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ABSTRACT
The ability to assess fine-scale user responses has applica-
tions in advertising, content creation, recommendation, and
psychology research. Unfortunately, current approaches,
such as focus groups and audience surveys, are limited in size
and scope. In this paper, we propose a combined biometric
sensing and analysis methodology to leverage audience-scale
electro-dermal activity (EDA) data for the purpose of evaluat-
ing user responses to video. We provide detailed characteriza-
tion of how temporal physiological responses to video stim-
ulus can be modeled, along with first-of-its-kind audience-
scale EDA group experiments in uncontrolled real-world en-
vironments. Our study provides insights into the techniques
used to analyze EDA, the effectiveness of the different tem-
poral features, and group dynamics of audiences. Our exper-
iments demostrate the ability to classify movie ratings with
accuracy of over 70% on specific films. Results of this study
suggest the ability to assess emotional reactions of groups us-
ing minimally invasive sensing modalities in uncontrolled en-
vironments.
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INTRODUCTION
Assessing the reaction of viewers to video content they con-
sume is important for a wide variety of applications. Ex-
amples range from movie recommendation systems, where
viewer ratings are used to profile their preferences [23], to
market research, where content creators conduct surveys and
focus groups with test audiences to predict the success of
movie productions [27] or ad campaigns [14].

While these applications traditionally utilize explicit feed-
back of user responses provided via ratings and survey forms,
this feedback is often constrained by numerous factors. For
example, existing movie recommendation systems request
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viewers to provide only a single rating for the entire movie;
survey forms are limited by space and their reliance on viewer
memory; and focus groups are constrained by participation
costs and time limitations. This makes it difficult to achieve
fine-grained viewer feedback about the video content.

More recently, there has been growing adoption of wear-
able biometric sensors that enable capturing viewers response
to content at a much finer granularity than what explicit
techniques allow for. Biometric sensors like heart rate and
electro-dermal activity monitors are increasingly being em-
bedded in consumer electronic equipment like watches [1]
and fitness devices [2] that continuously monitor the physi-
ological responses of the user. These physiological signals
provide a rich source of implicit feedback which can be used
to infer viewer reactions at various granularities.

Unfortunately, direct inference of viewer opinion of video
content using physiological signals is not straightforward and
needs to address several important challenges. Physiological
signals are often noisy and are impacted by stimuli that are
not a part of the content, e.g., distractions in the environment.
Additionally, the responses contained within the signals vary
considerable based on the type of stimuli and also depend on
the individual viewer’s physiological and psychological state.

In this paper, we address the above described challenges and
present the first end-to-end methodology that can use electro-
dermal activity (EDA) signals of viewers watching video con-
tent and map it accurately to the self-reported explicit feed-
back provided by the viewers. This not only improves exist-
ing approaches to calibrate audience feedback, but also en-
ables a range of new applications like indexing and search
of personal video content, and movie recommendation sys-
tems that can propose movies that best match the physiolog-
ical state of the user. To this end, the two main contributions
of this paper are:

• An approach that can decompose raw EDA signals into re-
sponses that accurately pinpoint the time locations and in-
tensities of viewer responses to the stimuli in the content.
Our approach outperforms the best known technique in the
research literature for this task [20] by a 2.8 factor in terms
of detection rate.

• A machine learning framework that uses the EDA re-
sponses to accurately predict the explicit feedback pro-
vided by the viewer. While there is a large Affective Com-
puting literature on mapping EDA to psychological vari-
ables such as valence and arousal [18] or emotion cate-
gories [19], predicting explicit feedback has a direct impact
on the applications we highlighted above.



We design and evaluate our methodology around a series of
field studies conducted both in a controlled research environ-
ment and in commercial theater facilities where moviegoers
wear an off-the-shelf EDA sensor and provide explicit feed-
back through survey forms. Our experimental results show
that, using EDA and demographics information (i.e., age and
gender), for particular films we are able to predict the explicit
ratings that a viewer will give to a movie with over 72% ac-
curacy, which is a 31% improvement over predictions from
demographics alone. These initial results point to the promis-
ing direction of using biometrics to assess audience emotional
reactions.

