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Abstract 31 

 32 

Cognitive control is crucially involved in making (dis)honest decisions. However, the precise nature 33 

of this role has been hotly debated. Is honesty an intuitive response or is willpower needed to 34 

override an intuitive inclination to cheat? A reconciliation of these conflicting views proposes that 35 

cognitive control enables dishonest participants to be honest, whereas it allows cheating for those 36 

who are generally honest. Thus, cognitive control does not promote (dis)honesty per se; it depends 37 

on one’s moral default. In the present study, we tested this proposal using EEG in humans (males & 38 

females) in combination with an external localizer task to mitigate the problem of reverse inference. 39 

Our analysis revealed that the neural signature evoked by cognitive control demands in the Stroop 40 

task can be used to estimate (dis)honest choices in an independent cheating task, providing 41 

converging evidence that cognitive control can indeed help honest participants to cheat, whereas it 42 

facilitates honesty for cheaters. 43 

 44 

Significance Statement 45 

 46 

Dishonesty causes enormous economic losses. To target dishonesty with interventions, a rigorous 47 

understanding of the underlying cognitive processes is required. Recently, a study found that 48 

cognitive control enables honest participants to cheat, whereas it helps cheaters to be honest. 49 

However, it is evident that a single study does not suffice as support for a novel hypothesis. 50 

Therefore, we test the replicability of this finding using a different modality together with a localizer 51 

task to avoid reverse inference. We find that the same neural signature evoked by cognitive control 52 

demands in the localizer task can be used to estimate (dis)honesty in an independent cheating task, 53 

establishing converging evidence that the effect of cognitive control indeed depends on a person's 54 

moral default. 55 

 56 
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Introduction 57 

Dishonesty imposes a lasting social toll by undermining personal relationships as well as sabotaging 58 

trust in social institutions. Although dishonesty may be ubiquitous, it is clear that not everybody is a 59 

cheater; there are considerable individual differences in our moral flexibility:  when given the 60 

opportunity, individuals differ considerably in how much they cheat (Gino et al., 2012, 2014; Speer, 61 

Smidts & Boksem, 2020; for a meta-analysis see: Gerlarch, Teodorescu & Hertwig, 2019).  62 

When tempted to cheat, clearly, the prospective gains are an important determinant as to whether 63 

someone will succumb (Becker, 1968, Allingham & Sandmo, 1972; Seuntjens et al., 2019; Abe & 64 

Greene, 2014, Speer, Smidts & Boksem, 2020). However, behaviors such as altruism, reciprocity and 65 

honesty suggest that most individuals do not only consider the (financial) rewards when tempted to 66 

cheat. Converging evidence indicates that our self-concept, our perception of ourselves as moral 67 

beings (Aronson 1969; Baumeister 1998; Bem 1972), motivates us to be honest (Mazar, Amir, & 68 

Ariely, 2008; Speer, Smidts & Boksem, 2020). 69 

Recently, an fMRI study (Speer, Smidts & Boksem, 2020) investigated how the brain accomplishes 70 

the task of arbitrating between obtaining rewards and upholding a moral self-concept. The study 71 

showed that brain regions associated with cognitive control helped dishonest participants to be 72 

honest, while they enabled cheating for more honest participants, suggesting that cognitive control 73 

is not required to be honest or dishonest per se but that it is contingent on an individual’s moral 74 

default.  75 

However compelling these and other neuroimaging studies on dishonesty thus far are, two issues 76 

stand out. The first is that they have relied on reverse inference to infer the neurocognitive 77 

processes underlying (dis)honest decisions, where the cognitive operations are inferred from 78 

activation in an observed region of the brain. While informative, reverse inference should be 79 

interpreted with caution depending on how selectively these areas of interest are activated by a 80 

specific cognitive process (Poldrack, 2006).  81 
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A second issue is that a single finding cannot be taken as sufficient support for any novel theory or 82 

hypothesis. The importance of conducting replications has been highlighted as several authors have 83 

questioned the validity of numerous findings in neuroscience and psychology (e.g. Ioannidis, 2005; 84 

Button, et al., 2013; Botvinik-Nezer et al., 2020). The most promising way of addressing these issues 85 

is to attempt to replicate findings, as the probability of a finding being true increases with the 86 

number of replications. 87 

Here, we attempt to replicate previous findings (Speer, Smidts & Boksem, 2020) with a different 88 

neuroimaging method in combination with a localizer task to circumvent reverse inference 89 

problems. Using a different modality has the potential to substantially increase the convergent 90 

validity of the previous finding, as it allows to capture different aspects of the underlying neural 91 

processes due to the higher temporal resolution of electroencephalogram (EEG).  92 

We elicited the neural patterns associated with cognitive control by means of recording the EEG of 93 

participants while they performed the Stroop task, which is a well-established task requiring 94 

cognitive control. Subsequently, participants engaged in the Spot-the-Difference task (Gai & Puntoni, 95 

2021; Speer, Smidts & Boksem, 2020), which allows participants to cheat repeatedly, deliberately, 96 

and voluntarily while their EEG was recorded. If we observe the same neural patterns in both tasks, 97 

we can deduce with empirical support that the neural patterns we observe in our cheating task do 98 

indeed reflect cognitive control processes, relating to the inhibition of a default response. Our study 99 

thus contributes by more rigorously testing the neural mechanisms underlying dishonest decisions 100 

and reducing issues of reverse inference.  101 

  102 
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Method 103 

Participants 104 

EEG recordings were obtained from 35 participants. One participant completed the Spot-The-105 

Difference task, but not the Stroop task, so for that task there were 34 participants. The data of 2 106 

participants had to be discarded because for these participants 27 or more channels (out of 64) were 107 

identified as bad channels by the Autoreject algorithm (see preprocessing section; Mainak et al., 108 

2017), which classified them as outliers (IQR rule, 2 standard deviation rule). The reported analyses 109 

are based on the remaining 33 (32 for the Stroop task) participants (18 females; age 18 to 29; M = 110 

