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A B S T R A C T   

In this study, a classification task asked participants to look at 180 facial photographs of deceased individuals 
(photographs were taken years prior to their deaths) and guess the cause of death from three equiprobable 
categories: heart attack; death by firearm; or car accident. Electroencephalogram (EEG) and electrocardiogram 
(ECG) data were simultaneously collected during the task. The participants included individuals who claimed 
“mediumistic” (psychic) abilities and controls who claimed no mediumistic ability. Pooled data showed accurate 
guesses for the cause of death (partial η2 

= 0.12; p = 0.004), and control subjects were primarily responsible for 
this effect (partial η2 = 0.11; p = 0.005). EEG and ECG differences were found between the mediums and 
controls. Control participants had larger amplitude event-related potentials (ERP) following the presentation of 
the images than the mediums, between 80 and 110 ms, and between 200 and 350 ms. This could be interpreted 
as reflecting greater attention and less response inhibition by controls as compared to the mediums. Participants 
in the control group also had lower average heart rates than the mediums, possibly indicating less stress during 
the task. Speculations and limits regarding why controls performed better than mediums are discussed.   

1. Introduction 

Throughout history and across cultures, some individuals have 
claimed the ability to access accurate information by non-conventional 
means (beyond physical senses). Individuals who are allegedly able to 
access accurate information about deceased individuals are often called 
“Mediums.” This phenomenon has become more popular as mediums 
are sought out by the bereaved for an understandable wish to remain in 
contact with their deceased loved ones (Beischel, Mosher, & Boccuzzi, 
2015). Beyond that, some of the information provided by mediums is 
verifiably accurate (Beischel & Schwartz, 2007; Beischel & Zingrone, 
2015; Delorme et al., 2013; Rock, Beischel, & Cott, 2009). The verifi-
cation of information received through mediums was observed often 
enough that even William James, the “Father of American Psychology,” 
found the topic worthy of scientific investigation (Knapp, 2017). 

In a standard “reading” with a medium, a client asks questions about 
a deceased individual (DI) - for example a friend or relative. The medium 
purports to communicate with the DI and reports any received infor-
mation to the client. Mediums are often eager to provide verifiable in-
formation to demonstrate that they are indeed communicating with the 
DI, as requested. Double and triple-blinded experimental protocols 

(Beischel & Schwartz, 2007; Beischel & Zingrone, 2015; Delorme et al., 
2013; Rock et al., 2009) have been employed to verify that information 
delivered by some mediums is indeed accurate under conditions that 
exclude mundane explanations and have provided the opportunity to 
measure behavioral and physiological effects associated with the 
retrieval of accurate information. 

In a previous project, we analyzed brain activity, skin conductance, 
respiration, heart rate, and peripheral blood flow of mediums while they 
performed readings under double-blind conditions (Delorme et al., 
2013). All four mediums in that study produced results above chance. In 
three out of the four mediums, the results were independently statisti-
cally significant at p < 0.05, with a 17.5% average difference between 
target and decoy readings across the four mediums. One medium 
showed a decrease in EEG frontal midline theta waves during accurate 
responses, suggesting a possible decrease in executive functions associ-
ated with successful responses (Delorme et al., 2013). A limitation of 
that experiment was its low statistical power due to the relatively small 
number of participants and number of trials. 

A second experiment with increased statistical power was conducted 
to evaluate if mediums could accurately classify photographs of living 
versus deceased individuals under blinded conditions (Delorme, Pierce, 
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Michel, & Radin, 2018). Four hundred and four images of faces were 
displayed on a computer screen (half were of deceased and half were 
alive individuals). Twelve mediums were asked to press one of three 
keys to indicate if they thought the depicted person was: (1) deceased; 
(2) living; or (3) unsure if they were alive or deceased. Five of the 12 
mediums performed above chance levels. Also, early brain activity, 100 
ms after the presentation of the image, significantly differed between the 
correctly vs. incorrectly categorized images of deceased individuals. 

