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Abstract— This study investigated the possibilities of an
everyday sock with textile electrodes in measuring
electrodermal activity (EDA). EDA data of 17 adult participants
was evaluated across video-based stimulation from three
different locations: finger, right foot, and sock (left foot). The
data was analyzed using cross-correlation and counting peaks in
the data. The results showed median cross-correlation of 0.83
and 0.88 for the derivatives of the data and the detrended data,
respectively, between the sock and the finger, and similarly 0.89
and 0.92 between the sock and the foot. In comparison, the
median cross-correlations between the finger and the foot were
0.74 and 0.80. In peak detection, the sock, the finger, and the
foot data had an average of 7.6, 11.1 and 10.6 peaks detected,
respectively. These promising preliminary results indicate that
sock-based measurement setup has great potential for future
development. This study is an important next step in the field,
as it is using the sock for measuring EDA during video-based
stimulation and compares the results to two other measurement
locations.

Keywords—textile electrode, sock, electrodermal activity
(EDA).

I. INTRODUCTION

By interpreting bio-signals, wearables can provide real-
time feedback and adapt to the user's requirements, giving a
better understanding of human activities [1]. Electrodermal
recording, used since the 1880s, is one of the most popular
bio-signals used in psychophysiology [2]. Arousal, stress,
psychological significance and intensity of stimuli are related
to electrodermal response (EDR), which is derived from
electrodermal activity (EDA) [2]. EDA refers to the alterations
in the electrical characteristics of the skin caused by
autonomic nervous system activity [2], [3]. By applying an
electrical potential between two points on the skin and
measuring the resulting electric current, skin conductance

measures EDA [2], [3]. Sweat glands, which are tiny
structures located in the skin, are responsible for producing
sweat. These glands release moisture via pores, which various
factors can trigger. As a result of changes in fluid balance,
units of EDA are expressed in micro-siemens [puS] [2]-[5].
EDA has two components: tonic and phasic. Tonic EDA
reflects slow changes in the autonomic nervous system
dynamics, while phasic EDA reflects the eccrine sweat gland's
evoked response to stimuli [6]. Typically, EDA is measured
from the hand finger, palmar site, wrist, or feet [2], [7]-[9],
[10],[11].

EDA measurements are useful in various sectors, e.g., to
determine the states of stress [10], [12], suicidal intention [13],
depression [13], bipolar disorder condition [14], and predict
seizures [15]. Besides the healthcare sector, EDA
measurements can help to understand the consumer's
emotions related to the product or their buying habits [16],
students’ cognitive learning experience in virtual reality (VR)
[17], for tracking emotionally significant events [18] and
studying learning and teaching activities [19],[20].

The entertainment sector, e.g., gaming, is using EDA,
heart rate (HR) and electromyography (EMG) measurements
to understand user experience. For example, a movie content-
based reaction study has used EDA to understand the
audience's responses to the content [21], while EDA and HR
variability have been used to establish a correlation between
psychological arousal and gaming experience [22]. A positive
link has been found between gamers' EDA and respiratory
activity and their emotional and cognitive states [23]. Sound
and music in fast-paced games have significantly impacted
game experience dimensions, which have been found to
correlate with EMG and EDA data of the players [24], while
virtual reality game experience has also been studied through
EDA and HR data [25]. A linear relationship between game
rewards and EDA arousal levels has been found [26], while



EDA has also been used to adjust difficulty and visual effects
[27]. A computer mouse that streams real-time pulse, EDA,
and skin temperature signals to enhance emotion analysis in
game design has been developed [28], and the sensation of
presence in video games has been studied based on EDA [29].

There are different types of wearable setups for EDA
measurement, such as wristband-type setups with Ag/AgCl
electrodes [12], [30], ring-type setups [31], and lately sock-
based setups [32], which can bring EDA measurements to our
daily lives. As the next steps towards such daily
measurements, this paper studies the possibilities of an
everyday sock with textile electrodes in measuring EDA
across video-based stimulation from three different locations:
finger, right foot, and sock (left foot). The ability of the sock
to follow the finger and the foot in terms of rises and falls of
EDA signal is evaluated.