The paper is organized as follows. The extensive prior work
in the field of EDA and audience testing is reviewed in the
following section. We then detail the setup of our biometrics
field studies and introduce our novel user reaction inference
methodology. The results of our experiments on real-world
audiences are then presented. We conclude with an overview
of the results from our real-world study and future work.

BACKGROUND AND RELATED WORK
Our primary focus is to characterize the changes in electro-
dermal activity (EDA) as audiences respond to the audio-
visual stimuli in video. The goal is to develop a model that
can accurately map the implicit EDA feedback to the explicit
feedback provided by the viewers in the form of ratings and
survey forms. To this end, we develop a framework that con-
sists of three primary components: (1) the EDA sensors that
viewers wear when watching video, (2) a novel EDA signal
decomposition technique that can accurately detect and quan-
tify EDA responses, and (3) a machine-learning model that
can predict explicit viewer feedback at the end of a movie
session.

EDA and Emotional Reactions. EDA is typically recorded
as the conductance between a pair of electrodes placed over a
person’s skin, near concentrations of sweat glands. An EDA
signal is generally characterized by a slow frequency baseline
component plus short-lived spike-like events denoted Skin
Conductance Responses (SCRs) which often overlap with
each other, as shown in Figure 1. A person’s EDA has a
well-known connection to the brain activation from emotional
reactions to stimulus [15] which causes sudomotor neuron
bursts [20] and results in sweat to be expelled from eccurine
glands [30], finally causing conductance variations on the
person’s skin. The psychological connection between a per-
son’s emotional reactions and changes in EDA has been stud-
ied since the early 20th century [5]; Detailed surveys have
been done by Lang [24] and Dawson et al. [21].

Our current understanding of these phenomena has been re-
cently extended by examining brain function via fMRI and
skin conduction via EDA simultaneously [15], showing the
activations in specific regions of the brain that result in
variations in the EDA. In addition, micro-video recordings
of sweat glands [30] clearly demonstrate that neuron fir-
ings result in variations in skin conductance. Since then,
there has been extensive work in evaluating the connec-
tion between SCRs and numerous activities, including video
game playing [26], performing arts viewing [7], everyday
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Figure 1. An example of EDA trace where the Skin Conductance Re-
sponse (SCR) events are decomposed.

interactions [19], detecting stress [17], evaluating cognitive
load [12], and determining perception changes due to mental
illness [22] – to name only a few.

Identifying EDA Responses to Stimuli. Figure 1 illustrates
challenges involved in characterizing SCR events from raw
EDA sensor data. Specifically, true user neuron burst events
are difficult to extract from EDA due to potentially overlap-
ping events [20], attenuation of event amplitude for repeated
stimulus [3], varying burst impulse functions [10], and un-
derlying, slowly varying, skin conductance levels [8]. Vari-
ous signal decomposition approaches have been proposed to
combat these difficulties. Examples include a highly paramet-
ric sigmoid-exponential model [8], bi-exponential impulse
responses [10], nonnegative deconvolution [20], and Varia-
tional Bayesian decomposition techniques [11]. All these
prior techniques are limited by either computational com-
plexity [11], inability to discover overlapping events [8], or
a one-size-fits-all approach that is not robust to varying event
durations [20, 10]. To defeat these issues, in this paper we
present a matching pursuit-based methodology to extract rele-
vant impulse information with low computational complexity
and high adaptivity to changing physiological environments.
Our approach inputs only the raw EDA signal and identifies
both the time location and intensity of SCR events.

Predicting Explicit Film Feedback from EDA. Extracting
the emotional states of a user through biometrics has long
been the goal of the affected computing community (e.g., [25]
and [16]). In this paper, we consider the narrower problem of
assessing user reactions to video stimulus using EDA. Initial
studies of user engagement to films using skin conductance
were done by Kaiser and Roessler [6], while the survey by
Lisetti et. al. [9] contains a detailed review of prior research
in this area. Of particular relevance to our research is prior
work on using EDA to evaluate and classify users with re-
spect to film viewing. Specifically, the work by Fleureau et
al. [18] examined EDA and other physiological signals us-
ing Gaussian processes to predict positive and negative affect
(i.e., valence and arousal) to videos, and the work by Roth-



Figure 2. Affectiva Q Sensor.

well et al. [28, 4] detects emotional responses from EDA and
correlates to film events. In contrast to these prior works fo-
cused on isolated experiments on individual users, this pa-
per examines concurrent, audience-level evaluation of SCR
events previously decomposed by a novel signal processing
algorithm.