21, SD = 2.6), recruited from an online community for university students, where students can sign 111 

up for experiments. An initial screening interview ensured that all participants were right-handed 112 

with normal or corrected to normal vision, spoke English fluently, were not on any psychoactive 113 

medication influencing cognitive function, and had no record of neurological or psychiatric illness. 114 

The study was approved by the University’s internal review board and was conducted according to 115 

the Declaration of Helsinki. 116 

Determination of the appropriate sample size 117 

To determine the appropriate sample size, we focused on previous studies using the Stroop task, 118 

since no EEG studies have been conducted with the Spot-The-Difference task so far. We consulted 119 

three previous studies: Hanslmayer and colleagues (2008), Tang, Hu & Chen (2013) and Kovacevic 120 

and colleagues (2012). The sample sizes in these ranged from 16 to 22 participants, all reporting 121 

significant effects of Incongruency on power in the theta range over midfrontal channels. The effect 122 

sizes calculated based on the statistics reported in those papers range from d = 1.28 – 1.62, which 123 

correspond to a recommended sample size (at alpha = 0.05, two-sided) of 8 to 11 participants to 124 

obtain a power of 95% to detect a significant effect between congruent and incongruent trials in the 125 

Stroop task.                                                                                                                                                                126 

Previous neuroimaging studies using voluntary (dis)honest choice paradigms such as the coin-flip 127 
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task or the sender receiver game (e.g., Ding et al., 2013, N = 18; Abe & Greene, 2014, N = 28; Hu et 128 

al., 2015, N = 26; Shuster & Levy, 2020;  N=33, Speer, Smidts & Boksem, 2020,  N = 40) ranged in 129 

sample size from 18-40 participants. So, we reasoned that for this study 35 participants should be 130 

sufficient to detect the electrophysiological correlates of (dis)honesty. 131 

Task and Stimuli 132 

Spot-The-Difference Task 133 

In the Spot-The-Difference task, participants were presented with pairs of images and were 134 

instructed that there were always three differences between the image pairs. Differences consisted 135 

of objects that were added to or removed from an image, or objects that differed in color between 136 

images. However, images could actually contain one, two, or three differences. Participants were 137 

instructed to find three differences between the images. Since reward (see below) was contingent 138 

on participants reporting that they had found all three differences, without having to point them 139 

out, this design allowed and encouraged cheating behavior (i.e., reporting having found all three, 140 

even when objectively fewer than three differences were present in the images). In 25% of the trials 141 

there were only two differences and in 25% there was only one difference. All stimuli were 142 

standardized in size and were presented on a white background on a computer screen. The ratio of 143 

50% - 50% (three differences vs less than three differences) was chosen based on the results of pilot 144 

studies that indicated this ratio to be optimal in reducing suspicion that the pairs did not always 145 

contain three differences. 146 

Trials were further categorized into normal (50%), hard (25%) and very hard trials (25%), for which 147 

participants could receive 5cts, 20cts, and 40cts, respectively. All the trials with three differences 148 

(the filler trials) were categorized as normal trials, whereas trials with fewer than three differences 149 

(the trials of interest) were randomly categorized as hard or very hard trials. Consequently, the 150 

reward was independent of the number of differences in the image pair for the trials of interest, 151 

which is important in order to be able to disentangle the effects of reward and cheating magnitude 152 
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(the actual number of differences) on cheating behavior. The different levels of difficulty were added 153 

to reduce suspicion about the real purpose of task. It was assumed that if trials are labeled as hard 154 

or very hard, it would be more credible to the participant that the image pair actually contained 155 

three differences, but they were just too hard to spot. In addition, levels of difficulty were 156 

introduced to eliminate possible demand effects: we wanted participants to cheat for monetary 157 

reward and not to prevent seeming incompetent, which may be associated with different underlying 158 

neural mechanisms and consequently confound the analysis. The maximum amount of money 159 

earned, in case a participant cheated on all cheatable trials was approximately 35 Euros, whereas in 160 

case a participant would not cheat at all he or she would earn approximately 7.50 Euros. After 161 

completion of the full study, participants were debriefed and to be fair to all participants, they were 162 

all paid out the maximum amount irrespective of their actual cheating behavior. 163 

Participants were informed that the purpose of the study was to investigate the underlying neural 164 

mechanisms of visual search for marketing purposes such as searching for a product in an 165 

assortment or information on a webpage. In order to increase credibility of this cover story a simple 166 

visual search task was added at the beginning of the experiment (see Speer, Smidts & Boksem, 167 

2020). Further, participants were instructed that the neurocognitive effect of motivation, elicited by 168 

monetary reward, on speed and accuracy of visual search would be investigated. To further reduce 169 

suspicion about the purpose of the study, we added twelve point-and-click trials. In these trials, 170 

participants had to click on the location in the images where they spotted the differences using a 171 

mouse. Consequently, cheating was not possible on the point-and-click trials. Participants always 172 

knew prior to the start of a trial whether it was a point-and-click trial, indicated by a screen 173 

requesting participants to click on the image. This ensured that participants would not refrain from 174 

cheating on all other trials, while still reducing the suspicion about the real purpose of the study. 175 

Participants were told that only 10% of trials were point-and-click trials because it would take too 176 

much time to point out the differences for every pair. In sum, there were 144 regular trials (of which 177 

72 cheatable trials) and 12 point-and-click trials.  178 
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Each trial started with a fixation cross which was presented for a variable amount of time between 179 

1-3s (see Figure 1). Subsequently, the Level of Difficulty screen was presented for 2 seconds 180 

informing the participants about the level of difficulty of the upcoming trial. This screen also 181 

displayed how much money could be earned on that trial. As a result, participants were constantly 182 

aware of the potential gains of cheating. Next, an image pair was presented for 6s, a length 183 

determined by behavioral pilots (see Speer, Smidts & Boksem, 2020), and participants engaged in 184 

the visual search. Afterwards, the participants were asked whether they spotted all three differences 185 

