; the attention orienting, the 
episodic binding, and the parallel processing accounts. In chapter five these 
frameworks have been evaluated according to how well they fit the three 
benchmark phenomena (CSE, response capture and fade-out) and the related 
computational elements quantified with computational modeling. Here, I will 
briefly summarize those findings (see chapter five for extended description) and 
extend the question, in as far as relevant to each account, to some of the 
physiological findings presented in chapters two to four. 
 
6.3.1 Attention orienting account 
No clear assumptions were made regarding the benchmark phenomena for the 
attention orienting account. However, the notion that congruent trials are facilitated 
due to priming seems consistent with response capture (and it related activation 
dynamics), and by that with the starting-point bias effects. Although attention 
orienting accounts make no predictions with respect to CSE, they could be 
reconciled with such CSE (and with the role of starting point effects therein) by 
making the additional assumption that the most recent location that was oriented / 
responded to yields some residual effect that primes attention and/or response 
tendencies on the next trial. Importantly, however, faster drift rate / evidence 
accumulation for incongruent trials seems to be in direct contradiction to the 



Discussion, Future directions and Conclusion  

 

 

128 

attention orienting account. Given the need for redirection of attention, evidence 
accumulation should (if anything) be slowed on incongruent trials to allow for the 
time needed to re-orient attention towards the correct response option. This is 
opposite to the present finding that evidence accumulation is faster for the 
incongruent trials than for the congruent trials.  
 
6.3.2 Episodic binding accounts  
The theoretical framework of episodic binding provides a straightforward 
expectation for CSE by assuming that an episode as bound together on a preceding 
trial facilitates or hampers processing on the current trial. Previous work on 
episodic memory has related memory processes to differences in the starting point 
(Ratcliff & Smith, 2004). Although their work pertained mostly to long-term 
memory, these authors proposed that starting point differences might be accounted 
for by feature binding. This account may also accommodate response capture, 
consistent with starting-point bias effects, by assuming that spatially congruent S-R 
associations may be stronger than incongruent ones, and hence result in fast errors 
if they resist unbinding on a subsequent incongruent trial. 

Episodic binding accounts do not predict fade-out, and the increase in drift rate 
in incongruent compared to congruent trials appears difficult to accommodate 
without complicated additional assumptions. The increase in drift rate on 
incongruent compared to congruent trials appears more difficult to reconcile with 
episodic binding accounts. One potential mechanism could be that, on incongruent 
trials, the need for un/rebinding signals the need for redirection and faster 
subsequent build-up of evidence accumulation.  If rebinding triggers a faster new 
binding option, this could be an interpretation of faster drift rate. 
 
6.3.3 Parallel processing accounts  
Each of the parallel processing accounts appears to entertain implicit or explicit 
varieties of a mechanism of conflict adaptation underlying the CSE. Conflict, as 
experienced during incongruent trials, triggers tightened control on the next trial; 
the ensuing CSE is consistent with the greater starting point off-set for incongruent 
trials. These accounts naturally predict response capture, again consistent with 
starting point effects. The combined pattern of starting point and drift rate effects 
appears consistent with the activation-suppression account of response capture, 
which takes time to build up but may become so effective as to result in reversed 
(i.e., negative) Simon effects in the slow end of the RT distribution. Passive decay 
has been suggested as an alternative account for fade-out. Response capture may be 
subject to automatic decay (Hommel, 1993b; 1994; 1997). Thus, if response 
capture is not strong enough to produce an overt error, then it may decay and 
gradually lose its power to interfere with the accumulation of evidence based on 
color (i.e., the task relevant feature). The slower the response, the more response 
capture has decayed, such that the conflict effect on RT diminishes, eventually 
perhaps even returning to zero for the slowest responses. Importantly, the passive 
decay account cannot account for negative interference effects. Although 
theoretically feasible, and although the initial response capture is consistent with 
the observed starting-point bias effect, passive decay would predict that drift rates 
don’t differ between congruent and incongruent responses.  
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6.3.4 Relationship with physiological findings  
In general, the CSE, and starting-point bias effects are in agreement with the 
physiological markers found for response capture (chapter two). Therefore most 
theoretical accounts would agree on these findings. Concerning the inhibitory 
dynamics, only the active–suppression account seems to be in agreement with 
these dynamic changes. The present data therefore appears most consistent with an 
active selective suppression view.  Response capture is followed by reduction of 
this direct activation. Furthermore, the findings of activation and inhibitory 
dynamics presented in chapter two fine-tune the interpretation of such a 
suppression account. There, the results of the silent period, the inhibitory 
component, show very early and dynamic changes over time for both correct and 
incorrect response tendencies. These might suggest a potentially widespread effect 
of the psychological concept response inhibition. Consistent with the latter notion 
is the finding that individual differences in the increased in drift rate for 
incongruent responses co-vary with the duration of the TMS-induced silent period 
in the EMG recorded from the correct hand is. Concerning the rIFC, this brain 
region is causally shapes the delta plot, and more specifically the fade-out (chapter 
four). The exact implementation and the role of rIFC within the network is 
complex and a direct one-to-one mapping of physiology to response inhibition has 
not been established.   
 

Concluding, the theoretical frameworks all allow for some interpretation of the 
current findings within this thesis. However, most frameworks fail to explain all 
physiological and computational findings presented in this thesis. The parallel 
processing accounts seem to stand out in explaining both the physiological and 
computational findings. Two aspects seem to reappear in most chapters of this 
thesis. First, a certain state dependency effect of for instance the trial history 
(chapters two, three, and five) or the context of the trial (chapter four) is present. 
Secondly, a dynamic component might explain certain dynamic changes over time 
in a better manner. In the next section two other theoretical accounts are introduced. 
Aspects of these accounts might capture elements that are worth investigating in 
the context of action conflict. 
 