FIELD STUDY AND DATA COLLECTION
In this section we describe the field study we conducted in or-
der to collect EDA data from viewers watching different types
of audio-video content. The primary goal of the study was to
measure EDA responses from audience at scale in an environ-
ment where distractions from external stimuli are minimal.
To address this, we conduct our field study in commercial
movie theaters where the participants are watching feature-
length films. The controlled temperature, lighting and im-
mersive nature of a movie theatre enables us to measure EDA
responses that are mainly contributed by the stimuli in the
film. In addition to EDA responses, we also collected ex-
plicit viewer feedback from the participants in order to learn
models that map the implicit feedback in EDA responses to
explicit feedback.

In the rest of this section we describe the sensors worn by
participants, the data recorded by these devices, the content
used as stimuli, and the characteristics of each study session.

Sensor Devices
Figure 2 shows the commercially available EDA sensor pro-
vided by Affectiva1 that was worn on the palm by each study
participant. Unlike medical grade EDA sensors that typically
require wired connections and conductive gel to improve sig-
nal quality, the sensors we use are easy to wear and that en-
able us to setup a large group of study participants (between
20-30 participants) within a short time span (15-20 minutes).
The participants were given no special instructions and told
to act naturally.

In each experiment, we synchronize and pre-process all raw
EDA traces. We synchronize the sensor clocks to a single
computer prior to each recording session and we use that
same computer’s clock to record the beginning and ending
times of the experiment session. The Q-sensor measures raw
skin conductance levels at 32 Hz. Given the typical duration
of user skin conductance responses and the computational

1Affectiva - http://www.affectiva.com/

complexity of prior techniques, we down-sample these sig-
nals to 4 Hz.

Data Collection
We perform two types of data collection experiments. While
our goal is to analyze audience reactions to feature-length
films, we initially perform a calibration experiment, where
participants are monitored in isolation and are exposed to a
short clip with controlled audio and image stimuli. After val-
idating our ability to detect simple individual responses, we
move on to experiments using feature-length films and simul-
taneous sensing of user groups.

Basic Stimulus Experiment
Calibration Study. Our first experiment examines individ-
ual responses to stimuli of varying levels of complexity. As
seen in Figure 3, this experiment consists of a 220-second
clip containing seven isolated stimulus events. The film be-
gins with three sounds clips of a gun shot, a dog barking, and
finally a baby crying. Then, the image of gun is shown to the
users for 5 seconds, and then contrasted with an image of a
kitten held on screen for the same amount of time. Finally,
two short-duration (< 5 seconds) video clips of near-death
experiences are shown, the first being a woman almost hit by
an on-coming train, and then an attempt at “parkour” ending
with the person falling face-first onto concrete. Before each
stimuli, we insert silent intervals where nothing is played to
the participant. We obtained EDA traces of nine individuals
(6 male, 3 female, aged between 20 and 50 years old) who
watched this basic stimulus video in isolation in a controlled
laboratory environment.

Feature-Length Film Experiments
The remainder of our experiments consists of audiences be-
tween 9 and 15 individuals simultaneously viewing a feature-
length film. We use 3 different films produced in either 2011
or 2012, which we label using letters A through C2. We de-
liberately performed experiments with movies from differ-
ent genres (e.g., drama, thriller, foreign) to avoid limiting
the scope of our conclusions to genre-specific phenomena.
A summary of these 3 films and the experimental environ-
ment used is seen in Table 1. We note that while basic stimu-
lus calibration study was performed in a relatively controlled
laboratory environment, where participants were recruited in
advance from among the local research staff, the remaining
experiments were performed in commercial movie theaters
where participants were solicited from the movies’ regular
audiences. These audience members were required to sign a
consent form before participating in the study. While we have
reason to believe that our observed data will be cleaner than
signals observed on non-stationary subjects, the uncontrolled
commercial movie theater environment potentially adds prac-
tical signal artifacts (e.g., users eating and drinking while be-
ing sensed) that our methodology must consider.

In Table 2 we show the demographics of each screening.