The Delorme et al. (2018) experiment had two caveats. First, non- 
medium controls were not tested, so we could not assess if mediums 
were more accurate than people who did not claim mediumship skills. 
Second, information about whether a given individual in the database 
was alive or deceased could not be absolutely verified for accuracy as we 
relied on a social media website to collect that information. Therefore, 
some individuals who were classified as living may have been deceased 
at the time of the experiment. Also, regular checks, determining if the 
living individuals in the database were still alive, were not feasible, 
which precluded other laboratories from using the same database to 
replicate our results. 

The current study aimed to address these limitations in two ways. 
First, both mediums and controls were included, and second, all of the 
photographs were of deceased individuals. The task was to indicate the 
cause of death out of three possible choices: heart attack; death by 
firearm; or car accident. Three hypotheses were then evaluated: 

1) Are mediums or controls able to detect the cause of death in pho-
tographs of deceased individuals at above-chance levels?  

2) Are mediums better at this task than controls?  
3) Are there any brain activity markers that accurately differentiate 

between correct and incorrect classification, as well as medium and 
control participants? 

2. Methods 

2.1. Participants 

Based on previous effects observed in 12 participants (Delorme et al., 
2018), twenty-four participants were recruited (12 per group). Twelve 
professional mediums (who claimed the capacity to connect with 
deceased individuals based on examination of facial photographs alone) 
and 12 age-, gender-, and ethnicity-matched controls that claimed to not 
have that ability (53 ± 9 years; 4 males and 20 females). Mediums were 
selected from a pool of candidates in the San Francisco Bay Area through 
word of mouth or from the internet (e.g. https://www.yelp.com/). To be 
selected as a medium, the individual: (1) had to regularly provide pro-
fessional “readings” for clients and; (2) be vetted by at least two in-
dividuals who claimed that the mediums provided accurate information 
not readily available to them. For vetting, we often used Yelp reviews 
and only chose mediums listed there who had obtained dozens of posi-
tive reviews. Control participants were recruited through a Craigslist 
advertisement. Supplemental material 1 and 2 provide more details 
about the message sent to mediums and control participants. 

The inclusion/exclusion criteria for all participants were: Normal or 
corrected to normal vision; able to sit comfortably in front of a computer 
screen in a dark room; not currently diagnosed with any psychiatric 
condition or following any psychoactive drug treatment; able to perform 
the task; not currently on medications that might have affected EEG and 
ECG measurements (e.g., beta-blockers or calcium channel blockers; 
Goodnick, Jerry, & Parra, 2002; Olgin & Zipes, 2007); and able to 
commute to the IONS laboratory where the experiment was conducted. 

Candidates completed an online survey and were then contacted by a 
Research Assistant by email or phone to confirm inclusion/exclusion 
criteria requirements. Eligible participants were scheduled for the lab-
oratory session and received session preparation instructions (e.g. in-
structions to wash their hair prior to the session to ensure EEG signal 
quality, etc.). The research assistant conducted consenting procedures 

and all participants signed an informed consent. The participants 
received a $100 gift card for their participation. All study activities were 
reviewed and approved by the Institute of Noetic Sciences Institutional 
Review Board (approval DELA_2016_01). 

2.2. Stimuli 

Participants were instructed before the experiment began that the 
images were balanced for a number of features (detailed later in this 
report) and were asked to use their intuition to respond. The task 
involved the presentation of 191 photographs: 11 practice trials with 4 
images each of the individuals who died by firearm or car crash, and 
three images of individuals who died of a heart attack. This practice 
ensured participants were familiar with the task and response keys 
before starting the experiment. The experimental task included 60 pic-
tures for each of the three causes of death (i.e. 180 images in total). The 
images were displayed one at a time on a computer screen for up to 30 s 
and disappeared after the participants responded by pressing one of 
three keys on a keypad to indicate the cause of death. The response keys 
of 1, 2, and 3 corresponding with the cause of death were randomized 
across participants. After the participants’ responses, there was a 3-sec-
ond delay before the next photo was presented. During the intertrial 
delay, instructions and key button information were again displayed and 
participants were instructed to gaze at a centrally located fixation cross. 
Trial-by-trial accuracy feedback was not provided to the participants. 
Participants were not told where the images were obtained. 

