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1.  Introduction 

Everyday, clinicians make erroneous decisions which result in misdiagnoses (Gawande, 2002). 

Indeed, the number of clinical misdiagnoses has remained relatively unchanged despite attempts at 

intervention through improved technology and evidence base in the past century (Croskerry, 2009). Often, 

diagnostic errors arise from faulty reasoning early in the diagnostic process (before or during meeting a 

patient; Norman et al., 2017). When clinicians first meet their patients, they generate a list of diagnostic 

hypotheses. As they are presented with more symptoms, they will discard some of these hypotheses while 

strengthening the likelihood of others (Croskerry, 2009). Many attribute the cognitive processes involved 

in validating these hypotheses to two systems on a scale of intuitive to analytical thinking (Croskerry, 

2009; Norman et al., 2017).   

 Clinical decision-making ranges from fast and intuitive (i.e., System 1) to slow and analytical 

(i.e., System 2). Whereas System 1 decisions are analogous to gut-hunches and are based on existing 

heuristics, System 2 decisions require careful contemplation (Evans, 2008).  System 1 allows experienced 

clinicians to quickly diagnose illnesses that they have previously encountered by drawing on long term 

memories of past patients (Groves et al., 2003; Weber et al., 1993; Norman et al., 2017).  Where this 

strategy may fail is when patient symptoms are atypical or unfamiliar, conflicting with values normally 

attributed to the intuitive diagnosis, and additional time is needed to formulate a hypothesis (Bass et al., 

2013). When the symptoms are not recognized System 2 is engaged, creating a more analytical diagnosis 

(Croskerry, 2009). Whereas intuitive System 1 thinking is indicative of autonomous processing, analytical 

System 2 thinking is attributed to higher order engagement of cognitive control (Pennycook et al., 2015).    

System 2 processing is thought to be attributed to engagement of high-level mechanisms, such as 

cognitive control (Pennycook et al., 2015; Pennycook, 2017). Cognitive control is the ability to override 

habitual behaviours in favour of pursuing goal-directed action (Egner, 2017). In decision making, when 

two choices are equally desirable (ie., response conflict) cognitive control is engaged to resolve the 

dilemma (Botvinick & Cohen, 2014; Egner 2011; Egner, 2017). For clinical diagnoses where presented 
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symptoms are atypical for the intuitive diagnosis (System 1 decision) there is response conflict, and the 

engagement of System 2 thinking through cognitive control is necessary for resolving this conflict 

(Croskerry, 2009). As such, quantifying when clinicians are engaging System 2 to resolve response 

conflict in decision making is useful for improving diagnostic accuracy of atypical patient cases.  

Electroencephalography (EEG) has since been implemented as a measure for the engagement of 

System 2 thinking and the associated engagement of cognitive control (Jensen & Tesche, 2002; Sauseng, 

et al., 2005; Sauseng et al., 2010; Cavanaugh & Frank, 2014). Primarily, midfrontal theta oscillations 

have been attributed to signalling the need for cognitive control and subsequently implement such control 

(Cavanaugh & Frank, 2014; Egner, 2017). Indeed, during mental arithmetic tasks, analytical (ie., System 

2) thinking increases midfrontal theta activity, while intuitive (ie., System 1) thinking produced inverse 

affects (Williams et al., 2019). When making decisions with response conflict, midfrontal theta 

oscillations reflect the high-level action monitoring engaged to resolve the conflict (Egner, 2017). Further, 

Williams and colleagues (submitted) found late theta power increases with response conflict in a clinical 

decision-making task, and beta power decreases with conflict.  

Existing techniques measuring EEG correlates of dual process thinking discussed here have 

implemented immobile, expensive, and cumbersome EEG systems that can not be used in a clinical 

setting. However, there is an emergence of new technology to measure EEG portably. For example, 

Krigolson and colleagues (2017) found that the MUSE portable EEG headband can be a valid measure of 

some EEG components, namely event-related potentials. Here, we sought to determine if the MUSE 

device can also accurately measure neural oscillations, namely theta and beta oscillations, differentially 

affected by response conflict (Cavanaugh & Frank, 2014; Egner, 2017; Williams et al., submitted).  