In addition to the audience-wide EDA traces used for implicit
audience feedback, we also ask participants to provide ex-
plicit feedback at the end of each movie screening. We do
2The true names of these films are not used for internal reasons.

http://www.affectiva.com/


Movie Genres Runtime (min) Release Viewers Location
A Action, Crime, Thriller 130 2012 9 Theater
B Drama 139 2012 10 Theater
C Drama, Foreign 126 2011 15 Film Festival

Table 1. Summary of feature-length films used in experiments.

Gender Age Rating
Movie Male Female 20− 29 30− 49 > 49 1 2 3 4 5

A 5 4 4 3 2 0 0 6 3 0
B 4 6 4 3 3 0 0 2 3 5
C 7 8 7 5 3 0 0 3 5 7

Table 2. Demographics of feature-length film audiences.
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Figure 3. EDA traces of participants in the basic stimulus experiment.
Stimulus events marked in vertical lines.

this in order to learn models that map the implicit feedback in
EDA responses to explicit feedback. We design survey forms
for each movie in which we ask participants to provide: (1)
gender and age group, and (2) an overall rating for the movie
in a 5-point scale. We left the interpretation of what this rating
implies (e.g., enjoyment, engagement, etc.) up to the user’s
discretion.

EDA DECOMPOSITION METHODOLOGY
In this section we present the adaptive decomposition
methodology which process raw EDA traces to extract pre-
cise SCR events showing exactly when and how much the

viewer responds to a stimulus. As shown in Figure 1, identi-
fying the relevant SCR events from raw EDA is challenging
as SCRs may overlap, have varying duration, and may some-
times not be correlated with the underlying stimulus (e.g.,
if the viewer is distracted from the stimulus). Additionally,
comparing EDA traces from multiple people is problematic
due to varying levels of signal normalization, non-standard
reaction impulse response magnitude, and differing suscepti-
bility to react due to the deviations in subject psychology and
physiology.

To address the above challenges we propose a novel signal
decomposition approach that automatically adapts to the vari-
ations in subject physiology. We evaluate the performance of
our approach using the basic stimuli experiment and compare
our approach with the state-of-the-art EDA analysis technique
of Benedek and Kaernbach [20] using the publicly avail-
able Ledalab software package3. Our results show that our
methodology outperforms Ledalab in practically all operating
points of the parameter space; For example, fixing the false
alarm rate to 10%, Ledalab achieves a 25% detection rate of
SCR events, while our approach detects over 70% of events –
a 2.8 factor improvement.

Method Description
We begin by considering the slowly varying DC compo-
nent of each viewer’s signal. Often called the “tonic” sig-
nal, this component is due to physiological response to sweat
saturation-levels of the person’s skin and has little correlation
with the underlying fine-scale user reactions we want to de-
tect. Various prior techniques exists for removing this com-
ponent [11, 20], but for the sake of simplicity, here we just
subtract signal contribution related to the two coarsest-scale
coefficients of a discrete-cosine transform (DCT). We denote
the remaining high-pass, processed EDA signal as x.

In contrast to the work of Benedek and Kaernbach [20],
which fits a single canonical impulse response throughout the
entire processed EDA trace, we decompose the signal using
a large dictionary of feasible SCR shapes. The consideration
of many different signal types, with varying durations and de-
cay characteristics, allows us to better fit to the observed skin
conductance.

3Ledalab Matlab Toolbox - http://www.ledalab.de/

http://www.ledalab.de/


0 20 40 60 80 100
0

0.05

0.1

0.15

0.2

0.25

Time (seconds)

S
k
in

 C
o

n
d

u
c
ta

n
c
e

 R
e

s
p

o
n

s
e

 

 

λ
1
 = 1.25,  λ

2
 = 0.3

λ
1
 = 2.5,  λ

2
 = 0.3

λ
1
 = 1.75,  λ

2
 = 2.1

λ
1
 = 2.5,  λ

2
 = 3.9

Figure 4. Four example dictionary signals.

The specific dictionary basis functions we consider can be
parameterized by:

dλ1,λ2,t0 (t) =

{
λ
−λ2(t−t0)
1 t ≥ t0

0 t < t0
. (1)

Such that λ1 relates to the geometric decay of the impulse,
λ2 is the log-linear decay slope, and t0 is the response start.
From empirical examination of EDA signals, we construct the
signal dictionary, D, using all signals dλ1,λ2,t0 (t) for:

λ1 ∈ {1.1, 1.25, 1.5, 1.75, 2, 2.5, e}, (2)
λ2 ∈ {0.3, 0.5, . . . , 3.7, 3.9}. (3)

Selected examples from this constructed dictionary can be
seen in Figure 4 for t0 = 0.

