
Towards an Affective
Video Recommendation System

Yancarlos Diaz
Rochester Institute

of Technology
yxd3549@rit.edu

Cecilia O. Alm
Rochester Institute

of Technology
coagla@rit.edu

Ifeoma Nwogu
Rochester Institute

of Technology
ion@cs.rit.edu

Reynold Bailey
Rochester Institute

of Technology
rjb@cs.rit.edu

Abstract—Video streaming services are prominent in people’s
lives and there is a need for improved video recommendation
systems that adapt to their users in a personalized way. This
project uses affective computing and non-invasive sensing to ad-
dress this issue. Our objective is to develop an approach that uses
the viewer’s emotional reactions as the basis for recommending
new content. To achieve this goal, we must first understand how
viewers react to videos. We conducted a study where subjects’
facial expressions and skin-estimated pulse were monitored while
watching videos. Results showed that our approach can estimate
dominant emotions 70% of the time. We found no correlation
between the number of emotional reactions people have and how
they rate the videos they watch. The pulse estimation is reliable
to measure important changes in pulse, however it can still be
improved.

Index Terms—Affective computing; video recommendation;
photoplethysmography

I. INTRODUCTION

The use of video streaming services is popular. Such ser-
vices rely heavily on recommendation systems to suggest new
content. These suggestions are generated by algorithms based
on the user’s viewing trends as well as tags that come with
every video. However, recommendation systems may fail to
properly adapt to the user, in particular in real-time.

This study applies affective computing to address this issue.
Affective computing is computing that relates to, analyzes, and
interprets human emotions [10]. Affective data may include
human facial expressions, speech prosody, body posture, and
physiological data such as pulse and galvanic skin response.

We believe that video recommendation systems can benefit
from analyzing user-extracted affective data. However, before
addressing measurement-based recommendation, we must first
explore the prospects and limitations of measured human
reactions in such contexts. The purpose of this study is to
better understand the nature and temporal characteristics of the
affective data we can obtain from users as they view videos
with emotional content. We also want to know whether we can
collect data from users in a way that is physically non-invasive
and does not require wearable devices. For that reason, we are
limiting the use of sensors to simple webcams.

This paper is organized as follows: A discussion about
previous work done by other researchers that relate to our
goal and methods is followed by a detailed description of
how we designed and ran our experiment. Next, we provide

an overview of results. Closing remarks discuss future work
and applications.

II. RELATED WORK

Many research efforts have improved the way developers
implement video recommendation systems. Most current rec-
ommendation systems use the users’ viewing trends as an
input for the algorithm. These systems need to avoid what
some researchers call the cold start problem. In essence, the
cold start problem is the initial lack of data to describe
the users’ viewing trends. To solve this issue, some studies
have examined systems that use genre correlations as their
basis for recommendation [3]. Others have used metadata
for the same purpose [14]. Our affective, measurement-based
approach represents a different point of view.

A. Affective Computing in Video Recommendation

Only rarely have affective data been used as the main source
for recommendation. Zhao et al. were among the first to
pioneer facial expressions as the basis for a recommendation
system, but their system relied heavily on exaggerated, less
natural facial expressions [16]. Furthermore, facial data alone
is not enough to capture the complexity of human emotion [2].
Rajenderan expanded on the use of facial expressions by
introducing photoplethysmography to calculate the heart rate
of users while they watch a video [12]. However, his work
looked at facial expression data and heart rate data separately.
We aim to study these measures together.

To better understand human emotions in response to videos,
studies have monitored the viewers’ experiences with the help
of various sensing devices. For instance, Fleureau et al. used
galvanic skin response, heart rate, and electromyograms to
compute physiological signals while their subjects watched
a video [6]. As another example, Wollmer et al. looked at
video reviews and developed a machine learning algorithm to
automatically label the video review as positive or negative
based on the reviewers’ facial expressions and words used
in the video [15]. Both studies obtained promising results,
but their data collection does not fit the intended purpose. A
video recommendation system should not require invasive or
wearable devices nor verbal response of users.

Instead, this study proposes a noninvasive way of obtaining
data that only requires the use of webcams. We extract two
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types of data from the video stream of standard webcams. Like
Zhao et al. we analyze facial expressions to obtain information
about the emotion of the viewer [16]. Furthermore, we also
estimate the viewer’s heart rate from the video through the use
of photoplethysmography.

B. Facial Analysis

Analyzing facial expressions is a convenient and noninva-
sive way to gain insight into affective states. Darwin proposed
a link between facial expressions and emotions [4]. Ekman et
al. developed the Emotion Facial Action Coding System (EM-
FACS) to explicitly link specific facial expressions to emotions
[5]. We base our facial analysis on seven fundamental emo-
tions: happiness, sadness, surprise, fear, anger, disgust, and
contempt.