(yes/no response). On this decision phase screen, again the potential reward for this trial was 186 

presented, in order to make the reward more salient and increase cheating behavior. After 3s, the 187 

response phase started in which participants’ responses were recorded. In the decision phase and 188 

the response phase the current balance was also shown, which was done to demonstrate to the 189 

participants that if they stated that they had found the three differences, their current balance 190 

increased immediately. It was assumed that this direct noticeable effect of behavior on the increase 191 

of the current balance, would further motivate participants to cheat. 192 

The buttons corresponding to “Yes” and “No” were switched across trials to reduce a possible 193 

response bias associated with the side at which the response options were presented. Once the 194 

participants responded, the choice was highlighted by a blue box for 500ms to indicate that the 195 

response was recorded, and the trial ended. If no response was made, the trial ended after 3s. In 196 

addition, there were five practice trials, in which participants could get acquainted with the task. 197 

Stimulus presentation and data acquisition was performed using Presentation® software (Version 198 

18.0, Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com). 199 
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 200 

Figure 1. One trial of the Spot-The-Differences paradigm. Participants viewed a screen indicating the 201 

difficulty and value of the trial, then the image pair appeared for six seconds and then participants 202 

had to indicate whether or not they spotted all three differences. 203 

Stimuli for the Spot-The-Difference Task 204 

Stimuli for the task consisted of 144 Spot-The-Difference image pairs that were downloaded from 205 

the Internet. Cartoon images of landscapes containing several objects were selected, to make them 206 

engaging and challenging enough for the participants. Landscapes were chosen as they generally 207 

satisfied the necessary criterion of containing several different objects. The stimuli consist of pairs of 208 

images that are identical apart from a certain number (1-3) of differences that were created using 209 

Adobe Photoshop. Differences consisted of objects added to or removed from the landscape picture 210 

or changed colors of objects. Differences were fully randomized across all pairs of images, which 211 

means that all image pairs could be presented with either one, two or three differences. To make 212 

sure that participants would be able to find the differences between the images in a reasonable 213 

amount of time, we ran a pilot study on Amazon’s Mechanical Turk (N=205) to test the difficulty to 214 

spot the differences between the images and to determine the optimal duration of picture 215 

presentation (see Speer, Smidts & Boksem, 2020). 216 

Stroop Task 217 

In order to localize the neural signature of cognitive control the Stroop task was used. The use of a 218 

localizer task is a common approach in fMRI research, and is becoming increasingly used in EEG 219 
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research as well to reduce issues of reverse inference (Niccolai et al., 2014; van Driel et al., 2014; 220 

Brooks et al., 2017; Dutra et al., 2018; Eijlers, et al., 2020; Lee & Kang, 2020; Soh & Wessel, 2021). In 221 

the Stroop task participants view color names presented in different ink colors and are instructed to 222 

read out the color of the ink as fast as possible. In incongruent trials, color names and the color of 223 

the ink are not matching, while on congruent trial the name and the color of the ink match. On the 224 

incongruent trials, participants must inhibit the predominant response of reading the word and 225 

instead focus on the ink of the color. Thus, the overlearned response of reading interferes with 226 

successful task performance.   227 

The Stroop task was selected over the Stop-Signal task or GoNoGo tasks because we assumed that 228 

overriding the default response of reading the words is more similar to overriding default (im)moral 229 

behavior than for example motor inhibition elicited by the Stop-Signal or GoNoGo task, because on 230 

top of inhibiting a motor response, the more cognitive process of automatically reading needs to be 231 

suppressed. Intuitively this process seems more similar to the type of control needed to inhibit 232 

default (dis)honest behavior. 233 

To allow conducting the Stroop task without participants speaking, which would cause artefacts in 234 

the EEG signal, we adapted a version developed by Zysset and colleagues (2007). Participants were 235 

instructed that they would see two words vertically arranged (see Figure 2) and they would have to 236 

decide, by means of a button-press (yes,no), whether the color of the top word corresponds to the 237 

color name written at the bottom row. There were 72 trials in total. Half of the trials were 238 

corresponding, meaning that the color of the top word matches the meaning of the bottom word. 239 

There were 36 congruent and 36 incongruent trials. In congruent trials the color of the upper word 240 

was consistent with the word meaning of the upper word. For incongruent trials this was not the 241 

case.  242 

Each trial starts with a fixation cross with a duration jittered between one and two seconds. 243 

Subsequently, to prevent subjects from focusing on the lower word and blurring out the top word, 244 
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the top word was presented 150ms before the lower word. As a result, visual attention was shifted 245 

automatically to the top word and participants were forced to read the top word enabling 246 

interference. Next, the bottom word and a white fixation cross were presented. The white fixation 247 

cross turned orange as soon as a response was made, to signal to the participant that the response 248 

has been recorded. After the words were on the screen for 3 seconds the feedback was presented 249 

(see Figure 2). 250 

 251 

 252 
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Figure 2. An example trial of the Stroop task. Participants are asked whether the color of the upper 253 

word corresponds with the meaning of the lower word. Top: The four conditions of the Stroop Task. 254 

Bottom: The sequence of a trial in the Stroop task. 255 

Experimental procedure 256 

Before the experiment started, participants were introduced to the cover story, the tasks and they 257 

signed the informed consent form. During the EEG data collection, participants were seated in a 258 

slightly reclining chair positioned in front of a 19-inch PC monitor in a sound-attenuated, electrically 259 

shielded, dimly lit room. Participants first completed practice trials for both visual search tasks. 260 

Afterwards, the participants completed the simple visual search task (5 min) followed by the Spot-261 

The-Difference task which took approximately 40 minutes. Subsequently, participants completed 262 

practice trials for the Stroop task and the actual Stroop task which lasted around seven minutes. 263 

After completing all tasks, participants left the EEG room and filled-in a short questionnaire including 264 

questions about their thoughts on the purpose of the task on a computer in a separate testing room. 265 

EEG Acquisition and Preprocessing 266 

We recorded EEG from 64 active scalp electrodes using a Biosemi Active Two system (Biosemi, The 267 