To represent each EDA trace from this large collection of
dictionary signals requires solving a standard linear inverse
problem. Unfortunately, ordinary least squares approaches
will require infeasibly large amounts of memory for large dic-
tionaries, and also destroy the inherent desired sparsity of the
SCR event process. We avoid these limitations by using an or-
thogonal matching pursuit [13] technique to greedily resolve
the set of dictionary components that best describe the ob-
served EDA trace.

Specifically, this matching pursuit procedure begins with the
high-pass processed EDA signal, x, a signal component dic-
tionary, D constructed using Equation 1, and an empty con-
structed dictionary D̂ = {}. We first determine the single
dictionary component (d̂ ∈ D) that best fits the observed
EDA signal:

d̂ = argmax
d∈D

∣∣dTx∣∣ . (4)

This dictionary component is then added to the constructed
dictionary D̂ = { D̂ d̂ }, and the contributions of this dic-
tionary component are removed from the observed EDA sig-
nal, creating a new residual signal:

r = x− D̂
(
D̂T D̂

)−1
D̂Tx. (5)

This process is then repeated using the residual signal (i.e.,
setting x = r) for a specified number of iterations.

Once the desired number of iterations complete, we obtain a
collection of dictionary components that fits to the observed
signal. Using standard least squares, we calculate the best co-
efficient vector, β, such that the observed EDA signal is rep-
resented by a combination of elements from the constructed
dictionary, x ≈ D̂β, where the amplitude of the non-zero
elements of β correspond to the intensity of user reactions.

In summary, for each EDA trace, the adaptive decomposi-
tion approach returns, {ti, si}, the set of time offsets (i.e., the
time-start of each SCR event) and the coefficient amplitude of
SCR events (i.e., the intensity of the SCR event), respectively.
In the following section, we show how the decomposed SCRs
accurately capture viewer reactions to content stimuli.

Method Evaluation
To evaluate the performance of the adaptive decomposition
on EDA traces, we examine observations from the basic stim-
ulus experiment. The benefits of using these simple stimulus
traces is the ability to cleanly extract which time segments
have stimulus and which do not. We compare against the
nonnegative deconvolution approach of Benedek and Kaern-
bach [20] using the Ledalab software package. Similar to our
adaptive decomposition technique, the Ledalab software ana-
lyzes EDA traces and returns both the location and amplitude
of the SCR events. In addition to this analysis technique, we
also examine a naive approach of using the raw unprocessed
EDA signal energy, demonstrating the accuracy using no pro-
cessing of the observed signals.

For the nine users viewing the basic stimuli, we look to distin-
guish between the six stimulus events and five defined silence
events where a black screen and no sound are presented to
the user, with the start time of these events marked in Fig-
ure 3. We then defined a time window size starting at the
event marker (here we use 8, 10, and 15 second windows) and
captured the sum coefficient energy (or raw signal energy) be-
tween the start of the event and the end of the time window.
Classification was performed by thresholding these extracted
energy values to classify if the time window relates to a stimu-
lus event (greater than the threshold) or a non-stimulus event
(less than the threshold), accuracy of this classification was
then assessed given the true stimulus and silence interval la-
bels from Figure 3.

Aggregating the classification rate across all nine users, we
show the detection and false alarm results of classification in
Figure 5 for three different time window sizes (8, 10, and 15
seconds). We find that our adaptive decomposition approach
performs significantly better than the competing nonnegative
deconvolution method across all three window sizes. For ex-
ample, for a window of 10 seconds in Figure 5-(Center), we
find that the prior deconvolution method results in detection
rate of 25% for a 10% false alarm rate, while the adaptive ap-
proach detects over 70% of the stimulus events for the same
false alarm rate. Another insight from these results is that us-
ing the raw EDA traces results in classification accuracy that
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Figure 5. Stimulus classification accuracy results for calibration experiment (54 stimuli user-events and 45 non-stimulus user-events) with window size
: (Left) 8 seconds, (Center) 10 seconds, and (Right) 15 seconds.

performs roughly no better than random guessing (i.e., detec-
tion rate equal to the false alarm rate), showing the need for
processing of the observed EDA signals.

