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1. Introduction, Study Purpose, and Aim

Soldiers are often in environments where they are required to keep constant
situational awareness (SA) of their surroundings while completing mission
objectives. The frequent co-occurrence of high levels of stress in their daily lives
and jobs can negatively impact their ability to maintain SA (Kerick and Allender
2004; Scribner et al. 2007). The Department of the Army has listed SA as a
foundational skill and states that maintaining a high level of SA is integral for the
reduction of human errors and combat causalities (DOA 2021). As such, research
over the past few decades has focused on efficiently implementing SA-specific
training to help Soldiers develop superior SA skills (Salas et al. 1995; Endsley et
al. 2000; Strater et al. 2001; Salmon et al. 2006; Enders et al. 2024) as well as
quantifying metrics of SA in military settings for both individuals and teams
(Endsley et al. 2000; Salmon et al. 2006). Even with Soldiers receiving SA-specific
training, the introduction of stress/increased cognitive load can have negative
impacts on performance and attention (Chérif et al. 2018; Smith et al. 2019;
Buckley et al. 2022; Enders et al. 2023, 2024). Furthermore, certain health
conditions that often coexist with military experience (e.g., posttraumatic stress
disorder) also impact SA, performance, and arousal states in both active duty and
civilian populations (Roy et al. 2022). Many physiological signals such as heart rate
and electrodermal activity (EDA) can be used to infer periods of increased stress
load and therefore have the potential to be used as indicators of when a Soldier’s
SA may be compromised. One problem space is that these signals can be
temperamental and require complex processing and filtering methods to make their
output interpretable. Historically, it has been difficult to capture these types of
signals in mobile settings, which limits military application as mobility is often
fundamental to Soldier tasking. The purpose of this study is to develop and
demonstrate the validity of a methodology to extract, clean, and model EDA data
for the purpose of identifying stress response features. The end goal of this work is
to expand the flexibility and usage of EDA signals to capture stress response
features in complex study paradigms so they can be used in further analyses to make
inferences about constructs like a Soldier’s SA.

Over the past few decades, the feasibility of measuring impacts of stress on SA in
the field has increased greatly given recent improvements in wearable sensors, ML
tools, and deep learning models (e.g., Sanchez-Reolid et al. 2019; Han et al. 2020;
Tronstad et al. 2022), as well as newer signal-processing techniques (Posada-
Quintero and Chon 2020). These methodologies can be made to be portable (i.e.,
computationally light), be integrated with newer wearable sensors, and create new
possibilities for measuring physiological signals to predict Soldier states like stress.



Furthermore, technological advancements in mixed reality (e.g., virtual and
augmented reality) have pushed our capabilities of creating novel and realistic
environments, opening the door for mobile test-beds to measure physiological
responses in controlled, mobile, and safe environments. Together, the
advancements in physiological measurement integrated into wearable technology
and mobile mixed reality increase our capabilities to conduct research and preserve
naturalistic movement capabilities, producing more ecologically valid results.
However, these new methods also present novel obstacles to overcome for
successful integration and implementation and depend on selection of the best
viable physiological response signals to incorporate.

Physiological measures of stress response include changes in heart rate, respiration,
and thermoregulation, all controlled by the autonomic nervous system (ANS). The
ANS can be broken down into two different systems: the sympathetic system,
which controls the body’s fight-or-flight response; and the parasympathetic system,
which controls the body’s anabolic homeostatic activities such as digestion, rest,
and repair. Researchers have found that both systemic diseases (e.g., diabetes and
heart failure) and individual states (e.g., stress and fatigue) can be
detected/measured via sympathetic nervous system activity (Posada-Quintero
2016). Heart rate variability (HRV) is a historically popular and noninvasive way
to try to capture sympathetic activity. A spectral analysis of HRV allows an
inspection of ANS activity. However, HRV reflects both sympathetic and
parasympathetic activity (Posada-Quintero et al. 2016), with no reliable way of
parsing that information apart. In addition, HRV is more reliable when
measurement occurs over longer time periods (e.g., at least 5 min of measurement
time) with research finding poor reliability in short-term HRV measurement (e.g.,
less than 5 min), especially in clinical populations (Sandercock et al. 2005; Pinna
et al. 2007). Both issues make HRV an unreliable measure of pure sympathetic
activity.

