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Abstract— Objective: Electrodermal activity (EDA) has been 

widely used to assess human response to stressful stimuli, 
including pain. Recently, spectral analysis of EDA has been found 
to be more sensitive and reproducible for assessment of 
sympathetic arousal than traditional indices (e.g., tonic and phasic 
components). However, none of the aforementioned analyses 
incorporate the differential characteristics of EDA, which could be 
more sensitive to capturing fast-changing dynamics associated 
with pain responses. Methods: We have tested the feasibility of 
using the derivative of phasic EDA and the modified time-varying 
spectral analysis of EDA. Sixteen subjects underwent four levels of 
pain stimulation using electric stimulation. Five-second segments 
of EDA were used for each level of stimulation, and pre-
stimulation segments were considered stimulation level 0. We used 
support vector machines with the radial basis function kernel and 
multi-layer perceptron for three different scenarios of stimulation-
level classification tasks: five stimulation levels (four levels of 
stimulation plus no stimulation); low, medium, and high pain 
stimulation (stimulation levels 0-1, 2, and 3-4, respectively); and 
high stimulation levels (stimulation levels 3-4) vs. no stimulation. 
Results: The maximum balanced accuracies were 44% (five 
stimulation levels), 63% (for low, medium, and high pain 
stimulation), and 87% (sensitivity 83% and specificity 89%, for 
high stimulation vs. no stimulation). Conclusion: The differential 
characteristics of EDA contributed highly to the accuracy of pain 
stimulation level detection of the classifiers. The external validity 
dataset was not considered in the study. Significance: Our 
approach has the potential for accurate pain quantification using 
EDA. 
 

Index Terms—electrodermal activity, machine learning, pain, 
phasic component, spectral analysis, tonic component 
 

I. INTRODUCTION 
ntensity of pain is commonly assessed using scales in which 
the person suffering pain reports a number, a color code, a 

facial  expression, that best describes the level of pain being 
experienced [1], [2]. Although these scales are widely used in 
practice [3], they are highly variable and subjective. This 
subjectivity can be exploited by patients, in the worst case, to 
deceive medical providers to obtain access to painkillers such 
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as opioids, which can potentially cause drug misuse and 
overdose [4], [5]. If pain can be objectively measured using 
physiological signals, this risk can be minimized.  Furthermore, 
as the scales are trust-based, if the doctor does not trust the 
patient, or has a racial or gender bias, he or she could 
underestimate a patient’s pain sensations, affecting the 
treatment. An objective measure of pain would guide doctors in 
providing appropriate pain management and treatment. 

Human response to pain includes a set of autonomic 
activations [6].  Specifically, the sympathetic nervous system 
reaction is the most sensitive to pain stimulus intensity [7], [8].  
Electrodermal activity (EDA) is a sensitive measure of 
sympathetic function [9]–[11], which makes it an ideal sensor 
for pain detection. Several features in both the time- and 
frequency-domain of EDA signals have been proposed to 
evaluate the sympathetic arousal [9]. However, questions 
remain of whether the features can successfully detect pain 
responses in EDA given the short-lasting and instantaneous 
characteristics of some pain. We hypothesize that differential 
characteristics of EDA are more suitable for quantifying pain 
stimuli in EDA signals, as they extract the faster-changing 
dynamics of the signal.  

The EDA signal has two salient components, the tonic (slow, 
low frequency) and phasic (rapid, higher frequency) [9], [12], 
which have been shown to be concomitantly sensitive to 
sympathetic arousal [13]. There are several algorithms 
available for tonic/phasic decomposition of EDA [9]. These 
algorithms also estimate the phasic drivers that represent the 
underlying sympathetic activation which are represented in the 
dynamics of EDA. Their techniques have been tested using 
various datasets but mostly related to emotion and stress. It is 
not clear if they are also sensitive to various pain stimulation 
levels.  

There is no clear understanding of the mechanisms involved 
in the interplay between pain and the autonomic reactions, but 
it is well known that noxious painful stimuli cause autonomic 
reactions, and that autonomic activity affects pain responses 
[14], [15]. Furthermore, the intensity of the pain stimulus [16]–
[19], rather than the pain experienced by the subject, has 

All authors are with the Biomedical Engineering Department, University of 
Connecticut, Storrs, CT 06268 USA  

(e-mail: youngsun.kong@uconn.edu, hugo.posada-quintero@uconn.edu, 
ki.chon@uconn.edu). 

Sensitive Physiological Indices of Pain based on 
Differential Characteristics of Electrodermal 

Activity 
Youngsun Kong, Member, IEEE, Hugo F. Posada-Quintero, Member, IEEE, and Ki H. Chon, 

Member, IEEE 

I 

Authorized licensed use limited to: UNIVERSITY OF CONNECTICUT. Downloaded on March 16,2021 at 18:31:01 UTC from IEEE Xplore.  Restrictions apply. 



0018-9294 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TBME.2021.3065218, IEEE
Transactions on Biomedical Engineering

TBME-01810-2020 2 

stronger correlation to autonomic reactions [7].  In the rank of 
importance of autonomic reactions to pain, the sympathetic 
function is the most sensitive to stimulus intensity [7], [8].   

