
 

 

A novel approach to study the behavioral, neural and phenomenological impact of 

prefrontal HD-tDCS on conflict resolution  

Darías Holgado1,2* Víctor Martínez-Pérez3, Elisa Martín-Arévalo4, Tristan A. Bekinschtein5,6, Miguel 
A. Fernández-del-Olmo1, Daniel Sanabria4, Antonio Luque-Casado1* 

(1) Sport Sciences Research Centre, Rey Juan Carlos University, Madrid, Spain. 

(2) Institute of Sport Sciences, University of Lausanne, Quartier, UNIL-Centre, Bâtiment, Synathlon, Lausanne, 
Switzerland. 

(3) Department of Psychology, Castilla-La Mancha University, Albacete, Spain 

(4) Department of Experimental Psychology, and Mind, Brain, and Behavior Research Center (CIMCYC), 
University of Granada, Granada, Spain. 

(5) Consciousness and Cognition Lab, Department of Psychology, University of Cambridge, Cambridge, United 
Kingdom, UK. 

(6) Human Experience Dynamics Ltd, London, UK. 

 

*Corresponding authors: darias.holgado@unil.ch and antonio.luque@urjc.es  

 

Abstract 

This study aimed to investigate the effects of high-definition transcranial direct current stimulation (HD-

tDCS) on conflict resolution, focusing on behavioral performance, neural activity, and subjective 

experience. Sixty participants were randomly assigned to anodal, cathodal, or sham HD-tDCS groups 

and completed a 30-minute flanker task during stimulation. Using a comprehensive methodological 

approach, including Drift-Diffusion Modeling (DDM), EEG analysis, Lempel-Ziv complexity, and 

Temporal Experience Tracing (TET), we assessed the cognitive, neural, and phenomenological effects 

of stimulation. Behavioral results indicated no significant improvements in reaction times or accuracy 

across the stimulation groups. Similarly, DDM parameters showed no effect of HD-tDCS on cognitive 

processes. However, EEG data revealed a significant reduction in neural complexity, in the anodal 

group during resting-state, suggesting neural reorganization. Subjective experience analysis identified 

two distinct clusters of task-related feelings, though time spent in these experiential states did not differ 

between groups. Interestingly, sensation of stimulation was significantly higher for anodal stimulation 

than sham when analyzed as a single dimension. Despite null behavioral effects, this study provides 

important insights into the neural and subjective responses to HD-tDCS and emphasizes the value of 

advanced analytic techniques in examining brain stimulation effects. These findings contribute to the 

ongoing debate about the efficacy of tDCS in cognitive enhancement. 

  



 

 

Introduction 

Conflict resolution entails effectively handling and resolving cognitive conflicts that emerge in the 

presence of multiple competing stimuli or responses (Miller & Cohen, 2001). This skill is crucial for 

tasks requiring selective attention, inhibition of irrelevant information, and/or focus on task-relevant 

stimuli (Li et al., 2017). Hence, numerous studies have sought to improve this ability, frequently 

suggesting transcranial direct current stimulation (tDCS) as a promising tool (Strobach & Antonenko, 

2017). However, tDCS has not consistently demonstrated robust behavioral or electroencephalographic 

(EEG) effects (de Boer et al., 2021; Rossi et al., 2022). In terms of behavioral performance, while some 

systematic reviews and meta-analyses support the effectiveness of tDCS across various cognitive 

functions (de Boer et al., 2021), others fail to identify any significant benefits (Horvath et al., 2015). 

However, the lack of reliable behavioral effects in many tDCS studies does not imply an absence of 

effect. It is possible to achieve the same level of behavioral performance, but the strategy or cognitive 

correlates underlying this performance may vary significantly between individuals (Nejati et al., 2022). 

Thus, a more detailed analysis of each individual's behavioral responses could reveal changes in 

behavioral strategies, providing a deeper understanding of tDCS effects. In the present study, we aim 

to address the inherent limitations of traditional approaches, which involve isolated analysis of RTs 

and/or ACC, by employing Drift-Diffusion Modeling (DDM) for conflict-resolution tasks (Mackenzie 

& Dudschig, 2021). DDM provides valuable insights into the cognitive processes underlying decision-

making by revealing latent variables such as decision thresholds, drift rates, and non-decision times. 

Additionally, it disentangles different components of the decision process, such as sensory processing, 

evidence accumulation, and response execution, allowing for an independent examination of how these 

components contribute to decision-making behavior. In this way, DDM may offer a powerful 

framework for understanding decision-making, yielding richer insights into the underlying cognitive 

processes and their neural substrates (Alameda et al., 2024). Furthermore, the output obtained by using 

this approach can potentially inform future research, as DDM parameters can be used to predict 

behavior in novel conditions or tasks, providing a testable framework for hypothesis generation and 

guiding experimental design. This will help to clarify the evidential value of the cognitive effects linked 

to stimulation and take a step forward in the field by providing insightful information that would make 

it possible to disentangle the heterogeneity of results in the literature. 

With respect to the impact of tDCS at the EEG level, studies have mainly focused on the frequency and 

phase of brain oscillations to investigate neural communication mechanisms (Rossi et al., 2022). While 

the literature documents the use of tDCS for modulating brain oscillations, the current evidence 

supporting its efficacy is not robust. For example, anodal tDCS on the left DLPFC led to detectable 

changes in resting-state EEG, at lower frequencies (peaking at 7 Hz) and decreased power at higher 

frequencies (above 20 Hz). While active tDCS produced greater alterations, sham stimulation also 

produced significant changes, although less pronounced than active tDCS (Boonstra et al., 2016). In 



 

 

addition, there is also evidence regarding the characterization of neural correlates during task execution 

after stimulation, demonstrating that anodal (but not cathodal) tDCS modulated task-related oscillations 

and spontaneous activity across multiple cortical areas, both near the electrode and in distant sites that 

were presumably connected to the targeted regions (McDermott et al., 2019). However, aside from their 

obvious technical difficulties with stimulating and recording at the same time, the neural correlates of 

stimulation during the task execution have been little explored, and only limited and inconclusive 

evidence seems to exist (Marshall et al., 2016). This is especially important considering that optimal 

effectiveness appears to be achieved when stimulation is administered through ‘online’ protocols, as 

this may allow for direct modulation of the neural circuits actively engaged in the task (Martin et al., 

2014). In this regard, classical spectral power analysis has been the most widely employed neural proxy 

to date, yet it faces some limitations. For instance, oscillations in the brain occur in overlapping 

frequency bands and interpreting phase changes can be challenging when several oscillatory activities 

occur at the same time. As such, other indicators could provide a more insightful and complementary 

strategy to study the impact of stimulation at the brain level. The Lempel-Ziv (LZ) complexity 

represents a promising method for unraveling fine and otherwise undetected changes in cortical activity. 