Immediately prior to starting the task, each participant had 11 
practice trials with facial images not used in the subsequent task, and 
practice trial data were not used in subsequent analyses. Image pre-
sentation was controlled by the Matlab Psychophysics Toolbox (Brai-
nard, 1997). The size of each image was 320 × 480 pixels (obtained by 
doubling the image’s original resolution, as explained below) presented 
at a screen resolution of 800 × 600 on a CRT (cathode ray tube) monitor 
to ensure proper timing of the display of each image with millisecond 
accuracy. The experiment was conducted inside an 8 × 8 foot double- 
walled, solid steel, electromagnetically shielded, and electrically- 
grounded chamber. 

All 191 images in the task originated from the “Officer Down Me-
morial Page” website: https://www.odmp.org/. More than 23,000 po-
lice officers who died in the exercise of their duty in the United States 
from 1791 to 2019 are acknowledged on this website, often with pho-
tographs. The study team made efforts to respect the privacy of the in-
dividuals depicted and their family members. 

2.3. Image selection 

The image selection process was designed to minimize the chance of 
obtaining conventional information that might have been relevant to the 
classification task. For example, overweight individuals might have 
been more likely to suffer from cardiac arrest. Thus, to form a balanced 
image pool − 2,285 available photographs and information associated 
with them (officer’s age when they died, the cause of death, and their 
photograph) were first downloaded. The four leading causes of death 
were by firearm (1357), car crash (380), motorcycle crash (166) and 
heart attack (113). Motorcycle crashes were excluded because they were 
too similar to car crashes, resulting in three cause-of-death categories. 
Images where the officer was wearing a hat, or included more than a 
portrait of the head, or were of poor quality, were excluded by experi-
menter AD. To balance race across categories, images where the in-
dividuals were not obviously Caucasian, African American, or Asian 
were also removed by experimenter AD. Death by heart attack usually 
involved older individuals, so to help balance apparent age across the 
three categories, images depicting younger individuals in the death by 
firearm category, and some images in death by car crash were randomly 
removed. This process resulted in 381 photographs: 211 involving death 
by firearm, 102 by car crash, and 68 by heart attack. 
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The images were then processed as follows:  

– Cropped by manually indicating the position of the left ear, the right 
ear, the top of the head, and the bottom of the chin (custom software 
we wrote also used in Delorme et al., 2018); 

– Resized to 160 × 240 pixels using linear interpolation while pre-
serving the aspect ratio of the original image (custom software we 
wrote also used in Delorme et al., 2018). 

– Removed background by setting it to transparent using Gimp soft-
ware (version 2.10; The GIMP Development Team) 

– Converted to grayscale by a custom Matlab script using the lumi-
nosity method (i.e. using the weighted sum of 0.21*Red +

0.72*Green + 0.07*Blue);  
– Normalized by setting the grey level mean for each picture to 122 on 

a scale of black (or 0) to white (or 255), and setting the standard 
deviation for the grey level pixels to 55 (on a scale of 0 to 255). Only 
non-transparent pixels were used to perform this operation, with 
values below 0 were capped at 0, and values above 255 were capped 
at 255. 

Then each of the 381 processed photographs was independently rated 
on these eight characteristics by three judges using a program specifically 
developed for this task: gender (M/F); perceived age (20–30, 30–40, 
40–50, 50–60, 60–70); direct gaze (yes/no); glasses (yes/no); head po-
sition (facing camera, tilted, profile); smile (yes, no); hair color (light, 
dark); weight (normal weight, overweight, obese); race (Caucasian, Af-
rican American, Asian); and picture resolution (acceptable, medium, 
poor). The first author (AD) explained to each judge prior to scoring the 
meaning of each category, using examples that were not in the experi-
mental pool. For example, even a slight smile should be considered a 
smile. Image order was randomized and raters were blind to the cause of 
death. The median of the three judges’ ratings were then used to generate 
three photo subgroups with 60 images in each cause-of-death category, 
minimizing the differences between groups on the eight judged charac-
teristics. In addition, the groups were balanced on two low and high 
spatial-frequency continuous variables which were calculated by 
average spectral amplitude of the pixel closest to (low) and furthest away 
from (high) the origin in the 2-D FFT decomposition (the Matlab code 
used to perform this is available from the first author upon request). 