6.4 Orthogonal frameworks 
Recently, two frameworks received much attention within the decision-making and 
motor control literature on the functional organization of the brain; the predictive 
coding account and the dynamic systems account. These frameworks might be 
more or less orthogonal to the previous three frameworks and closely related to 
each other. Below, the two frameworks are shortly introduced and their potential 
contribution to the current topic is discussed. 
 
6.4.1 Predictive coding account  
Recently, it has been argued that our brain implements control by employing a 
predictive strategy through which it extracts statistical regularities in the 
environment and uses this information to optimize response strategies (Friston, 
2005; Clark 2013). Predictive coding principles or feed forward models have 
recently been integrated into neurocognitive mechanisms of perception-action 
coordination that explain ideomotor action (Ridderinkhof, 2014) as well as 
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ideomotor inhibition (Ridderinkhof, van den Wildenberg & Brass, in press). 
Evidence for predictive modulation of brain activity consistent with this model has 
been assigned to the parietal and the frontal cortex (Huettel et al., 2005), but also to 
the primary motor cortex (Bestmann et al., 2008). In this framework, an 
unpredicted event results in a prediction error typically signaling the need for 
adaptation of the predicted or planned motor response (“action reprogramming”, 
Mars et al., 2007b), and for updating the internal representation of the environment 
(Mars et al., 2008;  den Ouden et al., 2012). Vossel and colleagues (2011) showed 
that rIFC activity in response to unpredicted stimuli depends on the previous trial 
history, an interpretation consistent with a predictive coding framework of 
cognitive control such as discussed above. A similar effect was observed in chapter 
three after rIFC stimulation. The effect of rTMS on the fade-out seems to be 
stronger for trials following an incongruent trial than a congruent trial. The 
influence of rIFC on M1 in response to infrequent stimuli, as described in chapter 
four, also provides evidence that is in line with the predictive coding account 
(Friston 2005; Clark 2013). There, the probability of no-go trials was changed to 
differentiate inhibitory demands (i.e., withholding an action) from the action 
adaptation demands due to surprise or unpredicted events. The facilitatory effective 
connectivity between rIFC and M1 was observed not only on infrequent no-go 
trials, but also on infrequent go trials.  

The predictive coding account is attractive due to its predictive character. 
However, it most often does not allow us to see behavior as a continuous 
interaction with its environment (McClelland et al., 2010). Specific to the Simon 
task, the predictive coding account emphasizes a role of rIFC in the need for action 
adaptation based on unexpected events, rather than the need for action override 
based on response capture and conflict. In the next section we will discuss an 
account were self-organization and the emerge of novel behavior arising due to the 
organism’s own action (Smith & Thelen, 2003).  
 
6.4.2 Dynamic systems account  
A slightly different theoretical notion but closely related to predictive coding 
framework is the dynamic systems account, also sometimes referred to as dynamic 
coding, dynamic networks or dynamic field theory, which finds its base within the 
non-linear dynamical systems theory (Thelen et al., 2001; Smith & Thelen, 2003; 
Song & Nakayama, 2009; McClelland et al., 2010; Scherbaum et al., 2012; Stokes 
et al., 2013). Some would argue that both are part of a larger account, where 
minimization of free energy is the guiding principle (Friston, 2010). Within the 
dynamic systems account coordinated patterns can emerge without an explicit 
agent or program that produces or orchestras such a specific outcome. Both stable 
behavior (attractor states) and flexibility to switch between states can be 
accomplished without the need for such an agent (Erlhagen & Schöner, 2002; 
Sherbaum et al., 2012). Several internal states (outcome options or degrees of 
freedom) can occur and coexist at the same time. One could envision stable 
behavior as an attractor state in a dynamic landscape (with local minima and 
maxima). Within such a landscape several attractor states (peaks) can exist. The 
position within this landscape (due to sensory input and) and the landscape itself 
will determine your behavioral outcome (e.g., speed and accuracy of responding on 
a specific trial). By allowing  one’s position to fluctuate within this landscape, one 
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can reach a target attractor through different pathways, or shift to a different state 
attractor (bifurcation; Thelen et al., 2001; Smith & Thelen, 2003; McClelland et al., 
2010; Scherbaum et al., 2012). For the Simon task, after the immediately preceding 
action one may be left in a position close to an attractor state that happens to be 
inappropriate for the present trial (starting-point bias); the tendency to move 
toward this attractor will likely incur a performance error (Sherbaum et al., 2012). 
One could picture that this error serves to change the landscape, leading one to 
navigate more likely toward the “correct” target attractor the next time one finds 
oneself in the same relative position. By allowing one’s internal state to change or 
the landscape of state space, one could account for dynamic actions. On the 
neuronal level this would allow both activation and inhibitory dynamics to differ 
over time and coexist in parallel instead of in a time sequential manner.   