EDA is an alternative, noninvasive method for capturing sympathetic-specific
activity over fairly short periods of time. It is a physiological signal that reflects
changes in the electrical conductance of the skin due to sweat secretion, and
variations in this signal can capture changes in stress/arousal levels (Boucsein
2012). EDA is a pure measure of sympathetic nervous system activity as there is
almost no parasympathetic innervation of the skin (Kleckner et al. 2018), although
there are external factors (e.g., position of electrodes on the body, how dry the skin
is, external temperature, and humidity) that can affect EDA measurements. Being
able to collect a signal that contains only sympathetic activity should allow
researchers to more accurately capture true sympathetic responses to external
stimuli (e.g., a stress response to a startling event). EDA can be broken down into



two main components: a slow varying tonic component and a fast-varying phasic
component (Boucsein 2012). The tonic component represents the overall arousal of
an individual, whereas the phasic component reflects reactions/responses to stimuli
in the environment (e.g., a loud sound) (Boucsein 2012). In previous work, EDA
has been used to assess arousal (Greco et al. 2017), understand emotional
experiences (Christopoulos et al. 2019), predict assessments that measure
posttraumatic stress disorder severity (Gramlich et al. 2021), index cognitive load
(Shi et al. 2007), and detect stress (Kurniawan et al. 2013; Strzinar et al. 2023).
Overall, measuring EDA offers a potential low-cost, noninvasive route for
accurately measuring sympathetic activity in isolation and has a high sensitivity to
psychological processes (Babaei et al. 2021).

The advantageous characteristics of EDA make it an attractive method to capture
stress responses due to its relatively fast reflection of changes in an individual’s
attentional state, with a phasic response usually 1-3 s after stimulus onset, and its
ability to be readily integrated with other response measures in test-beds such as
visual search tasks. Visual search tasks are ubiquitous in a military context and are
well-structured to probe the current state of SA. With the addition of mixed reality,
visual search tasks allow researchers the unique opportunity to examine stress
response in new problem spaces that increase complexity and allow for the
possibility of natural movement. EDA has previously been used to examine arousal
in static, visual search tasks. Some examples of EDA being used in a visual search
task include EDA differing as a function of task (Posada-Quintero and Bolkhovsky
2019), estimating anxiety and examining responses to distractor stimuli (Naveteur
et al. 2005), and using EDA as a tool to discriminate between visual attention states
(Momin and Sanyal 2019). Thus, measurement of an EDA signal during visual
search tasks can be a useful tool to capture physiological response to stress
(Kurniawan et al. 2013; Gramlich et al. 2021). EDA could be used to capture stress
responses while Soldiers maintain SA during a visual search task in a military
environment with military-like stressors (e.g., enemy fire, flashbangs) and, by
integrating mobile mixed-reality technology, the ecological validity of using such
paradigms to examine Solider capabilities can be increased. Since recent research
has also investigated the feasibility of using wearable sensors to collect EDA (van
der Mee et al. 2021), there is prime opportunity to integrate EDA-measuring
wearable technology into such a relevant military testing scenario.

Two major hurdles remain in integrating EDA as a wearable testing measure into
our future work with mobile mixed-reality, military-relevant scenarios. The first
hurdle is signal noise caused by external factors (e.g., signal spikes caused by
movement) and the second is the development of a data-processing pipeline that
can standardize how we treat the EDA signal before decomposing it into its phasic



and tonic components, for stimulus-based responses and overall arousal levels,
respectively, while maintaining the capability to be integrated into reliable,
wearable designs. As can be expected with these mobile, wearable designs, motion
artifacts in the EDA data are a prevalent issue. Recent research has focused on
methodologies like unsupervised learning models (e.g., Zhang et al. 2017
Subramanian et al. 2021), anomaly detection (Sunny et al. 2022), ML for automatic
detection (Taylor et al. 2015), and other methods like efficient wavelet-based
artifact removal (Shukla et al. 2018). However, unlike other physiological signals
like electroencephalography (EEG) (Bigdely-Shamlo 2015), there is currently no
standardized method for removing artifacts or processing EDA signals and
separating them into individual components. Most models have only examined
EDA components post hoc and with mixed success. Some of these models include
cvXEDA (Greco et al. 2016), sparsEDA (Hernando-Gallego et al. 2018), and
Continuous Decomposition Analysis (CDA) and Discrete Decomposition Analysis
(DDA) from Ledalab (Benedek and Kaernbach 2010a, 2010b), among others. A
recent meta-analysis gave an overview of different processing techniques for EDA
signals as well as the EDA quality in previous literature (Posada-Quintero and Chon
2020). Importantly, Posada-Quintero and Chon (2020) observed that all four of
these models listed above produced different estimations of tonic and phasic
components, but cvxEDA and sparsEDA have a low computational cost and could
be implemented into wearable devices. Additionally, it was noted that cvxEDA and
sparsEDA models require setting a group of parameters and, if they are kept at their
default values, the decomposition results could vary widely depending on the
individual participant and the application in which the model is being used (Greco
et al. 2016; Hernando-Gallego et al. 2018). These factors limit EDA signal efficacy
in mobile paradigms and the development of portable models to integrate with
wearable sensors. While there are potential options for portable models (e.g., Greco
et al. 2016; Hernando-Gallego et al. 2018) there are still drawbacks to the
implementation of these models. Further work is needed to form best practices for
cleaning and processing EDA data.