Appropriate statistical tests were then conducted to ensure subgroup 
similarity (e.g., Fisher test for categorical variables with two values; Chi2 

test for categorical variables with more than 2 values; two-tailed paired 
t-test for spatial-frequency continuous variables). A p-value larger than 
0.4 (Delorme et al., 2018) was required for all characteristics for all 
possible pairings of cause-of-death categories (heart attack and firearm; 
firearm and car crash; car crash and heart attack). This procedure 
resulted in a total of 180 photographs, with 60 in each cause-of-death 
category. In addition, 11 images were added for practice trials. 

2.4. Machine learning classification 

Because the image selection procedure did not remove all possible 
information related to a combination of features and to further ensure 
the subgroup balance, a machine learning algorithm was used to see if it 
could differentiate between the three categories based solely on the 10 
characteristics described above. 

Three types of classifiers were used: random forest; logistic regres-
sion; and support vector machine using functions from the Matlab sta-
tistics toolbox. The Matlab treebagger function (Matlab Statistics and 
Machine Learning Toolbox Version 11.5, The Mathworks, Inc.) with 
1,000 learners was used for the random forest classifier. The perfor-
mance was estimated using “out-of-bag classification error,” and the out- 
of-bag matrix was bootstrapped before computing classification per-
formance to form a 95% confidence interval. The Matlab glmfit function 
(with ‘logit’ link function and binomial distribution) was used for lo-
gistic regression, and the Matlab fitcsvm function with its default 

parameters was used for the support vector machine algorithm. 
A 10x10 cross-validation procedure was used for both the logistic 

regression and support vector machine function. This means that the set 
of 180 images was randomly divided into 10 sets of about 18 images 
each. Ten iterations were performed in which nine of these sets were 
used to train the classifier and the remaining set was used to test it. The 
95% confidence intervals of the accuracy of classification were calcu-
lated for each classifier. None of the classifiers were able to classify 
images above chance expectations (Table 1). We note that some classi-
fiers resulted in performance significantly below expectations. It is not 
possible to simply invert the results of those classifiers to obtain sig-
nificant positive performance because that would entail tailoring the set 
of classifiers to the specific training/testing dataset, and the results 
would therefore not generalize. Note that, instead of performing pair-
wise classifications between the 3 categories of images, we could have 
used a 3-category Softmax machine learning (ML) solution. However, 
even when using Softmax 3-class classifiers, an analysis of which cate-
gory might be biased would require pairwise comparison between 
classes - which is what we present here. 

2.5. EEG, ECG, and behavioral data acquisition 

A 64-channel ActiveTwo EEG system (Biosemi, Inc.) with integrated 
electrocardiography (ECG) measures was used to collect EEG data at a 
1,024 Hz sample rate. Electrodes were placed according to the 10–20 
nomenclature (standard 64-channel EasyCap). Three sizes of caps were 
used to accommodate subjects with different head sizes. SignaGel elec-
trode gel was applied to each electrode and active electrode offsets were 
kept below manufacturer guidelines (Biosemi offset of ± 20). Two 
auxiliary ECG Biosemi electrodes, positioned under the collar bone (left 
and right), were used to record participants’ heart rate. Signals recorded 
from the left electrode were subtracted from the right electrode for post- 
processing. 

Behavioral data (the participant’s response to each photo) was saved 
in two ways. First, keypresses were sent to the EEG amplifier digital 
input channel using the Biosemi USB interface and saved along with the 
EEG data. One set of markers represented the cause of death category 
and other markers represented the participant’s responses. Second, the 
latencies of responses were saved in a separate text file on the computer 
used to control the presentation of the photographs (the presentation 
computer was different from the computer used to collect the EEG data). 
We verified that the correspondence of the two data streams on the two 
computers was within millisecond precision. 