EDA is the measure of the response due to modulated skin 
conductance produced by sweat gland activity (expressed in 
microsiemens [µS]) [12], [20]–[22]. It is frequently measured 
in plantar and palmar sites because sweat glands in those sites 
are denser than other body sites [22], [23].  Several studies 
showed that EDA is a good measurement tool for evaluating 
sympathetic arousal [24], [25].  Both tonic and phasic (which 
comprises the skin conductance responses, SCRs) components 
are widely used to assess sympathetic arousal [12], [26]–[29].  
Tonic/phasic decomposition has been studied by various 
research groups.  Among the available algorithms developed for 
such a task, continuous decomposition analysis [30], discrete 
decomposition analysis [30], dynamic causal modeling [31], the 
convex optimization approach [32], and the sparse 
deconvolution approach [33] are the most widely used. 
Furthermore, several EDA analysis methods for sympathetic 
arousal tracking have recently been developed and their 
sensitivity and reproducibility have been demonstrated to be 
outstanding, including a sparse decomposition approach with 
physiological priors [34], a marked point process filtering 
approach [35], a mixed filter algorithm [36], an index of 
sympathetic control based on the power spectral analysis of 
EDA  [37], and variable frequency complex demodulation 
(termed TVSymp) [38]. We selected TVSymp for analysis 
because of its highly sensitive and consistency for sympathetic 
tone assessment (especially pain) [27], [38]–[40].  

In this study, we aimed to test features based on the 
differential characteristics of EDA, along with the 
aforementioned approaches for EDA decomposition and 
spectral analysis, for classification and regression of various 
stimulation levels.  

II. MATERIALS AND METHODS  

A. Subjects 
The study protocol was approved by the Institutional Review 

Board of the University of Connecticut. Sixteen healthy 
volunteers (7 males and 9 females) in the age range 25.6 ± 4.8 
(mean ± standard deviation), were enrolled in this study. 

 

B. Stimulation 
Pain stimulation was induced using electric pulses. A 

programmable stimulus isolation adapter (STMISOC, BIOPAC 
Systems, Inc.) was used to adjust stimulation pulses. The 
stimulation was delivered through two disposable silver/silver 
chloride (Ag/AgCl ) electrodes located on the right forearm (5 
cm apart), following the recommendations from the safety 
advisory board [41]. For each subject, we first determined the 
maximum stimulation level that evoked a pain level of 7 out of 
10 visual analogue scales, labelled as Smax. The stimulation 
pulse amplitude was variable, while the pulse width was fixed 
to 10 ms. We defined 4 stimulation intensities by varying the 
pulse amplitude to 25% (“level 1”), 50% (“level 2”), 75% 

(“level 3”) and 100% (“level 4”) of Smax. A pseudo-random 
sequence of 40 stimuli with the four different amplitudes was 
programmed. The inter-stimulus interval was randomly set 
between 10-30 seconds. After each stimulus, subjects were 
asked to report their pain level (0 to 10).  All of the 5-second 
windows before each stimulus were used as “level 0” instances 
(no stimulation). 

 

C. Devices  

 
Fig. 1. Placement of stimulation and EDA electrodes. 

 
A galvanic skin response device (GSR MP160) and an 

amplifier (BIONAMADIX 2CH Amp) were used to collect 
EDA data from the subject’s left middle and index fingers 
during the stimulation.  The skin where electrodes were placed 
was cleaned with alcohol before the experiment. The EDA 
signals were recorded at 500 Hz. Figure 1 illustrates the 
placement of stimulation and EDA electrodes. 

 

D. Signal processing  
1) Decomposition of EDA into tonic and phasic components 

In the pre-processing stage, EDA data were down-sampled 
to 4 Hz, then a median filter (1-sec window) and a low-pass FIR 
filter (cut-off frequency = 1Hz) were applied. The traditional 
processing of EDA signals consists of decomposition into tonic 
and phasic components.  We used five different techniques for 
tonic/phasic decomposition of EDA: continuous decomposition 
analysis (CDA) [30], discrete decomposition analysis (DDA) 
[30], dynamic causal modeling (DCM) [31], the convex 
optimization approach (cvxEDA) [32], and the sparse 
deconvolution approach (sparsEDA) [33]. MATLAB 
implementations of these algorithms are available online [9]. 
We used the matching pursuit algorithm implementation of 
DCM. We also tried the VBA implementation of DCM, but 
those results were not included as we obtained almost identical 
results to those obtained with the matching pursuit algorithm 
[42]. Because DCM does not provide the tonic component, we 
simply subtracted estimated phasic components from EDA 
signals to obtain the tonic component. The features for 
stimulation-level classification were the mean levels for the 
phasic components and the maximum levels for the phasic 
driver components of EDA obtained with each approach over 
the 5-sec windows starting right after each stimulus. 

 
2) Derivative of phasic EDA 

We have also computed the derivative of the phasic 
component of EDA as an index of pain. We hypothesize that in 
contrast to other types of stimulus (e.g. stress) the phasic 
component of EDA changes faster in response to pain. We 
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aimed to test if the derivative of phasic EDA (dphEDA) will 
improve the performance of stimulation-level classification. 
We computed dphEDA for each of the five approaches using 
the 5-point stencil central finite differences equation [43], for 
each sample n, as follows: 

 
𝑑𝑝ℎ𝐸𝐷𝐴(𝑛) = !(#$%)$'∙!(#$))*	'∙!(#*))$!(#*%)

)%	∙()/-.)
         (1) 

 
where 𝑓𝑠 is the sampling frequency (4 Hz), and 𝑃 is the phasic 
component of EDA obtained with the five different 
decomposition approaches. We have chosen equation (1), 
which uses a moving window of 1.25 s, by considering the 
sampling rate and the typical rising time of SCRs (between 1 
and 5 seconds) [9].  
 