The main purpose of our study was to demonstrate a reasonable methodology to
extract, clean, and model EDA signals to allow for meaningful detection of stress
responses during a desktop visual search task and minimize artifacts. To
accomplish this, we developed a study where we asked participants to navigate and
search a desktop virtual environment (VE) for a specified target while EDA signals
were simultaneously collected via a 64-channel BioSemi Active Il. A startling
stimulus (e.g., flashbangs) occurred while participants navigated the desktop
environment to elicit stress responses. To time-sync the EDA signals with game-
state VE data, we used Lab Streaming Layer (LSL) (Kothe 2014). Although LSL
allowed us to link corresponding events in the data layers, the combination use with



BioSemi presented several initial hurdles. The BioSemi’s proprietary software
(e.g., ActiView) that normally enables signal preprocessing (e.g., signal
demodulation, combining multiple data streams), could not run simultaneously to
LSL. Additionally, the signal output from LSL required rescaling as LSL was
designed for use with EEG signals and assumes very small magnitudes (i.e.,
microvolts). Thus, our Aim 1 was to develop code to address these limitations.
Next, the preprocessing of this signal type is very dependent on the experimental
setup. Therefore, in our Aim 2 we sought to develop a preprocessing pipeline to
both clean and remove artifacts (e.g., motion) from EDA signal data. Since one of
the overarching goals of this work is to provide an in-house method for EDA signal
processing that is usable to other researchers with a range of signal-processing
experience, the preprocessing pipeline had to be easy to implement and capable of
automatically assessing different aspects of the EDA signal. Finally, in Aim 3 of
this study, we tested the output of our in-house preprocessing pipeline, developed
in Aim 2, by running the preprocessed data through two different models (cvxEDA
and sparsEDA) and compared the resulting tonic and phasic components to results
from similar work found in literature.

The outcomes of this study are as follows: an EDA signal-processing pipeline that
could be used as an in-house standard, and a method for correcting errors in the raw
signal collection (see details below) and properly rescaling the signal to allow for
further processing for those collecting EDA signals using the BioSemi Active Il in
conjunction with LSL.

2. Methods and Results

2.1 Participants

A total of 12 individuals participated in this study. One participant was excluded
due to an error where only a partial dataset was recorded. All participants were
recruited from personnel working for the U.S. Army Combat Capabilities
Development Command Army Research Laboratory’s Humans in Complex
Systems competency at Aberdeen Proving Ground, Maryland. Participants were all
at least 18 years old, had corrected-to-normal vision, and were fluent in English.
This study was approved by the DEVCOM Army Research Laboratory Institutional
Review Board (ARL-22-150) as nonhuman subjects research.



2.2 Procedure

2.2.1 Aim 1: Replication of Signal Processing

Researchers addressed several key issues related to Aim 1. First, researchers
corrected a scaling error that is caused by the LSL app for BioSemi. Specifically,
the app treats all BioSemi auxiliary channels as if they were EEG sensors (i.e.,
microvolt units) and performs incorrect scaling on the EDA signal when it is
included. Next, researchers used guidance from the BioSemi support forums
(Eric42 2014) to determine what corrective processing steps needed to be applied
to the signal to replicate what the proprietary software normally applies (Table 1).
Table 1 shows a list of all steps taken for corrective processing of the EDA signal
over LSL, as well as correcting the scaling error. A comparison between the original
signal from the LSL stream and the same signal after corrective processing can be
seen in Figure 1.

Table1. List of steps taken for the signal recorded over LSL to match preprocessing
automatically conducted on the signal when recorded over proprietary software, as well as
address scaling changes that occur in LSL.

Step No. Step description

Correct the scaling factors applied to data in the LSL app

Compute the difference of auxiliary 1 and 2 to get the EDA signal

4th order lowpass filter 1-dB passband ripple with a 16-Hz cutoff frequency

Apply a scaler of 13.3

Decimate signal by a factor of 16

Divide data into 128 data-point windows and calculate (max to min) for each window
Apply byte shift by dividing the signal by 8192

Convert the signal from Ohms to Siemens

Convert the signal from Siemens to MicroSiemens

Up-sample signal back to the EEG sample rate
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Figure 1.  The gray signal represents the raw signal (uV) saved by LSL. The blue line
represents the signal (uS) after the corrective script is applied.

A Python script was developed to process the EDA signal using all steps listed in
Table 1. To test the effectiveness of this script, researchers conducted a resistor test
where data was saved via both LSL and ActiView to compare the resulting signal
from our corrective processing to ground truth values collected in ActiView.
Resistors were tested at 4.7, 10, 47, and 91 kQ as the resistance of human skin is
usually between 1 and 100 kQ (Fish and Geddes 2009; Abe and Nishizawa 2021).
A minute’s worth of data was collected for each resistor and then the median
resistance was compared between each recording method to ensure that, after the
corrective processing, the LSL recordings matched the ground truth signal collected
via ActiView.