In the present study, we aim to show that portable EEG techniques can be used to indicate when 

medical professionals are making intuitive (System 1) or analytical decisions (System 2). We had 

participants learn to diagnose patients with one of two liver diseases based on 10 physiological measures 

while we recorded EEG with the MUSE device. After learning the values of the measures associated with 
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each disease, we tested them with cases that conflicted with their learned values. By recording neural 

oscillations during conflicting and non-conflicting patient cases, we hoped to measure when participants 

were engaged in either System 1 or System 2 decision-making strategies. We hypothesized that 

conditions of high response conflict will elicit increased midfrontal late theta and decreased beta power 

recorded from the MUSE device, signifying engagement of System 2 thinking.  

2. Methods 

2.1 Participants.  

21 participants with no medical training were recruited from the University of Victoria. All 

participants had normal or corrected to-normal vision, no neurological impairments, and volunteered for 

extra course credit in a psychology course. 10 participants were removed due to failure to learn the paradigm 

or poor data quality. All participants provided informed consent approved by the Human Research Ethics 

Board at the University of Victoria, and the study followed ethical standards as prescribed in the 1964 

Declaration of Helsinki.  

2.2. Apparatus and Procedure.  

Participants were seated in a sound dampened room in front of a 12.5″ Macbook Air laptop 

computer (Apple, California, U.S.A) and used the laptop’s keyboard to make responses. Participants 

completed an adaptation of a Cards reinforcement learning paradigm (Williams et al., 2017) written in 

MATLAB (MathWorks, 2019) using the Psychophysics Toolbox extension (Kleiner et al., 2017).  

Cards teaches participants through the application of reinforcement learning principles. Participants 

were presented with physiological data (e.g., liver enzyme values) which they then used to make clinical 

decisions. Specifically, participants learned to classify two types of liver diseases: cholestatic extrahepatic 

and general hepatocellular. During each clinical case (i.e., trial) of the experiment, participants were shown 

a patient case-study card followed by a multiple-choice presentation of the diagnostic classification options. 
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Following a participant's diagnosis, a feedback screen indicated whether the diagnostic classification was 

correct or incorrect.  

The patient card presented included a photo of the simulated patient and 10 physiological readings 

(Figure 1). The patient's photo was randomly determined, without replacement, by a pool of 357 profiles 

(Minear & Park, 2004). All ‘patients’ were 50 to 93 years old with no outward manifestations of any liver 

or biliary diseases. The physiological data were displayed in five rows and two columns where the text was 

displayed in a green, purple, blue, yellow and white Arial font from top to bottom, respectively. To ensure 

participants were learning to discern which variables were necessary to classify clinical cases (rather than 

spatial locations), the physiological data were randomly placed across the card on each trial. Seven of the 

ten physiological readings (heart rate, blood oxygen level, blood pressure, respiratory rate, temperature, 

gammaglutamyl transferase, ultrasound reading) were distractor variables and were not useful for 

diagnosing clinical cases. The remaining three variables (alanine aminotransferase, alkaline phosphatase, 

and aspartate aminotransferase) were pertinent to the clinical cases and varied as a function of the patient's 

disease. For each variable presentation, a random number was generated within a respective and appropriate 

range thus ensuring that no two cards were the same. All cards were generated and verified by a medical 

expert in the clinical area as to their accuracy and validity. Importantly, participants did not receive any of 

the above information, nor were they trained on any of the variables or diseases in the experiment. 

Participants were able to view the patient card as long as needed and once ready to decide, they pressed a 

button select their diagnosis. For each trial, we measured the reaction time—the time participants took to 

make a diagnosis after the patient card was presented. 
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Figure 1. Example of a patient. The card includes a patient photo and 10 physiological readings. Below 

the card are the two disease choices presented to the participant.  

Once participants submitted their response, a white fixation cross appeared for 400ms to 600ms 25 

so that the upcoming feedback stimuli could be analyzed independently of motor activity. Feedback of the 

decision was then presented as either a ‘✓’ (correct) or an ‘X’ (incorrect) in a white Arial font. This feedback 

stimulus was presented for 1000ms. Importantly, this was the only feedback provided to participants – they 

were never given information on why they had made the correct or incorrect decision, or on how to reach 

the correct decision. At the offset of feedback, the participant would record how confident they were in 

their selection from one to ten before moving on to the next trial.  

