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1. Introduction

Machine learning approaches based on deep neural networks have made significant
strides and perform at the state of the art across many challenging application
domains including computer vision, natural language processing, speech
recognition, and reinforcement learning, to name a few.'? These results are often
obtained using large labeled data sets trained with very deep neural networks, which
learn highly nonlinear abstractions of raw data features in a hierarchical way.? In
addition, these methods often incorporate inductive biases by way of neural
architecture design to constrain the set of possible solutions. For example,
convolutional neural networks (CNNs)>* make extensive use of convolutions with
small receptive fields to mimic, to some degree, the neural structure of the primate
visual system. Indeed, it has been shown that representations learned by CNNs
compare favorably to representations learned from the primate visual system.> As
a result of these successes, neural network approaches are often treated as the de
facto method to apply when building models in those domain areas.

Even with these advances across multiple application domains, there is some
uncertainty regarding the viability of neural network approaches applied to tabular
data. Tabular data consists of data stored in a (row, column) table format, where
rows contain separate instances and columns contain distinct features. In addition,
each column/feature in the table may have different possible data types (for
example, binary vs. continuous vs. categorical), representing a highly heterogenous
data format. A recent study from McKinsey & Company,® surveying more than 400
application domains across 19 different industries, showed that tabular data of this
type is among the most common data format used in industry. The standard
approach for building machine learning classification models on tabular data is
generally in the form of decision trees (DTs),” which are a family of supervised
machine learning models that build a tree-like graph with nodes representing the
place where we pick a subset of features and propose a decision rule/threshold
based on those features (e.g., if gender = male and age > 40 years, for a tabular data
set containing gender and age as features); edges representing the result of this
decision rule; and the leaves representing the output, which can be either another
decision node with another set of input features or the predicted class label of
interest.

DT-based approaches have many benefits, including they are highly interpretable
in their basic form (e.g., by tracking the hierarchical flow of decision nodes), which
is an important concern in many real-world applications, and they are
computationally fast to train. However, DT methods also have several downsides:
1) they are prone to overfitting, causing poor generalization, 2) they can be very



sensitive to small perturbations in the input data (potentially learning a very
different tree when trained on different subsets of the data), and 3) they have
difficulty modeling very complex, highly nonlinear decision rules. These
downsides open up the possibility of using neural network approaches due to their
ability to model highly nonlinear relationships and their improved robustness to
minor deviations in the input data, as demonstrated in several other application
domains. However, because previously proposed neural network architectures are
not well suited for tabular data, the lack of appropriate inductive bias often causes
them to fail to find optimal solutions for tabular data.

There has been increased interest in building neural network approaches for tabular
data over the past several years.®® In particular, a recent study comparing several
different neural network architectures with DT-based methods found that the neural
network approaches were competitive with DT-based methods when evaluated on
40 different tabular data sets with varying amounts of instances (690—418,000) and
features (5-2000).° In many cases, these neural network approaches outperformed
DT-based methods, suggesting that there are now viable neural network approaches
that can be applied to tabular data.

In this report, we describe our initial results evaluating tabular neural network
approaches for human affective state classification (e.g., stress, arousal) using
wearable physiological sensor technologies such as electrocardiogram (ECG) and
galvanic skin response (GSR). Affective state classification is a growing area of
interest in the human—computer interaction (HCI) community, as the ability to
model and predict human affective state opens new research directions focusing on

improving how humans interact and team with autonomous, intelligent systems.'®!!

One of the biggest challenges in affective state classification is robust performance
across individuals, where there is not much prior work in this area.'? In this domain,
however, it is difficult to collect large labeled data sets due to the need for human
subjects testing, as well as the significant degree of variability in the underlying
affective state across individuals. We hypothesize that, in the low labeled data
regime, that tabular neural network approaches trained on pre-extracted features
could be a viable alternative to fully end-to-end training (i.e., without any a priori
feature processing) with deep neural networks that traditionally require large
labeled data sets to train effectively. To test this hypothesis, we use the model
framework AutoGluon-Tabular,'® which is an easy-to-use and highly accurate
Python library for building neural networks for tabular data. This report
summarizes our findings using three publicly available data sets: Cognitive Load,
Affect and Stress Cognitive Load, Affect and Stress (CLAS),'* ASCERTAIN, "
and AMIGOS.'¢ Our initial analysis focuses on inter-subject classification within



and across these three data sets, as this remains one of the key challenges in
affective state classification.