We verify that these aggregated results are not biased by ex-
treme good or bad performance on certain stimulus events.
Separating out the classification rate for four of the stimulus
events, we show the results in Figure 6 and Figure 7 for de-
tecting these individual events against the five silence events.
For the more extreme stimulus events of the gunshot sound
and the train video (in Figure 6-(Left) and Figure 7-(Right)),
we find that the adaptive decomposition method performs sig-
nificantly better than both the raw signal and prior decon-
volution approach. Meanwhile, we find the the dog barking
sounds (in Figure 6-(Right)) shows the adaptive methodology
performing significantly better than deconvolution for detect-
ing seven of the nine users, and comparable results for the re-
maining two users. Finally, we find the photograph stimulus
(in Figure 7-(Left)) to be the most difficult to distinguish for
all techniques, with the adaptive methodology performance
lagging behind the prior deconvolution method for detecting
this stimulus event for two of the nine users.

EXPLICIT FEEDBACK ESTIMATION
In this section we describe the machine learning framework
we develop in order to predict the explicit feedback pro-
vided in the form of movie ratings from the decomposed SCR
events provided by our EDA decomposition based approach.
The ground-truth data of ratings for the movie comes from
the user surveys taken immediately following the film.

We compare the prediction accuracy of the EDA based ap-
proach to accuracy achieved by using the demographic in-
formation provided by the users. Specifically, we use the
age and gender information provided by the study partici-
pants. Table 2 summarizes the 34 study participants along
with their demographic information for the 3 films. While
the comparison against demographic information may seem
naive, feature-length films are produced and refined to tar-
get specific demographic groups [27], therefore we expected
a large amount of correlation between demographics and the
resulting user responses to the films.

Bagged Decomposition Classification

From the decomposition technique from the prior section, we
obtain the time-stamp locations and coefficient values of the
SCR events for each user of length T (where T � N ). From
this information, we now construct the [N × T ]-implicit user
response matrix S, such that the matrix element, Si,ti,j =
si,j , user i’s estimated response given the EDA decomposi-
tion at time j.

Figure 8 shows these responses as point intensities for two
particularly relevant scenes from Movie A and Movie B. We
observe that the SCR events are generally sparse and vary
considerably in their intensities. Furthermore, due to the
physiological differences across the different users, the SCR
events may not be temporally aligned and could also consist
of spurious events that may not be relevant to the stimuli in
the film being watched.

To mitigate this inherent sparsity in the user response ma-
trix, S, we extract coarse-scale user response information by
aggregating into a reduced number of time aggregated bins.
Such that for each time bin we record a sum of the SCR coef-
ficient energy for that time period. For the experiments here,
we combine each user SCR events over the course of the en-
tire stimulus into five equal-sized bins, denoting the aggre-
gated [N × 5] user response matrix as SA.

Combining with the user demographic information, we obtain
complete response matrix, SC = [ SA C ]. Two character-
istics are considered, gender and age, from which a [N × 2]
matrix, C, is constructed (where element Ci,1 is user i’s gen-
der and element Ci,2 is user i’s age).

We consider the problem of inferring explicit user feedback
information (i.e., film ratings). To classify from the decom-
posed user responses, SC , we focus on using bagged clas-
sification trees [29]. Bagged classification trees allow us to
learn an ensemble of simple tree classifiers over multiple sub-
samples of a held-out training set. Specifically, to classify a
particular user’s rating, we use leave-one-out cross validation
such that the remaining users are held out as training data.
From this collection of training data, a random subsample of
training users are chosen and a single classification tree is
learned with respect to that training subset ground truth. For
example, we may learn that if the response energy in the first
time bin is below a learned value, then the user will rate the
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Figure 6. Stimulus classification accuracy for calibration experiment specific events (9 stimulus user-events and 45 non-stimulus user-events) using a
10 second time window : (Left) Gunshot sound, and (Right) Dog barking sound.
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Figure 7. Stimulus classification accuracy for calibration experiment specific events (9 stimulus user-events and 45 non-stimulus user-events) using a
10 second time window : (Left) Photos, and (Right) Train video.

film poorly. At each iteration, in addition to the classifica-
tion tree, weights with respect to the classification accuracy
on the training set are learned. Finally, the specified test user
data is used on a weighted combination of all the learned trees
to classify the underlying explicit feedback for that user. We
perform this bagged classifier approach on both the processed
EDA data (the matrix SC) and the demographics-only infor-
mation (the matrix C).