2.6. Behavioral data analysis 

For each photograph, responses were encoded as being correct or 
incorrect. Data from images that participants failed to respond to within 
30 s were excluded (average misses 2.1 ± 3.4 images; maximum − 13 out 
of 180 images). A general linear model (GLM) with the following vari-
ables was used: response (correct vs. incorrect); group (medium vs. 
control); and type of death. Two regression GLMs were also conducted: 
1) percentage response correct on each category above chance expec-
tation as the dependent variable; and 2) reaction time as the dependent 
variable. The percentage of correct responses was calculated for each 
classification category for each participant. For example, Participant A 

Table 1 
Classifier performance for pairs of categories. The percentage range indicates 
95% confidence intervals. Bold highlighted cells indicate cases where the clas-
sifier was significantly below chance expectation.   

Random Forest Logistic regression Support vector machine 

Auto vs Heart 38.9%–57.1% 41.5%–50.9% 41.7%–56.7% 
Auto vs Gun 40.3%–58.5% 33.3%–45.6% 33.3%–50.0% 
Heart vs Gun 26.4%–43.3% 37.5%–48.3% 34.2%–49.2%  
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could have 80% correct on the firearm category, 75% correct for heart 
attack and 35% correct for vehicle accidents. This allowed for perfor-
mance comparison across categories. 

To evaluate if performance on each category was above chance 
expectation (33% of correct responses), chance expectation (1/3) was 
subtracted from each performance percentage (e.g. 33% would be sub-
tracted from 80% correct for firearm in the above example, resulting in 
47% above chance expectation for that participant). In this way, the 
deviation from chance expectation for each category was captured in the 
intercept of the GLM analysis. Percentage data passed the Kolmogorov 
Smirnov (KS) tested for normality (p >0.2). Reaction time was not 
normally distributed so a log transform was used. The GLM residuals 
using this transformation were acceptably close to being normally 
distributed (KS normality test, p = 0.1). 

2.7. ECG data processing 

ECG data was extracted from the Biosemi BDF files and filtered (high 
pass = 0.05 Hz; low pass = 100 Hz; Bailey et al., 1990) using EEGLAB 
software 2019.0 (Delorme & Makeig, 2004). Data was then divided by 
32 in Matlab to convert the 24-bit signal to microVolts (ref: 
https://www.biosemi.com/activetwo_full_specs.htm). ECG time series 
were saved as a csv file, which was then imported into Kubios HRV 
Premium v 3.1.0 (University of Kuopio, Kuopio, Finland) to generate R- 
R intervals, heart rate, standard deviation of normal RR intervals 
(SDNN), low (LF), and high (HF) frequency domain measures (LF: 
0.04–0.15 Hz; HF: 0.15–0.4 Hz). Heart rate variability (HRV) analysis 
parameters included a 100-second window width, 50% window overlap; 
autoregressive spectrum model order = 16 with no factorization, and 
interpolation rate of 4 Hz. 

2.8. EEG data analysis 

EEG data were imported into EEGLAB software 2019.0 (Delorme & 
Makeig, 2004) running in Matlab R2018b. Raw data were downsampled 
to 512 Hz, detrended, and filtered using an FIR filter at 1 Hz (non-causal 
zero-phase distortion highpass filter of length 1691 samples with tran-
sition bandwidth of 1 Hz, passband edge of 1 Hz and cutoff frequency 
(− 6 dB) of 0.5 Hz) and lowpass filtered at 55 Hz (noncausal zero-phase 
distortion 125 points lowpass filter with transition bandwidth 13.75 
Hz), passband edge of 55 Hz and cutoff frequency (− 6 dB) of 61.9 Hz). 
Defective EEG channels were identified manually and removed in each 
participant (2.5 ± 2.0 channels removed on average) and interpolated 
using spherical splines for group analysis (Perrin et al., 1989). Data 
sections containing obvious artifacts (e.g. body movements, jaw 
clenching, etc.), were removed by visual inspection of the filtered data 
(2 ± 2 min of data out of on average 20-minute recordings). All artifact 
removal was performed blind with respect to the behavioral responses. 