On a larger scale, behavior might relate to changes within a network; thus, 
whether an error will occur may depend on the state of the network (Scherbaum et 
al., 2012). Considering the action network (involving pre-SMA, rIFC, and other 
nodes) as such a landscape might help understand the effects found in chapter three. 
In case rTMS over the rIFC changes the network state (landscape) in such a way, it 
could result in a longer trajectory to reach the target attractor state (changes in final 
outcome of RT for each trial). If however, stimulation over the pre-SMA fails to 
instill relevant changes in the attractor landscape, this could result in the currently 
observed null finding.  These types of frameworks are not new but received 
increased attention over recent years (Thelen et al., 2001; Friston 2010; Scherbaum 
et al., 2012). Future studies might consider designing experiments along these lines 
to understand the dynamic physiological changes underlying action conflict from 
trial to trial without the need of fixed modules for, for instance, conflict detection 
or response inhibition. One way to record such data is to track a dynamic pathway 
towards the endpoint instead of only record the final button press. For example, in 
a conceptual similar approach the firing of neurons was tracked in monkeys and 
these seem to follow such a dynamic account (Stokes et al., 2013).  

To summarize, the concepts of both predictive coding and dynamic systems 
could provide insights into how dynamic changes occur in parallel and potentially 
are in line with physiological and computational accounts. Exploring such 
fundamental mechanisms in, for instance conflict tasks like the Simon task, are 
worthwhile and important, as I will discuss in the next section before turning to the 
limitations of this thesis and some concluding remarks.a 
 
6.5. Future directions 
One might wonder whether we really need additional research on a paradigm that 
has been studied in such depth over the last five decades (especially since there is 
no direct daily-life equivalent to the Simon task). However, the phenomena 
associated to such an easy but fundamental task have remained exceedingly 
difficult to fully understand, and have puzzled many researchers over the years. In 
the following, I will point out three reasons why the field of cognitive neuroscience 
should focus on these more fundamental paradigms of action conflict.  

First from a pragmatic perspective, if we understand this relative easy 
conceptual task, it is the perfect starting point for understanding the mechanisms 
underlying interference effects in more complex conflict tasks or to understand 
how interference from irrelevant information works in the real world. The Simon 
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task contains elements representative of daily life (such as participating in traffic, 
or think of the soccer player that fakes out an opponent) and at the same time 
allows for explicit experimental control (Hommel, 2011b; Leuthold, 2011). Quite 
often the final goal of science is to make inferences about cognitive processing in 
real life situations and to develop strategies to increase those processes in real-life. 
It seems attractive to develop apps for kids with learning disabilities or older adults 
to keep performance at a high level. But if we don’t know how the new task relates 
to our traditional paradigm we just create more science instead of answering the 
existing questions.  

The second aspect relates to one of the essential roles of science in society and 
that is to investigate and balance out the different viewpoints of an existing 
problem. Over the years different theoretical frameworks have been suggested to 
explain the underlying mechanisms of the Simon task. These frameworks might 
result in different interpretations on a more applied level. For instance in the 
context of the Simon task, the term response inhibition used in the psychological 
tradition to suppress action impulses and has been related to the fade-out of the 
delta plot. If we would take this fade–out as a measure of functioning in for 
instance children with ADHD we might draw unjustified conclusions. As long as 
the underlying RT distributions are not analyzed in terms of evidence accumulation 
models, we cannot know exactly whether such fade-out results from changes in 
starting point or drift rate. This might lead to either the conclusion that a child is 
overly prone to response capture (easy to distract) or is incapable solving or 
handling conflict (no control).  To understand such complex matters we need to ask 
ourselves if the measures that we use indeed reflect what we think we measure (i.e., 
concept validity). Especially if we, as scientists, come up with new concepts and 
then in turn test these concepts. 

Finally, the integration of subfields within the neurosciences is a promising 
direction, especially since our understanding of brain function is still quite limited. 
Combining different research tools of neuroscience with recent findings in 
computational, philosophical, mathematical and physical sciences provides new 
insights into how the brain works in interaction in our changing environment. 
 
6.6 Limitations  
Even though TMS is a technique that allows establishing causal relations between 
brain structures and their functions certain limitations should be noted. It is yet 
unclear how more distal effects within a network emerge. It could be argued that 
rTMS over the rIFC also affects the network output of for instance the basal 
ganglia. To fully understand such effects, combined approaches with fMRI or EEG 
are potentially interesting. It should also be noted that the effects of TMS, although 
highly consistent and replicable between subjects and sessions (Neubert et al., 
2010), are quite sensitive to even small changes in stimulation site and stimulation 
intensity (Civardi et al., 2001). Concerning the computational modeling, an 
important point is the choice of the model that is thought to best explain the data. 
Ideally one would like to explore the whole possible state space of all possible 
models but most often this is not feasible. Therefore sometimes some theoretical 
assumptions need to be made.  
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6.7 Conclusion 
In conclusion, if we come back to the example of being faked out in a soccer game 
(Robben), several factors apply to that example. How adequate is the fake 
manoeuvre by the opponent? How skilled is the opponent. How strong is the 
impulse to react? What is the mental state of the defender? At the same time, how 
well is the player able to resist these impulses to control his actions, and how often 
has the player been tricked before? Together these factors determine the behavior 
of the defender. 