C. Photoplethysmography

During the cardiac cycle, changes in the volume of the blood
vessels in the face modify the path length of the incident light.
We can use the changes in the amount of reflected light to
calculate the viewer’s heart rate [11].

In one study, subjects sat in front of a camera used to
calculate their pulse with this technique, wearing an FDA-
approved finger pulse sensor [11]. The authors found that the
mean error between the estimated pulse and the pulse recorded
by the finger pulse sensor was of .95 beats per minute with a
standard deviation of .83 beats per minutes.

We further build on the work of other researches who have
assessed the reliability of this technique on different areas of
the body, with results suggesting that forehead and the area in
between the eyes are the best areas to estimate pulse with this
technique [1], [9].

III. EXPERIMENTAL DESIGN

Figure 1 shows a photograph of the experiment setup.
We collected data from 30 subjects (13 females, 17 males)
between the ages of 18 and 35. The data from two participants
had to be removed due to problems with their data and a
misunderstanding of the instructions. Every subject filled out
a survey about their watching and rating trends. They then
watched five videos while their behavior was being monitored
by two Logitech pro 9000 webcams. These webcams recorded
at 20 frames per second at a resolution of 720p.

We used the stream from one webcam for facial expression
analysis and the other stream to calculate the subject’s pulse
throughout the video. We processed the subjects’ videos
using an Affectiva module for facial expression analysis in
iMotions [8]. We calibrated the threshold for emotion detection
to account for common false positives.

For the pulse measurement, we adapted a version of a pro-
gram that uses the stream of a camera to calculate someone’s
pulse by looking at the forehead [7], [13], seen in Figure 2.

At the end of every video, subjects answered the following
four questions about the video:

1) Have you watched this video before?

Fig. 1: Overview of experiment setup. Subjects sat in front of
a computer screen and watched five videos while two Logitech
webcams recorded their faces. Half the subjects also used a
clicker to signal an emotional reaction.

Fig. 2: Pulse estimation with photoplethysmography. We first
detect the face then choose a central area just above the
eyebrows to estimate pulse in real-time.

2) What did you feel watching this video?
3) On a scale from 1 to 5, how would you rate this video

(1 being the worst rating and 5 being the best rating)?
4) Would you want to watch similar videos?

For the second question, subjects were given a list of the
seven basic emotions. They were allowed to choose multiple
emotions per video.

Half of the subjects had a clicker. They were instructed to
use the clicker whenever they had an emotional reaction to the
content in the videos. We wanted to test whether their click
would match with an increase in heart rate or a change in their
facial expression. We also wanted to examine possible differ-
ences between subjects with a clicker and subjects without a
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Fig. 3: Overview of the characteristics of the videos we showed in the experiment. All subjects viewed these five videos.

clicker. We leave this comparison for future work.
Figure 3 shows an overview of the videos the subjects

watched. We chose videos that we thought would evoke
different emotions. Video 1 was a scene from Interstellar
expected to evoke sad emotions. Video 2 was the starting scene
from the Pixar movie Up, meant to evoke a mix of emotions.
The third video was a scene from the show Sherlock where the
nemesis Moriarty unexpectedly uses a weapon on himself but
survives the shock, surprising the viewer. Video 4 was a scene
from the film The Watsons Go to Birmingham causing anger or
disgust. Video 5 was a scene from Hot and Fluffy, a stand-up
comedy intended to make the viewer laugh. We randomized
the order in which the subjects watched these videos.

IV. RESULTS AND DISCUSSION

In this section we look at the results obtained from our
facial analysis software, our webcam pulse estimation, and
the surveys subjects filled out about the videos. First, we
consider how the emotions our software computed compare to
the emotions people reported feeling for every video. We then
study the relationship between the number of times people
used the clicker and how they rate the videos. Finally, we
discuss how we can observe and learn from all data as a whole.

A. Emotion Analysis Results

Figure 8 shows an overview of the results we obtained
from the facial expression analysis of video observers and
the surveys at the end of every video. Most subjects reported
feeling the emotions that the videos were expected to evoke. In
a majority of cases, the most reported emotions also matched
the emotions that iMotions computed. However, it is important
to note that subjects could report multiple emotions whereas

Fig. 4: Self-reported emotions for video 1 (Interstellar). As
expected, sadness was the most prominent emotion for this
video.

the analysis software computes one dominant emotion per face
video.