3) The modified time-varying index of EDA 

In addition, we obtained an index using the spectral analysis 
of EDA to quantify the elicited sympathetic response to pain 
using the approach reported in [38], modified by including a 
differential computation [40]. For this analysis, EDA signals 
were down-sampled to 2 Hz and then high-pass filtered at 0.01 
Hz, as the frequency ranges of EDA response elicited by the 
sympathetic functions are between 0.045-0.25 Hz [37]. 
Variable frequency complex demodulation (VFCDM) [44], 
[45] was used to compute the time-frequency spectra (TFS) of 
EDA signals, and is briefly described here. The first step is the 
complex demodulation (CDM) to obtain an estimate of the TFS. 
A bank of low pass filters decomposes the signal into a set of 
signals with spectral content limited to certain bands. The 
Hilbert transform is used to convert the signals into analytic 
signals.  Finally, the instantaneous amplitude, frequency, and 
phase is obtained for each signal. For the mathematical function 
CDM, let 𝑥(𝑡) to be a narrow-band sinusoidal signal oscillation 
whose spectrum is centered at 𝑓/, with instantaneous amplitude 
𝐴(𝑡), phase 𝜑(𝑡), and the direct current component 𝑑𝑐(𝑡) 
defined as: 
 
𝑥(𝑡) = 𝑑𝑐(𝑡) + 𝐴(𝑡)𝑐𝑜𝑠(2𝜋𝑓/𝑡 + 𝜑(𝑡)).       (2) 
 

For a given center frequency, we can extract the 
instantaneous amplitude information 𝐴(𝑡) and phase 
information 𝜑(𝑡) by multiplying 𝑥(𝑡) by	𝑒$0%1-!2, which 
results in the following: 
 
𝑧(𝑡) = 𝑥(𝑡)𝑒$0%1-!2	
= 𝑑𝑐(𝑡)𝑒$0%1-!2 + :3(2)

%
; 𝑒04(2) + :3(2)

%
; 𝑒$0(51-!2*4(2)).  (3) 

 
A leftward shift by 𝑒$0%1-!2 moves the center frequency 𝑓/ to 

zero frequency in the spectrum of 𝑧(𝑡). If 𝑧(𝑡) is subjected to 
an ideal low-pass filter with a cutoff frequency 𝑓6 < 𝑓/, then the 
filtered signal 𝑧)!(𝑡) will contain only the component of 
interest, and we obtain: 

 
𝑧)!(𝑡) = :3(2)

%
; 𝑒04(2)              (4) 

𝐴(𝑡) = 2|𝑧)!(𝑡)|                (5) 
𝜑(𝑡) = 𝑡𝑎𝑛$) :78(9"#(2))

:;(9"#(2))
;            (6) 

Consider the case of a non-fixed modulating frequency 
which varies as a function of time. For that case, the signal 𝑥(𝑡) 
can be written in the following form: 
𝑥(𝑡) = 𝑑𝑐(𝑡) + 𝐴(𝑡) :∫ 𝑐𝑜𝑠(2𝜋𝑓(𝜏)𝑑𝜏 + 𝜑(𝑡))2

/ ;.  (7) 
 
In the same way as in (2) and (3), multiplying (7) by 

𝑒$0 ∫ %1-(=)>=$
!  produces instantaneous amplitude, 𝐴(𝑡), and 

instantaneous phase, 𝜑(𝑡) [46], so that: 
𝑧(𝑡) = 𝑥(𝑡)𝑒$0 ∫ %1-(=)>=$

!   
= 𝑑𝑐(𝑡)𝑒$0 ∫ %1-(=)>=$

! + 3(2)
%
𝑒04(2) + 3(2)

%
𝑒$0 ∫ 51-(=)>=$

!  (8) 
 

From (8), when 𝑧(𝑡) is filtered with an ideal low-pass filter 
with a cutoff frequency 𝑓6 < 𝑓/, then the filtered signal 𝑧)!(𝑡) 
will be obtained with the same instantaneous amplitude A(t) 
and phase 𝜑(𝑡) as provided in (5) and (6). The instantaneous 
frequency, as reported previously [47], is given by: 
 
𝑓(𝑡) = 𝑓/ +

)
%1

>4(2)
>2

               (9) 
 

We have used the EDA signal as 𝑥(𝑡). The spectral content 
of the resulting components depends on the sampling frequency 
(fs).  Given that fs = 2 Hz, the spectral frequencies are centered 
on 0.04 Hz, 0.12 Hz, 0.2 Hz, 0.28 Hz, 0.36 Hz, 0.44 Hz, 0.52 
Hz, 0.6 Hz, 0.68 Hz, 0.76 Hz, 0.84 Hz and 0.92 Hz.  We used 
the components whose spectral content lies in the frequency 
range that was found to correspond to the sympathetic dynamics 
(0.045-0.25 Hz) [37]. For this reason, time-varying spectral 
amplitudes in the second and third components were summed 
together to obtain an estimated reconstructed EDA signal 
(𝑋′(𝑡)), which was then normalized to unit variance (divided by 
its standard deviation). Its instantaneous amplitude was 
computed using the Hilbert transform [48], as follows: 
 

𝑌′(𝑡) = )
1
𝑃D ?@(=)

2$=
𝑑𝜏

A

$A
              (10) 

 
where P indicates the Cauchy principal value.  𝑋′(𝑡) and 𝑌′(𝑡) 
form the complex conjugate pair, so we can define an analytic 
signal, 𝑍(𝑡), as 
 
𝑍(𝑡) = 𝑋′(𝑡) + 𝑖𝑌′(𝑡) = 𝑎(𝑡)𝑒0B(2)         (11) 
in which 
𝑎(𝑡) = [𝑋′%(𝑡) + 𝑌′%(𝑡)]) %C 	 	
𝜃(𝑡) = 𝑎𝑟𝑐𝑡𝑎𝑛(𝑌′(𝑡)/𝑋′(𝑡))            (12) 
 

The resulting 𝑎(𝑡) is the instantaneous amplitude of 𝑍(𝑡).  
For computing the modified time-varying index of EDA, 
MTVSymp, the difference in value of 𝑎(𝑡) with respect to the 
mean value of 𝑎(𝑡) for the previous 5-sec window was 
computed.  This process enhances the changes in the signal and 
partially removes other possible sources of arousal (e.g., 
underlying stress). Negative values were set to 0. 