Traditionally, response inhibition has often been described as a unique process 
to prevent an action, and considerable effort have been made to find the locus of 
inhibition in the brain. However, the need for suppression of unwanted actions 
depends on the state of several neurons in a complex network of nodes working 
together. Depending on the physiological state of all these underlying components 
we either find something that we call response inhibition or not. The dynamic 
patterns of cortico-spinal excitability presented in this thesis provide unique 
physiological evidence within the domain of conflict resolution. The current 
theoretical frameworks aren’t able to fully explain the current physiological and 
computational findings, thereby suggesting a more dynamic system. The pre-SMA 
and the rIFC are clearly involved, but presumably not in a static fashion. Therefore 
I would propose to use response inhibition as a description for a set of phenomena 
involved in the suppression of unwanted actions. Different subtypes of inhibition 
(cortico-spinal, inter- and intra- cortical inhibition) may arise and are potentially 
worthwhile to investigate depending on the question of interest but a general quest 
for a generic mechanism seems impossible and outdated. Instead, more 
neurobiologically founded accounts, such as dynamics systems or predictive 
coding accounts, seem to have the potential to unravel the underlying processes of 
action conflict under control. 
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8. Samenvatting 
 
Het uitvoeren van een doelgerichte actie in een constant veranderende omgeving 
vereist dat men reageert op verschillende vormen van informatie. Stel je voor dat je 
Arjan Robben moet verdedigen, dan zal je de impuls moeten overwinnen om de 
richting van zijn been te volgen in plaats van je te richten op de richting van de bal 
en je dus niet laat afleiden door zijn schijnbeweging. Er is dan sprake van een actie 
conflict. Zo’n actie conflict ontstaat wanneer er verschillende vormen van 
informatie in de omgeving aanwezig zijn en er verschillende acties mogelijk zijn. 
Soms is de informatie vanuit de omgeving zo sterk en de beslistijd zo kort dat het 
je gedrag beïnvloedt en leidt tot het maken van een fout. Denk bijvoorbeeld aan de 
wijzende vinger van Gerard Kemkers bij Sven Kramer tijdens de foute wissel in 
Vancouver.  

In dit proefschrift is vanuit een geïntegreerde neuro-computationele benadering 
onderzocht hoe we ondanks conflicterende informatie onze acties kunnen 
controleren. Interferentie van relevante en irrelevante informatie is binnen het 
gebied van de Experimentele Psychologie veel bestudeerd met behulp van 
verschillende soorten taken zoals bijvoorbeeld de Simon Taak. Dit is een taak 
waarbij men specifiek met de linker of rechterhand moet reageren op gekleurde 
cirkels (bijv. druk links voor gele cirkels en rechts voor blauwe cirkels). De truc 
(manipulatie) van deze taak is gelegen in de positie waar de cirkels verschijnen op 
het computerscherm, deze kunnen links of rechts op het scherm verschijnen. Elke 
keer dat een keuze gemaakt moet worden in zo’n taak noemen we een trial. Als de 
relevante informatie (kleur) overlapt met de irrelevant informatie (positie) is het 
een relatief makkelijkere keuze (congruente trial) dan wanneer er geen overlap is 
tussen de relevante en irrelevante informatie (incongruente trial). Dit verschil in 
moeilijkheid uit zich zowel in langzamere reactietijden (RT) als meer fouten. 
 
Respons capture, Respons inhibitie en congruentie sequentie effect  
De mate waarin men geneigd is om de impuls (de positie van de cirkel) te volgen 
noemen we respons capture en gedragsmatig uit zich dit in het maken van snelle 
fouten op de relatief moeilijke incongruente trials (Gratton et al., 1988; van den 
Wildenberg et al., 2010b). Op deze trials wordt men dus door de irrelevante positie 
uitgelokt tot het maken van een incorrecte respons. In dit proefschrift wordt dit 
onderzocht met behulp van een zogenoemde Conditional accuracy function 
(Lappin & Disch, 1972a). In een dergelijk figuur staat het aantal fouten op de y-as 
uit tegen de snelheid waarmee men reageert (x-as). We zien dan dat dit soort fouten 
vooral voorkomt in het relatief snelle gedeelte. Terug naar het voorbeeld van Sven 
Kramer. Als hij alle tijd van de wereld had gehad dan was de kans kleiner dat hij 
de wisselfout had gemaakt.  

De vraag is dan of voor de langzamere reacties het effect van de respons capture 
is uitgewerkt of dat je de respons capture ook actief tegen kunt gaan; kan je zo’n 
fout niet voorkomen door deze neiging tot reageren te onderdrukken? Dit 
fenomeen wordt in de Experimentele Psychologie dan ook wel aangeduid als 
Respons inhibitie; het onderdrukken van irrelevante informatie ten faveure van 
relevante informatie. Gedragsmatig wordt dit uitgedrukt in de snelheid waarmee 
men reageert. In een zogenaamde delta plot kijkt men naar het verschil in 
reactietijden tussen de makkelijke en moeilijke trials over tijd. Wat men ziet is dat 
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in zo’n grafiek het verschil in reactietijd tussen de twee condities minder groot is 
voor langzame reacties; de zogenoemde fade-out. Dus het relatieve verschil tussen 
moeilijke en makkelijke keuzes wordt kleiner als het een relatief langzame reactie 
betreft. De fade-out wordt vaak gebruikt als index van respons inhibitie (Kornblum 
et al., 1990; Aron, 2004, 2010; Verbruggen & Logan, 2008; van den Wildenberg et 
al., 2010a).  

Naast deze twee concepten speelt er nog een factor een rol bij het kiezen van de 
juiste actie, namelijk “wat heb ik de vorige keer gedaan”; het zogenaamde 
congruentie sequentie effect (CSE, Egner, 2007; Hazeltine et al., 2011). Als de 
vorige keuze een makkelijke congruente trial is, reageer je sneller wanneer de 
nieuwe keuze weer een congruente trial is. Maar als de nieuwe trial een moeilijke 
incongruente keuze is dan ben je juist langzamer. Dit effect is omgekeerd als de 
vorige trial een moeilijke incongruente trial was; je bent dan sneller op 
incongruente trials en relatief langzamer op de congruente trials. De keuze die je op 
de vorige trial hebt gemaakt beïnvloedt dus de volgende keuze. Gezamenlijk spelen 
deze drie fenomenen een belangrijke rol in de het begrijpen van actie controle 
binnen de Experimentele Psychologie.  
 