2. Methods

2.1 Affective Computing

The seminal work by affective computing pioneer Rosalind Picard!'” over two
decades ago has opened up an entirely new field of study that aims to recognize and
understand human emotion. Since then, many studies have focused on developing
methods and algorithms capable of recognizing one’s emotional state from various
input signals, such as neural signals with the use of the electroencephalogram
(EEG),'® to peripheral physiological signals such as ECG,!>* respiration,?!
plethysmography (PPG), electrodermal activity (EDA),?? to behavioral signals such

as facial expression,?® eye movement,’*? and others (e.g., speech?®?7).

Numerous approaches have been employed and developed in emotional recognition
work from manipulating the input signals by means of features extraction both in
time (linear and nonlinear) and frequency domains, to the use of learning
algorithms. Broadly summarized, there are two categories of methodological
frameworks: the application of classical machine learning methods on pre-extracted
features'#!%?® and the use of neural network-based algorithms for end-to-end
learning on the raw signals.?*> While the majority of prior work focused on intra-
subject within-data set classification, there are only a few works that have attempted
to do subject-independent cross-data set prediction.!>**33 The closest prior work to
ours is that of Siddharth et al.,'> who trained a neural network in an end-to-end
fashion from raw signals such as EEG, GSR, and others, for cross-data set user
affective state classification.

Our work is different from this prior work in that it aims to evaluate classification
performance of a tabular neural network approach for subject-independent cross-
data set emotion recognition using extracted features from two input signals: ECG
and GSR. The reason we focus on these two signals is the potential of their
application in that many wearable devices widely available on the market have
sensors that continuously measure and collect both signals. In addition, all three
data sets used as part of this analysis contain both GSR and ECG for all participants.

2.2 Approach

Our approach is to develop a pipeline to evaluate the applicability of neural network
approaches applied to tabular data. For this, we use the open-source package



AutoGluon-Tabular,'* which can be used to predict affective state (high/low
arousal or positive/negative valence) using features extracted from peripheral
physiological signals. We used three publicly available data sets that have common
recordings of physiological signals (ECG and GSR) with similar stimuli to elicit
emotional responses from their respective participants. For each stimulus, a
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“ground-truth” emotional state was assigned. Generally, emotions can then be
mapped to a 2-D valence-arousal emotional space, as shown in Fig 1. The figure
comprises examples of different emotions distributed in a high-low arousal and
positive-negative valence dimensions.

AROQUSAL

(active)

excited

furious

annoyed delighted

Anger | Joy

disgusted blissful

VALENCE

(negative) (positive)

disappointed content

Sadness | Pleasure

depressed serene

relaxed

(passive)

Fig. 1  Arousal-valence emotion distribution chart’ "

2.3 The Data

Three publicly available data sets were used in this work: CLAS,'* ASCERTAIN, !>
and AMIGOS.'® The CLAS data set is a database for cognitive load, affect and
stress recognition. The ASCERTAIN data set aims to investigate emotion and
personality recognition using commercial sensors, while the AMIGOS data set
examines relation between affect, personality, and mood in individuals and groups.
The three data sets contain recordings of the two physiological signals of interests,
namely ECG and GSR. In addition to the common peripheral physiological
measures, all data sets used a similar experimental paradigm in which participants
were asked to look at pictures or watch video clips found to elicit certain emotional
responses. A summary of the data sets is described in Table 1.

*Used under Creative Commons Attribution 2.0 International License.