Data were then average-referenced using the EEGLAB function 
pop_reref, temporarily interpolating removed channels for performing 
average reference. Infomax Independent Component Analysis (ICA) was 
performed to separate ocular and muscular artifacts (i.e. eye blinks and 
lateral eye movements) using the ICLabel v.1.1 EEGLAB plugin (Pion- 
Tonachini, Kreutz-Delgado, & Makeig, 2019) to classify components and 
to automatically select those components which were likely to be eye or 
muscle artifacts (likelihood superior to 90%). Finally, single-trial event- 
related potentials (ERP) from − 0.3 s to +1 s post-image presentation 
were extracted for each type of face photography (no baseline was 
removed). 

Plotting the RMS (Root Mean Square) of all of the electrodes across 
time (Fig. 1) led to manual selection of two peaks of interest: P80-110 (i. 
e. from 80 to 110 ms) and P200-350. Note that this procedure was 
performed blindly with respect to experimental conditions because all 
conditions and subject groups were pooled. 

For each subject and each peak of interest, a first level General Linear 
Model (GLM) with weighted least square optimization was used – linear 
modeling plugin (LIMO) version 2.0 extension of the EEGLAB software 
(Pernet, Chauveau, Gaspar, & Rousselet, 2011). The type of response 
(correct and incorrect) and the cause of death were used as factors in an 
interaction design. Six beta parameters (correct-heart, correct-auto, 
correct-firearm, incorrect-heart, incorrect-auto, incorrect-firearm) 
were obtained. These beta parameters were then averaged over the 
time range of interest (80–110 ms and 200–350 ms as defined above), 
exported as a text file, and fed into a second-level GLM to assess random 
effects across subjects using Statistica 13.0 (TIBCO Software Inc.). This 
type of hierarchical analysis is standard in brain imaging analysis (Ste-
phan, Mattout, David, & Friston, 2006). Uncorrected parametric statis-
tics were adjusted for multiple analyses using the False Discovery Rate 
algorithm (FDR; Benjamini & Yekutieli, 2001). Electrodes significant at 
p < 0.01 after FDR are shown as the larger black disks in Fig. 2. 

3. Results 

3.1. Behavioral results 

Of the three research questions investigated, the first two were tested 
using behavioral responses. The first question was whether mediums or 
controls would be able to detect the cause of death in facial images of 
deceased individuals. When considering all participants, there was a 
significant main effect of response accuracy (F(1,66) = 8.77; partial η2 =

0.12; p = 0.004). 
The second question was whether mediums were better at this task 

than controls. Here we observed a main effect of group (F(1,66) = 8.5; 
partial η2 = 0.11; p = 0.005), with controls more accurate than mediums 
(accuracy of 4.0% above chance expectation for controls, as compared to 
− 0.2% for mediums). Accuracy levels were not different across the three 

Fig. 1. Regions of interest selected in the root mean Square (RMS) event-related potential (ERP). We manually selected two regions, between 80 and 110 ms and 
between 200 and 350 ms. 
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causes of death (F(2,66) = 0.52; p = 0.59). 
For the reaction time measure, we also observed a clear difference 

between mediums and controls. A group main effect (F(1,66) = 221; η2 

= 0.05; p < 1e-10) showed that mediums took on average 4911 ms (±
87 ms) to answer, compared to 3177 ms (± 61 ms) for controls. An 
interaction was also observed between response type (correct vs. 
incorrect) × group (F(1,66) = 4.31; η2 = 0.001; p = 0.04), with mediums 
being slower to respond to images when their responses were incorrect 
vs. correct (5023 ms vs. 4686 ms), while controls showed the opposite 
trend (3132 ms vs 3251 ms). There was also an interaction between 
group, response type, and image type (F(1,66) = 3.64; η2 = 0.002; p =
0.03). No other effects or interactions were observed. 

3.2. EEG results 

The third research question was whether physiological measures 
would discriminate between correct vs. incorrect assignments of the 
causes of death, as well as medium vs. control participants. To examine 
this question, first, the time periods of interest in the EEG analysis were 
reduced to 2 peaks of interest (Fig. 1) to decrease the number of sta-
tistical tests performed (see Methods). 