Theorieën 
In de afgelopen vijf decennia zijn er verschillende theoretische kaders voorgesteld 
om te begrijpen hoe de mens/het brein omgaat met situaties met tegenstrijdige 
acties. Recent zijn de relaties tussen gedrag en de hersenen uitgebreid onderzocht 
om onderscheid te kunnen maken tussen deze verschillende theoretische kaders. 
Echter, tot nu toe komt het bewijs hoofdzakelijk van correlationeel onderzoek met 
behulp van technieken zoals elektro-encefalografie (EEG) of functionele 
Magnetische Resonantie Imaging (fMRI). Het is nog steeds een open vraag hoe 
interferentie van actie conflict wordt opgelost en door welke fysiologische 
mechanisme(s). In dit proefschrift worden de psychologische concepten van actie 
controle (Respons capture en Respons inhibitie) opnieuw onderzocht met behulp 
van een neurofysiologische techniek die causale gevolgtrekkingen over de werking 
van de hersenen mogelijk maakt, namelijk transcraniële magnetische stimulatie 
(TMS), gecombineerd met een aanpak waarin het gebruik van computationele 
modellen centraal staat. 
 
Transcraniële magnetische stimulatie 
Een geschikte techniek om actie conflict te onderzoeken op een meer causale 
manier is TMS.  Bij TMS loopt er kortdurend een stroom door een koperen spoel 
heen en daardoor ontstaat er een verandering in het magnetisch veld. Als we de 
spoel over de hersenen plaatsen zullen de neuronen die daar precies onder liggen 
worden geactiveerd door de verandering in het magnetisch veld. Door de 
frequentie, de duur van een puls of stimulatie locatie te veranderen, kunnen 
verschillende conceptuele benaderingen van TMS worden toegepast (Walsh & 
Cowey, 2000).  

In dit proefschrift worden drie verschillende TMS benaderingen gebruikt om 
inzicht te krijgen in de fysiologische mechanismen die ten grondslag liggen aan 
actie conflict. Ten eerste kunnen we de staat van de motor cortex meten met een 
enkele TMS puls (Terao & Ugawa, 2002; Todd et al., 2012). Hoe groot is het 
aandeel van activerende en inhiberende neuronen op een bepaald moment in de 
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motor cortex; hiervan is gebruik gemaakt in hoofdstuk twee. Een tweede aspect is 
het verstoren van bepaald gedrag door een hersengebied tijdelijk uit te schakelen 
met behulp van repetitieve TMS (rTMS; Walsh & Cowey, 2000); dit is beschreven 
in hoofdstuk drie. Een derde mogelijkheid is gebruikt in hoofdstuk vier waar we 
onderzoeken hoe de samenwerking ofwel de functionele connectiviteit van twee 
hersengebieden werkt; hoe beïnvloeden gebied A en gebied B elkaar (Mars et al., 
2009; Neubert et al., 2010).  
  
Computationele modellen 
Een andere invalshoek is het gebruik van computationele reactietijd modellen 
(Ratcliff & Smith, 2004; Brown & Heathcote, 2008). Dergelijke kwantitatieve 
modellen zijn in staat om RT verdelingen te voorspellen en daardoor verschillen 
tussen bepaalde condities te valideren op een conceptueel niveau. In dit 
proefschrift is gebruik gemaakt van evidence accumulation modellen  zoals het 
diffusie model (Ratcliff, 1978; Ratcliff & McKoon, 2008) en het linear ballistic 
accumulator model (Brown & Heathcote, 2008). Het centrale idee van dergelijke 
modellen is dat de stimulus-gerelateerde informatie geleidelijk wordt opgebouwd 
in de tijd vanuit een bepaald startpunt tot aan de beslissingsdrempel (moment van 
keuze). In hoofdstuk vijf is gebruik gemaakt van computationele modellen.  
  
Het doel van dit proefschrift is om, vanuit een geïntegreerd perspectief, ons begrip 
te vergroten over hoe we onze acties kunnen controleren tijdens actie conflict. Op 
deze manier kunnen nieuwe inzichten worden toegevoegd aan bestaande 
theoretische kaders, nieuwe experimentele inzichten en mogelijke conceptuele 
ideeën worden geïdentificeerd. In dit proefschrift staan drie vragen centraal die aan 
de hand van verschillende hoofdstukken worden geëvalueerd. 
 

1. Zijn er neurofysiologische en computationele markers die psychologische 
concepten van respons capture en respons inhibitie reflecteren? 