Netherlands). Additional flat type electrodes were placed on the right and left mastoid, and in the 268 

eye region in order to record eye movements or electro-oculograms (EOG): Electrodes were placed 269 

below and above the left eye in line with the pupil to record vertical EOG, and at the outer canthi of 270 

both eyes to record horizontal EOG. The EEG and EOG signals were sampled at a rate of 512 Hz. All 271 

preprocessing was done using the MNE package in python (Gramfort et al., 2013). EEG data were 272 

filtered with a low cutoff filter of 1Hz to remove slow drifts and a notch filter of 50Hz to remove line 273 

noise.  274 

Subsequently, bad and noisy channels were detected using several different approaches as 275 

implemented in the PREP pipeline (Bigdely-Shamlo et al., 2015): First, by means of correlation: Here 276 
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we checked how well a given channel is correlated with all other channels (categorize as bad at r  < 277 

0.4). Second, by using the robust z-score deviation aggregates per channel (categorize as bad at z  > 278 

5). Third, by using the robust z-score estimates of high frequency noise per channel (categorize as 279 

bad at z  > 5). Lastly, by using the RANSAC channel correlations, which is the correlation for each 280 

channel with itself across the original data versus the RANSAC predicted data (categorize as bad at r  281 

< 0.75), as implemented in the PREP pipeline (Bigdely-Shamlo et al., 2015). After detection, these 282 

channels were removed from the data and subsequently interpolated (i.e., estimated from 283 

surrounding channels). Interpolation was performed using the spherical spline method (Perrin et al., 284 

1989) as implemented in MNE, which projects the sensor locations onto a unit sphere and 285 

interpolates the signal at he channels identified as bad on the signals for the good channels. The EEG 286 

data were then re-referenced to the average signal across channels. As a next step, ocular artefacts 287 

were removed by performing an independent component analysis (ICA) on the data and then 288 

correlating the resulting components with the EOG channels to see which of the components 289 

represents the ocular artefacts. The component that correlated the highest with the EOG channels 290 

was then removed from the EEG data.  291 

Epoching & Artefact Rejection for the Spot-The-Difference Task 292 

The EEG data from the Spot-The-Difference-Task was then segmented into 3 second epochs, time-293 

locked to the onset of the decision phase. The epochs were baseline corrected using the last second 294 

of the fixation period preceding the presentation of the image pair, which occurred seven to six 295 

seconds before the decisions phase. The resulting epochs were then subjected to Autoreject, an 296 

automated artefact detection algorithm based on machine learning classifiers and cross-validation to 297 

estimate the optimal peak-to-peak threshold (Jas et al., 2017). On average 3% of trials (~4 trials out 298 

of 144 trials, SD=5%) were rejected. This algorithm was implemented to remove artefacts not 299 

identified by previous preprocessing steps and, depending on the number of bad sensors for a given 300 

trial, either repairs the trial based on interpolation or excludes it from further analysis. The 301 
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preprocessed data were then submitted to a morlet wavelet analysis to transform the data into the 302 

time-frequency domain with 18 logscaled frequency bins ranging from 4Hz to 40Hz in order to have 303 

higher sensitivity in lower frequency ranges such as the theta band. To optimize both spectral and 304 

temporal resolution, the number of cycles to include in the sliding time window were defined by 305 

dividing each individual frequency by two. After transforming the data to the time-frequency domain 306 

the data were decimated by a factor of 4 (sampling every 4th timepoint) to increase computational 307 

efficiency. 308 

Epoching & Artefact Rejection for the Stroop 309 

Following the same preprocessing steps as described above, the EEG data from the Stroop task was 310 

segmented into two second epochs time-locked to the presentation of second word on the screen. 311 

The epochs were baseline corrected using the second preceding the onset of the second word. The 312 

same artefact rejection as described above was applied to the Stroop task and in this task on 313 

average 2% (SD = 4%) of trials for each subject was rejected. The same morlet wavelet analysis was 314 

used to transform the data to the time frequency domain. 315 

Statistical Analysis 316 

Contrasting conditions in the Stroop task 317 

To localize the neural correlates of cognitive control related to inhibiting the default response in the 318 

Stroop task, we conducted a multilevel analysis contrasting the EEG data from the conditions of the 319 

Stroop task with the highest behavioral difference (congruent/corresponding vs. congruent/not 320 

corresponding; see Task and Stimuli for details). Previous research has found that the EEG correlates 321 

of cognitive control are typically observed in the theta (4-8hz) frequency range on midfrontal 322 

channels (Fz, FCz; Cavanagh et al. 2012; Cohen and Cavanagh 2011; Cohen et al. 2008; Nigbur et al. 323 

2012; Wang et al. 2005; Womelsdorf et al. 2010). However, the exact reported frequencies and 324 

channels vary a bit between studies, so we conducted a relatively broad search on all midfrontal 325 
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channels (F1,Fz, F2,FC1,FCz,FC2, C1,Cz,C2), and across the entire frequency spectrum to localize the 326 

EEG correlate of cognitive control in our task.  327 

At the first level (i.e., the participant level), we computed the averaged time-frequency maps for 328 

each of the two conditions. We then tested the resulting average maps at the second level for 329 

significant group effects, using a paired sample t-test. We used cluster-based permutation testing as 330 

a stringent control for multiple comparisons (Maris and Oostenveld 2007). Specifically, for every 331 

sample across the 9 channels, we quantified the experimental effect by a t-value. We selected 332 

samples for which the t-value was larger than a given threshold (p < .05) for potential inclusion in a 333 

cluster. It should be noted that the threshold used does not affect the false alarm rate of the final 334 

statistical test; it only sets a threshold for considering a sample as a candidate member of a cluster. 335 

We subsequently clustered selected samples in connected sets based on temporal and spectral 336 

adjacency, and we computed cluster-level statistics by taking the sum of the t-values within every 337 

cluster. Subsequently, we performed permutation testing utilizing the Monte Carlo method to 338 

compute the posterior significance probability of our observed effect (Maris and Oostenveld, 2007). 339 