 
𝑀𝑇𝑉𝑆𝑦𝑚𝑝 = 𝑚𝑎𝑥 :0, 𝑎(𝑡) − 𝑚𝑒𝑎𝑛U𝑎(𝑡 − 𝑤: 𝑡)X;   (13) 
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where w is a time window. Several values of w were tested and 
w was finally set to 5 seconds. The resulting MTVSymp for a 
given subject is shown in Figure 3 (b). This value constitutes 
our intended index of sympathetic reaction to pain. Notice that 
EDA was normalized by its standard deviation in the process of 
computing MTVSymp, making this parameter dimensionless.  
 

E. Statistical analysis between stimulation levels 
We evaluated the differences between pain stimulation levels 

(0 through 4), for the phasic driver, the phasic and tonic 
components obtained using the five decomposition approaches, 
plus the differential characteristics dphEDA and MTVSymp. 
We tested the normality of the measures of EDA for the 
different stimulation levels using the Kolmogorov-Smirnov test 
[49]–[51]. As all data were non-normally distributed, we used 
Dunn's test to compare parameters at different stimulation 
levels. Dunn’s test is a non-parametric analog-to-multiple-
pairwise t-test following rejection of an ANOVA null 
hypothesis [52].  A p-value < 0.05 was considered statistically 
significant. 

 

F. Stimulation level classification and regression 
As stimulus levels of pain are ordinal, ordinal regression (or 

classification) should be considered, however, typical 
classification approaches will perform similarly because the 
features are correlated with stimulus levels of pain. We have 
five groups, as we have stimulation levels from 0 to 4. For 
stimulation-level classification, a support vector machine with 
radial basis function kernel (R-SVM) and multi-layer 
perceptron (MLP) method were tested. For R-SVM, parameter 
C and gamma were selected from 10D (k varied from -2 to 3 and 
from -4 to 1, respectively), based on the balanced accuracy for 
each fold using grid-search cross-validation with five-subject 
fold. The one-vs.-rest approach was applied. For MLP, four 
parameters were optimized based on cross-entropy loss for each 
fold using grid-search cross-validation with five-subject fold. 
The number of hidden layers were chosen between 1-4 with 100 
hidden units. The activation functions were chosen among 
logistic, tanh, and rectifier unit. The optimizers were selected 
among the stochastic gradient decent (SGD), Adam, and limited 
memory Broyden–Fletcher–Goldfarb–Shanno algorithm [53]–
[55]. The initial learning rates were tested among 0.0001, 0.001, 
and 0.01. The learning rate was divided by 5 when two 
consecutive epochs failed to decrease for the SGD optimizer. 
The maximum number of epochs was set as 200. These 
algorithms were used to classify pain stimulation levels using 
phasic components only, including dphEDA, including 
MTVSymp, and including both. Given the reduced size of the 
dataset, we used leave-one-subject-out cross-validation to 
evaluate the performance of the ML models [56]. In addition to 
classification, we also tested R-SVM and MLP regressors. 
Their parameters were selected using the same method as for 
the classification approach, based on the coefficient of 
determination. To compensate for imbalanced datasets, we up-
sampled the dataset using SVM-SMOTE [57], [58]. Moreover, 

baseline classifiers and regressors (Zero-R) were trained to 
observe the baseline performance as a benchmark for other 
classifiers and regressors. The Zero-R classifiers and regressors 
predicted stimulus levels to be the most frequent label in the 
training set and the mean of the training set, respectively. 
Scikit-learn and imbalanced-learn Python packages were used 
for both classification and regression, and the oversampling 
technique, respectively [59], [60]. 

 

G. Classification and regression performance evaluation 
The dataset is imbalanced, as every sample of a given 

stimulation level has a corresponding level 0 sample. In other 
words, level 0 samples comprise 50% of the dataset. For this 
reason, instead of classification accuracy, we have computed 
mean balanced accuracy as the overall measure of performance, 
calculated using the number of correct classifications into the 
given groups (stimulation level 0 to 4), divided by the total 
number of classifications performed (number of subjects). In 
addition to the classification metric, we also calculated 
regression evaluation metric macro-averaged root-mean-
square-error (M-RMSE) and the mean absolute error (M-
MAE), as the target (i.e., stimulus levels) to be classified is 
ordinal [61], [62]. M-RMSE and M-MAE were calculated by 
averaging RMSE and MAE of each class, in order to 
compensate for the imbalanced dataset. For evaluating 
performance of regressors, the coefficient of determination, M-
RMSE, and M-MAE were calculated. 

III. RESULTS 

 
Fig. 2.  EDA and stimulation level. 

 
Figure 2 includes the collected raw EDA and stimulation 

levels for a given subject. The stimulation level (red) has four 
different levels, shown in the right y-axis of the figure.  The 
EDA response ranged from 0 to about 20 microsiemens (µS). 
Noticeably, most of the stimulation pulses elicited one or more 
SCRs. SCRs of different amplitudes can be observed 
throughout the stimulation. Figure 3 shows a segment of the 
resulting dphEDA of cvxEDA and MTVSymp for a given 
subject. Steep rise on the phasic component of EDA, dphEDA, 
and MTVSymp after each stimulus can be observed. 