2.2.2 Visual Search Task

To validate EDA preprocessing methods and test tonic/phasic decomposition
models (Aims 2 and 3, respectively), we recorded EDA on human subjects ina VE
with sparse known stimuli. This allows us to measure phasic EDA features in
isolation from the complexity of the experimental simulation task and verify that
phasic responses can be detected using the cleaning and detection methods
developed under Aim 2.

Upon arrival, participants were given a verbal COVID-19 screening questionnaire.
After a successful screening, two electrodes were placed on the palm of the
participant’s hand to record EDA data. The electrodes were placed on the
participant’s left hand and EEG common mode sense active electrode and driven



right leg passive electrode were affixed to the scalp per the standard EEG setup
procedures. Electrode gel was applied to the electrodes to reduce skin—electrode
impedance, and electrodes were in place for at least 5 min before the start of the
main visual search task to ensure acclimation of the electrode to the participant’s
body temperature. After equipment setup, there was a 2-min baseline where
participants were asked to relax and remain as still as possible with the electrodes
attached to their palm.

In the visual search task, participants were asked to navigate through the desktop
VE while mentally counting the number of targets (Figure 2) they saw in the
environment. To validate which targets were seen or missed, participants were
asked to click the left mouse button as soon as they saw a target. Participants were
exposed to stimulus events while navigating through the VE (see below for details).
Participants did not need to respond to these stimulus events in any way other than
to continue searching for and counting targets. Participants navigated the VE using
the “W,” “A,” “S,” and “D” keys on the keyboard with their left hand (allowing
unrestricted movement) and directed the camera view with their right hand on the
computer mouse. Navigation of the VE was self-paced but took approximately
25 min in total to finish. Upon finishing the main task, all sensors were removed,
and participants verbally reported how many targets they counted. Overall,
experimental sessions lasted approximately 40 min.

— . | Target Distractors

Figure 2. A still image showing the VE, one of the targets used (all identical), and several
distractors (different types and colors of vehicles).

2.3 Virtual Environment

The desktop VE for the visual search task was created with the Unreal Engine 4,
version 4.27 (Unreal Engine c2024). This environment consisted of an urban city



filled with 20 targets (green jeeps), numerous distractors (other vehicles), and 38
stimulus events (flashbangs/auditory bangs). Of the 38 stimuli, 26 were flashbang
stimuli, where the screen would briefly flash white, and a loud banging sound
occurred. The final 12 stimuli were the audio effect of the flashbangs without the
visual component included. Stimulus events were triggered when the participant
reached certain locations following the path in the environment (positionally
triggered, not triggered at a specified time spent in the environment). Although the
task was self-paced and varied slightly with each participant, a stimulus event
occurred every 40 s on average (x15 s). There was only one path available for
participants to navigate through, with all other paths (e.g., side streets and
alleyways) being physically blocked off. The UETack software suite was used
during data collection to capture both human sensing and game state data (Touryan
et al. 2023).

2.4 Equipment for EDA Signal Collection

The EDA signal was collected using the BioSemi Active 1. The EDA signal itself
was measured via two passive Nihon Kohden electrodes, and two EEG electrodes
were used as the ground for the EDA signal. EDA data was collected at 16 Hz and
up-sampled to 2048 Hz when saved out by the device, with the output saved as
Ohms (not microSiemens).

2.5 Aim 2: Proposed EDA Signal-Processing Pipeline

Currently, there is no standardized method in the field for preprocessing the EDA
signal prior to implementation of the signal into the decomposition models (that
will decompose the signal into tonic and phasic components) that was appropriate
for our experimental setup. The following five-step EDA preprocessing pipeline
was developed over multiple iterations and the finalized pipeline reported here
yielded the highest quality of preprocessed EDA signal compared to other
iterations. A Python pipeline leveraging the following steps elicited a reasonably
clean, processed EDA signal: 1) Signal Conversion, 2) Cut-off Threshold, 3)
Windowing, feature engineering, and Isolation Forest algorithm, 4) Noise Filtering,
and 5) Interquartile Range Cutoff Threshold (Figure 3). In the Signal Conversion
step (Step 1), all EDA data was converted to uS and resampled back down to 16
Hz. This was necessary, as the BioSemi Active Il had previously saved the data in
a unit of Ohms and up-sampled the data to 2048 Hz automatically. Next, in Step 2,
a Cutoff Threshold was applied to the data. This was based on measures of central
tendency and removed any extreme outlying values +3 standard deviations (SDs)
from the mean. In Step 3, the EDA signal data was portioned into 0.5-s windows
and for each window, 12 features were generated (Table 2). These signal features