 
In hoofdstuk twee is de temporele dynamiek van activatie en inhibitie van de 
motorische cortex tijdens het oplossen van conflicten onderzocht. Tijdens het 
uitvoeren van de Simon taak kregen de proefpersonen op verschillende momenten 
een TMS puls om de staat van de motor cortex te meten. De resultaten laten ten 
eerste zien dat de motor cortex, die de hand aanstuurt, al ver voor de actie zelf 
actiever wordt. Dit is in lijn met andere bevindingen (Verleger et al., 2009, Duque 
et al., 2010). Deze motor cortex activiteit begint echter eerder voor congruente dan 
incongruente trials en suggereert een voordeel op congruente trials door de 
dimensionale overlap tussen stimulus locatie en de juiste respons hand (de kleur 
instructie). Ten tweede, in lijn met respons capture, wordt de verkeerde reactie 
initieel geactiveerd op incongruente trials (door de locatie). Maar deze activatie is 
niet sterk genoeg om te resulteren in een druk op de knop (een fout). Dus de 
irrelevante positie van de stimulus activeert de motor cortex van de verkeerde hand 
initieel en neemt dan weer af. Deze activatie van de verkeerde hand op 
incongruente trials gaat gepaard met een tijdelijke verhoging van de fysiologische 
inhibitie in de motor cortex. Verder zien we als de juiste hand geselecteerd is een 
initieel sterkere inhibitie op incongruente trials; dit suggereert dat de uiteindelijke 
respons even vast wordt gehouden voordat hij daadwerkelijk wordt losgelaten. 
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Tenslotte lijkt de aard van de vorige trial wel de activatie dynamiek maar niet de 
inhiberende dynamiek te beïnvloeden. Dit  suggereert dat deze activatie en inhibitie 
mechanismen niet per se aan elkaar gekoppeld hoeven te zijn en mogelijk input 
ontvangen vanuit verschillende hersengebieden. 

In hoofdstuk vijf is computationeel modeleren gebruikt om de onderliggende 
componenten van de drie fenomenen (respons capture, fade-out en CSE) van de 
Simon taak te onderzoeken. Op basis van gedragsdata van de Simon taak is een 
computationeel model gefit. De beste waarden van een aantal variabele 
componenten van een model worden berekend waarbij de uitkomst data van het 
model het dichtst bij de werkelijke data moet blijven. Door te kijken naar de 
verschillen tussen bepaalde condities zien we waar volgens het model verschillen 
zijn op die condities.  

Zowel het Diffusie model als het Linear ballistic accumulator model geven aan 
dat een combinatie van twee componenten aan de drie fenomenen ten grondslag 
liggen. Ten eerste zijn er verschillen in het startpunt van de modellen. Daarnaast 
zien we verschillen in de snelheid waarmee informatie wordt verzameld tussen 
congruente en incongruente trials. De effecten in het startpunt laten zien dat zowel 
de keuze op de vorige trial als de positie van de cirkel op de huidige trial de 
fenomenen response capture en CSE verklaren. Als een startpunt dichtbij de foute 
keuze grens ligt en er tegelijkertijd sprake is van een relatief snelle response, dan is 
de kans op een fout groter. Dit is exact het geval bij respons capture. De ligging 
van het startpunt wordt ook mede bepaald door de keuze op de vorige trial. De 
fade-out wordt door de modellen het best beschreven als er daarbij ook sprake is 
van snellere informatieverzameling op de relatief moeilijke trials dan op de 
congruente trials.   
 
2. Wat is de rol van de Pre-SMA en rIFC in het controleren van acties? 
 
Bij deze vraag staat de betrokkenheid van de belangrijkste knooppunten van het 
actie netwerk centraal. Verscheidende studies hebben de pre-supplementaire motor 
cortex (pre-SMA) en de rechter inferieure frontale cortex (rIFC) gekoppeld aan 
respectievelijk respons capture en respons inhibitie (Forstmann et al., 2008a,b; 
Ridderinkhof et al., 2011).  
 

In hoofdstuk drie is de causale betrokkenheid van deze gebieden in beide 
fenomenen onderzocht met behulp van repetitieve TMS (rTMS). Door rTMS toe te 
passen over een specifiek hersenengebied kan de functie van de onderliggende 
hersengebieden worden veranderd. Dit effect is tijdelijk maar gedurende een korte 
tijd na de stimulatie nog wel meetbaar. Proefpersonen voerden een Simon taak uit 
voor en na het stimuleren met rTMS. Door het verschil tussen de voor- en 
nameting te vergelijken kunnen we zien welke gedragsparameters er veranderen. In 
dit geval verwachtten wij, op basis van eerder onderzoek,  een sterkere respons 
capture (meer fouten) na pre-SMA stimulatie en een reductie van de fade-out in de 
delta plot na rIFC stimulatie (Forstmann et al., 2008a,b).  Echter, rTMS stimulatie 
over de pre-SMA laat geen verschil zien tussen de voor- en nameting. Maar na 
stimulatie over rIFC was er inderdaad een sterke reductie van de fade-out. Daarmee 
tonen we aan dat rIFC op een causale manier betrokken is bij het fenomeen van de 
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fade-out. Maar de vraag blijft nog open via welk fysiologisch mechanisme de rIFC 
communiceert met de motor cortex. 

In hoofdstuk vier is onderzocht wat het exacte fysiologische mechanisme is in 
de interactie tussen rIFC en de motor cortex. Met behulp van twee TMS spoelen 
onderzochten we de functionele connectiviteit tussen twee hersengebieden. 
Specifiek was de vraag wat is het belang van de context waarin een respons moet 
worden onderdrukt. Als de rIFC specifiek betrokken is in het signaleren van een te 
onderdrukken respons dan zou ongeacht de context het fysiologische mechanisme 
hetzelfde moeten zijn. Is de context bepalend voor de manier waarop de rIFC naar 
de motor cortex toe communiceert, dan zouden we verschillen in de fysiologische 
maten moeten vinden. Om dit te bepalen kregen proefpersonen een go / no-go 
paradigma met twee verschillende condities. In de ene conditie (frequent) werden 
er voornamelijk cues (go cue) getoond waarop een simpele reactie moest worden 
gegeven en op een paar trials de respons moest worden onderdrukt (no-go cue). In 
een tweede conditie (infrequent) was dit omgedraaid en werden er weinig cues 
gegeven waarop moest worden gereageerd. Een faciliterend effect van rIFC 
richting de motor cortex werd waargenomen tijdens zeldzame no-go trials, maar, 
belangrijker, ook op de zeldzame go trials. Deze bevinding lijkt te impliceren dat 
het effect van rIFC richting de motor cortex afhankelijk is van de context van de 
taak; frequente of infrequent voorkomende stimuli zijn van belang in plaats van het 
wel of niet onderdrukken van de actie.  