The paper is structured as follows: Section 2 describes the
materials, the electrodes' fabrication, and their integration into
the sock. Section 3 explains the measurement setup, data
acquisition process, and measurement protocol. Section 4
discusses the data analysis process. Section 5 presents the
results and discussion, and Section 6 provides the conclusions
of this study and discusses the needed next steps.

II.  SOCK PROTOTYPE FABRICATION

The textile electrodes were created using copper-based
electro-textile from "Pure copper polyester taffeta' fabric
obtained from Less EMF, Inc. This polyester fabric has a
copper plating that gives it a surface resistance of less than
0.05 ohm/square [33]. It is 0.08 mm thick and contains 35%
copper per 880 g/m?.

Fig 1 depicts the full construction of the textile electrodes.
The diameter of the electrode was 15.00 mm. The copper
electro-textile was attached with the ethylene propylene diene
monomer (EPDM) foam of 2mm thickness to make a
measuring base. The diameter of the base foam was 19.00
mm. This EPDM substrate was attached with a metal snap to
the sock.
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Fig. 1. Electrode construction (left), copper-based textile electrode
(diameter = 15mm) (middle), the outer surface of the sock with metal snap

(right)
III. MEASUREMENT SETUP AND PROTOCOLS

A. Measurement setup

This study measured the electrodermal activity using a
Shimmer3 GSR+ device. The manufacturer-provided
computer application was utilized to connect the device to the
laptop. This Shimmer3 GSR+ comes with a 450 mAh
rechargeable Li-ion battery that can last up to 2+ days in the
local data storage mode or 8+ hours in the streaming mode
before needing a recharge. The device has a measurement
range of 10k-4.7MQ (.2uS — 100uS) +/- 10%, and 22k-680kQ
(1.5-45uS) +/- 3% for EDA measurement and the data
sampling frequency is 128 Hz [34], [35]. The Shimmer3
GSR+ devices were connected to the Shimmer Dock, which
was connected to a laptop and controlled by a computer
software ConsensysPRO. This dock acts as a charger and

connection point for Shimmer devices and software for data
collection. The raw measured data was saved in a comma-
separated values file (CSV).

EDA measurements were made from three different
locations (See Fig. 2): finger, right foot, and sock (left foot).
The right foot and the finger were measured with standard dry
electrodes while textile electrodes were used in the sock.

Fig. 2. Measurements made with Shimmer3 GSR+ devices from three
different locations: finger, right foot, and sock (left foot). The right foot and
the finger were measured with standard dry electrodes while textile
electrodes were used in the sock.

B. Measurement protocol

The study included 18 healthy adult participants. Due to
an error in the measured data, one participant’s data was
removed for final analysis. There were eight male and ten
female participants. The participants gave their informed
consent to participate in this study.

The measurements were taken in a quiet measurement
room in a single measurement protocol, which included six
different types of stimulation: emotional videos, emotional
images, emotional audios, movement of participants, touch
stimulation, and clapping sounds. The measurement protocol
for electrodermal activity measurement was as follows in Fig.
3. In this article, the interest is the entertainment sector, i.e.,
gaming, and thus only EDA data of the video stimulations is
reported.

Each video session contains a relaxation video and a
stimulus video. The six different types of stimulus videos were
as follows: amusement (91 seconds), fear (41 seconds),
amusement (33.12 seconds), fear (64 seconds), amusement
(71.62 seconds), fear (42.07 seconds). The length of the
relaxation video was 31.2 seconds. In this article only EDA
data of the video stimulations is reported.
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Fig. 3. Measurement protocol of six different types of stimulation
(Emotional videos, emotional images, emotional audios, movement of
participants, touch stimulation, and clapping sounds).