were input into the Isolation Forest algorithm (Liu et al. 2008) to identify any
anomalous data. The Isolation Forest algorithm method was successfully used by
Subramanian et al. (2021) to process EDA signal data. In Step 4, a 16-point smooth
median filter was applied to the signal to remove noise and smooth the data. Finally,
in Step 5, a cutoff threshold with the interquartile range (IQR) was applied to the
signal to remove any last outliers that were not detected in the previous steps. IQR
was calculated as the difference between the upper quartile (Q3) and lower quartile
(Q1) of the signal. Throughout the preprocessing pipeline, all removed data was
replaced via linear interpolation. There were cases, at the ends of the signal, where
linear interpolation could not be used on the missing data due to not falling between
valid values. In these cases, backward/forward filling of the data, using the nearest
value, was used after linear interpolation.”
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Figure 3. The five-step EDA signal preprocessing pipeline was developed in-house,
removed outliers and anomalous data, and produced a clean and reasonable EDA signal.

Table 2.  List of features used for the Isolation Forest algorithm (Subramanian et al. 2021)
in Step 3 of the proposed processing pipeline.

Feature Feature description
No.

Range of the signal

SD of the signal

Mean of the first derivative

Median of the first derivative

SD of the first derivative

Min of the first derivative

Max of the first derivative

Mean of level 4 Haar wavelet coefficients
Median of level 4 Haar wavelet coefficients
SD of level 4 Haar wavelet coefficients
Min of level 4 Haar wavelet coefficients
Max of level 4 Haar wavelet coefficients

el =
ShEBowovourwnr

*Code for the correcting the signal and the processing pipeline can be found at
https://github.com/trohaly/EDA_Processing_Pipeline
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2.6 Aim 3: Decomposition Model Testing

To test the output of our processing pipeline, the resulting signal was run through
both the cvxEDA and sparsEDA models. This allowed for a comparison between
the tonic and phasic components between models, the processed signal, and with
previous literature. For both models, we used the default settings for their
parameters, even though that can vary estimates, to give an example of baseline
performance of each model without having to tweak the model for each individual
participant.

3. Results

3.1 Resistor Test

The corrective script was created using Python (version 3.11) and the outcome
values were compared to the Ground Truth resistor values. Values had some
deviance from the ground truth and this disparity appears to increase as resistance
increases (Figure 4). Additionally, the ground truth values did not deviate from the
resistor values, indicating that there were no hardware issues associated with
recording of the EDA signal.

120 —— Ground Truth Test Values T

100
80
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40

20

Kilohms (Kohms)

-20 ==

4.7 10 47 91
Resistor Value

Figure4. A comparison of test values to ground truth values across multiple different
resistors
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3.2 Preprocessing Pipeline

3.2.1 Overall Signal Quality

To assess the quality of the signal resulting from our pipeline, a comparison was
made with the raw signal (Figure 5). Extreme peaks in the data were flagged in the
signal and either reduced or removed entirely. For example, in Figure 5 (the region
of interest shown in the inset), peaks were flagged (light blue signal), then removed
and interpolated (dark blue signal). The interpolated signal in this example is shown
to maintain the overall shape of the raw signal, but the amplitude is reduced.
Additionally, when examining the amount of data lost cleaning the signal, it was
found that an average of 16.4% (4:06 min, with a SD of 4.7% [1:11 min]) of data
was removed from the signal. Given that participants took approximately 25 min to
complete the visual search task, this means that an average 20 min and 54 s of data
were considered usable.
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Figure 5.  Comparison of an example raw EDA signal data over an entire run and the
pipeline processed outcome signal to demonstrate the effectiveness of the pipeline removing
artifacts. Red boxes indicate when a signal spike was reduced and green boxes indicate where
a spike was removed.
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3.2.2 Stimulus Event Signal Quality

One important consideration for the preprocessing pipeline is determining whether
stimulus events within the signal, processed through the pipeline, could be
preserved. One potential issue is that startling events could lead to artifacts in the
data that obscure the actual physiological response. For example, flashbangs are
sudden events that may cause an individual to both physiologically and physically
react (i.e., jump scare). While it is possible that a strong EDA response occurred to
that event, it is also possible that the physical response introduced noise resulting
in an artifact. If the signal processing were too conservative, this event would be
flagged as an erroneous movement instead of a valid EDA response (spike) and
removed as an artifact. If the pipeline were too liberal, the opposite problem would
occur, and signal artifacts could be preserved as a true physiological response. To
ensure the processing pipeline did not erroneously filter this response data, graphs
were generated for each stimulus event in the paradigm. Each graph was visually
inspected and included a 12-s window of the EDA response data starting 2 s prior
to the stimulus event and 10-s poststimulus event, a sufficient amount of time to
allow for a response onset, rise time, and decay (e.g., Figure 6).
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54
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Figure 6.  The average response of the first five stimulus events collapsed across six of the
participants. The dark blue line represents the average response, the shaded-blue area
represents the standard error of the response, and the vertical, green dashed line indicates
event onset.
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To assess any lack of a response to a given event, there were two methods
employed. The first was grabbing a time window around the stimulus event onset
and checking the percentage of data that was classified as bad in that window. We
took a 10-s window around each event onset (5 s before and after onset) and
checked the classifications to get a count of how many windows had over 20% data
loss. In this sample, we found that about 3% of events across participants exceeded
20% data loss. The second method was to visualize the EDA signal alongside
markers for both stimulus event onsets and data classified as bad
(Figure 7).
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Figure 7.  An inspection of the signal in comparison to stimulus event onsets and data
flagged as artifacts. The blue line represents the EDA signal. The vertical, dashed-green lines
represent stimulus event onsets. The vertical, gray lines represent where data was removed
and interpolated.