Table 1 Summarized description of the data sets

Data set Participants Trials Stimuli Physiological signals

CLAS™ 62 1,888 16 pictures and 16 videos ~ ECG, PPG, and GSR

ASCERTAIN' 58 2,088 36 videos EEG, ECG, GSR, and
visual

AMIGOS'® 40 12,580 16 short and 4 long videos  Audio, visual, depth,

EEG, ECG, and GSR

2.4 Physiological Signal Feature Extraction

Following the description provided by each data set, the raw ECG and GSR
recordings as well as arousal/valence labeling were extracted and processed for
each stimulus trial for each participant. For the CLAS data set, a total of 1888 trials
were extracted from 59 subjects (each subject watched 16 pictures for 20 s each
and 16 videos for 60 s each, totaling 32 trials per subject; three subjects were
excluded because of missing data). A total of 2088 trials were extracted from 58
subjects for the ASCERTAIN data set (each subject watched 36 video clips of
duration between 51 and 127 s long). The AMIGOS data yielded a total of 12580
trials from 37 subjects (340 20-s clips/trials per participant: 94 corresponding to the
16 short and 246 to the 4 long videos experiment; three subjects do not have
labeling data). As each data set contained different sets of stimulus types (pictures
vs. videos), we elected to combine trials across stimulus types for each data set to
maximize the total amount of data available for modeling purposes.

2.5 ECG Features

ECG is a measure of electrical activity of the heart that has been shown not only as
an indicator of the function of the heart but also as being controlled by the
autonomic nervous system, which is the interplay between the sympathetic and
parasympathetic branches of the nervous system. Therefore, heart rate (HR)-based
features, especially changes in variability in the RR intervals of the ECG signals,
or so-called the heart-rate variability (HRV), are known to associate with the
physiological state, such as stress level, as well as overall health and well-being.
Following BioSPPy,*’ the biosignal processing Python package, the 256-Hz ECG
signals from the three data sets were filtered between 3 and 45 Hz and R peaks were
detected. For each trial of the ECG signals, a time series of RR interval or the inter-
beat-interval (IBI) were extracted to compute HR-based time- and frequency-
domain features (Table 2). Some of the features were previously used in Kalinkov
et al.*® for arousal recognition.



Table 2 ECG-based features

ECG-based features (67)

Statistical features Mean HR; derivative of the HR (dHR); root mean square of
successive differences (RMSSD); standard deviation of NN or R-R
intervals (SDNN); standard deviation of the differences between
adjacent RR intervals (SDSD); percentage of the differences
between adjacent RR intervals that are greater than 20 ms (SD20);
percentage of the differences between adjacent RR intervals that are
greater than 50 ms (SD50); Poincaré plot standard deviation
perpendicular the line of identity (SD1); Poincaré plot standard
deviation along the line of identity (SD2); ratio of SD1-to-SD2
(SD1/SD2); variance of the RR intervals

Frequency-domain Low-frequency (LF) total HRV power [0.01,0.08]; mid-frequency

features (MF) [0.08,0.15] total HRV power; high-frequency (HF) [0.15,0.5]
total HRV power; ratio of the LF/HF HRV power; 8 spectral
components of the LF HRV; 8 spectral components of the MF HRV;,
36 components of the HF HRV

2.6 GSR Features

GSR, or EDA, is a measure of skin conductivity produced by the sweat glands that
are controlled by the sympathetic branch of the autonomic nervous system. An
increase in skin conductance has been shown to associate with an elevated level of
arousal. A total of 55 GSR-based features were extracted from the GSR
measurements for the three data sets. Before extraction of the relevant features, the
GSR signals were processed with 1-Hz lowpass filter. Phasic and tonic components
of the filtered and Z-scored GSR signals were computed using cvxEDA Python
algorithms.>*** In addition, the statistical time- and frequency-domain features used

in Soleymani et al.*! and Kalinkov et al.*® were also computed, as seen in Table 3.