This analysis results in a cluster of adjacent datapoints across time, frequencies and channels that 340 

significantly differs in activity between conditions that demand high vs. low levels of cognitive 341 

control.  342 

Contrasting cheatable vs. non-cheatable trials 343 

To test whether the same neural signature of cognitive control found in the Stroop task could be 344 

observed when participants are exposed to the opportunity to cheat, we first created a mask 345 

consisting of the channels and frequencies as identified by the analysis of the Stroop task. We then 346 

performed a cluster-based permutation test on these channels and frequencies, which reduces the 347 

multiple comparison problem and thus increases the sensitivity of the analysis (Maris, 2012). 348 

Specifically, we computed the averaged time-frequency maps of cheatable trials and non-cheatable 349 

trials for each subject. We then selected the channels and frequencies that were significant in the 350 
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Stroop task (i.e., the spectral points within the channels found to be significant in the analysis of the 351 

Stroop effect). For group-level analysis we then conducted the cluster-based permutation testing 352 

procedure described above on the masked contrast maps to test whether there is a significant 353 

cluster within the cognitive control mask that distinguishes between cheatable and non-cheatable 354 

trials. 355 

Trial-by-trial analysis 356 

To test whether power in the channels and frequencies that were found to be significantly different 357 

between cheatable and non-cheatable trials in the previous analysis could be used to estimate the 358 

actual decision to cheat or to be honest, we conducted a trial-by-trial analysis. Based on the findings 359 

from the analysis above, we focused particularly on the time window that most strongly 360 

differentiated cheatable and non-cheatable trials. We used this time window to test whether we can 361 

estimate (dis)honesty on each trial. We extracted trial-by-trial power from the channels, time 362 

window, and frequencies of interest, by extracting the first factor from an exploratory factor 363 

analysis. A factor analysis (without rotation) was used to extract the most amount of variance from 364 

the time window of interest. The advantage of using a factor analysis over using the mean is that 365 

different items (timepoints) can be given different weights to maximize the correlation between 366 

timepoints in this time period (DiStefano et al., 2009). This resulted in one data frame where the 367 

rows represent trials and the columns represent the channels of interest.  368 

Given the nested structure of the data (trials within participants) we then conducted a multilevel 369 

analysis to estimate trial-by-trial cheating. The dependent variable was the binary response with a 370 

logit link (cheating = 1, honest = 0). The power in the frequency range of interest within the time 371 

window of interest for each of the channels of interest served as trial-level regressors. In addition, 372 

the average cheatcount (number of times a participant cheated) was added as a subject-level 373 

regressor. To reduce multicollinearity between the regressors and to explore which of the channels 374 

is most important in estimating cheating on the trial-level, we performed variable selection for 375 
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generalized linear mixed models by means of L1-penalized estimation. This was implemented using 376 

the glmmlasso package in R, which applies a gradient ascent that enables us to maximize the 377 

penalized log-likelihood, yielding models with reduced complexity (Groll & Tutz, 2014). The lasso 378 

regression adds a penalty term to the equation which shrinks less important coefficients in the 379 

model to zero and thus reduces complexity of the model and multicollinearity of regressors 380 

(Tibshirani, 1996). In this way it also selects the most important regressors in the model.  381 

Similarity analysis 382 

To further establish a link between the patterns of activation in the Stroop task and patterns of 383 

activation related to trial-level cheating, we conducted a similarity analysis (see Figure 3). For each 384 

participant we subtracted the average time-frequency data for congruent-corresponding trials from 385 

the average time-frequency data for congruent-not corresponding trials, for all channels of interest, 386 

resulting in a time-frequency spectrum representing the neural signature of cognitive control as 387 

derived from the Stroop task (see Figure 3). We then computed the Spearman correlation between 388 

this neural signature of cognitive control and the time-frequency map for each subject, on each of 389 

the trials and for each channel in the Spot-The-Difference task. After computing the Spearman 390 

correlations, a Fisher’z transformation was applied to obtain normally distributed predictors. This 391 

resulted in a data frame with on each row a Spearman correlation for each subject, trial and channel. 392 

We then entered this data into a multilevel lasso regression model with the binary response 393 

(cheating = 1, honest = 0) as a dependent variable. 394 
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 395 

Figure 3. Similarity-based analysis: We computed the similarity between the last 500ms of each 396 

participant’s  time-frequency data for the difference between congruent-not corresponding trials 397 

and congruent-corresponding trials and the first 500ms of the time-frequency map for each trial, 398 

each channel and each participant in the Spot-The-Difference task. 399 

Results 400 

Large individual differences in Cheating  401 

Substantial individual differences in the total amount of cheating were observed (Mean= 41%, 402 

Median=30%, SD=29%; see Figure 4): some participants cheated no more than three times out of 72 403 

trials (6% of participants), whereas others only missed one or two opportunities to cheat (also 6 %).  404 
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 405 

Figure 4. Individual differences in proportion of cheating on the Spot-The-Difference task. N = 33. 406 

We investigated how different task characteristics of the Spot-The-Difference task influenced 407 

cheating behavior. Due to the nested structure of our data (trials within different numbers of 408 

differences and rewards within participants), we applied a multilevel logistic regression analysis on 409 

our behavioral data. This analysis considered cheatable trials only. The dependent variable was the 410 

binary response (cheating vs. honest) with a logit link (cheating = 1, honest = 0). The number of 411 

differences, trial number and level of reward served as trial level regressors. The model allowed for 412 

random intercept within participants. Replicating findings from a previous study (Speer, Smidts & 413 

Boksem, 2020), this analysis revealed a significant effect of the number of differences on cheating 414 

behavior (b = 1.02, SE = 0.08, z = 12.86, P < 0.001). This indicates that participants cheated more 415 

frequently when the crime is smaller (they claimed to have found three differences more often 416 

when there were two differences as compared to when there was only one). As in the previous 417 

study (Speer, Smidts & Boksem, 2020), no significant effect of reward magnitude (see Methods) on 418 

cheating behavior was found. Further, no significant effects of reaction time on cheating was found, 419 

which is probably due to the fact that participants had three seconds to make up their mind and 420 

form a decision before the response options appeared and a response could be made (see 421 