IV. DATA ANALYSIS

First, all the data was smoothed with weighted moving
average with Gaussian kernel. The kernel size is 81 timesteps
(0.8 s), the standard deviation is 15 steps, and kernel is
normalized so that the sum of the weights is one (see Fig. 4.).
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Fig. 4. Data smoothing with weighted moving average. Left: Close-up of
the raw data (red) and the smoothed data (blue). Right: The Gaussian kernel
used in the convolution computing the moving average.

The smoothed data from sock was compared to foot and
finger two ways using the cross-correlation: The cross-
correlation for the derivatives of the data and detrended data
were computed. This way the transformed data varies around
zero and cross-correlation is a meaningful measure of the
similarity of the data in terms of peaks caused by stimuli. The
derivative for each datapoint is computed as the slope of the
line going through the datapoints at 10 timesteps earlier and
10 steps later. The data is detrended by subtracting the least
squares fit line from the data (see Fig. 5). The cross-
correlations were computed without lags.
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Fig. 5. Detrending the data. Smoothed data (blue), its linear trend (cyan),
and the detrended data (= data minus the trend) (magenta).

The smoothed data was also compared by determining the
peaks in the data and computing the number of peaks in each
sock, foot, and finger data collected at the same time from the
same user. The peaks were determined using MATLAB’s
findpeaks function such that the minimum peak distance
between two peaks is 50 timesteps and the minimum peak
prominence is two percent of the maximum difference in data
values in the sock, the foot, and the finger data (see Fig. 6 for
an example of detected peaks).
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Fig. 6. Example of peak detection from the smoothed data.

V. RESULT AND DISCUSSION

Table I shows the cross-correlation statistics of the EDA
derivative and detrended EDA data from the 102
measurements with 17 participants, each with 6 videos.

TABLE L CROSS-CORRELATION OF EDA DATA BETWEEN THE SOCK
AND FINGER
Cross-correlation between the sock and finger data
Derivatives Detrended
Minimum: 0.096 0.352
Median: 0.829 0.876
Maximum: 0.986 0.998
Mean: 0.747 0.837
Standard deviation: 0.220 0.156

Table I shows that the median cross-correlation between
the derivatives of sock and finger data was 0.829 and with the
detrended data it was 0.876. The corresponding means were
0.747 and 0.837. These values suggest a strong similarity
between the signals. The maximum values of 0.986 and 0.998
indicate extremely strong similarity in some cases. On the
other hand, the minimum correlations measured were only
0.096 and 0.352, which indicate dissimilarity. Moreover, the
standard deviations of 0.220 and 0.156 imply large variability,



and that there are more than a few cases where the similarity
between the sock and the finger is low.

TABLEII. CROSS-CORRELATION OF EDA DATA BETWEEN THE SOCK
AND Foot
Cross-correlation between the sock and foot data
Derivatives Detrended
Minimum: 0.086 0.306
Median: 0.890 0.920
Maximum: 0.984 0.990
Mean: 0.750 0.851
Standard deviation: 0.279 0.165

Table 11 shows the same cross-correlation statistics for the
sock and the foot data as Table I. The values are slightly higher
than for the sock and the finger. This indicates that the sock
data is more like the foot data than to the finger data, but on
the other hand, there still are cases with low similarity.

The finger and foot measurement data collected at the
same time with the sock were considered as reference data to
assess the usefulness of sock measurements. To gain better
idea what the results of Table I and II say about the similarity
and usefulness of the sock measurements, we need to check
what the same analysis shows about the cross-correlations
between the finger and the foot data. Table III shows the same
cross-correlation statistics for the sock and the foot data as
Table 1.