Table 3 GSR-based features

GSR-based features (55)

Statistical features Mean; derivative; variance; standard deviation; derivative of the
negatives; ratio of the negative to total length of the signal;
number of minima and maxima; rise time; peaks; median absolute
deviation (MAD); minimum; maximum; energy; slope; intercept;
entropy; interquartile range; autoregressive coefficients; skewness;
kurtosis; index of maximum

Time-domain features Phasic and tonic components of the filtered GSR signal
(magnitude, number of peaks, average width of the peaks, area
under the curve); number of zero crossings and rate of zero
crossing of the filtered GSR signal with a cutoff of 0.08 Hz (very
LF [VLF]) and 0.2 Hz (LF)

Frequency-domain features Power in the band [0,2.4] Hz; peaks of the VLF and LF; 13
spectral components of the GSR signal between 0 and 2.4 Hz




2.7 AutoGluon-Tabular

With the recent development of neural network approaches that can perform well
on tabular data, we are interested to see if these approaches can be used to predict
individual emotional state (arousal or valence) with features extracted from ECG
and GSR signals. For this, we use AutoGluon-Tabular,'? an open-source machine
learning framework that is easy to use and enables quick prototyping of neural
networks and classical solutions on tabular data. It leverages automatic
hyperparameter tuning, model selection/ensembling, as well as architecture search
to achieve optimal solutions. The AutoGluon-Tabular Python package fits a total
of 13 different models across a family of approaches that includes gradient boosting
machines*”  (LightGBM, LightGBMXT, LightGBMLarge, CatBoost,*
XGBoost**), random forests (RandomForestGini, RandomForestEntr), extra trees
(ExtraTreesGini, ExtraTreesEntr), K-nearest neighbors (KNeightborsDist,
KNeightborsUnit), and neural networks (NeuralNetFASTAI, NeuralNetMXNet).
AutoGluon-Tabular then fits a weighted ensemble method that combines
predictions from each model equally; this model is often used as the final model for

predictions. Details about each modeling approach can be found in Erickson et al.'®

3. Results

Before training the models and fitting the data, we Z-score normalized each feature
(67 ECG-based features + 55 GSR-based features = 122 total) for each subject
within each data set. This helps ensure that all features are on the same scale, in
addition to helping minimize variability in physiological signals across individuals.
For within-data set arousal/valence prediction, we used leave-one-subject-out
cross-validation procedure in which one subject was held out for testing, from the
remaining data set where 70% of subjects were randomly selected to be in the
training set, while the remaining 30% of the data set was used as the validation set.
The random train-validation split was repeated five times to ensure enough
coverage of the randomized composition of the train-validation subject pool sets.
Prediction accuracy for each subject was obtained from averaging the five runs.
Cross-subject prediction results reported in Table 4 were achieved by taking the
mean and standard deviation of all the runs across all the subjects. For cross-data
set prediction, we used two combined data sets with five randomized 70/30
training-validation splits and tested on the third data set. The prediction accuracy
was reported in Table 5 as an average of the five runs.



Table 4 Within data set classification accuracy from different ML models by AutoGluon-