3.3 Feature Extraction

Using the cvxEDA and sparsEDA models, the processed EDA signal was
decomposed into its phasic and tonic components to validate the resulting input
compared with that found in literature. Tonic components of each model were
compared with each other and the original, processed signal (Figure 8A) and phasic
components for each model were compared with each other (Figure 8B). Only a
portion of the full run is shown (1000-1300 s from Figures 5 and 7) to give a more
detailed view of the signal. Visual inspection of the decomposed signals shows that
the computed tonic component for both models is a fair approximation of the
overall shape of the original, processed signal. Additionally, while the phasic
component also seems to be a fair approximation with both models, there are
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differences in the resulting component when comparing cvXEDA and sparsEDA
with each other. Specifically, the cvxEDA model tends to have larger phasic peaks
and less noise across the overall signal.
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Figure 8. A comparison of cvxEDA and sparsEDA output to the original, processed data
between the 1000 and 1300 s marks from Figures 5 and 7. A) comparison of the tonic
components of the two models with each other as well as the original signal. cvxEDA tonic was
linearly transformed by adding a constant (+4) to make comparison with other signals easier.
B) comparison of phasic components between the two models.

4. Discussion

Overall, the corrective script to use with the LSL and preprocessing pipeline was
successful in producing a usable and reliable EDA signal. Furthermore, we were
able to successfully use two established EDA decomposition models (cvxEDA and
sparsEDA) to extract tonic and phasic components, producing results comparable
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to those found in literature. This work was important for future in-house data
collections for two reasons: 1) any study using LSL for the simultaneous collection
of multiple data streams and collecting EDA signals via the BioSemi now has a
solution for correcting the signal and preparing it for processing and analysis; and
2) regardless of the equipment used to record EDA signals, this work provides a
general guide to others who may require an adaptation to the collection and
processing pipeline for EDA signal analysis.

4.1 Development of Initial Processing for Data Streamed
over LSL

The corrective script to duplicate the initial processing of ActiView and fix the
issues with the BioSemi LSL app produced values comparable to Ground Truth
resistors, with deviations within acceptable limits. One source of discrepancy likely
lies with how the preprocessing is being calculated, giving slightly different results
compared to the ground truth. Several other potential contributors to these
deviations include 1) each resistor has a certain tolerance to account for fluctuation,
2) environmental noise introduced by nearby equipment, and 3) resistors tend to
drift over time and with temperature changes. For our study, drift caused by
temperature is assumed to be limited as the room was indoors and constant over the
course of the resistor tests. Small amounts of time drift, however, could have been
a factor as ground truth values were always recorded first and test values recorded
second. Despite the small SDs (expected) noted, the resulting script applied all
required filtering steps and produced a signal that was similar in resistance (kOhms)
to the ground truth. Given these results, this filtering method should be usable in
future studies to replicate EDA signals that are recorded on a BioSemi Active Il
and saved over LSL as if they were saved by the hardware’s proprietary software.

A secondary reason for conducting this test was to ensure that the hardware was
functioning properly. If the data recorded via Actiview did not approximately
match the kOhms of any of the given resistors, then researchers could conclude that
there may be some hardware issue that would interfere with data collection. Since
these values were equitable, it can safely be assumed that the hardware was
functioning properly and resulting signals from the device could be trusted.