Methods). Also, the trial number regressor, testing for possible fatigue or habituation effects, did not 422 

have a significant effect. 423 
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Effects of Congruency and Correspondence on Reaction Time in the Stroop Task 424 

In order to test whether there were significant differences in cognitive control demands between 425 

the different conditions of the Stroop task, we tested the effects of the conditions, namely 426 

congruency (whether the color of the top word matches the meaning of the top word) and 427 

correspondence (whether the color of the top word matches to the meaning of the bottom word), 428 

and their interaction on reaction time. Here, the assumption is that longer reaction times reflect 429 

higher cognitive control demands. Due to the nested structure of the data, a multilevel level 430 

regression model was used. The analysis revealed that both Congruency (b = 282.09, SE = 23.55, t = 431 

11.99, P < 0.001) and Correspondence (b = 306.20, SE = 21.27, t = 14.39, P < 0.001) had a significant 432 

effect on reaction times. In addition, the interaction effect between Congruency and 433 

Correspondence was found to be significant (b = -354.98, SE = 25.09, t = -14.15, P < 0.001). The 434 

results show that incongruent as well as non-corresponding trials resulted in significantly higher 435 

reaction times than their congruent and corresponding counterparts. The combination of 436 

incongruency and not corresponding words also led to significantly higher reaction times (see Figure 437 

5). Thus, congruent and corresponding trials had significantly lower cognitive control demands than 438 

any of the other conditions (see Figure 5). For parsimony, we will from now on only focus on the 439 

difference between congruent/corresponding and congruent/not-corresponding trials, since this is 440 

the contrast where the largest difference in reaction time between conditions was observed. On 441 

congruent/non-corresponding trials, the meaning of the top word is congruent with color of the top 442 

word, leaving participants particularly inclined to categorize this trial as a corresponding trial. To 443 

respond accurately, they must override this intuitive impulse, which demands a high degree of 444 

cognitive control, resulting in the longest reaction times. We also repeated the neural analysis for 445 

the congruency contrast (incongruent-corresponding trials vs. congruent-corresponding trials) and 446 

found similar results.  447 
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 448 

Figure 5. The effect of Congruency and Correspondence on Reaction time in the Stroop task  449 

The neural correlates of cognitive control in the Stroop task 450 

Our time-frequency analysis over the midfrontal channels (F1,Fz,F2,FC1,FCz,FC2,C1,Cz,C2) revealed 451 

that there was a significant increase in power on congruent/not -corresponding trials, on all 452 

midfrontal channels in the theta band (4-8hz), starting at around 500 ms after the onset of the lower 453 

word (see Figure 6), consistent with previous findings. The timing of our findings also aligns well with 454 

previous studies using time-frequency analysis that found effects of cognitive control appear about 455 

470-1000ms after stimulus onset (Hanslmayr et al., 2008, Kovacevic et al., 2012, Tang et al., 2013). 456 

Consequently, it can be assumed that this difference in power in the theta band reflects cognitive 457 

control processes related to the processing of cognitive conflict. To test the robustness of these 458 

findings the analysis was repeated for the congruency effect (contrasting all congruent vs 459 

incongruent trials), revealing similar results. 460 
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 461 

Figure 6. Significant clusters in the midfrontal channels can be observed in theta band (4-8 Hz) 462 

between 500-1000ms after stimulus onset. The clusters plotted in solid colors are significant at 463 

p<0.05 (corrected for multiple comparisons using a cluster-based permutation test Nperm=1000 464 

across channels). The transparent colors are insignificant. The legend represents t-values. 465 

 466 

Conflict processing when exposed to the Opportunity to Cheat 467 

Using the channels (F1,Fz,F2,FC1,FCz,FC2,C1,Cz,C2) and frequencies (4-8Hz) derived from the 468 

analysis of the Stroop task, we then contrasted cheatable against non-cheatable trials (see Method 469 

for details). The analysis revealed that there was a significant cluster spanning all of the channels in 470 

the theta band in the first 500ms of the decision phase (see Figure 7), suggesting that conflict 471 

associated with the temptation to cheat is detected relatively early on in the decision phase.  472 

We also more quantitatively tested the similarity between the Stroop contrast for correspondence 473 

(congruent-not corresponding  > congruent-corresponding) and the contrast between cheatable and 474 

noncheatable trials in the Spot-The-Difference task. Specifically, we computed the Spearman 475 

correlation between the last 500ms of the time-frequency map for the correspondence effect in the 476 
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Stroop task and the first 500ms of the time-frequency map for cheatable versus non-cheatable trials 477 

in the Spot-The-Difference task across channels, time and frequency, resulting in a correlation of r = 478 

0.56. To estimate the significance of this correlation, we then repeated this procedure 5000 times 479 

with the values for one of the maps shuffled, to create a null distribution of correlations expected by 480 

chance. Comparing the empirical correlation to the null distribution we observed that the 481 

correlation is significant at p < 0.001. The same holds when we calculate the correlation for each of 482 

the channels individually (F1: r = 0.49, p < 0.001; Fz: r = 0.62, p < 0.001; F2: r = 0.71, p < 0.001; FC1: r 483 