Tabular

Data set CLAS ASCERTAIN AMIGOS
Arousal(A)/Valence(V) A \% A \% A \%
LightGBM 0.58+0.10  0.56+0.11  0.54+£0.08  0.51£0.07  0.54+0.05  0.52+0.05
LightGBMXT 0.59+0.11  0.55+0.11  0.56+£0.07  0.53+0.07  0.56+£0.05  0.54+0.06
LightGBMLarge 0.59+£0.10  0.56+£0.09  0.54+£0.08  0.52+0.08  0.55+£0.05  0.52+0.04
CatBoost 0.59+£0.11  0.56+£0.11  0.56£0.08  0.51£0.08  0.56+£0.05  0.54+0.06
XGBoost 0.58+0.08  0.57+0.11  0.55+0.08  0.53+0.07  0.55+£0.05  0.53+0.04
RandomForestGini 0.60£0.09  0.56+0.11  0.56+£0.09  0.52+0.08  0.55+£0.05  0.54+0.04
RandomForestEntr 0.58+0.08  0.58+0.11  0.56+£0.08  0.52+0.08  0.56+0.05  0.54+0.05
ExtraTreesGini 0.59£0.09  0.57#0.11  0.55£0.08  0.53+0.08  0.55+£0.05  0.54+0.05
ExtraTreesEntr 0.59+0.10  0.58+0.12  0.56+0.08  0.52+0.08  0.56+0.05  0.54+0.05
KNeightborsDist 0.54+£0.08  0.54+£0.09  0.52+0.08  0.51+£0.08  0.52+0.03  0.52+0.02
KNeightborsUnif 0.54+0.08  0.54+£0.09  0.52+0.08  0.51£0.08  0.52+0.03  0.52+0.02
NeuralNetFASTAI 0.56£0.07  0.55+0.08  0.54+£0.06  0.50+0.05  0.55+0.05  0.54+0.04
NeuralNetMXNet 0.57£0.07  0.55+0.07  0.54+£0.06  0.51+0.04  0.55+0.05  0.53+0.04
WeightedEnsemble L2 0.59+0.09  0.56+0.10  0.56+£0.07  0.51£0.06  0.56+£0.05  0.54+0.05

Table S Cross—data set classification accuracy from different ML models by AutoGluon-

Tabular
Train: ASCERTAIN+AMIGOS CLAS+AMIGOS CLAS+ASCERTAIN
Test: CLAS ASCERTAIN AMIGOS
Arousal(A)/Valence(V) A \% A \% A \%
LightGBM 0.50 0.52 0.51 0.52 0.52 0.52
LightGBMXT 0.52 0.53 0.52 0.51 0.52 0.52
LightGBMLarge 0.51 0.53 0.51 0.51 0.51 0.52
CatBoost 0.54 0.52 0.52 0.51 0.53 0.53
XGBoost 0.51 0.53 0.51 0.51 0.51 0.53
RandomForestGini 0.52 0.52 0.51 0.51 0.53 0.52
RandomForestEntr 0.54 0.53 0.52 0.53 0.53 0.52
ExtraTreesGini 0.53 0.52 0.51 0.51 0.54 0.52
ExtraTreesEntr 0.54 0.53 0.51 0.51 0.53 0.53
KNeightborsDist 0.53 0.51 0.51 0.50 0.51 0.51
KNeightborsUnif 0.53 0.51 0.51 0.50 0.51 0.51
NeuralNetMXNet 0.52 0.53 0.50 0.51 0.52 0.51
WeightedEnsemble 1.2 0.52 0.53 0.51 0.51 0.53 0.52

Tables 4 and 5, respectively, show within- and cross—data set arousal (A) and
valence (V) classification accuracy produced by different models used in

AutoGluon-Tabular. Overall, results are consistently within 5%—-10% higher than
chance, which is similar to prior works focusing on cross—data set prediction of user
affective state, albeit with a different set of data sets.!? Neural network architecture-

based models performed a few percentage points lower than the DT-based



classifiers. Results reported here could not be directly compared with others, as
ways of splitting the data for training, validating, and testing could yield widely
different classification results. We employed a leave-one-out cross-validation as a
way to build models that could perform subject-independent classification.
Considering inter-individual variability in physiological and emotional responses,
developing subject-independent models is still a significant challenge.

4. Discussion and Conclusions

In this report, we evaluated the feasibility of using AutoGluon-Tabular to classify
arousal and valence for emotional recognition across individuals and data sets using
ECG and GSR signals. We have also developed a pipeline to process physiological
signals, extract meaningful features, and implement subject-independent
classification, both within and across data sets. Our classification results using
AutoGluon-Tabular suggest that subject-independent classification of affective
state remains a significant challenge, with classification accuracies only marginally
above random chance. Given this result, there are a few discussion points that we
would like to highlight:

« Given the relatively small data sets used in this study (CLAS,
ASCERTAIN, AMIGOS), we decided to aggregate trials from multiple
stimulus types (pictures vs. videos). This introduces a potential confound in
our analysis, as trials with pictures as stimulus were shorter than trials with
videos as stimulus (see Section 2.4). Thus, this may impact the
quality/robustness of the feature extraction process as these trials were of
different lengths. It is certainly possible that this could degrade classifier
performance in unexpected ways. Further investigation is needed to
determine if this is the case.