LZ can quantify the complexity of EEG signals, reflecting the degree of randomness or regularity. This 

helps in differentiating between various states of brain activity, such as different stages of sleep, levels 

of consciousness, or cognitive workload (Chis-Ciure et al., 2024; Lewis-Healey et al., 2024). As far as 

we know, no previous research has investigated the impact of the stimulation on conflict resolution 

tasks using LZ complexity, so we perform this analysis with exploratory aims to guide further research. 

Last, but not least, the discussion around the effects of tDCS has focused on its cognitive and neural 

mechanisms, with less attention given to the potential influence of subjective factors. In fact, again, we 

can observe the same level of behavioral performance between two participants, but the linked 

subjective experience to reach that level can vary significantly from one person to another. For example, 

Framorando et al. (2021) asked participants (using a likert scale) how difficult they found the task (2-

back task) and how well they felt they had performed, after having received anodal, cathodal or sham 

stimulation for 11 minutes at 1mA. Although they found that some of the cardiovascular measures 

related to effort changed after the stimulation, none of the subjective perceived measures were affected. 

However, Likert scale only allows researchers to obtain a single measurement point, but the subjective 

experience throughout any given task is a dynamic experience. Hence, to overcome the limitation of 

fluctuations of subjective feelings on cognitive studies, we include the temporal experience tracing 

method (TET) (Jachs et al., 2022; Lewis-Healey et al., 2024). This approach has the potential to provide 

quantitative analysis of subjective experiences (e.g., effort, boredom, alertness), transforming the 

narrative stream of consciousness into a measurable time dimension (see methods section for details). 

Additionally, this novel method also allows capturing individual patterns of dynamic subjective 

experience during task performance, an element that can provide valuable information to triangulate 

together with cognitive and neural correlates derived from different types of stimulation.  



 

 

In summary, the main aim of this study was to evaluate the effects of applying an ‘online’ anodal and 

cathodal HD-tDCS bilateral protocol over DLPFC on conflict resolution performance by using a 30-

min flanker task. We employed a novel and comprehensive approach, triangulating multidimensional 

measures at cognitive, neurophysiological and subjective level in a parallel triple-blind, randomized, 

sham-controlled study. Specifically, we gained insights using DDM to analyze cognitive decision-

making processes, EEG frequency and complexity indices to examine task-related and resting-state 

brain function changes, and the TET method to capture dynamic subjective experiences throughout the 

task. By integrating these multi-level analyses, our study aims not only to elucidate the impact of online 

HD-tDCS on cognitive performance and neural activity but also to provide valuable knowledge on the 

evidential value and replicability of its effects across cognitive, neural, and subjective dimensions. This 

is particularly relevant considering the high heterogeneity of results reported in the literature (Minarik 

et al., 2016; Narmashiri & Akbari, 2023), as well as the substantial inter- and intra-individual variability 

observed in response to tDCS protocols (López-Alonso et al., 2015; Luque-Casado et al., 2020). 

Methods 

Compliance with ethical regulations 

All experimental procedures were designed and conducted to comply with the Declaration of Helsinki 

(last update: Brazil, 2013). Before being recruited, participants provided written informed consent 

having previously read a participant information sheet and health questionnaire. All data were entered 

in a case report form and subsequently in a computerized database. The study was approved by the 

ethics committee on human research of Rey Juan Carlos University, Spain (Ref. 2702202309223).  

Participants 

Given the uncertainty in the literature, determining an appropriate sample size was challenging. 

Additionally, due to limited resources—both in terms of time and resources —we opted for a sample 

size of 20 participants per group. Finally, the participants were 60 young voluntary adults of both 

genders (48 females), ranging in age from 18 to 47 years (mean age = 20.83), who were recruited 

through local advertising, social networks, or other means of dissemination, whether affiliated with the 

university or not. As a general premise, any type of pathology or contraindication such as cardiovascular 

disease, metabolic disorders, chronic pulmonary obstruction, pregnancy, therapy with β-blockers or 

medications that may affect cardiovascular function, hormonal therapy, smoking, migraines or regular 

headaches, psychiatric disorders, neurological disorders, epileptic patients/family history of epilepsy, 

individuals who had suffered head trauma or stroke, those with pacemakers, or metallic implants was 

considered exclusion criteria. 

Design and Experimental Procedure 



 

 

The study used a triple-blind, parallel group, and sham-controlled experiment. Participants were 

randomly assigned to one of the three experimental groups (anodal, cathodal or sham) so that each of 

the three groups consisted of 20 participants. Data collection and confirmatory analysis were performed 

blind to the conditions of the experiments, and participants were naïve to the real aim of the study in 

order to avoid expectation effects. For some variables we do not have the full data set because of 

technical issues; the sample size for each variable is indicated in the results section 

Participants attended a single experimental session in the laboratory, where they underwent either 

anodal, cathodal, or sham protocols while performing a flanker task. Upon arrival, participants read and 

signed the consent form. Following confirmation of their participation, they became familiarized with 

both the flanker task and the TET method. Subsequently, the EEG-HD-tDCS system was placed on 

their scalps. Participants then relaxed with open eyes fixed in a central point of the screen in a seated 

position for 5 minutes, during which resting-state EEG was recorded. The flanker task commenced and 

continued for 30 minutes. The initial task block (6 minutes) was performed with EEG recording without 

concurrent stimulation, thus serving as a pre-stimulation baseline for neural indices during task 

execution. Subsequently, participants continued the task for an additional 18 minutes, with HD-tDCS 

activated based on their group assignment (anodal, cathodal or sham). Finally, participants completed 

the last 6-minute task block after deactivating the stimulation mode of the device, and EEG was again 

recorded during this period. Following task completion, a 5-minutes post-intervention EEG resting-

state was recorded. Lastly, participants filled out the TET dimensions to capture their subjective 

experience related to the 30-minute flanker task, and immediately afterward, they completed a survey 

of perceived discomfort induced by transcranial electric stimulation (tES - Survey) (Fertonani et al., 

2015). The experimental tasks were performed on a 22-inch TFT monitor with a resolution of 1920 × 

1080 pixels at a viewing distance of approximately 60 cm. We programmed the task using E-Prime-3 

software and responses were recorded with a 5-button Chronos device (Psychology Software Tools, 

Pittsburgh, PA, USA). See Figure 1 for a visual representation of the protocol. 