Entire Film Rating Classification Experiment
We examine estimating user explicit responses to the ques-
tion, “On a scale of 1-to-5, how would you rate the film?”
using both the EDA-based methodology and comparing it to
the demographics-only approach. Responses are registered
between “1” and “5”. From our 3 films and 34 total viewers,
we find 11 users rating films as a “3”, 11 users rating the film
a “4”, and 12 users rating the film a “5”. No users rated any
of the films either “1” or “2”.

We specifically examine classifying users who rated the film a
“4” or “5” versus users who rated the film a “3”. Justification
for examining these two specific classes of users is as follows:
(1) - Real-world focus groups often place particular emphasis
on finding users who rate items in the top two tiers (i.e., rating
content a “4” or “5” out of 5 [27], Chapter 2). And (2) - For
a subset of the films under consideration, in addition to re-
questing their rating on a scale of one-to-five, we ask the user

if they would recommend the film to other people. On this
specific subset, we found that 87.5% of the users who rated
the film a “4” and 93.33% of the users who rated the film a
“5” would recommend that film to another. Meanwhile, only
44.44% of users who rated films a “3” would recommend to
other people (with the remaining 55.56% of users saying they
would not recommend the film). This change in recommen-
dation rate shows a very clear delineation between users who
rate films a “3” against users who ratings “4” or “5” (and few
recommendation differences for users with the ratings of “4”
and “5”).

Using the extracted SCR responses using the adaptive decom-
position methodology, the demographics information, and
our learned bagged classification trees, we present the de-
tection accuracy (with respect to classifying users who rated
films a “4” or “5”) for both the EDA-based bagged decom-
position methodology and using only demographics infor-
mation. The accuracy results compared with the underlying
user surveys are shown in Table 3. From the table, we find
significantly lower detection accuracy for both EDA-based
and the demographics-only approach for Movie C. For the
demographics-only approach, we find that gender and age
groups does not correlate with the resulting user film rating,
with the exception of the Age group 40-49 years old, where
all three viewers rated the movie positively. Using the EDA-
based bagged decomposition methodology, these results can
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Figure 8. Responses for: (Top) a suicide scene in Movie C, and (Bottom) disaster scene in Movie B. Vertical lines indictate scene boundaries. Point size
denote response intensity. Note that response intensities increases significantly, for individuals (top circles) and the aggregate (bottom bars).

be explained by the content of the stimulus. As partially de-
noted in Figure 8-(Top), this film was particularly violent and
contained multiple scenes that while causing significant SCR
events, did not correlate with user enjoyment and overall user
rating. This demonstrates that the the EDA-based bagged de-
composition approach may have difficulty on stimulus that
are repellent or disgusting as in Movie C, but possibly includ-
ing others. We leave automatic detection of these problematic
genre- and content-specific stimulus as future work.

We find that the EDA-based technique has high classification
accuracy of over 70% for Movies A and B. Meanwhile, for
movies A and B, using only the demographics information
results in detection accuracy of only 17% and 56% respec-
tively.

CONCLUSIONS
The ability to evaluate viewer reactions to content has appli-
cations in areas ranging from advertisement to content pro-
duction. To this end, we introduce an EDA-based frame-
work for evaluating viewer responses to content. We present
a novel signal processing methodology for decomposing user

skin conductance response events from raw EDA signals, and
show that this technique outperforms the current state-of-the-
art on a calibration experiment of simple video stimulus. Fi-
nally, we use the estimated response events to classify explicit
user ratings to feature films. For two specific films and simul-
taneous sensing of multiple users in an audience, we find that
our biometrics framework allows for significantly more accu-
rate classification compared with only using audience demo-
graphic information. However, for a third film, we did not
find any benefit, limiting the general application of this ap-
proach until the method is further studied. Nevertheless, these
results show potential for more efficient market research and
improved recommender systems.
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