« We were limited to using only GSR and ECG as features, since these were
the only two signal modalities available across all three data sets. It is indeed
possible that the omitted signal features (features found in only a subset of
the three data sets) could provide the additional information needed to
accurately model user affective state. For example, EEG, which measures
electrical activity in the brain using small electrodes attached to the scalp,
provides highly salient information for modeling user affective state'? and
was recorded in two of the three data sets (ASCERTAIN and AMIGOS).
However, because it is fairly cumbersome to apply, is easily contaminated
by noise sources called artifacts,*> and is in general not readily available in
the general consumer application domain, we opted not to include it in our
evaluation, as our focus was on modeling user affective state with peripheral



physiological signals. This highlights one of the biggest challenges in multi-
data set learning, which is the fact that not all data sets contain the same
recording modalities, making learning across data sets challenging.

Prior work focusing on user affective state classification across multiple
data sets also reported accuracies for arousal/valence around approximately
62%,'? which is not significantly different than what we observed in our
results (56%). Interestingly, even when using EEG as the signal modality,
the results were not that different (also around 62%), reflecting the
significant challenge in modeling user affective state across data sets. We
note that our results are not directly comparable to these, however, as
Siddharth et al.'? use a different combination of data sets and different set
of recording modalities.

Inter-individual variability in emotional responses plays a major role in
determining one’s physiological responses. Data normalization procedures
such as Z-scoring were insufficient to normalize the data across individuals,
suggesting other forms of data normalization are needed.

Emotional response to each stimulus is a continuous and multidimensional
space as opposed to a discrete 2-D distribution. Therefore, “ground truth”
labels for arousal and valence assigned to each stimulus may not accurately
represent actual emotional elicitation. This introduces a form of label
noise,***" the possibility that the labels assigned to the data are incorrect.
This can hinder the ability to train machine learning approaches if the
amount of label noise is high relative to the size of the data set. In addition,
it is possible that only a handful of features are important, salient, and
useful, thus modeling extra features could serve as additional noise that can
degrade classifier performance. AutoGluon-Tabular is a fully automated
machine learning approach that performs several optimizations including
hyperparameter tuning, feature selection, and ensembling, which should be
able to account for this phenomena. However, reducing the number of
features used as input through a priori selection (e.g., from existing
literature) could help classification performance.

While AutoGluon-Tabular generally performed well on large tabular data
containing more than 100K instances and over 1000 features, it might not
work as well for physiological features containing less than 1 order of
magnitude of the features and instances data. To the best of our knowledge,
this is the first attempt at using tabular neural network approaches for user
affective state classification from peripheral physiological signals. Further
investigation across more data sets is needed to determine if tabular neural
networks can be used for affective state classification.
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List of Symbols, Abbreviations, and Acronyms

2-D
CNN
dHR
DT
ECG
EDA
EEG
GSR
HCI
HF
HR
HRV
IBI
LF
MAD
MF
PPG
RMSSD
SD1
SD2
SD20

SD50

SDNN
SDSD
VLF

two-dimensional
convolutional neural network
derivative of the HR
decision tree
electrocardiogram
electrodermal activity
electroencephalogram
galvanic skin response
human—computer interaction
high frequency

heart rate

heart-rate variability
inter-beat-interval

low frequency

median absolute deviation
mid frequency
plethysmography

root mean square of successive differences

Poincaré plot standard deviation perpendicular the line of identity
Poincaré plot standard deviation along the line of identity

percentage of the differences between adjacent RR intervals that are

greater than 20 ms

percentage of the differences between adjacent RR intervals that are

greater than 50 ms
standard deviation of NN
standard deviation of the differences

very LF
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