 

 

 

Figure 1. Experimental procedure, electrode setup, and resulting E-field simulation of the HD-tDCS 

protocol. (A) Experimental procedure represented by a timeline of the session indicating the duration 

of each sequential phase. (B) Electrode setup for HD-tDCS and EEG recording: stimulation electrodes 

were placed on the left and right prefrontal cortex, corresponding to FC5, F3, FPz, Fz, Cz, F4, and FC6. 

Current was delivered for 18 minutes during task execution. The electrodes for EEG recording included 

the same as those for HD-tDCS plus Pz. The EEG signal was recorded during a 5-minute resting-state 

period before and after the flanker task, as well as during the first and last 6-minute blocks of the flanker 

task execution. (C) Simulated voltage field obtained from the stimulation protocol shown from top, 

frontal, and lateral hemisphere views. 
 

HD-tDCS Stimulation protocol  

A HD-tDCS (Starstim®, Neuroelectrics®, Barcelona, Spain) 8 channels wireless system, integrated 

with the NIC 2.0.10 software application to control stimulation and EEG signal recording, was used in 

this experiment. 8 hybrid tCS/EEG PiStim (Ag/AgCl, contact area π cm2) circular electrodes were 

placed over a neoprene headcap position based on the International 10-20 EEG system. Stimulation 

electrodes were placed in the left and right prefrontal cortex, corresponding to FC5, F3, FPz, Fz, Cz, 

F4, and FC6. The current was delivered for 18 minutes during the task execution. The current intensity 

for anodal montage in each electrode was F3: 1528 μA, F4: 1702 μA, FC5: -977 μA, FC6: -867 μA, 

FPz: -1145 μA, Fz: 769 μA, and Cz: -1010 μA (for cathodal montage, just the current signs were 



 

 

changed). 30 s of ramp-up and 30 s of ramp-down were included in the three conditions: anodal, 

cathodal and sham. Our montages were optimized using StimWeaver, a software to model electric fields 

in the cortex generated by tES stimulation (Miranda et al., 2013; Ruffini et al., 2014). The electrodes 

for EEG recording were the same as HD-tDCS plus Pz. The reference electrode was placed on the right 

earlobe using an EarClip electrode. All electrode impedances were kept below 5 k. See Figure 1 for a 

visual representation of the electrode setup and simulation of the voltage field.  

Flanker task 

Participants underwent a modified flanker task (as in (Martínez-Pérez et al., 2020; Weinbach & Henik, 

2012); but removing alert tone) to assess inhibitory control, a form of executive processing. In this 

flanker task, participants responded to the direction of a central arrow surrounded by other arrows 

pointing in the same or opposite direction. Congruent trials involved a central target arrow flanked by 

arrows facing the same direction (e.g., <<<<< or >>>>>). Incongruent trials featured the target arrow 

flanked by arrows facing opposite directions (e.g., <<><< or >><>>). Participants pressed the left index 

finger button when the target arrow (regardless of condition) faced left (e.g., ‘<‘) and the right index 

finger button when the target arrow faced right (e.g., ‘>‘). Each trial began with the presentation of a 

cross (fixation point) that remained steady until the appearance of the target arrows 2500 ms later. The 

five arrows remained visible until a response was made or for 3000 ms, and then, a new trial began. The 

total task duration was approximately 30 minutes. Participants completed 520 trials divided into 5 

blocks with equal probability for congruent and incongruent trials, randomized across task conditions. 

Participants completed 18 minutes of the task with the online stimulation protocol and 12 minutes 

(corresponding to the first and last 6-minutes blocks) while the EEG signal was recorded, which 

corresponded to 312 and 208 stimuli, respectively. A brief familiarization of the task was included 

before the 30 min task. RTs (in milliseconds) and ACC (percentage of correct responses) for each 

stimulus were recorded.  

Data processing and analysis 

For further detailed descriptions of all data processing steps performed in this study, readers are 

welcome to consult the following Markdown report (https://rpubs.com/dariho/1169130) and the Matlab 

codes available at https://osf.io/vxw9u/. As well as frequentist analysis, Bayesian analysis is included 

for each result as a measure of the support for the alternative hypothesis. 

Behavioral data 

RTs and ACC in each temporal block were first analyzed separately. Responses faster than 150 ms were 

discarded. For RTs analysis, we used only data from correct responses. We then implemented a 

hierarchical linear mixed model (full model with all fixed effects and interactions; model without 

interaction terms; and null model). As a fixed factor, we used stimulation groups (anodal, cathodal, 



 

 

sham), congruence (congruent, incongruent) and block (5 x 6 min blocks), and participants as random 

effects. We used the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) to 

choose the model with the lowest values AIC/BIC.  

Drift-diffusion modeling 

We applied the DMCfun package in R for fitting Diffusion Model of Conflict to RT and error rate data 

(Mackenzie & Dudschig, 2021) and we computed the following parameters for each participant and 

group: (1) drift rate of controlled processes, (2) non-decision time, (3) distance between decision 

boundaries, and (4-5) amplitude and time to peak of the automatic processing pulse function. These 

parameters were estimated by fitting the DMC to our data using the differential evolution optimization 

algorithm (Storn & Price, 1997), with reliance on the DEoptim R package (Mullen et al., 2011). The 

DDM was only performed for the trials during stimulation, corresponding to 312 stimuli (responses 

faster than 150 ms were discarded). Further details about the fitting procedure and parameter recovery 

test can be found in the Supplementary material. For each of the parameters obtained from the DDM, 

we performed a one way ANOVA test. 