4.2 Robust Development of Preprocessing Pipeline for EDA
Signal Data

The preprocessing EDA signal pipeline developed in-house (Aim 2) for cleaning
data produced reasonably clean output signals. In the example shown in Figure 2,
it can be observed that the EDA preprocessing pipeline was successfully able to
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identify spikes in the signal and either reduce or remove them. The resulting signal
from our pipeline is comparable to other examples in literature (e.g., Greco et al.
2016; Posada-Quintero and Chon 2020). These examples show a similar absolute
range in the signal compared with the data recorded in this study along with
equivalent phasic changes over time. Similar comparisons can be made when
considering work that has focused on artifact removal (e.g., Taylor et al. 2015).
Examples in literature show that only the most extreme values/patterns (e.g.,
spikes) tend to get labeled artifacts, though this is not true 100% of the time. Based
on this comparison to previous literature, we argue that the output of our processing
pipeline is comparable in terms of generating a signal that resembles EDA
previously seen as well as flagging extreme artifacts. Additionally, our pipeline
flagged, on average, had 16.4% data loss. As a comparison to this data, EDA and
eye-tracking were collected in a different study in our laboratory (ARL 21-104),
which measured these signals in four different trials of a similar paradigm that
lasted ~5—7 min. Data loss across all participants and total trials for the eye-tracking
signal was 10.36% (SD = 19.12%). Any participant (N = 3) with data loss over 50%
had their eye-tracking removed from analysis. For EDA data from the ARL-21-104
study, average data loss across all participants and total trials was 20.73%
(SD =3.71%). Any participant (N = 3) with overall data loss over 30% was
removed from the data. Their average data loss seems to be fairly consistent and
does not seem to deviate too much from data loss from other physiological signals
(i.e., eye-tracking). As mentioned previously, signal quality is dependent on lots of
external factors such as study paradigm (e.g., stationary vs. mobile), temperature,
dryness of the skin, and even sensor placement. The expected percentage of
artifacts in the data can vary widely and expectations should be drawn based on a
study-by-study basis. The core of our data-processing pipeline, the feature
engineering and unsupervised learning method, has been previously established in
literature as an effective means for identifying and removing artifacts (Subramanian
et al. 2021). However, this could be a limitation in other applications, depending
on study design. Although this droppage may be excessive for some paradigms that
require stricter analysis needs, it is well within the reasonable expectations when
collecting physiological signals. Furthermore, we would expect such droppage to
be less with shorter paradigms, because this would also reduce chances of shifts in
the lead placement itself.

When considering stimulus events in the paradigm, there are a few things to bear
in mind. First, when considering a skin conductance response (SCR) to a stimulus,
literature generally agrees that the SCR response occurs 1-3 s after stimulus onset,
has a curved shape that is a steep incline followed by an exponential decay, and has
a typical peak magnitude of anywhere from 0.01 to 1.0 uS (Dawson et al. 2007,
Taylor et al. 2015; Shukla et al. 2018). Based on visual inspection of the data
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(Figure 6), our processed SCR responses appear consistent with typical SCR
responses found in literature (Dawson et al. 2007; Taylor et al. 2015; Shukla et al.
2018; Posada-Quintero and Chon 2020).

There were some stimulus events where there was no EDA response. This could be
explained in several ways. First, because there were N = 38 stimulus events,
participants may have habituated to the stimuli after repeated exposure, having a
reduced or undetectable SCR response, especially later in the testing session. To
inspect this further, we plotted the habituation by looking at the classification output
to see if data was removed during the stimulus event (see Section 3.2.2. for how we
implemented this). Another method of verifying habituation as a cause would be to
plot early versus late responses to stimuli after ensuring that events used did not
have data loss and comparing the resulting waveforms. Additionally, one could plot
the EDA signal, stimulus event onsets, and data classified as artifacts to visually
inspect which stimulus events co-occur with artifacts (Figure 7). Second, the
participant’s response resulted in an actual artifact (e.g., jerked their hand) and was
flagged and subsequently appropriately removed from the data. Third, the
participant had a normal SCR for the stimulus event, but it was erroneously flagged
and removed. In the current and future work, the second and third ways could be
reduced by building in data checks in the pipeline when such stimulus events are
not responded to and checking the raw output and visually inspecting the signal
segment in question. Other physiological measures (e.g., eye-tracking) could
provide a more holistic picture of the individual’s state, especially if collected in
conjunction with EDA. Having several time-synced signals (via LSL) allow for
redundancy while collecting data, where if one signal has an artifact at a particular
time point, other signals may not. This would give researchers a more informed
view of participant responses to the task and the presented stimulus events.

The goal of this preprocessing pipeline is to offer a standardized method for
cleaning and formatting EDA signals for further analysis. Given the results of this
study, specifically the examination of percentage of data loss, the impact of data
cleaning on events, as well as the test of running the resulting signal through a
phasic/tonic decomposition model, we conclude that the established five-step
pipeline was fairly robust for preprocessing and cleaning EDA signal data in our
current study (Aim 2 of our study). Future use of the pipeline, especially when
collecting EDA signals via a BioSemi and streaming over LSL, is encouraged.
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4.3 Model Comparison for EDA Signal Component Extraction

