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Abstract
We suggest dynamic models to learn and predict physiological responses of video-watching people who are exposed to
multimodal stimuli, i.e. visual, aural, text, and haptic. Sliding-window-based and lag-based time-series regression methods
are considered as basic dynamic models and tested with audio-based arousal prediction case. We set the Mean Affective
Profile (MAP) as the common arousal response indicator of people and did prediction experiment using a database of
multimodal response to movies, CogDIEM. Experimental results show that systematic prediction of physiological response
may be possible. Lag-based time series regression approach shows significantly better performances than sliding-windowbased approach.

1. Introduction
Dynamic modeling for physiological response is a new study that
is gaining popularity and attention especially for multimodal
stimuli. Earlier [1] and recent studies [2]–[4] provided new
impetus and zeal to dynamically learn physiological response to
Multimedia stimuli. Physiological responses vary in terms of
time and space.
Multimedia stimuli features provide an understanding of the
intricate patterns and characteristics of responses – the focus of
feature extraction and analysis techniques. These responses show
inherent characteristic pattern that plays an important role in
multimedia selection [4].
Emotions often exhibit arousal dimensions [1] upon which sets
of transient descriptors may be organized into low dimensional
models. The common representation is the two-dimensional
valence-arousal (V-A) space where emotions exist on a plane
along independent axes of arousal (intensity), ranging high to low,
and valence (an appraisal of polarity), ranging positive-tonegative. Predictability and validity of these emotions has been
concern for many studies [5], [6]. Annotated video were used as
stimuli. In order to learn response to multimedia, participants
viewed videos both positive and negative valence to evaluate the
extent of variability.
We explore video viewing experiment, emotions adduced are
dimensionally represented after feature extraction has been done.
Shots were then emotionally annotated, providing ground truth
affect and explore stimuli contributions and their significance in
quantifying the response.
Dynamic models are used to learn response to multimedia stimuli
is an approach for emotion analysis that employs a variety of
techniques to maximize insight into a data set, uncover
underlying structure, extract important variables, detect outliers
and anomalies, test underlying assumptions, develop models that
can generalize; and determine allow ease of prediction. All these
aim to characterize arousal and valence in combination with other
physiological features to be applied into various models and
application. This paper aims to dynamically learn physiological
response to multimedia stimuli irrespective of age and gender.

Emotion response is a cognitive function that can be largely
unconscious but can be quantified dynamically. Over many years,
empirical studies have been undertaken to help understand the
effects of multimedia on comprehension and learning in the fields
of psychology and affective computing. Currently there is
concerted research in machine learning and data mining focusing
on physiological responses to multimedia stimuli to dynamically
predict a future state. Most of the research has been achieved by
modeling the effect of emotion. Human emotions and emotions
in general show a predictive pattern that can be learned. Their
evocation cause physiological response to be learnable and
predictive.
A response to multimedia stimuli provides an interesting
academic pursuit in Machine learning since it can be
characterized along dimensions of valence and arousal. The
ability to accurately predict the quality and quantity of response
is subtle in Machine Learning [7]. Associating specific
physiological pattern to emotion response pattern requires clearly
distinguishing and classifying latent responses.
The quality of prediction depends on among other things, the
quality and accuracy of feature extraction. This can be explored
by using effective computational approaches.
2.2 Computational Approach
Computational approaches formalize learning patterns exhibited
by emotional response. Often, sound has a distinct impact on
user’s affect over a period of time and space. For example
according to the findings of Park [8], physiological response is
consistent. Further, loudness of speech (energy) is related to
evoked arousal, while rhythm and average pitch are related to
valence [9] which is dynamic in nature. Recent pioneer work by
Schmidt posits that emotion response is dynamic and predictive
[10]. Further Fleureau proposed that emotion variability is
deterministic in nature causing arousal and valence and can be
benchmarked [7]. In this paper we propose state-of-the art
dynamic physiological response to characterize video stimuli
using dynamic modelling.
3. Dynamical Models for Physiological Response
We test both the ‘sequential supervised learning’ and ‘time-series
prediction’ setting [11] as our approach to physiological response

2. Issues in Modeling Physiological Responses
2.1 Physiological Response
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prediction.
In a sequential supervised learning setting, given a set of N
training examples, {(𝐱 𝑖 , 𝐲𝑖 )}𝑁
𝑖=1 , where a feature vector in the ith example is represented as 𝐱 𝑖 = 〈𝐱 𝑖,1 , 𝐱 𝑖,2 , … , 𝐱 𝑖,𝑇𝑖 〉 and the
target variable sequence to be predicted is represented as 𝐲𝑖 =
〈𝑦𝑖,1 , 𝑦𝑖,2 , … , 𝑦𝑖,𝑇𝑖 〉, we want to construct a predictor h that can
correctly predict a new label sequence 𝐲 = ℎ(𝐱) for any input
sequence 𝐱.
In a time-series prediction setting, we predict y values using a
prefix of the sequence up to the current time t as 𝐲 = ℎ(𝐱1:𝑡 ).
Lag parameters are usually set to consider only the suffix of
observed sequences as follows, 𝐲 = ℎ(𝐱 𝑡−𝑙:𝑡 ), in which l is the
lag parameter that controls the length of history to be considered
for prediction.
For a sequential supervised learning setting, we apply the sliding
window method in which problem is converted into the classical
supervised learning problem and a window classifier is trained
with window-wise examples of width w and the half-width 𝑑 =
(𝑤 − 1)/2 : 𝑦𝑖,𝑡 = ℎ(𝑥𝑖,𝑡−𝑑 , 𝑥𝑖,𝑡−𝑑+1 , … 𝑥𝑖,𝑡 , … , 𝑥𝑖,𝑡+𝑑−1 , 𝑥𝑖,𝑡+𝑑 ) .
For a time-series prediction setting, we apply a regression
approach, which is reported as more powerful and flexible than
classical techniques as ARMA and ARIMA [12].
We set the MAP (mean affective profile) as our target variable y
which represents the common arousal response of viewers for a
movie content [7].
As features x that affect viewer’s response, we use audio-based
features. We select MFCC audio features to be used in the
experiment since they are the common features and can used in
various studies. These features are extracted using Essentia
library for music information retrieval [13].