Neural data 

Recording and preprocessing 

EEG signal was recorded from eight electrodes in bilateral fronto-central and parietal regions (see 

Figure 1; channels FC5, F3, FPz, Fz, Cz, Pz, F4, and FC6) during a 5-minutes resting-state period before 

and after finishing the flanker task, as well as in the first and last 6-minutes blocks during the execution 

of the flanker task. During the stimulation period, EEG was not recorded. Signal was registered with a 

sampling rate of 500 Hz, a bandwidth of 0–125 Hz, and a notch filter at 50 Hz. We used a combination 

of custom Matlab scripts (Matlab 2022a, Mathworks Inc.), the EEGLAB toolbox (Delorme & Makeig, 

2004) version (2023.1) for processing and analyzing EEG data. EEG signal was bandpass filtered 

offline from 1 and 40 Hz to remove signal drifts and line noise. Independent component analysis was 

used to confirm and remove EEG components reflecting blinks and eye movements (Delorme & 

Makeig, 2004; Hoffmann & Falkenstein, 2008).  

EEG spectral power analysis: Pre-processed EEG data from each period (baseline and task) were 

computed independently. Mean power (i.e., squared signal filtered by each frequency band’s boundary) 

was computed for all standard frequencies. We set a priori criteria of collapsing data into five frequency 

bands: theta (1–4 Hz), delta (4 – 7.5 Hz), alpha (7.5 -12.5 Hz), beta (13–30 Hz) and gamma (30–40 Hz), 

and power across all channels were then averaged for each period.  

Lempel-ziv complexity: LZ complexity is determined by binarizing the signal around its median, 

assigning a value of 1 to all points above the median and 0 to all points below. The signal is then 

sequentially scanned for novel patterns (Kaspar & Schuster, 1987), generating a ‘dictionary’ of binary 



 

 

sequences for each time series. The length of this dictionary quantifies the signal’s complexity. To 

standardize this measure, it is divided by the complexity of the same data after it has been randomly 

shuffled. Data was first cleaned using a custom script designed to automatically reject epochs exceeding 

±300μv. The criterion of excluding records with more than 80% of neural epochs rejected was 

established based on previous accounts (Lewis-Healey et al., 2024). For calculating the lempel-ziv 

complexity, neural signals were divided into segments of two seconds, allowing enough data points to 

estimate the LZ accurately while remaining short enough to maintain the data's stationarity (around 

1000 samples need to be included, and each second had 500 data points). The values of each segment 

were then binarized using the corresponding median value as a threshold. The LZ was finally calculated 

for each temporal segment of each electrode, and then averaged across time and electrodes to obtain 

one LZ value per participant. LZ complexity was computed in two ways: concatenated LZ (LZc) and 

summed LZ (LZSum). For LZc, the time series from all channels were concatenated into a single time 

series, and the LZ complexity was calculated for this combined signal. For LZSum, LZ complexity was 

computed separately for each channel, and the results were averaged (Lewis-Healey et al., 2024). 

Neural data was normalized for each period independently (resting and task execution) by calculating 

a post change ratio with the following formula: (post - pre) / (pre + post). We checked if the data fulfilled 

the assumptions for a one way ANOVA with the function check_model, with the R package easystats 

(Lüdecke, et al., 2022). Given that the data did not fulfill the ANOVA assumptions (violated 

homogeneity of variance), we performed a non parametric one way ANOVA Kruskal-Wallis for each 

period (resting and task execution) and frequency range independently, and for the LZsum and LZc.  

Temporal experience tracing (TET) 

Participants received detailed instructions on how to use the experience traces during a familiarization 

before describing the subjective experience after the flanker task. We provided participants with written 

descriptions for each dimension. Subsequently, they were presented with empty graphs containing 

horizontal (time) and vertical (subjective intensity of each dimension in a 0-100 scale) grid lines on a 

tablet throughout a powerpoint file (see Figure 2). Participants represented the dynamic evolution of 

perceived intensity of these dimensions across the time after the performance of the flanker task. The 

dimensions and description used were: 

Execution: How well did you perform the task over time (30 min.)? 

Mind-wandering: To what extent have you had thoughts unrelated to the instructions and objectives of 

the task? 

Boredom:To what extent did the task feel monotonous and boring, causing you to lose interest in it? 

Perceived cognitive effort: How mentally exhausting did you find the task over time? 



 

 

Vigilance: Describe your level of alertness throughout the task, with low alertness being equivalent to 

feeling very sleepy. 

Discomfort/displeasure1: To what extent did you experience discomfort or displeasure as you 

progressed through the session? 

Fed up: To what extent did you become fed up, feeling like you wanted to finish the session, as it 

progressed? 

Sensation of stimulation: To what extent did you feel the electrical stimulation? 

 

Figure 2. The experimental design employing Temporal Experience Tracing (TET). After each session, 

participants charted their experiences across the dimensions in the temporal experience traces. Once 

digitized, the data produce a multidimensional experience profile over time, which can be analyzed by 

using different methods (e.g., k-means clusters). 

TET data was transformed into vectors using a custom semi-automatic MATLAB script. This script 

converted the image coordinates of the TET data into graph coordinates, aligning with the orientation 

of the x and y axes. Each phenomenological dimension was manually verified to ensure the vectors 

accurately reflected the TET traces. After conversion, the subjectives dimensions were concatenated 

column-wise, resulting in a 8xN TET matrix for each participant, where N represents the number of 

data points generated from each drawing. Following the assumptions of previous datasets (Jachs et al., 

2022; Lewis-Healey et al., 2024), each data point corresponded to 30 seconds of the task, thus each 

dimension corresponded to 60 data points (see Figure 2). Then, we applied the k-means algorithm using 

squared Euclidean distance as the distance metric. Using clustering analysis, we can identify clusters of 

 
1 In the end, this subjective dimension was not included because of the somewhat unclear definition, as it could 
be the result of stimulation or task. 



 

 

similar multidimensional experiences characterization reported across all participants and stimulation 

types, as this clustering algorithm receives no a priori information regarding the structure of the 

subjective dimensions or about the group of stimulation. The choice of the optimal cluster solution was 

based on two criteria: 1) domain knowledge: as we only had 7 dimensions, we had the hypothesis there 

would be at least 2 clusters in data characterizing different individual meaningful profiles; 2) data-

driven: we compared the output of different techniques (elbow, calinski and harabasz score, and 

silhouette methods) to find the optimal number of clusters (Charrad et al., 2014). Finally, we repeated 

the k-means algorithm 1000 times with randomly chosen initiation points since the clustering solution 

depends on the initiation point. 