TABLE IIL CROSS-CORRELATION OF EDA DATA BETWEEN THE FOOT
AND FINGER
Cross-correlation between the Foot and Finger data
Derivatives Detrended
Minimum: 0.089 0.251
Median: 0.738 0.803
Maximum: 0.976 0.982
Mean: 0.626 0.753
Standard deviation: 0.271 0.187

The results from Table III show that the statistics are
similar to Tables I and II, but the values are smaller except for
the standard deviation. Thus, the finger and foot data are not
more similar or correlated to each other than they are to the
sock. If we assume that the finger and the foot data are both
good and useful data, then the above cross-correlation data for
the sock are even better than they appear in isolation as we
cannot expect them to be much better than what they are
between the finger and the foot data.

To analyze the usefulness of the sock data in addition to
the correlations, the number of peaks found in the data were
determined as explained in the section IV. Table IV shows the
statistics of the number of peaks detected in the sock, finger,
and foot data. The statistics show that overall less peaks were
detected in the sock data than in the foot and finger data, and
the median was 7 for the sock compared to 10 and 9 in finger
and foot, respectively. But there was large variability in the
number of peaks detected as the minimum was zero for the
sock, finger, and foot whereas the maximums were 36, 53, 53
for the sock, finger, and foot.

TABLE IV. DETECTED PEAKS FROM SOCK, FINGER, AND FOOT FROM

EDA DATA

Peak detection from sock, finger, and foot
Sock Finger Foot
Minimum: 0 0 0
Maximum: 36 53 53
Median 7 10 9
Total: 764 1129 1079
Mean: 7.64 11.07 10.58

To analyze further the peak detection, we computed the
statistics of the differences of detected peaks in each
measurement between the finger and the sock and the foot and
the sock. Table V shows statistics of these differences, and
they confirm what Table IV showed, that in each measurement
the sock data had on average about 3.5 less peaks detected
than in the finger data, and about 3 less peaks detected than in
the foot data. The sock is closer to the finger data in term of
smaller variability in the differences of the detected peaks as
the standard deviation was about 4 compared to over 8 for the
foot. However, the median difference was smaller for the foot,
as it was 1 compared to 3 for the finger.

TABLE V. THE DIFFERENCE IN THE NUMBER OF PEAKS BETWEEN
FINGER-SOCK AND FOOT-SOCK
The difference in the number of peaks
Between finger and | Between foot and sock
sock
#peaks(finger) - #peaks(foot) -
#peaks(sock) #peaks(sock)

Minimum: -6 -13
Median: 3 1
Maximum: 17 49
Mean: 3.58 3.09
Standard deviation: 4.10 8.64

To better explain the differences in the detected number of
peaks, we should analyze further the data and the peak
detection method. For example, do the finger and the foot data
contain more peaks that are data artefacts in some sense,
which would explain most of the observed difference. On the
other hand, the number of detected peaks depend on the used
peak detection method and its parameters such as the
minimum peak distance and the minimum peak prominence.

These promising results are in line with earlier studies in
the field. Previously, multiple parts of the body have been
studied for EDA measurements (fingers, abductor hallucis of
the foot, arch of the foot, toes, forehead, and wrist), and toes
have been found to provide the most similar results to fingers
[36]. Further, foot has been suggested to be suitable for daily
life measurements, even when the person has moderate
movements [37], while high within-subject correlation has
been found between the EDA data acquired from fingers and
feet [38]. Finally, in a recent study, a sock-based EDA
measurement setup obtained up to 95% Pearson correlation
between the sock and finger and the mean consensus for peaks
in the two locations was 69% [32]. Our study has taken an
important next step in the field, by successfully using a sock
for measuring EDA during across video-based stimulation
from three different locations: finger, right foot, and sock (left
foot).
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VI. CONCLUSION

A sock-based measurement setup would enable daily EDA

monitoring, and it has versatile potential applications, e.g., in
healthcare, education, and gaming. This study provided very
promising preliminary results that help developing clothing-
based EDA measurement technologies. However, the current
data needs to be further analysed to, e.g., understand the
reasons behind the differences in the number of recorded
peaks. The next step is to analyse other parts of the
measurement protocol, i.e., how EDA during other types of
stimulations was measured from different locations.
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