= 0.49, p < 0.001;  FCz: r = 0.75, p < 0.001; FC2: r = 0.71, p < 0.001; C1: r = 0.31, p < 0.001; Cz: r = 0.37, 484 

p < 0.001; C2: r = 0.64, p < 0.001). These findings show that the patterns of activation related to 485 

cognitive control in the Stroop task are indeed similar to the patterns of activation when one decides 486 

whether to cheat or not. 487 

 488 

 489 
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  490 

Figure 7. Top:  Significant clusters in the midfrontal channels can be observed in theta band (4-8 Hz) 491 

in the first half second of the decision period. The clusters plotted in solid colors are significant at 492 

p<0.05 (corrected for multiple comparisons using a cluster-based permutation test Nperm=1000, 493 

corrected for multiple comparisons across channels using FDR at p<0.05) the transparent colors are 494 

insignificant. Bottom: Topoplots of the first half second of the Spot the difference task (left) and the 495 

last 250 ms of the Stroop task (right) in the theta band. 496 

Power in theta band is associated with trial-by-trial cheating 497 

Entering the power in the theta range within the first 500ms for each of the channels of interest 498 

together with participants’ cheatcount into a multilevel lasso model revealed that the cheatcount (b 499 

=1.61, SE = 0.07, p < 0.001) and the interaction effect between the cheatcount and theta power on 500 

Fz (b =-0.17, SE = 0.06, p < 0.05) were significantly associated with trial level cheating. Scrutinizing 501 

the plot depicting the interaction effect (see Figure 8), we see that for participants who cheat a lot 502 

(light blue lines), higher power on Fz was associated with lower probabilities of cheating, whereas 503 

for more honest participants (dark blue lines), higher theta power on Fz is associated with a higher 504 

probability of cheating. These findings suggest that the effect of mid-frontal theta on cheating is 505 

contingent on whether a participant is, by default, more inclined to be honest or dishonest. We also 506 

conducted a robustness check for these results, where we averaged over all channels (F1,Fz, 507 

F2,FC1,FCz,FC2, C1,Cz,C2). This robustness analysis revealed that there was a significant main effect 508 
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of cheatcount (b =1.60, SE = 0.07, p < 0.001) and a significant interaction effect between the average 509 

of all electrodes and the cheatcount (b =-0.31, SE = 0.14, p < 0.05).  510 

 511 

Figure 8. Interaction effect between cheatcount and theta in Fz in estimating the probability of 512 

cheating. The lines that are shown are the fitted values for participants 3 SD (lightest blue), 2 SD 513 

(light blue), and 1 SD (blue) above the mean of the cheat count and participants 1 SD (dark blue), 2 514 

SD (darker blue), and 3 SD (darkest blue) below the mean of the cheatcount. 515 

Similarity to cognitive control signature is associated with trial-by-trial cheating 516 

To further establish a link between the patterns in the Stroop task and cheating, we conducted a 517 

similarity analysis. We computed, for each participant, for each channel, the correlation between the 518 

average time-frequency map in the last 500ms of the difference between congruent-not 519 

corresponding trials (representing high cognitive control demands) and congruent corresponding 520 

trials (representing low cognitive control demands) and the first 500ms of the time-frequency map 521 

for each trial, channel and participant in the Spot-The-Difference task. We then entered the resulting 522 

correlation, together with each participant’s cheatcount in a multilevel lasso regression model to 523 

predict trial-by-trial cheating. This analysis revealed that the cheatcount (b =1.62, SE = 0.07, p < 524 
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0.001) and the interaction effect between the cheatcount and the similarity between the Stroop and 525 

Spot-The-Difference task on FC1 (b =-0.16, SE = 0.07, p < 0.05) was significantly associated with trial 526 

level cheating (see Figure 9). 527 

These results indicate that, for cheaters, the more similar their brain response is to that of applying 528 

cognitive control in the Stroop task, the less likely it is they will cheat. On the other hand, the more 529 

similar the brain response is to that of cognitive control in the Stroop task for more honest 530 

participants, the more likely it is they will cheat. These results establish a direct link between the 531 

neural signature of cognitive control identified in the Stroop task and trial-level cheating in the Spot-532 

The-Difference task, supporting our hypothesis that the role of cognitive control in cheating behavior 533 

depends on one’s moral default.  534 

 535 

Figure 9. Interaction effect between cheatcount and similarity in the FC1 between trial-level time-536 

frequency data from the Spot-The-Difference task and subject-level time frequency data 537 

representing the neural signature of cognitive control in the Stroop task in estimating the probability 538 

of cheating. The lines that are shown are the fitted values for participants 3 SD (lightest blue), 2 SD 539 
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(light blue), and 1 SD (blue) above the mean of the cheat count and participants 1 SD (dark blue), 2 540 

SD (darker blue), and 3 SD (darkest blue) below the mean of the cheatcount. 541 

The fact that in this analysis the FC1 and not the Fz (as in the previous analysis) was observed to be 542 

the most predictive channel, might be due to the fact that the similarities between Spot-The-543 

Difference and Stroop data were highly correlated across channels. The lasso chose the most 544 

important predictor; however, the other channels were also highly correlated (see Figure 10) and 545 

could have consequently also been selected with a high likelihood. This suggest that the cluster of 546 

midfrontal channels represents engagement of the same underlying process. 547 

 548 

Figure 10. Correlation between similarities across channels. 549 

 550 

 551 

552 
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Discussion 553 

In the current study we replicated previous findings (Speer, Smidts & Boksem, 2020) that the role of 554 

cognitive control in (dis)honest decisions depends on an individual’s moral default. Specifically, 555 

combining EEG with the Stroop task as a localizer we identified the neural signature of cognitive 556 

control in the theta band (4-8) on midfrontal channels (F1,Fz, F2,FC1,FCz,FC2, C1,Cz,C2). 557 

Subsequently, we observe higher power on these channels and this frequency range in the first 500 558 

ms of the decision-making phase of the Spot-the-Difference task when participants are exposed to 559 

the opportunity to cheat as compared to the absence of this temptation. In addition, we find that 560 

higher theta power on these channels in the first 500ms is associated with a higher probability of 561 

cheating for honest participants, whereas it increased honesty for cheaters. Finally, we find that the 562 

similarity between trial-level power in the Spot-The-Difference task and the subject-level neural 563 

signature of cognitive control derived from the Stroop task is associated with trial-level cheating.  564 

Our findings align well with the literature on the electrophysiological signature of cognitive control, 565 

which has consistently found that cognitive control demands modulate power in the theta range 566 

over the midfrontal cortex (Cavanagh et al. 2012; Cohen and Cavanagh 2011; Cohen et al. 2008; 567 