After obtaining the optimal number of experientially meaningful clusters in the dataset, we obtained the 

following parameters: 1) we calculated the average intensity of each subjective dimension for each 

cluster. To understand the properties of each cluster, linear mixed models were computed to assess the 

difference between clusters on each subjective dimension; 2) In order to compare the relative frequency 

of representation of each cluster across groups of stimulation and phases of the experimental protocol 

during task performance (pre stimulation, during stimulation, post stimulation), we computed the 

proportion of time spent in each cluster for each participant and experimental phase of interest. After 

that, we performed a hierarchical linear mixed model (full model with all fixed effects (Group, Phase) 

and interactions; model without interaction terms, model without phase (pre) as covariate; model with 

only main effects and null model (no fixed effects). We used the AIC and BIC to choose the model with 

the lowest values AIC/BIC. 

Sensation of stimulation check 

We used the tES Survey to analyze perceived discomfort of stimulation. This survey covered seven 

discomfort perceptions: itching, pain, burning, heat, pinching, metallic taste, and fatigue. Participants 

rated each from 0 (none) to 4 (strong) and an overall discomfort score is calculated by summing these 

ratings, ranging from 0 to 28. Lastly, participants had to answer the question, “Do you believe that you 

received real or placebo stimulation?”. To analyze the tES survey data, we employed a non-parametric 

one-way ANOVA (Kruskal-Wallis test) for overall discomfort score and each questionnaire item. 

Specifically, for estimation of belonging to the active group, we calculated the proportion of participants 

in each group who believed they were receiving real stimulation. We then used Fisher's Exact Test to 

determine the statistical significance of differences between the groups. 

Additionally, to check if the blinding of the stimulation was effective (an as explorative analysis), the 

data from the trace of the sensation of stimulation was extracted independently and it was averaged 

across the three different phases (pre stimulation, during stimulation and post stimulation) and we 

performed a linear mixed model (Within: Phases; Between: group and random: participant). Tukey post 

hoc tests were used for multiple comparisons. The main comparison of interest was the difference in 



 

 

intensity of stimulation sensation within the different experimental phases (pre stimulation, during 

stimulation and post stimulation) for each group (intra-analysis) and, secondly, the difference between 

groups for each of the experimental phases (between-analysis).  

Results 

Behavioral analysis 

RT and accuracy  

For the RT, the main effect of the stimulation group was not statistically significant and small (F(2, 57) 

= 1.47, p = 0.24; η2 = 0.01). Similarly, there was no main effect of block (F(4, 513) = 1.53, p = .19; η2 

= 0.02), or any significant interaction effects (all Fs<1). However, the main effect of congruency 

reached statistical significance (F(1,513) = 236.33, p < 0.001, η2 = 0.93). This main effect of 

congruence was characterized by larger RTs for incongruent (492.58 ms) compared to congruent trials 

(443.67 ms). In light of the inconclusive evidence, a Bayesian ANOVA was conducted to examine the 

effects of group, block, and congruence on the RT. The analysis showed strong evidence for the main 

effects of group (BF10 = 2658.86) and congruence (BF10 = 1014646), while block had no meaningful 

effect (BF10 = 0.0036). The additive model with group + congruence model (BF10 = 5120357027) was 

extremely supported, but the isolated interaction effect, the BF10 = 0.02. Moreover, interactions 

involving block and higher-order models were not supported (BF10 < 10). 

Likewise, for the accuracy, the main effect of stimulation group was not statistically significant (F(2, 

57) = 0.95, p = 0.38; η2 = 0.01), either there was main effect of block (F(4, 513) = 1.02, p = .10; η2 = 

0.04) or any significant interaction (all Fs<1). The main effect of congruency was statistically 

significant (F(1,513) =136.42, p < 0.001, η2 = 0.83). This main effect of congruence was characterized 

for lower ACC in the incongruent (97.47 %) compared to the congruent trials (99.62%). A Bayesian 

ANOVA was conducted to assess the effects of group, block, and congruence on accuracy. The results 

indicated extreme evidence for the effect of congruence (BF10 = 2.87 × 1018), while block (BF10 = 0.021) 

and group (BF10 = 0.31) alone show no meaningful contribution. The group + congruence model (BF10 

= 1.40 × 1018) was strongly supported, reinforcing that congruence is the dominant predictor. The group-

congruence interaction was BF10  = 0.166, revealing a strong support for the null hypothesis. Interactions 

involving block and higher-order models contributed minimally (BF10 < 10), further confirming that 

block does not meaningfully impact the outcome. 

DDM analysis 

For the drift rate of the controlled process (n = 59), the main effect of the group did not reach statistical 

significance (F(2, 56) = 1.85, p = 0.167; η2 = 0.06). Also, the Bayes factor did not show evidence in 



 

 

favor of the alternative hypothesis (BF10 = 0.528). In a similar vein, the main effect of group was not 

statistically significant for the non-decision time mean (F (2, 56) = 0.28, p = 0.758; η2 = 0.009), and 

the bayes factor showed support to the null hypothesis (BF10 = 0.167). For the boundary separation (F(2, 

56) = 2.47, p = 0.093; η2 = 0.08), with the bayes factor showing support to the null hypothesis (BF10 = 

0.167). For the time to peak of automatic processes (F(2, 56) = 0.72, p = 0.492; η2 = 0.03), and the bayes 

factor showed support to the null hypothesis (BF10 = 0.270) or the amplitude of automatic processes 

(F(2, 56) = 0.94, p = 0.398; η2 = 0.03), and the bayes factor showed support to the null hypothesis (BF10 

= 0.270) (see Figure 3).  

 

Figure 3. Raincloud plot for each of the parameters obtained after performing the drift diffusion 

modeling as a function of the group of stimulation. The raincloud plot (Allen et al., 2021) shows the 

cloud of points (i.e., individual raw data), a box plot and a one-sided violin plot (showing the probability 

density of the data at different values). Maximum and minimum values are represented in the whiskers 

of the box plots. The Interquartile range (IQR) is displayed in the boxes by portraying the lower quartile, 

median and upper quartile. 

EEG frequencies 

The Kruskal-Wallis test applied to the normalized score for resting-state and task-related oscillatory 

activity (n =58) did not reveal statistically significant differences between stimulation groups in any of 

the frequency bands of interest, and the bayes factor did not support the alternative hypothesis (see 

Table 1 and Figure 4). 