After verifying that the pattern had been learned by achieving 90% or higher in three consecutive 

blocks of 20, participants moved on to the second phase of the experiment. Those that were able to achieve 
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this requirement were placed in the “learners” group, whereas those who were unable to were considered 

“non-learners”. In this phase, the data ranges were extended such that they met in the middle, creating a 

zone of previously unseen values called the “conflict zone”. The second phase consisted of 10 blocks of 20 

trials. The nature of each trial was random, but probabilities were set to create approximately 100 trials with 

all values in previously learned ranged (no conflict), 50 trials with one of the two important variables in the 

conflict range (low conflict), and 50 trials with both variables in the conflict range (high conflict). 

Additionally, feedback was withheld in this phase to limit learning effects as much as possible. Otherwise, 

the paradigm was unchanged.  

2.3 Data Acquisition and Processing.  

Accuracy rates, response time, and self reported confidence were recorded within the MATLAB 

program (MathWorks, 2019). For each participant, behavioural analyses examined block accuracy rates, 

response times, and self reported confidence. Grand average behavioural data were created by averaging 

the results of all corresponding participants.  

EEG data were recorded from a MUSE EEG Headband (Original Muse; InteraXon, Ontario, 

Canada). The MUSE EEG system has electrodes located analogous to Fpz, AF7, AF8, TP9, and TP10 with 

electrode Fpz utilized as the reference electrode. Using data recording software called Lab Recorder (*info 

of lab recorder publishers*), we streamed data from the MUSE Headband to the laptop used by participants 

in the experiment via Bluetooth. Markers from the MATLAB experiment were imposed onto corresponding 

time points in the EEG data.  

All EEG data were first processed MATLAB program (MathWorks, 2019). Excessively noisy or 

damaged electrodes were removed, run through a dual pass Butterworth filter (pass band: 0.1 Hz to 30 Hz), 

and a notch filter of 60 Hz. Within MATLAB, data were segmented -500 to 700 ms centered on markers of 

interest and artifact rejection with absolute difference of 200 μV and/or and 20 μV/ms gradient criteria was 

applied. We then conducted wavelet analyses (Gaussian-windowed complex sine wave with a Morlet 
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parameter of 6 for frequencies 1 to 30 in 30 linear steps; script can be found at www.github.com/krigolson; 

also see Cohen, Ridderinkhof, Haupt, Elger, & Fell, 2008; Cohen, 2014), normalized the output, and 

standardized the data within each participant. Analogous to the behavioural analyses, wavelet data was 

averaged within participants as a function of response conflict.   

2.4 Data Analysis 

All statistics and figures were conducted and created in MATLAB (MathWorks, 2019).  

The primary measure of interest was the difference between high conflict and low conflict 

conditions. Behavioural data, namely accuracy, response time, and confidence rating, were analyzed for 

differences with a paired t-test (alpha=0.05), 95% within-subject confidence intervals, and Cohen’s d effect 

size. As for neural oscillatory activity, we calculated the difference between time-frequency wavelets within 

-200 ms and 1000 ms (locked to the stimulus) in both conditions, subtracting the non-conflict wavelet from 

the conflict wavelet.  

 

3. Results 

3.1. Behavioural Data 

For participants who completed the first phase of the experiment (n = 21), accuracy rates were 

higher in the late block (M= 98.33%, [96.68%, 99.99%]) than the early block (M = 55.48%, [49.10%, 

61.85%]), Md = 42.86% [11.88%, 73.88%], t(21) = -12.91, p < .0001, d = 15.21. Correspondingly, 

reaction times were faster late (M = 5.15 s, [4.08 s, 6.22 s]) than early (M = 12.28 s, [7.83, 16.72]) in the 

learning phase, Md = -7.13 s [0.49 s, 13.76 s], t(21) = 4.14, p = .0005, d =7.89. Finally, confidence ratings 

also increased from the early in the learning phase (M= 3.12, [2.36, 3.87]) to late (M= 9.15, [8.72, 9.57]) 

in this phase, Md = 6.03 [1.86, 10.19], t(21) = -13.50, p < .0001, d = 2.05. The aforementioned results for 

early and late in the training phase of the experiment are presented in Figure 2.  
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Figure 2. Accuracy rate (A), reaction time (B), and confidence rating (C) for early and late in the training 

phase. Error bars correspond to 95% within-subject confidence ratings. 