 
Figure 4 shows a segment of the resulting tonic and phasic 

components of EDA using CDA, DDA, DCM, cvxEDA, and 
sparsEDA. The tonic component estimations by cvxEDA and 
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CDA capture the lower contour of the raw EDA signal. The 
tonic component obtained with DCM includes higher 
frequencies (more fluctuations) when compared to other 
approaches. 

 
Table 1 shows the significant differences encountered 

between levels of stimulation (0 through 4).  The phasic 
components obtained using DCA, DCM, and cvxEDA 
exhibited significant differences between level 1 and level 0.  
Only DCM exhibited differences between level 2 and level 0. 
In level 3, sparsEDA exhibited significant differences to level 
1, whilst DCM exhibited differences to levels 0 and 1, and CDA 
and cvxEDA exhibited differences to levels 1 and 2.  In level 4, 
CDA, DDA, cvxEDA, and sparsEDA exhibited significant 
differences to levels 0, 1, and 2.  DCM exhibited significant 
differences to all the lower levels of stimulation (0 through 3). 
All phasic drivers’ estimations showed significant differences 
between level 0 and all other levels. In level 3, all phasic drivers 
exhibited significant differences from level 0 and level 1, while 
DCM, cvxEDA, and sparsEDA also showed significant 
difference to level 2. Phasic drivers with level 4 stimulation 
were significantly different from level 0 through 2. No tonic 
component exhibited significant differences between 
stimulation levels. 

 
Fig. 4. Tonic (top), and phasic (bottom) components using CDA, DDA, DCM, 
cvxEDA, and sparsEDA 

TABLE I 
COMPARISON OF EDA DECOMPOSITION METHODS WITH MEAN VALUES OF EACH FEATURE (MEAN ± STANDARD DEVIATION) 

Approach Component Level 0 Level 1 Level 2 Level 3 Level 4 
CDA phasic (µS) 0.65±0.61 0.52±0.58 0 0.57±0.47 0.79±0.66 1, 2 1.1±1.2 0, 1, 2 
 tonic (µS) 7.4±5 6.8±5.1 7.2±5.1 8±5.3 7.6±4.6 
 dphEDA (µS) -0.07±0.13 0.066±0.13 0 0.11±0.13 0 0.18±0.19 0, 1 0.31±0.32 0, 1, 2 
 phasic driver (a.u.) 0.44±0.67 0.83±1 0 1.1±0.84 0 1.6±1.3 0, 1 2.3±2.2 0, 1, 2 
DDA phasic (µS) 3±2.4 2.6±2.1 2.8±2.4 3.2±2.7 3.6±2.6 0, 1, 2 
 tonic (µS) 5±4.4 4.6±4.3 5±4.5 5.4±4.7 5±4.2 
 dphEDA (µS) -0.068±0.14 0.06±0.14 0 0.086±0.13 0 0.18±0.19 0, 1, 2 0.31±0.33 0, 1, 2 
 phasic driver (a.u.) 1.1±1.4 0.79±0.82 1±1 1.4±1.5 0, 1 1.9±2.3 0, 1 
DCM phasic (µS) -0.22±0.41 -0.11±0.4 0 -0.03±0.36 0 0.084±0.48 0, 1 0.33±0.6 0, 1, 2, 3 
 tonic (µS) 8.2±5.1 7.4±5.1 7.8±5.2 8.7±5.4 8.3±4.8 
 dphEDA (µS) -0.031±0.12 0.083±0.11 0 0.11±0.12 0, 0.17±0.16 0, 1, 0.26±0.24 0, 1, 2 
 phasic driver (a.u.) 1.3±0.98 1.5±1 0 1.7±1 0 2.1±1.2 0, 1, 2 2.3±1.5 0, 1, 2 
cvxEDA phasic (µS) 1.2±2.1 1.1±2.9 0 1.1±2 1.1±1.4 1,2 1.8±2.6 0, 1, 2 
 tonic (µS) 6.8±5 6.2±5.4 6.7±5 7.6±5.2 6.8±4.6 
 dphEDA (µS) -0.066±0.18 0.08±0.16 0 0.11±0.16 0 0.19±0.22 0, 1 0.31±0.38 0, 1, 2 
 phasic driver (a.u.) 2.4±6.4 3.7±7.5 0 4.2±6.5 0 4.6±3.8 0, 1, 2 6.9±9.3 0, 1, 2 
sparsEDA phasic (µS) 0.3±0.77 0.24±0.72 0.3±0.72 0.53±0.92 1 0.59±0.9 0, 1, 2 
 tonic (µS) 7.7±5 7.1±5 7.5±5 8.2±5.3 8.1±4.7 
 dphEDA (µS) -0.071±0.12 0.07±0.24 0 0.11±0.19 0 0.19±0.19 0, 1 0.32±0.32 0, 1, 2 
 phasic driver (a.u.) 0.11±0.5 0.42±1.1 0 0.42±0.95 0 1±1.6 0, 1, 2 1.9±3.1 0, 1, 2 
MTVSymp  0.097±0.17 0.23±0.25 0 0.32±0.26 0, 1 0.5±0.38 0, 1, 2 0.66±0.45 0, 1, 2 

Superscript indices indicate which levels show significant difference with that level for that approach (Dunn's test, p < 0.05) 

 
Fig. 3.  Segment of (a) dphEDA of cvxEDA and (b) MTVSymp in 

response to electric stimulation  
 

(a)