Table 1. Results of the Kruskal-Wallis test for the normalized score of EEG oscillatory frequencies. 



 

 

 Resting Task 

Chi.squa
red 

df p-value BF10 Chi.squa
red 

df p-value BF10 

delta 5.19 2 0.07 .47 1.33 2 0.51 0.17 

theta 2.98 2 0.23 0.48 1.14 2 0.57 0.19 

alpha 0.83 2 0.66 0.34 4.98 2 0.08 0.57 

beta 0.13 2 0.94 0.22 3.75 2 0.15 0.92 

gamma 1.94 2 0.38 0.16 3.20 2 0.20 0.85 

 

Figure 4. Normalized score for the EEG frequencies bands for resting-state and task as a function of 

the group of stimulation. For the normalized score, when the post value exceeds the baseline, the result 

approaches 1. When the post value is much smaller than the baseline, the result approaches -1. A result 

of zero is obtained if the post value equals the baseline value. 

Lempel Ziv complexity 

Resting-state (n =58): the results of the Kruskal-Wallis test for the normalized score of LZc revealed a 

significant difference between the groups, chi-squared = 6.8117, df = 2, p = 0.03318. The pairwise t test 

post hoc comparison (holm corrected), revealed a significant difference between the Anodal and Sham 

group (0.043), but not between Anodal and Cathodal (p= .679) or Cathodal and Sham (p = 0.071). 

Additionally, the Bayes factor showed weak evidence in favor of the alternative hypothesis (BF10 = 

2.08). The LZsum index also showed a significant difference between the groups, chi-squared = 15.2, 

df = 2, p-value = 0.001. The pairwise t test post hoc comparison (holm corrected), revealed a significant 



 

 

difference between the Anodal and Sham group (0.0002), and between Anodal and Cathodal (p = .015), 

but not between Cathodal and Sham (p = 0.122) (see Figure 5). The Bayes factor revealed strong 

evidence in favor of the alternative hypothesis (BF10 = 89.13). The pairwise comparison supported these 

results, as the anodal vs. sham showed an extreme evidence in favor of the alternative (BF10 = 233) and 

moderate evidence for the comparison anodal vs cathodal (BF10 = 8.77), and weak evidence for the the 

null hypothesis in the sham vs cathodal comparison (BF10 = 0.69). 

Task (n =58): for the comparison of the normalized score during the task period, the results did not 

show a statistically significant difference between the three groups, either for the LZc index: chi-squared 

= 3.0001, df = 2, p-value = 0.223, BF10 = 0.86); or the LZsum index: chi-squared = 0.52263, df = 2, p-

value = 0.77, BF10 = 0.28; (see Figure 5).  

 

Figure 5. Normalized score of the Lz complexity indices for resting-state and task as a function of the 

group of stimulation. Lempel Ziv analyses revealed a significant reduction in signal complexity after 

stimulation during resting-state in Anodal group (vs. Cathodal and Sham). For the normalized score, 

when the post value exceeds the baseline, the result approaches 1. When the post value is much smaller 

than the baseline, the result approaches -1. A result of zero is obtained if the post value equals the 

baseline value. 

Subjective Dimensions 

Two experientially meaningful clusters were identified through K-means  



 

 

TET data from all groups were clustered using K-means, which allows us to detect clusters of similar 

multidimensional experiences reported during task execution across all participants. Our previous 

knowledge established that there were probably two clusters, which was confirmed by the elbow and 

silhouette method, and calinski and harabasz score. Clusters were of different sizes (1492 data points 

in cluster one; 2108 data points in cluster two). A linear mixed model was computed to determine how 

subjective dimensions differed between clusters and characterize the pattern of different subjective 

behaviors. All subjective dimensions, except the sensation of stimulation, were significantly different 

between the clusters. Cluster two (compared to cluster one) was characterized by significantly lower 

ratings in the following dimensions: Boredom: the effect of Cluster (2) was statistically significant and 

positive (beta = 0.34, 95% CI [0.30, 0.38], t(103) = 18.56, p < .001; Std. beta = 1.43, 95% CI [1.27, 

1.58], BF10 = 2.43 x1018; Effort: the effect of Cluster (2) was statistically significant and positive (beta 

= 0.13, 95% CI [0.08, 0.17], t(103) = 5.42, p < .001; Std. beta = 0.63, 95% CI [0.40, 0.87]), BF10 = 

37.23; Fed Up: the effect of Cluster (2) was statistically significant and positive (beta = 0.32, 95% CI 

[0.28, 0.36], t(103) = 15.46,p < .001; Std. beta = 1.43, 95% CI [1.25, 1.61]), BF10 = 3.74 x1014 ; Mind 

Wandering: the effect of Cluster (2) is statistically significant and positive (beta = 0.26, 95% CI [0.20, 

0.31], t(103) = 8.53, p < .001; Std. beta = 1.10, 95% CI [0.84, 1.35]), BF10 = 93622920. In contrast, 

cluster two (compared to cluster one) was characterized by significantly higher ratings in the following 

dimensions: Alertness: the effect of Cluster (2) was statistically significant and negative (beta = -0.16, 

95% CI [-0.21, -0.10], t(103) = -5.63, p < .001; Std. beta = -0.68, 95% CI [-0.92, -0.44]), BF10 = 2.64 

x1016; and Execution: the effect of Cluster (2) was statistically significant and negative (beta = -0.06, 

95% CI [-0.09, -0.03], t(103) = -3.96, p < .001; Std. beta = -0.43, 95% CI [-0.65, -0.22]), BF10 = 2.7. 

Finally, there were no significant differences between clusters for the sensation of stimulation: The 

effect of Cluster (2) was statistically non-significant and positive (beta = 0.01, 95% CI [-0.05, 0.08], 

t(103) =0.45, p = 0.655; Std. beta = 0.08, 95% CI [-0.27, 0.43]), BF10 = 0.22; see Figure 6. 



 

 

 

Figure 6. Raincloud plots showing the data distributions for each subjective dimension per cluster. Each 

subjective dimension intensity was significantly different between cluster 1 and cluster 2, except for 

sensation of stimulation. 