Het lijkt aantrekkelijk om met behulp van rTMS eenduidige conclusies te 
trekken over de functie van bepaalde hersengebieden. Maar het is belangrijk om de 
huidige resultaten te zien in het kader van een groter netwerk van betrokken 
hersengebieden in plaats van te veronderstellen dat rIFC alleen respons inhibitie tot 
doel heeft. Het effect van het verstoren van bepaalde knooppunten van een 
hersennetwerk met bijvoorbeeld rTMS hangt mede af van hoe goed het netwerk in 
staat is om weer terug in evenwicht te komen. Wanneer een knooppunt kritisch is 
in het netwerk, kan interferentie met rTMS het uiteindelijke gedrag definitief 
wijzigen. Tegelijkertijd als het netwerk sterk genoeg is, kan het netwerk de 
verstoring van de hersenfunctie met TMS mogelijk ondervangen en lijkt de 
gedragsdynamiek ongewijzigd. Een van de essentiële voorwaardes voor het 
interpreten van dergelijke data is het theoretisch kader van waaruit het experiment 
is opgezet.  
 
3. Hoe passen fysiologische en computationele elementen in de verschillende 
theoretische kaders over actie controle? 
 
Theoretische kaders bieden een manier om gedrags- en fysiologische gegevens met 
elkaar in verband te brengen en om gedrag te voorspellen. Tegelijkertijd kunnen 
deze theoretische kaders elkaar tegenwerken in de aannames die nodig zijn voor 
een dergelijk kader. In hoofdstuk vijf zijn drie theoretische kaders gepresenteerd; 
de aandachtsoriëntatie theorie, de episodische binding theorie, en het duale proces 
model. In hoofdstuk vijf zijn deze kaders geëvalueerd op basis van hoe goed de 
drie kaders gedragsfenomenen (CSE, respons capture en fade-out) kunnen 
verklaren en hoe de uitkomsten van de computationele modellen deze theoretische 
kaders mogelijk kunnen begrenzen in hun aannames. Op deze manier kunnen we 
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steeds verder ontdekken hoe we gedrag van de mens/het brein tijdens 
conflicterende acties kunnen beschrijven. 

Samenvattend, alle theoretische kaders hebben moeite om elk aspect van de 
huidige bevindingen in dit proefschrift geheel te kunnen verklaren. Het duale 
proces model lijkt het meest aan te sluiten bij zowel de fysiologische als de 
computationele bevindingen. Twee aspecten keren terug in de meeste 
hoofdstukken van dit proefschrift. Ten eerste, lijkt de toestand van de persoon door 
bijvoorbeeld de CSE (hoofdstukken twee, drie en vijf) of de context van het proces 
(hoofdstuk vier) sterk bepalend te zijn. Ten tweede lijkt er sprake te zijn van een 
dynamisch evenwicht in plaats van statische rollen voor de verschillende 
componenten.  
 
Conclusie 
Tot slot, als we terug gaan naar het voorbeeld van de schijnbeweging van Arjan 
Robben dan zien we dat verschillende factoren van invloed zijn. Hoe adequaat is 
de schijnbeweging? Hoe vaardig is de verdediger? Hoe sterk is de impuls om te 
reageren? Wat is de mentale toestand van de verdediger? Tegelijkertijd, hoe goed 
kan de speler deze impulsen beheersen en weerstaan, en hoe vaak is de speler 
eerder op het verkeerde been gezet? Samen bepalen deze factoren het uiteindelijke 
gedrag. 

Binnen de traditionele Experimentele Psychologie is respons inhibitie vaak 
beschreven als een uniek proces om een actie te voorkomen, en aanzienlijke 
inspanningen zijn gedaan om de locus van deze remming in de hersenen vinden. 
De noodzaak voor het onderdrukken van ongewenste handelingen lijkt afhankelijk 
van de status van verschillende neuronen in een complex netwerk van knooppunten 
die samenwerken. Afhankelijk van de fysiologische toestand van al deze 
onderliggende componenten zullen we ofwel iets vinden dat we respons inhibitie 
noemen of niet. De dynamische patronen van de staat van de motor cortex 
gepresenteerd in dit proefschrift vormen hier een voorbeeld van.  

De huidige theoretische kaders zijn niet in staat om de huidige fysiologische en 
computationele bevindingen volledig te verklaren. De pre-SMA en de rIFC zijn 
duidelijk betrokken, maar vermoedelijk niet op een statische manier. Daarom stel 
ik voor om de benaming respons inhibitie te gebruiken als een beschrijving van een 
reeks van verschijnselen die betrokken zijn bij de onderdrukking van ongewenste 
acties. Verschillende subtypes van inhibitie (cortico-spinale, inter- en intra-
corticale inhibitie) kunnen bijdragen. Al deze submechanismes zijn potentieel de 
moeite waard om te onderzoeken, afhankelijk van de onderzoeksvraag. Maar een 
queeste naar het generiek mechanisme van response inhibitie lijkt onmogelijk en 
achterhaald. In plaats daarvan zou een meer interdisciplinaire invalshoek 
mogelijkheden bieden om te ontdekken hoe we actie conflict kunnen controleren.  
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9. Dankwoord 