Nigbur et al. 2012; Wang et al. 2005; Womelsdorf et al. 2010). Furthermore, our findings from the 568 

Stroop task are in accordance with previous research showing that cognitive control demands 569 

related to the Stroop interference can be observed around 470-1000ms after stimulus onset 570 

(presentation of both words; Hanslmayr et al., 2008, Kovacevic et al., 2012, Tang et al., 2013).  571 

Previous research has deduced the involvement of cognitive control in moral decision-making 572 

through relating observed activations to those observed for cognitive control tasks in prior studies 573 

(e.g., Greene & Paxton, 2009; Abe & Greene, 2014) or with the help of meta-analytic evidence 574 

(Speer, Smidts & Boksem, 2020) from neurosynth (Yarkoni et al., 2011). This approach, which relies 575 

on reverse inference, must be used with caution because any given brain area may be involved in 576 

several different cognitive processes, which makes it difficult to conclude that activation observed in 577 
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a particular brain area represents one specific function (Poldrack, 2006). Here, we extend prior 578 

research by providing more rigorous evidence by means of explicitly eliciting cognitive control in a 579 

separate localizer task and then demonstrating that this same neural signature can be identified in 580 

the Spot-The-Difference task when participants are exposed to the opportunity to cheat. Moreover, 581 

using similarity analysis we provide a direct link between the neural signature of cognitive control, as 582 

elicited by the Stroop task, and (dis)honesty, by showing that time-frequency patterns of cognitive 583 

control demands in the Stroop task are indeed similar to those observed when tempted to cheat in 584 

the Spot-The-Difference task. These results provide strong evidence that cognitive control processes 585 

are recruited when individuals are tempted to cheat.  586 

We observed that the detection of cognitive conflict occurs in the first 500ms of the decision phase, 587 

irrespective of whether participants were honest or dishonest. This suggests that moral conflict is 588 

detected relatively early in the decision process. This may indicate that the decision to cheat or not 589 

relies on the immediate engagement of cognitive control on a given trial, rather than a later 590 

readjustment of an intuitive response to be (dis)honest. Alternatively, the outcome of the decision 591 

may depend on intrinsic fluctuations of cognitive control over time (e.g. Leber et al., 2008): when 592 

control is high when a particular choice is presented, participants are better equipped to go against 593 

their default than when control is relatively low at that point in time. To rule out the possibility that 594 

differences in cognitive control can be attributed to differences in mental effort exerted during 595 

visual search rather than moral conflict during choice, we tested whether differences in cognitive 596 

control between conditions could already be detected during the visual search phase. No significant 597 

differences between conditions (cheatable vs noncheatable) were found in the search phase.  598 

Importantly, we replicate the previous results from a recent fMRI: by means of using EEG instead of 599 

fMRI, evoking cognitive control by means of a well validated localizer, and using a different sample, 600 

we provide further evidence that validates the notion that cheaters require cognitive control to be 601 

honest whereas generally honest participants require cognitive control to cheat. This replication is of 602 
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significance, since recently the reproducibility of many findings in (cognitive) neuroscience and 603 

psychology have been questioned (e.g. Ioannidis, 2005; Button, et al., 2013; Botvinik-Nezer et al., 604 

2020). To avoid building further research on fragile ground, replications are necessary to validate 605 

novel insights and hypotheses (Barch & Yarkoni, 2013; Botvinik-Nezer et al., 2020). Importantly, the 606 

data and code on which this manuscript is based are publicly available to allow other labs to 607 

reproduce our findings or facilitate replication in new samples and in different labs. 608 

Some limitations of this study are worth addressing. Here, we focused mainly on more rigorously 609 

investigating the effect of cognitive control on (dis)honest decisions by applying a localizer 610 

specifically designed to investigate the neural mechanisms underlying conflict detection and the 611 

inhibition of a default response. In a previous study (Speer, Smidts & Boksem, 2020), it was revealed 612 

that cognitive control helps to reconcile the conflict between the anticipation of reward and the 613 

maintenance of a positive self-concept. Therefore, future studies may benefit from also designing 614 

localizer tasks to elicit the neural processes underlying the anticipation of reward and self-referential 615 

thinking, to more rigorously explore the interaction between these processes.  616 

Furthermore, although neuroimaging can provide insights into which neural processes are 617 

associated with (dis)honest decisions it cannot determine whether there is a causal relationship. In 618 

order to test the causality of the effect of cognitive control on dishonesty, methods such as 619 

transcranial direct current stimulation or transcranial magnetic stimulation could be used to directly 620 

manipulate activity in the cognitive control network in honest participants and cheaters to test 621 

whether the interaction effect can be causally induced. Similarly, the causal relationship between 622 

moral default, cognitive control and cheating could be examined with the help of behavioral 623 

interventions to induce cognitive load or evoke acute stress  (Wood et al., 1984), which have been 624 

found to reduce cognitive control capacity (Shiv & Fedorikhin, 1999; Schwabe & Wolf, 2009; Yu, 625 

2016).  626 
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To conclude, the current study shows that the role of cognitive control does not enable cheating or 627 

honesty per se but is contingent on one’s moral default. By using a well-established localizer task for 628 

cognitive control, we provide further validation of the differential effect of cognitive control on 629 

(dis)honesty. In addition, the high temporal resolution afforded by EEG allowed us to show that 630 

cognitive control has its impact on decisions involving dishonesty relatively early in the decision-631 

making process, which may indicate that the decision to cheat or not relies on the immediate 632 

engagement of cognitive control on a given trial, or alternatively, that the outcome of the decision 633 

may depend on probabilistic fluctuations of cognitive control over time, such that when control is 634 

high, participants are better equipped to go against their default than when control is relatively low 635 

at that point in time. Future studies may extend this work by causally manipulating cognitive control 636 

to investigate both the inter- and intrasubject variability in cheating behavior. 637 
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