The relative frequency of each cluster changed across time 

To determine if stimulation impacts the time spent in each experience cluster, we analyzed the relative 

frequency of each cluster during task phases (pre, during and post stimulation) as a function of the 

group. To set which model fits better to predict the relative frequency of cluster 22, we initially 

performed a hierarchical linear mixed model based on the inclusion of fixed effects (phase, group). The 

results indicated that the more complex model (with all fixed factors and interaction) fitted the data 

significantly better than the simpler model: AIC = 101.55; BIC = 139.87 and chi-squared = 33.42, p = 

0.00001. See supplementary material or https://rpubs.com/dariho/1169130. Consequently, the complex 

linear mixed effect model showed a main effect of phase (F2,114 = 73.11; p = .0001), but it did not 

revealed a main effect of group (F2,56 = 1.41; p = .252) or interaction between the group and phase 

(F4, 114 = 1.88, p= 0.11). The main phase effect is explained by a higher representation of cluster 2 in 

the pre- and during stimulation period, which swings towards a shift to cluster 1 in the final phase, but 

this representation did not differ significantly between the groups (see Figure 7). The model including 

 
2 In the interest of simplifying the analyses and interpretation, the analyses were performed on cluster 2, since 
cluster 1 is proportionally inverse to cluster 2 and therefore the results are the same. Based on data, cluster 2 
might be considered the “optimal” subjective state (vs. cluster 1). 



 

 

phase alone provided the strongest evidence (BF10 = 8.21 × 1012), indicating that phase is the primary 

factor driving variance in the data. In contrast, the model including only the group showed strong 

evidence for the null hypothesis (BF10 = 0.07), suggesting that the group alone does not substantially 

contribute to explaining the data. When both phase and group were included in the model, evidence 

remained strong (BF10 = 6.28 × 1012), indicating that group may contribute to explaining variance, but 

its effect is much weaker than phase. Moreover, adding the interaction term (phase × group) resulted in 

a slightly lower BF (BF10 = 1.05 × 1011), suggesting that the interaction does not meaningfully improve 

the model beyond the main effects. 

 

Figure 7. This figure plots the relative frequency over time for the set of participants in a state 

characterized by cluster 1 or cluster 2 during the task execution. The vertical blue line represents the 

change from the pre-stimulation phase to the stimulation phase. The red line denotes the change from 

stimulation phase to post-stimulation phase. 

Sensation of stimulation check 

tES survey 

The Kruskal-Wallis test applied to the tES survey scores for the different items did not reveal 
statistically significant differences between stimulation groups (see Table 2). 
 



 

 

Table 2. Results of the Kruskal-Wallis test for the scores of the tES survey items. 

Item χ² p BF10 

Total Discomfort 0.66 0.7184 0.17 

Itching 2.93 0.2314 0.42 

Pain 2.77 0.2503 0.34 

Burning Sensation 2.64 0.2678 0.34 

Warm 0.82 0.6637 0.17 

Pinching 0.53 0.7677 0.18 

Metallic/Iron 3.97 0.1375 0.61 

Fatigue 0.06 0.9693 0.16 

Similarly, for the estimation of belonging to a real stimulation group (“Do you believe that you received 

real or placebo stimulation?”), 95% of the participants of the Anodal group thought they were 

stimulated versus 89% and 75% of the Sham and Cathodal group, respectively. Fisher's Exact Test 

revealed that the differences between groups were not significant: p= 0.195. 

Trace of sensation of stimulation 

Given the nature of this trace, this subjective feeling was also analyzed univariate as a manipulation 

check of the subjective feeling of the stimulation. The linear mixed model revealed statistically 

significant effects of group (F(2) = 4.46, p = 0.016; η2= 0.13); Phase (F(2) = 405.59, p < .001; η2 = 

0.19); and group by phase (F(4) = 19.69, p < .001; η2= 0.02). The primary comparison of interest is the 

effect of the stimulation phase within each group (see Figure 8). For the Anodal group, the sensation of 

stimulation differed significantly between the pre and during phase (p< 0.001), and between during and 

post (p< 0.001), but not between pre and post stimulation (p = 1). Likewise, in the Cathodal group, the 

sensation of stimulation was significantly different between the pre and during phase (p< 0.001), and 

between during and post (p< 0.001), but not between pre and post stimulation (p = .9992). Finally, for 

the Sham group, the sensation of stimulation was significantly different between the pre and during 

phase (p< 0.001), between during and post (p< 0.001), between pre and post stimulation (p = .0005). In 

a similar vein, bayesian analysis revealed that both group (BF10 = 9.46 × 1047) and phase (BF10 = 2.77 

× 1088) showed extreme evidence, suggesting that each factor independently contributes significantly 

to explaining the variance in the data. The effect of phase appears to be even stronger than that of group. 

However, the group-phase interaction (BF10 = 2.12 × 10149) was the strongest, suggesting that the effect 

of the group depends on the level of phase as mentioned before.  



 

 

 

Figure 8. Group average over time (pre, during and post) for the sensation of stimulation. 

Additionally, for the interaction effect, we compared if the sensation of stimulation was different in 

each phase between the groups and post hoc comparison revealed that in the phase during stimulation, 

the sensation of stimulation was different between Anodal and Sham groups (p = 0.0047). The intensity 

of the sensation of stimulation was higher in the Anodal group compared to the Sham group (0.47 vs 

0.29). There were no significant differences for the remaining comparisons between groups within each 

phase.  

Discussion 

The goal of the present study was to investigate a non-invasive brain stimulation protocol by online 

HD-tDCS over the DLPFC applied bilaterally to enhance the performance during a 30-min flanker task, 

by using a novel approach that combines behavioral, EEG and subjective measures. RT and accuracy 

analyses did not show any HD-tDCS effect (the Bayesian analysis also supported these results), either 

employing the commonly used analyses based on overall mean performance or the more sophisticated 

DDM approach. These results are not surprising as behavioral effects are not consistent in the literature 

(Imburgio & Orr, 2018). However, traditional analyses typically report group-level averages, which 

provide a summary of overall performance, and these analyses do not account for the distinct cognitive 

strategies or neural mechanisms utilized by different participants within the group (Nejati et al., 2022). 