Robust differences between controls and mediums were observed 
mostly in the occipital regions for both P80-110 and P200-350. No other 
differences or interactions were obtained. Although we observed dif-
ferences between groups, we did not observe any brain activity markers 
that reliably differentiated between correct and incorrect classification. 

3.3. Heart rate results 

Mean heart rate was significantly higher (t = 2.39; df = 22; p = 0.03) 
for mediums (76 bpm) than controls (67 bpm). Differences in heart rate 
variability measures failed to reach significance: SDNN (t = 0.92; df =
22; p = 0.37), LF HRV (t = 0.89; df = 22; p = 0.38) and HF HRV (t = 0.75; 
df = 22; p = 0.45). 

4. Discussion 

Three hypotheses were evaluated through a classification task where 
mediums and controls selected the cause of death of deceased persons by 
viewing facial images of those individuals. The EEG and ECG of the 
experimental participants were recorded while they performed this task. 
Hypothesis number one was demonstrated as, overall, participants were 
able to detect the cause of death of deceased individuals at statistically 
robust above-chance levels. Contrary to our expectations that mediums 
would perform better than controls, the controls performed significantly 
better than the mediums. Third, there was no overall evidence for the 
presence of EEG markers corresponding to accurate classification of the 

images, although different EEG and ECG markers between the mediums 
and controls were observed. 

4.1. Limitations 

It is possible that participants were able to differentiate individuals 
who died of disease from those who died from accidents by taking 
advantage of subtle facial cues in the images. For example, facial fea-
tures have been shown to indicate signs of cardiovascular disease (Mette 
et al., 2014) and cigarette smoking (Okada, Alleyne, Varghai, Kinder, & 
Guyuron, 2013). Features of adolescents’ faces may also predict adult 
health and mortality (Reither, Hauser, & Swallen, 2009). The use of 
subtle cues cannot be ruled out in the current experiment. However, we 
think it is unlikely because the machine learning classifier failed to 
classify images above chance expectations. It is also unlikely because 
there were no observed differences in accuracy of mediums and controls 
among the three categories. Had subtle health cues biased the results, 
then the heart attack category should have had increased accuracy as 
compared to death by firearm or accident, and this was not observed. In 
a future version of this experiment, a separate group of participants 
could be probed about their subjective assessment of the images (e.g., on 
factors like impulsiveness or health). With those assessments in hand, it 
might be possible to help reduce or partial out such biases from the 
image categorization task. 

Contrary to our second hypothesis, controls were found to more 
accurately discern the cause of death than the mediums. There are 
limitations to recruiting mediums through Yelp as some mediums might 
have obtained fake reviews, but Yelp’s methods for blocking fake re-
views help to counteract that possibility. Differences in motivation 
probably cannot explain such results, as one would expect mediums to 
be more motivated than controls. On the other hand, greater motivation 
might have produced performance anxiety, which could be a potential 
factor. The Research Assistant noted that some mediums expressed 
concern about their performance and were very interested in learning 
how well they did. Mediums had significantly higher heart rate during 
the task itself, which supports the conjecture that they felt more pressure 
to succeed which, in turn, may have interfered with their performance. 
However, on average mediums may simply have higher baseline heart 
rate levels than controls (Ulrich-Lai & Herman, 2009), which could be 
tested in a follow-up study. 

Controls had faster response speeds (by approximately 2 s on 
average) and better performance, which may indicate that they did not 
reflect on their answer as long as mediums did. Improved performance 
for similar intuitive tasks has been observed for faster vs. slower re-
sponses (Cardeña, 2018; Kahneman, 2013). If intuition relies on emo-
tions and perceptions arising before thoughts are formulated, then the 
mediums’ slower responses may have impaired their accuracy (Volz & 

Fig. 2. Partial correlation coefficients and significance for each categorical variable in the GLM model. Interactions between variables are not shown but none 
indicated significant effects. The top row represents the average activity between 80 and 110 ms and the bottom row represents the average activity between 200 and 
350 ms. The black dots show significant electrodes at 0.01 threshold after correction for multiple comparisons using FDR. 
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Yves von Cramon, 2006). For example, high scores on the Cognitive 
Reflection Test (which underlies analytical thinking) is correlated with 
lower scores on divergent thinking (Corgnet, Espín, & Hernán-González, 
2016). Regardless of whether participants were mediums or control, this 
raises the question of whether faster responses showed improved per-
formance. To explore this, a regression analysis was conducted between 
performance and median reaction time across all subjects. Although the 
slope was negative, the result was not statistically significant (r2 =