 

In the testing phase of the experiment, accuracy rates were higher for non-conflict cases (M = 

98.44%, [97.52%, 99.38%]) than the conflict cases (M = 67.73%, [60.36%, 75.10%]), Md = -30.72% [-

38.21%, -23.22%], t(21) = 8.52, p > .0001, d = 0.17. Further, reaction time was higher for conflict cases 

(M = 5.32 s, [4.25 s, 6.39 s])  than non-conflict cases (M = 4.86 s, [3.87 s, 5.77 s]), Md = .50 s [.26 s, .77 

s], t(21) = -3.92, p < .0010, d = 0.58. Finally, confidence rating also decreased for conflict cases (M = 

8.28, [7.73, 8.84]) compared to non-conflict cases (M = 9.11, [8.71, 9.50), Md = -0.82 [-1.26, -0.39], t(21) 
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= 3.95, p < .0010, d = 0.96. The aforementioned results for the testing phase of the experiment are 

presented in Figure 3.  

 

 

Figure 3. Accuracy rate (A), reaction time (B), and confidence rating (C) for non-conflict and conflict 

cases in the second phase of the experiment. Error bars correspond to 95% within-subject confidence 

intervals. 

 

3.2. Time-Frequency Wavelet Data 

We compared time-frequency wavelet data for the difference between conflict and non-conflict 

cases via a permutation test. After randomly assigning one of the two conditions to each simulated 

condition within each person, repeated-measures t-tests were conducted at each frequency and time point. 



11 

 

For each permutation, the largest cluster size of significance was used to build a null distribution, which 

was then used to determine significant clusters. Based on this permutation test, no significant clusters 

were found (p>0.05), see Figure 4.  

          

 

Figure 4. Standardized time-frequency wavelets for the non-conflict cases (A), conflict cases (B), and the 

difference between the two (conflict - non conflict; C).  
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4. Discussion 

Here, we recorded neural oscillations while participants diagnosed patients with one of two liver 

diseases, with or without response conflict. First, we determined that the participants were able to learn 

how to diagnose the patients sufficiently based on decreased reaction times, increased accuracy, and 

improved confidence ratings from early to late in the training phase.  Next, we determined that cases with 

response conflict lead to longer reaction times, decreased accuracy, and lower confidence rating. 

However, there was no difference in neural data between non-conflict and conflict cases. Considering our 

behavioural data suggest a clear difference between conflict and non-conflict cases, we suggest the failure 

to find a similar dissociation in neural data was due to limits of the MUSE device. 

The aforementioned behavioural results for conflict cases are indicative of System 2 decision 

making. System 2 decision making is typically slower and more effortful (Evans, 2008), evident in our 

data with increased reaction times for conflict cases.  

To resolve the response conflict in atypical patient cases, participants would have had to engage 

cognitive control for analytical (ie., System 2) thinking. Based on this assumption, one possible 

explanation for the failure to find differences in wavelet data may be due to the participant’s failure to 

engage System 2 thinking. If this were the case, their decision making for conflict cases would be 

characteristic of System 1 thinking; fast and confident in the intuitive diagnosis (Evans, 2008; Croskerry, 

2009). However, given the increased reaction time and decreased confidence ratings for conflict cases, 

this is likely not the case.  

As such, the most likely explanation for the lack of dissociation in wavelet data is the failure of 

the MUSE to accurately capture neural oscillations. Rigorous permutation testing revealed no significant 

clusters in any frequency band. However, for resolving response conflict in the conflict patient cases, 

cognitive control would need to be engaged (Botvinick & Cohen, 2014), and there would be significant 

theta band activation as a result (Cavanaugh & Frank, 2014). While the MUSE has previously been used 
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to measure differences theta activation as a function of mental state over time (Bird et al., 2018), there is 

no evidence to date of response-locked measurement of theta power to resolve response conflict. Given 

this, we assume that the MUSE is simply incapable of measuring the neural correlates of complex 

cognitive operations in an event-related experimental design.  

In summary, we were unable to use the MUSE device to dissociate between clinical decision-

making systems via neural oscillations. Behavioural results suggest that participants were able to quickly 

learn to diagnose patients with one of two liver diseases using a reinforcement learning paradigm. 

Further, ____. However, permutation testing revealed no significant clusters in time-frequency wavelet 

data. Based on this, we conclude that the MUSE is unable to capture the neural oscillations associated 

with the engagement of cognitive control, and is not an adequate tool for measuring the neural correlates 

of clinical decision making. 
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