For example, Nejati et al, did not find that conventional measures of Go/No-Go task performance were 

affected by anodal stimulation in children with attention deficit hyperactivity disorder (ADHD). After 



 

 

re-analyzing the data using DDM, they found the stimulation reduced action tendency and increased 

inhibition tendency. In contrast, Hollander et al., stimulated the pre-supplementary motor area for 13 

min before performing a motion discrimination task (de Hollander et al., 2016). Although this study 

targeted a different stimulation area and employed a different type of task, its findings are consistent 

with ours, as the authors also did not observe significant improvements in DDM parameters following 

anodal stimulation. While it is premature to draw definitive conclusions about the effects of stimulation 

on various DDM parameters, we still consider that the application of the DDM is particularly pertinent 

in this context as it may capture distinct cognitive strategies or neural mechanisms utilized by different 

participants within the group. Future studies are warranted and should explore the impact of different 

stimulation protocols on DDM parameters to better understand the potential for targeted 

neuromodulation to influence cognitive processes. 

EEG frequency power analyses did not show that the stimulation effectively altered brain activity 

compared to the control group, in line with previous reports (Holgado et al., 2019; Rossi et al., 2022;, 

although see (Hemmerich et al., 2023). Here, we explored a new alternative, by using Lempel-Ziv 

complexity. Data patterns emerge as the sequence progresses, capturing the rate at which new patterns 

develop (Lempel & Ziv, 1976). When the LZC value is low, simple, predictable patterns are implied, 

while when the LZC value is high, complex, not as repetitive signals are indicated. Depending on how 

random or regular the EEG signals are, LZC is able to quantify their complexity. Various states of brain 

activity can be differentiated this way, including sleep stages, levels of consciousness, and cognitive 

workloads (Lewis-Healey et al., 2024). In the present study, our analyses showed that during the resting-

state, the change in complexity, as measured by LZC, was reduced after anodal stimulation compared 

to cathodal and sham stimulation. This suggests that anodal stimulation led to a more stable or less 

variable pattern of brain electrical activity, which may indicate greater neural synchronization and 

reorganization, involving reduced neural complexity. Essentially, a reduced change in LZC points to a 

more uniform and stabilized brain activity, which was more evident in the anodal group. However, this 

reduction in LZC change was not observed during task execution, indicating that the stabilizing effect 

of anodal stimulation on brain activity was specific to the resting state. A possible (ad-hoc) explanation 

is that the brain-level effects of stimulation might be more visible at rest, but not when the brain is 

executing a task. In any case, these findings should be interpreted with great caution, given the 

exploratory nature of this hypothesis. 

Finally, to the best of our knowledge, the present study provides the most comprehensive analysis to 

date of subjective experiences associated with a direct transcranial stimulation protocol and the 

execution of a flanker task. The k-means cluster analysis showed that cognitive task performance 

involves multiple concurrent and dynamic subjective processes of varying intensities. In fact, there 

seems to be a state, perhaps optimal, of task performance, reflected in cluster 2, where there is high 

alertness and execution, and a low sense of boredom, effort, fed up and mind wandering. However, the 



 

 

relative intensity of these sensations fluctuates throughout the task, providing new insights into the 

dynamic nature of subjective experience during cognitive task performance. This phenomenon became 

particularly evident towards the end of the task, where participants tended to transition to a state 

characterized by sensations that were entirely opposite to those experienced during what might be 

considered the “optimal” subjective state (see Figure 7).  

We explored the hypothesis that the stimulation would extend this optimal subjective state of 

performance over a prolonged period. However, our findings did not support this expectation. 

Consistent with our results, a previous study also found that anodal stimulation did not alter the 

sensation of effort in a 2-back task (Framorando et al., 2021). Beyond the absence of relevant 

differences as a function of the group of stimulation in our study, this methodology offers a significant 

advantage over traditional thought probes, which inherently disrupt the continuity of the task by 

requiring intermittent pauses. Unlike thought probes, this approach maintains the task's flow, allowing 

for continuous data collection and more naturalistic observations. Despite being relatively novel, this 

methodology has already demonstrated its utility in various domains. For instance, it has been 

effectively employed to explore subjective experiences during meditation (Jachs et al. 2022), reveal 

differences at the single participant level in chronic pain patients (Niedernhuber et al., 2024), and 

controlled breathing sessions (Lewis-Healey et al., 2024), underscoring its versatility and potential for 

broader applications. In fact, the technique's effectiveness was further corroborated through the 

stimulation sensation variable. Participants in the Sham group reported an increased relative intensity 

sensation during the stimulation period compared to the pre-stimulation phase, similar to the responses 

observed in the Anodal and Cathodal groups. Based on this, it is reasonable to assume that the sham 

stimulation effectively masked the real stimulation, consistent with the results obtained from the tES 

survey as the proportion of participants who thought they were receiving real stimulation was similar 

between groups. However, a thorough observation shows that participants accurately identified the 

timing of ramp-up and ramp-down during the placebo stimulation (see Figure 8) and, when comparing 

the magnitude of perceived intensity during the stimulation phase, the Anodal group reported 

significantly higher intensities compared to the Sham group. Taken together, these data suggest that 

individuals can discriminate characteristics associated with the type of stimulation received, supporting 

previous accounts indicating that the procedure currently used to perform placebo stimulation may not 

be as effective as initially presumed, especially when compared with anodal tDCS (Fassi et al., 2023; 

Fertonani et al., 2015). 

In conclusion, while our study did not find behavioral effects of HD-tDCS during a conflict resolution 

cognitive task, it revealed important neural and subjective insights. The detailed analysis of subjective 

experiences offers a deeper understanding of cognitive and phenomenological states during task 

performance under different stimulation conditions. This methodological approach can be applied to 

various cognitive domains, offering insights into how individuals experience and navigate cognitive 



 

 

challenges. Of particular interest could be the inclusion of TET to discern the sensation of stimulation 

over time in the different stimulation groups or experimental conditions. Our findings contribute to the 

broader discussion on brain stimulation, particularly in healthy populations, and highlight the value of 

advanced analytical approaches (DDM, LZ and TET) in uncovering the nuanced effects of such 

interventions. Future research should refine these methods and explore diverse stimulation protocols to 

fully elucidate the potential of HD-tDCS in cognitive enhancement and brain modulation. It is important 

to recognize that, beyond the presence or absence of behavioral effects, our findings provide valuable 

insights for a better understanding of the effects of this technique and the replicability of its outcomes. 

Addressing the variability in reported results with transparency and methodological rigor will be 

essential to refine stimulation protocols and advance toward a clearer characterization of its true 

potential. This study stands as one of the most comprehensive to date, offering a robust framework for 

understanding the multifaceted impacts of HD-tDCS and guiding future research in this promising field. 
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