0.015; p = 0.56). 
If not due to chance fluctuations, then how might we explain the 

difference in performance between mediums and controls? Some of the 
mediums commented that they found it difficult to differentiate between 
the type of death, as they reported feeling the pain of the deceased in-
dividual, but not the cause of that pain. They might have interpreted a 
given type of pain as a heart attack, but a similar pain could have 
occurred by being shot in the chest, or by chest trauma associated with a 
car accident. Given this feedback from the mediums, future experiments 
involving cause-of-death categories should be designed to avoid similar 
confusions. Additionally, mediums reported that the time pressure of the 
experiment did not allow them to really connect with the deceased in-
dividuals like they normally would, and so they felt forced to use 
different strategies to try to respond as fast as possible. 

4.2. EEG analysis 

Our approach to ERP analysis consisted first in identifying the time 
period of the largest deflection compared to baseline, then analyzing 
those regions. This approach might ignore changes in activity in a 
reduced subset of channels. However, due to volume conduction, any 
change in brain activity tends to recruit a large set of scalp channels, so 
the most important portions of the grand average ERP were likely 
captured. The portion between 80 and 110 ms probably corresponds to 
the visual P100. This early ERP activity, at about 100 ms, is influenced 
by both visual detail information (Hopf & Mangun, 2000; Taylor, 
McCarthy, Saliba, & Degiovanni, 1999) and facial configuration of vi-
sual stimuli (Halit, de Haan, & Johnson, 2000). Differences in this early 
visual peak associated with accurate mediumship performance were 
previously noted (Delorme et al., 2018) with higher potential amplitude 
associated with decreased performance in right parietal areas, a finding 
we did not observe in this report. We did, however, note that controls 
had higher accuracy than mediums, and they also had increased activity 
in occipital regions. Interestingly, this potential is also influenced by 
attention (Mangun & Hillyard, 1991). Because it is unlikely that dif-
ferences between mediums and controls would be due to low-level facial 
information, we may speculate that this effect reflected different types of 
allocation of attention. 

The later peak at 200 to 350 ms most likely reflects higher sensory 
processing and corresponds to the N200, which is a negative-going wave 
that peaks 200–350 ms post-stimulus and is found primarily over ante-
rior scalp sites (Folstein & Van Petten, 2008). The N200 ERP is known to 
be modulated by conflicting situations like the Eriksen Flanker Task 
(Heil, Osman, Wiegelmann, Rolke, & Hennighausen, 2000) and go/no- 
go paradigm (Pfefferbaum, Ford, Weller, & Kopell, 1985) and is 
thought to reflect response inhibition. Given the ERP amplitude we 
observed in this latency range was larger for controls as compared to 
mediums, faster response time and accuracy for controls might be linked 
to better N200-amplitude mediated stimulus identification (Patel & 
Azzam, 2005), overcoming stereotypical responses or conflict moni-
toring (Azizian, Freitas, Parvaz, & Squires, 2006), and detection of 
novelty or mismatch (Folstein & Van Petten, 2008). This is consistent 
with the performance anxiety some mediums were reporting, and 
possibly with their increased heart rate. Assuming the overall effect we 
observed on image type detection was robust, this could potentially 
explain the mediums’ poor behavioral performance. 

5. Conclusion 

In summary, participants (as a whole) were able to successfully 
categorize the type of death above chance expectation, and there were 
differences observed in EEG activity in how mediums and controls 
processed the facial photographs. These results warrant further inves-
tigation in a larger and more diverse pool of participants. 

The anonymized behavioral and EEG data used in this study are 
available to the scientific community (DOI: https://doi.org//10.5281/ 
zenodo.3600490). The images, presentation and data analysis scripts 
used in our study are available from the first author upon request. 
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