(b)
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Table 2 includes the measures of performance for the five-
class classification, comparing results of R-SVM with different 
feature combinations. All approaches achieved a balanced 
accuracy below 35% using phasic components only, although 
the decomposition approach that achieved the highest balanced 
accuracy was CDA phasic driver (34.1%). When TVSymp and 
MTVSymp were included in the classification algorithm, the 
balanced accuracy increased to 37.3% and 40.0%, respectively. 
With dphEDA, the balanced accuracy was up to 41.5% with 
cvxEDA phasic driver. When all the features were included in 
the classification model, the balanced accuracy achieved its 
highest value of 44.1%, using cvxEDA components. Also, M-
RMSE and M-MAE were the lowest among the methods with 
1.279 and 0.883 using all features with SparsEDA and 
sparsEDA phasic driver components, respectively. 

 
TABLE III 

COMPARISON OF MLP AND R-SVM WITH ZERO-R CLASSIFIER WITH ALL 
FEATURES (PHASIC, DPHEDA, TVSYMP, AND MTVSYMP) 

  MLP R-SVM 
  B-

ACC 
M-
RMSE 

M- 
MAE 

B-
ACC 

M-
RMSE 

M-
MAE 

Zero-R 0.190 2.103 1.764 0.190 2.103 1.764 
CDA 0.421 1.297 0.892 0.422 1.317 0.910 

CDAPD 0.427 1.324 0.903 0.416 1.346 0.931 
DDA 0.418 1.333 0.918 0.416 1.339 0.921 

DDAPD 0.418 1.312 0.904 0.432 1.354 0.924 
cvxEDA 0.423 1.380 0.944 0.441 1.377 0.934 

cvxEDAPD 0.411 1.311 0.901 0.430 1.337 0.908 
sparsEDA 0.420 1.280 0.885 0.411 1.279 0.888 

sparsEDAPD 0.427 1.289 0.877 0.429 1.310 0.883 
DCM 0.434 1.328 0.907 0.423 1.312 0.896 

DCMPD 0.397 1.362 0.956 0.402 1.449 0.997 
B-ACC: Balanced accuracy, PD: phasic driver 

 
Table 3 shows the comparison of MLP and R-SVM with a 

Zero-R classifier, which shows what is the minimum expected 
performance for the evaluation metric. Both MLP and R-SVM 
exhibited the minimum balanced accuracy of 39.7%. Zero-R 
classifier showed 19%, 2.103, and 1.764 for balanced accuracy, 
M-RMSE, and M-MAE, respectively. Table 4 shows the 
confusion matrix for the model that showed the highest 
balanced accuracy, which was found to be the R-SVM 
algorithm with the phasic components from the cvxEDA 
decomposition, dphEDA, TVSymp, and MTVSymp. Level 0 
was the most accurately classified (72.8% hits), followed by 

Level 1 and Level 4 (44% and 42% hits respectively).  Levels 2 
and 3 were correctly classified in 39% and 24% of the instances. 

 
Considering the misclassifications and overlap between 

levels of stimulation (especially between pain levels 1 and 2, 2 
and 3, and 3 and 4), we tried a classification approach using 

TABLE II 
CLASSIFICATION PERFORMANCE USING PHASIC COMPONENTS ONLY, PHASIC COMPONENT AND TVSYMP, PHASIC COMPONENT AND MTVSYMP, 

PHASIC COMPONENT AND DPHEDA, AND ALL FEATURES 
 Phasic Only +TVSymp +MTVSymp +dPh +All BACC / M-RMSE / M-MAE 
 B-ACC B-ACC B-ACC B-ACC B-ACC M-RMSE M-MAE 
CDA 0.289 0.345 0.388 0.397 0.422 1.317 0.910 
CDAPD 0.341 0.368 0.386 0.378 0.416 1.346 0.931 
DDA 0.309 0.350 0.364 0.333 0.416 1.339 0.921 
DDAPD 0.220 0.310 0.368 0.380 0.432 1.354 0.924 
cvxEDA 0.315 0.346 0.386 0.386 0.441 1.377 0.934 
cvxEDAPD 0.335 0.373 0.388 0.415 0.430 1.337 0.908 
sparsEDA 0.309 0.343 0.342 0.406 0.411 1.279 0.888 
sparseEDAPD 0.328 0.345 0.400 0.393 0.429 1.310 0.883 
DCM 0.319 0.349 0.371 0.386 0.423 1.312 0.896 
DCMPD 0.292 0.319 0.344 0.352 0.402 1.449 0.997 

B-ACC: Balanced accuracy, PD: phasic driver 
 

TABLE IV 
CONFUSION MATRIX OF THE BEST MODEL FOR THE FIVE-CLASS 

CLASSIFICATION (CVXEDA)   
Predicted   

Level 0 Level 1 Level 2 Level 3 Level 4 

Tr
ue

 

Level 0 0.72 0.17 0.06 0.03 0.02 
Level 1 0.18 0.44 0.22 0.07 0.10 
Level 2 0.12 0.26 0.39 0.14 0.09 
Level 3 0.11 0.15 0.22 0.24 0.27 
Level 4 0.08 0.14 0.19 0.18 0.42 

 
TABLE V  

RESULTS FOR CLASSIFICATION INTO LOW, MEDIUM, AND HIGH LEVELS OF 
PAIN STIMULATION WITH ALL FEATURES (PHASIC, DPHEDA, TVSYMP, 

AND MTVSYMP) 

 
 