Dag grote onbekende, wat leuk dat jij mijn proefschrift leest! Dank je wel! 
Misschien lees je het in 2015 of anders wel in 2035. Misschien staat dit boekje dan 
nog in de bibliotheek en ben je benieuwd hoe men vroeger dacht over het 
controleren van een actie en/of het onderdrukken van irrelevante informatie tijdens 
het maken van een actie. Eens zat ik zo in de bibliotheek, en wat zag ik, de titel 
“interferentie van irrelevante informatie”, dat moest wel goed zijn. Een vergeten 
revolutionair boek in de bibliotheek vinden zou fantastisch zijn…. Helaas bleek dit 
het proefschrift van mijn promotor.  Goed te lezen dat ook mijn voorgangers menig 
uurtje hebben doorgebracht met het pijnigen van de hersenen om een dergelijk 
boekje te vervaardigen (true story). Er is nog een reden om jou, onbekende (of 
vergeten bekende), als eerste te bedanken. Niets is zo vervelend, voor mij als 
promovendus, te ontdekken dat ik iemand vergeet.  
 
Dear Members of my committee, thank you for being part of my committee. At 
some point during my PhD trajectory I was lucky enough to spend time in either 
your lab or University for a lab retreat, workshop or conference. I find it an honor 
to have such an international committee with members from all over Europe, 
representing a large part of the scientific community on cognitive and action 
control. 
 
Hooggeleerde promotor en zeergeleerde co-promotor, dat TMS onderzoek meer 
behelst dan op een knopje te drukken hebben we ondervonden maar uiteindelijk 
zijn er drie prachtige experimenten met TMS gekomen. Dank jullie wel dat jullie 
mij de kans gaven naar Oxford te gaan om daar een nieuwe TMS techniek (paired 
pulse) te leren en daar een experiment uit te voeren. Het is fantastisch om te 
merken dat je alle vrijheid krijgt om je ideeën te ontwikkelen en dat kritisch 
kanttekeningen geplaatst kunnen worden bij theorieën die door jullie worden 
aangedragen.  
Beste Wery, wij hebben onze ups en downs gehad, de hobbels op de weg 
overwonnen en uiteindelijk een uitstekende werkverdeling weten te vinden. Ik ben 
je ontzettend dankbaar voor je geduldige uitleg als ik in paniek nogmaals wilde 
checken of bijvoorbeeld de statistiek wel goed was; je enorme zorgvuldigheid 
waarmee je mijn stukken las en de bemoedigende woorden op de moeilijke 
momenten. Dank je wel.   
Beste Richard, wat een avonturen maken we mee als we met jou op weg gaan. Het 
is altijd feest, letterlijk en figuurlijk. Gestrande vliegtuigen, vulkaanuitbarstingen, 
een oververhitte en zeer vertraagde trein vlak voor de finale van het 
wereldkampioenschap. Altijd maak je last-minute tijd en is het net op tijd klaar.  
Daar heb ik wel aan moeten wennen maar ik heb deze eigenschap al snel 
overgenomen. Ik denk dat elke promovendus een beetje op zijn promotor gaat 
lijken, ook al denkt de promotor daar misschien geheel anders over. Ik zie nog je 
verschrikte blik achterom kijkende, tijdens het autorijden, toen ik dat zei. We reden 
pardoes bijna de berm in. Maar misschien is het wel andersom: ben jij een beetje 
op je promovendus gaan lijken; in ieder geval op het gebied van de sport.   
Dank voor alle geweldige discussies, leermomenten,  het enthousiasme om nieuwe 
ideeën te ontwikkelen, de ondervraging en behulpzaamheid bij mijn out-of-the-box 
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ideeën. Je hebt een waanzinnige kwaliteit om direct patronen te zien in data 
gecombineerd met een fantastisch brede kennis.  Het is een feest om met je samen 
te werken nu en in de toekomst. 
 
Beste Paranimfjes. Leendert en Maarten ogenschijnlijk zijn jullie zo verschillend 
als dag en nacht maar eigenlijk hebben jullie veel gemeen. Met zijn drieën zouden 
we onverslaanbaar zijn bij welke sportquiz dan ook, met ieder zijn eigen discipline.  
Eindeloos kletsen over voetbal of wielrennen of schaatsen. Maar jullie kunnen 
allebei ook heerlijk relativeren. Egbert, mijn nieuwe maatje in Nijmegen, zonder 
jou was ik nooit zo goed geland. Fijn dat jij er ook bij bent als extra nimfje. Samen 
aan de diksap voor de scanner, best science team ever!  Gelukkig zijn  jullie er alle 
drie bij. Zonder jullie zou deze exercitie niks worden! 
 
Gedurende mijn PhD heb ik de nodige kamergenoten en afdelingsgenoten gehad. 
Dit klinkt bijna alsof ik me nergens echt thuis voelde maar het tegendeel is waar. 
Zonder een goede werkomgeving was dit proefschrift nooit tot stand gekomen.  Bij 
ieder van jullie heb ik gelijk een anekdote of een mooie herinnering, te veel om op 
te noemen.  
 
Irene en Anika, dit hele avontuur begon bij jullie op de kamer op de zevende 
verdieping waar heel wat lief en leed werd besproken. Als UvA newbe kon ik me 
geen betere kamergenoten wensen. Gelukkig bleef onze vriendschap stand houden 
ook al verhuisde ik naar een ander gebouw. 
 
Tessa, samen hebben we de activiteiten commissie (AC) opgericht en tot bloei 
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