In Aim 3 of our study, we tested two different EDA decomposition models to verify
that good estimations of tonic and phasic features could be pulled from data
processed with the pipeline from Aim 2. While both decomposition models
produced different phasic/tonic components, they both produced good
representations of the original signal (Figure 8) and are also comparable to previous
literature (Greco et al. 2016; Posada-Quintero and Chon 2020). When considering
the tonic component of the models, there is the question of what an actual increase
in an individual’s baseline arousal is, and what is drift in the signal over time.
Looking at Figure 8 over the 5-min segment of the run, the tonic component steadily
rises before eventually plateauing. When looking at the entire signal as well
(Figures 5and 7), you can see several instances of the EDA signal rising and falling.
Drift could be contributing to how much the signal rises or falls. In the current
implementation of the processing pipeline, drift removal is not included and would
need to be addressed independently. There are two things to note when considering
this step in EDA data processing. First, both cvxEDA and sparsEDA have
parameters that can be tweaked to better fit the data. However, in this study we used
the default parameters to have a more automated pipeline in this study. If
researchers wanted to take the time to adjust the model parameters for each
participant, even better results could be achieved with the phasic/tonic
decomposition. Second, while this test only focused on two models of EDA
decomposition, there are other options to achieve this (e.g., Benedek and Kaernbach
2010a, 2010b), as well as other methods of analyzing EDA data that do not involve
phasic/tonic decomposition (Posada-Quintero and Chon 2020).

4.4 Limitations

There are a couple of key limitations to this study, both pertaining to data collection
methodology. First, the sample size is small. Care should be given before
generalizing the results of the preprocessing pipeline to larger populations.
Additionally, this sample was not controlled for potential confounding variables
(e.g., age, medication use). It is possible that there are individual variables that are
not evenly distributed across this sample and could have influenced results. Thus,
further validation of this processing pipeline using larger samples that are
controlled for multiple moderative variables, like age (Bari et al. 2020), is
suggested.

Second, this paradigm did not explicitly vary the amount of noise found in the
signal. For this study participants ran through the desktop visual search task, which
is expected to produce fairly low levels of noise in the signal, compared with a more
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mobile paradigm, unless the participant is frequently moving their left hand (where
EDA electrodes are placed). A further test of our preprocessing pipeline would be
to test on multiple different tasks that vary in the amount of noise present in the
signal. For example, a desktop-based task might be considered a low-level noise
task, while a walking task would be considered a high-level noise task. There is
currently no data to indicate how well our preprocessing will work on a signal with
large amounts of noise.

Third, this pipeline does not currently account for electrode drift. Especially during
longer recordings of EDA signals, it is expected that there will be some drift in the
tonic component of the EDA signal, making it more difficult to attribute an increase
in that component to overall arousal changes versus drift in the electrodes. Future
work that uses this pipeline will want to include a process for removing drift from
the signal before inputting that signal into a model.

Finally, while the models we tested with, sparsEDA and cvxEDA, are listed as
being good options for processing EDA signals in real time (Posada-Quintero et al.
2016), there are other options and not all are based on tonic/phasic decomposition.
For example, spectral analysis has been growing in popularity over recent years.
This study did not test the efficacy of our pipeline’s output with models beyond
EDA decomposition. Some examples of other options that could be tested in future
work include ML (e.g., Veeranki et al. 2021), deep learning (e.g., Machot et al.
2019), convolutional neural networks (e.g., Sanchez-Reolid et al. 2022), and
biophysical modeling (e.g., Tronstad et al. 2022).

5. Conclusion

The main purposes of this study were to 1) develop a corrective script to fix signal
errors caused by the BioSemi LSL app and replicate processing conducted in
ActiView when recording EDA data, 2) establish an in-house standardized EDA
signal-preprocessing pipeline, and 3) test the output of the preprocessing pipeline
with phasic/tonic decomposition models to verify that the resulting signal
resembles EDA phasic and tonic components from previous literature. The aims of
this study were primarily applicable to our current and developing paradigms but
could be applied to a broader audience or researchers who wish to quantify EDA
signals in visual search paradigms. Given the results of this study, we make two
conclusions/recommendations when analyzing EDA data. First, because the
preprocessing pipeline performed well in this study, we recommend that future
research consider using the same five-step preprocessing pipeline for cleaning their
EDA signal data. While more testing is needed and there are other options for
cleaning data, like other ML techniques or wavelet-based approaches, our pipeline
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is automated and simple to implement. Second, considering the results running our
processed data through both sparsEDA and cvxEDA, the output from our
preprocessing pipeline appears to clean data well enough to get good estimates of
phasic and tonic features from the signal. The processing pipeline above provided
a solution to apply necessary corrections and remove artifacts in an automated and
standardized fashion for our EDA analysis. This was vital to interpret how stressful
events impacted our EDA event responses in related, in-house research paradigms.
The processing pipeline has external applications and can be adapted to broader
applications of physiological signal processing, especially EDA data that is
collected via BioSemi and LSL.
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ANS
CDA
DDA
EDA
EEG
HRV
IQR
LSL
SA
SCR
SD
VE

autonomic nervous system
Continuous Decomposition Analysis
Discrete Decomposition Analysis
electrodermal activity
electroencephalography

heart rate variability

interquartile range

lab streaming layer

situational awareness

skin conductance response
standard deviation

virtual environment
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