B-Acc M-RMSE M-MAE 
Zero-R 0.331 1.214 0.967 

R-SVM 

CDA 0.613 0.787 0.474 

CDAPD 0.619 0.766 0.455 

DDA 0.620 0.780 0.461 

DDAPD 0.601 0.793 0.481 

cvxEDA 0.584 0.767 0.459 

cvxEDAPD 0.597 0.781 0.480 

sparsEDA 0.631 0.756 0.442 

sparsEDAPD 0.624 0.740 0.439 

DCM 0.601 0.789 0.480 

DCMPD 0.614 0.786 0.471 

 sparsEDA Predicted 

  low medium high 

Known 
low 81% 12% 7% 

medium 28% 53% 19% 

high 15% 30% 55% 
B-ACC: Balanced accuracy, PD: phasic driver 
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“low” (stimulation levels 0 and 1), “medium” (stimulation level 
2), and “high” (stimulation levels 3 and 4) pain levels. Again, 
R-SVM was tried, for all phasic components, including 
dphEDA and MTVSymp. Table 5 shows the results of the three 
pain-level classification, along with the resulting confusion 
matrix for the best model, based on balanced accuracy. The 
resulting models achieved balanced accuracies around 60%. 
Zero-R classifier showed 33.1%, 1.214, and 0.967 for balanced 
accuracy, M-RMSE, and M-MAE, respectively. The highest 
balanced accuracy of 63% was achieved by using sparse phasic 
components, dphEDA, TVSymp, and MTVSymp. The lowest 
M-RMSE of 0.740 and M-MAE 0.439 were obtained by using 
the sparse phasic driver, dphEDA, and MTVSymp.  
 

TABLE VII 
COMPARISON OF MLP AND R-SVM WITH ZERO-R REGRESSORS WITH ALL 

FEATURES (PHASIC, DPHEDA, TVSYMP, AND MTVSYMP) 
  MLP R-SVM 
  R2 M-

RMSE 
M- 
MAE 

R2 M-
RMSE 

M-MAE 

Zero-R -0.253 1.208 1.204 -0.253 1.208 1.204 
CDA 0.459 1.116 0.880 0.441 1.170 0.916 

CDAPD 0.461 1.121 0.894 0.422 1.188 0.929 
DDA 0.446 1.142 0.914 0.425 1.176 0.923 

DDAPD 0.380 1.165 0.937 0.425 1.183 0.936 
cvxEDA 0.389 1.207 0.930 0.409 1.222 0.970 

cvxEDAPD 0.433 1.144 0.900 0.411 1.192 0.948 
sparsEDA 0.464 1.117 0.889 0.441 1.155 0.941 

sparsEDAPD 0.477 1.129 0.885 0.427 1.178 0.925 
DCM 0.459 1.123 0.875 0.457 1.150 0.897 

DCMPD 0.439 1.131 0.913 0.367 1.246 0.980 
R2: coefficient of determination, PD: phasic driver 

 

  
(a) (b) 

Fig. 5. An example of regression performance of MLP using sparsEDA 
phasic driver, dPhEDA, TVSymp, and MTVSymp. (a) Normalized density 
correlation plot with the regression line (solid line) and a Pearson 
correlation coefficient of 1 (dashed line). (b) Normalized density Bland-
Altman plot with a mean difference of -0.08 with the limit of agreement of 
95% (dashed lines).  

 
We also trained R-SVM models to discriminate high levels 

of pain from no pain, as shown in Table 6. With phasic 
components, accuracies were between 57.4 – 81.5%. With 
dPhEDA or MTVSymp features, accuracies were higher than 
with TVSymp. All features together showed higher accuracy 
than using only phasic features, but it showed similar results 
with either TVSymp or MTVSymp only. The highest accuracy, 
sensitivity, and specificity were 87%, 83%, and 89%, 
respectively, with the cvxEDA decomposition method. 
Specificity was higher than sensitivity for all decomposition 
methods except for DCM phasic driver. 
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TABLE VI 
HIGH-LEVEL PAIN CLASSIFICATION PERFORMANCE USING PHASIC COMPONENTS ONLY, PHASIC COMPONENT AND TVSYMP, PHASIC COMPONENT AND 

MTVSYMP, PHASIC COMPONENT AND DPHEDA, AND ALL FEATURES 
 Phasic Only +TVSymp +MTVSymp +dPh +All 
 ACC ACC ACC ACC ACC Sensitivity Specificity 
CDA 0.787 0.822 0.849 0.856 0.848 0.814 0.865 
CDAPD 0.788 0.811 0.832 0.856 0.850 0.833 0.868 
DDA 0.800 0.824 0.849 0.841 0.843 0.820 0.855 
DDAPD 0.574 0.752 0.817 0.829 0.843 0.802 0.884 
cvxEDA 0.804 0.822 0.868 0.860 0.870 0.830 0.890 
cvxEDAPD 0.794 0.789 0.838 0.834 0.856 0.861 0.852 
sparsEDA 0.783 0.799 0.837 0.868 0.856 0.789 0.890 
sparsEDAPD 0.815 0.779 0.825 0.860 0.856 0.854 0.858 
DCM 0.788 0.832 0.853 0.850 0.853 0.820 0.869 
DCMPD 0.653 0.816 0.823 0.854 0.842 0.845 0.841 

ACC: accuracy, PD: phasic driver 

TABLE VIII 
PERFORMANCE OF MULTI-LAYER PERCEPTRON REGRESSORS USING PHASIC COMPONENTS ONLY, PHASIC COMPONENT AND TVSYMP, PHASIC 