Table 1. Results of audio-based arousal prediction on
Wedding Crashers (Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), Direction Accuracy (DAC))

Table 2. Results of audio-based arousal prediction on
Confessions

4. Experiments
4.1 Experimental Setting
Two subsets out of CogDIEM [14] were used: arousal responses,
measured by EDA (Electrodermal activity) sensors and profiled
by MAP (mean affective profile) [2] values, for ‘Wedding
Crashers’ for which most people mainly show positive valences
and ‘Confessions’ for which most people mainly show negative
valences.
In the sliding window setting, the width of window is set as 10
seconds and the step size of a window is set as 5 seconds. In the
time-series prediction setting, we apply automatic-lag setting.
We applied various regression methods including standard linear
regression, support vector regression, and Gaussian process.
Weka 3.7.11 is used for the experiment.

Table 3. Summary of validation results under various
training and test ratios for Wedding Crashers
Tr:Te
7:3
5:5
3:7

MAE
0.0363
0.0263
0.0385

RMSE
0.0424
0.0344
0.0477

DAC
67.43%
53.57%
56.56%

Table 4. Summary of validation results under various
training & test ratios for Confessions
Tr:Te
7:3
5:5
3:7

MAE
0.0427
0.0263
0.0385

RMSE
0.0545
0.0344
0.0477

DAC
52.79%
53.57%
56.56%

Table 3 and 4 summarizes validation results under various ratios
for training and test set. We can see that future response is
predictable after observing the former part of a movie. General
expectation is that as fewer part is used as the training set, the
performance gets lower. However, that was not the case in our
experiments. In both cases, 5:5 setting shows the lowest
prediction error levels. The accuracy of direction prediction is
just above chance in most cases except the 7:3 case for Wedding
Crashers which shows rather higher accuracy of 67%. From this
experiment, it is hard to set criteria for the training versus test
ratio. One possible explanation is that patterns of context change
may be highly dynamic and diverse among movies. We expect
that it is possible to get better performances with advanced
dynamic models.

4.2 Training and Testing Samples
Sample data was partitioned into Training and Testing data where
the former part of data as the training set and the latter part as the
test set. After checking baseline results on the 7:3 setting, we
additionally checked 5:5 and 3:7 settings as summarized in Table
3 and4 and for both positive and negative stimuli.
4.3 Results and Analysis
Prediction result in the baseline setting are summarized in Table
1 and 2. It shows the sliding window and time lag-based results.
From table 1 and 2 show that prediction of multimedia stimuli is
possible since they depict a consistent trend based on complexity,
accuracy performance and error levels.
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Figure 1. Prediction Results of MAP – Wedding Crushers

Figure 2. Prediction Results of MAP – Confessions
Results from figure 1 and 2 show that prediction is possible and
feasible. This is confirmed by the respective values of CC, MAE
and RMSE that show predictive and consistent values. Linear
regression gives accuracy performance compared to Gaussian
Process, however it generates inferior performance compared to
SMO regression. Generally MAE and RMSE decrease with
increase in complexity. From the findings, the MAE and RMSE
values for the same regressors consistently differ. Sliding window
gives inferior (higher MAE and higher RMSE) values compared
to Time Lag based prediction which has lower errors for the same
setting. This is generally expected since Sliding window
approach prediction is based on individual row values (attributes)
while Time lag-based approach compares past values
dynamically consider the rows in addition to the correlation
among attributes. Comparing positive and negative valence
among the two stimuli reveals that it is easy to distinguish arousal
in Wedding Crashers unlike in Confessions hence need to explore
variability of training to testing data ratios.
5. Discussion
There is an increasing body of evidence supporting the
application of dynamic modeling physiological responses since
the use of wearable and indeed ubiquitous devices. The results of
the experiments presented above indicate that physiological
responses are predictive hence can be generalized and learned
autonomously. Based on the ratios of Training to Testing, there is
a need to increase the sample size that can assure reliability of
results. Additional empirical work need to be explored in order to
establish dynamic modeling of cognitive response to
physiological stimuli.
Future direction is two-pronged: First consider dynamic models
that considers the past and the current state to predict a future
state. Secondly to explore further research by modifying the setup
in order to evaluate varying levels of both valence and arousal.
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