For example, for video 1 as illustrated in Figure 4, 96%
of the subjects reported feeling sad and 30% reported feeling
happy. Figure 6 shows the results of the facial analysis. Facial
expression analysis revealed sadness as the dominant emotion
for 45% of the subjects and happiness for 14% of the subjects.
Thus for 45% of the subjects, sadness was the most often
displayed emotion. It is possible that these subjects also felt
happy at some point in the video; however, only the emotion
shown for a majority of the video is reported. For this reason
we are not able to directly compare the percentages. Arguably,
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Fig. 5: Self-reported emotions for video 4 (The Watsons Go to
Birmingham). Most subjects reported feeling angry, disgusted,
or sad, illustrating the complexity of negative emotions.

Fig. 6: Computed emotions for video 1. The top emotions
(sadness, surprise, and happiness) also correspond to the most
self-reported emotions in Figure 4.

a better way to assess the reliability of this system is to look
at the top emotions in each category and see if they match.

With the exception of video 4, the software computed the
emotions we expected from participants (shown in bold in
Figure 8). Figure 5 and Figure 7 show the reported and
computed emotions for video 4, respectively. It appears that,
for our set of videos, video 4 was the exception because of the
nature of the expected emotion. Even though viewers reported
feeling angry, the face analysis did not register this, which may
reflect that anger is less prominently detected via changes in
the face than modalities such as speech prosody.

B. Clicks vs. Rating

Many recommendation systems base their recommendations
on user ratings. However, our pre-experiment survey revealed

Fig. 7: Computed emotions for video 4. This video had the
most mismatches between computed emotions and reported
emotions (see Figure 5).

that people rarely rate videos. Figure 9 shows the answers to
the question How often do you rate the videos you watch?
50% of subjects reported rarely rating their videos and 30%
went as far as saying that they never rate their videos.

This lack of user input confirms the need for a way of
estimating how people experience a video without directly
asking them. Our hypothesis was that the number of emotional
reactions people had to certain videos would correlate to how
they rate videos. We asked half the subjects to click whenever
they had an emotional reaction in order to test this hypothesis.

The highest correlation between clicks and ratings was 0.5,
illustrated in Figure 10, which is not enough to say that the
number of clicks is related to how people rate videos. The
rest of the videos had an even lower correlation, like the one
illustrated in Figure 11. This could reflect that introspection
of emotional reactions in real-time is less natural. People’s
ratings can also be based on video quality, acting, and other
biases.

C. Affective Graphs

While the clicks represent one way to gain self-estimated
reference data of when people experienced emotional reactions
to content, a recommendation system should not require the
user to signal their reactions (just as it should not require
the user’s explicit rating). Instead, we believe that pulse
estimations could be used to analyze users’ reactions. Thus,
we examined links between changes in facial expression and
a click event or a change in pulse.

To that end, we visualize pulse, click events, and facial ex-
pressions jointly in what we term an affective graph. Figure 12
shows two sample graphs for two users, in which clicks (gray
dots) often match a drastic change in pulse (blue line), which
supports our hypothesis that a change in pulse would appear
near an emotional reaction. However, it is hard to tell whether
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Fig. 8: Overview of results. Self-reported emotion often matches the dominant emotion inferred from face capture.

Fig. 9: Answers to the question How often do you rate the
videos you watch?

a change in emotional facial expressions (indicated by intervals
rendered in different color by different emotions, e.g., blue is
sadness and green is happiness) correspond to click events or
a drastic change in pulse.

V. CONCLUSION

The presented results increased our understanding of how
viewers react to videos. We gained insights from using phys-
ically noninvasive measurements, which are relevant for our
long-term goal of their use in an affective video recommen-
dation system.

However, our contributions are not limited to recommenda-
tion systems. Our approach and the affective graph visualiza-
tion may also be meaningful in the film-making industry for

Fig. 10: Rating vs. clicks for video 1. This video had the
highest correlation between the number of clicks and how
people rated the video.

evaluating effectiveness of certain scenes. This work could
also be applicable in online learning environments that lack
face-to-face interactions of traditional learning contexts.

The limitations of our study include certain aspects of
the experiment design. An experimenter was present when
subjects were watching the videos, which might have influ-
enced their emotional reactions. We also only focused on one
video per emotion, as opposed to multiple videos per emotion.
Furthermore, although the facial analysis software detects clear
facial expressions, it also regularly fails to differentiate a
resting face from contempt.

In the future, we would like to make our data collection

HCCS'18 - Workshop on Human-Centered Computational Sensing

141



Fig. 11: Rating vs. clicks for video 2 did not produce a strong
correlation between number of clicks and ratings.

methods increasingly intuitive, scalable, and transportable
across settings. To reach such goals, we intend to explore other
ways of estimating pulse in a noninvasive way. We also plan
to use machine learning to estimate video ratings based on
the measurement data. Finally, we would like to study the
quantitative relationships between ratings and pulse variation
as well as facial expressions.
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