COMPONENT AND MTVSYMP, PHASIC COMPONENT AND DPHEDA, AND ALL FEATURES 
 Phasic Only +TVSymp +MTVSymp +dPh +All 
 R2 R2 R2 R2 R2 M-RMSE M-MAE 
CDA 0.225 0.282 0.317 0.451 0.459 1.116 0.880 
CDAPD 0.274 0.299 0.390 0.439 0.461 1.121 0.894 
DDA 0.207 0.257 0.328 0.404 0.446 1.142 0.914 
DDAPD -0.249 0.120 0.312 0.410 0.380 1.165 0.937 
cvxEDA 0.208 0.277 0.348 0.396 0.389 1.207 0.930 
cvxEDAPD 0.258 0.283 0.385 0.347 0.433 1.144 0.900 
sparsEDA 0.166 0.246 0.341 0.454 0.464 1.117 0.889 
sparsEDAPD 0.215 0.299 0.355 0.468 0.477 1.129 0.885 
DCM 0.307 0.319 0.356 0.443 0.459 1.123 0.875 
DCMPD 0.006 0.234 0.335 0.383 0.439 1.131 0.913 

R2: coefficient of determination, PD: phasic driver 
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Table 7 shows the regressor performance of MLP and R-
SVM with Zero-R regressors. MLP showed lower M-RMSE  
and M-MAE with higher coefficient of determination except 
when using cvxEDA. The phasic driver of sparsEDA showed 
the highest coefficient of determination, 0.477, as shown in 
Figure 5. The lowest M-RMSE and M-MAE were 1.116 for 
CDA and 0.875 for DCM from MLP regressors, respectively. 
As MLP regressors outperformed SVM-R regressors, we 
benchmarked MLP results for each EDA feature in Table 8. 
Coefficients of determination ranged between -0.249 - 0.307 
with only the phasic feature. With dPhEDA features, the 
coefficient of determination was higher than with TVSymp or 
MTVSymp as it ranged from 0.34 - 0.47. With all features, the 
coefficient of determination, M-RMSE, and M-MAE ranged 
between 0.38 - 0.48, 1.11 - 1.21, and 0.87 - 0.93, respectively. 

IV. DISCUSSION 
We have tested two features based on the differential 

characteristics of EDA, along with five different techniques for 
decomposing EDA data into tonic and phasic components. We 
have used the features and components to train machine 
learning models for pain stimulation level classification (0 
through 4). The balanced accuracy of the models increased 
from about 30% to about 44% when the differential 
characteristics of EDA were included into the classification 
model, and the lowest macro-averaged RMSE and MAE (M-
RMSE and M-MAE) were 1.279 and 0.883, respectively. 
Please note that the baseline classifier (Zero-R) had a balanced 
accuracy of 19%, an M-RMSE of 2.103, and an M-MAE of 
1.764. Furthermore, we were able to classify low, medium, and 
high pain stimulation levels with a balanced accuracy of 63%, 
M-RMSE of 0.756, and M-MAE of 0.442. Also, we trained 
binary classifiers for detecting high levels of pain versus no 
pain and obtained up to 87% accuracy, 83% sensitivity, and 
89% specificity. In addition to classification, we performed 
regression analysis and obtained up to 0.477 of coefficient of 
determination with 1.129 for M-RMSE and 0.885 for M-MAE. 
Features based on analysis of the differential characteristics of 
EDA have shown promising results for objective pain 
assessment.  

As has been shown before, different approaches for obtaining 
tonic and phasic components of EDA provide largely different 
estimations [9]. We found that DCM provides a phasic 
component estimation slightly more sensitive to electric pain 
stimulation level. The traditional DCM approach has as its main 
limitation the computational time required (10 to 100 s per 
minute of data) [42]. We have used a faster implementation of 
DCM, although it is still slow for real-time applications 
(1.21±0.33 s/min). The cvxEDA and sparsEDA algorithms are 
faster approaches, compared to CDA, DDA, and DCM. Those 
approaches only exhibited significant consistent differences 
between the highest and the lowest levels of pain. CDA, and 
more consistently DCM, exhibited more resolution in their 
differences between levels of stimulation. However, cvxEDA 
outperformed other methods for the five-class classification and 
the high-level pain classification while sparsEDA showed 
higher balanced accuracy for the three-level pain classification 
and higher coefficient of determination for the regression than 

other approaches.  
We found that our differential features can improve the 

performance for pain quantification, as compared with using 
only traditional EDA features (phasic components and 
TVSymp). However, more variables should be considered 
including gender, genetic background, and ethnicity, as pain is 
subjective perception affected by biological, sociocultural, and 
psychological factors [63]. Moreover, adaptation may have 
affected our results as the inter-stimulus interval (~30 seconds) 
was repeated. Further examination of these issues will be 
required in future studies. Other information also can be 
considered such as heart rate (obtained using 
photoplethysmography, for example) to increase classification 
and regression performance. Finally, the small number of 
subjects in our dataset and given that we have not further 
evaluated our models with an external dataset, limits the 
generalizability of our approach. To address this issue, our 
future studies will require further validation using data from 
different scenarios (e.g., different types of pain, stress, chronic 
pain, etc.). 

V. CONCLUSION 
Information about pain stimulation resides mostly in the phasic 

component of EDA. We have found that relevant information can 
be found from the differential characteristics of the EDA. 
Incorporating those features, namely the derivative of the phasic 
component of EDA (dphEDA) and the modified time-varying 
spectral components of EDA (MTVSymp) when combined with 
machine-learning, the best performance was achieved for 
classification and regression of pain stimulation levels. The 
phasic components of EDA along with MTVSymp are promising 
approaches for developing an objective measure of different pain 
levels. 
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