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Negative Emotion Management Using a Smart Shirt
and a Robot Assistant

Minh Pham ', Ha Manh Do"", Zhidong Su

Abstract—Negative affects such as anger, fear, nervousness, de-
pression, etc., may increase human’s susceptibility to illness. In
this letter, we propose a negative emotion management system that
is able to recognize negative emotions through ECG signal and
perform emotion regulation through a robot assistant, which has
a potential for reducing health risks. A smart shirt is developed to
collect the ECG signal from the human body. The robot assistant
has the ability to engage in verbal conversations with humans.
Recurrence QQuantitative Analysis (RQA) is used to extract ECG
features for emotion classification purpose. Along with our own
dataset, two other public datasets, RECOLA and DECAF, are
also used to evaluate our methodology. The detection of negative
emotion can trigger the robot assistant to help the user get out of
such situations through interactive conversations. We tested and
evaluated the proposed framework through experiments. We also
assessed the effectiveness of the interactions with the robot on the
emotional well-being of older adults.

Index Terms—Human-centered robotics, robot companions,
social human-robot interaction.

I. INTRODUCTION
A. Motivation

ENTAL health refers to behavioral, cognitive, and emo-
M tional well-being which affects how we feel, think, and
act [1]. Positive emotional states correlate with healthy patterns
of responding in cardiovascular activity and the immune sys-
tem [2] while negative emotional states can cause unhealthy pat-
terns of physiological functioning and lowered immune activity.
Negative affects such as anger, fear, nervousness, depression,
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anxiety, or hostility may increase human's susceptibility to
illness [3]. Emotion regulation deficits contribute to the develop-
ment of depression and anxiety, panic, and stress disorders [4].
To deal with such mental disorders, acommon technique is to use
cognitive behavioral therapy (CBT), or conversations between
a therapist and a patient. Recently virtual therapists or robot
assistants such as Woebot [5] and PARO [6] have been developed
to deliver CBT. However, it will be even better if robots can
prevent people from developing mental illness.

Therefore it is crucial to prevent humans from being in
negative emotions for a long time. To this end, we need to
solve two problems: 1) how to detect negative emotions, and
2) how to help the human get out of such emotions when
detected. Human emotions can be recognized based on facial
expression, voice, or body gestures. However, these signals can
be consciously controlled by the human and may not reflect a real
emotion. Another approach is to recognize human emotion using
physiological signals such as heart activity (Electrocardiogram
- ECG) [7], brain signal (Electroencephalography - EEG) [8], or
galvanic skin response [9], which are more reliable and objective
sources of information about human emotion. A person can
regulate his or her own emotions, which refers to an infrinsic
emotion regulation, by punching a pillow, texting or talking to
a friend, taking a nap, or listening to music. On the other hand,
a person’s emotions can be altered through conversations with
other persons, or so-called extrinsic emotion regulation [10].
Social robots have proved their capabilities in providing com-
panionship and improving the users” mood [11]. Therefore we
believe that social robots can offer asolution to extrinsic emotion
regulation.

This letter presents an Emotion Management System (EMS)
which consists of a smart shirt and a robot assistant. The smart
shirt is used to collect ECG signal in order to classify emotional
states. Once a negative emotion is detected, the robot assistant
starts an interactive conversation to distract and help the human
out of such negative emotions. The main contributions of this
letter are three-fold. First, we proposed a closed loop system
for health monitoring and healthcare delivery which proactively
intervenes when health situation emerges, while most existing
systems focus on health monitoring only. Second, we realized the
major components of the EMS using wearable computing and
social robotics technologies, which is the first of its kind. Third,
we conducted experimental evaluation of the major components
of the EMS with different age groups in a lab environment and
tested the robot assistant with local seniors. The preliminary
results are promising and establish a solid foundation for us to
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pursue further research in this direction. The letter is organized as
follows: the rest of Section I gives a review of previous works on
emotion recognition and emotion regulation. Section II presents
an overview of the EMS. Section I1I describes our methodology
of negative emotion recognition and emotion regulation. Section
IV presents the results of negative emotion recognition and
emotion regulation by the robot assistant. Section V gives the
conclusion and future work.

B. Literature Review

1) Emotion Recognition: Recognizing emotion based on
physiological signals is more reliable than external behaviors
like facial expression or speech [12]. Signals such as electrical
activities of human brain and heartbeat have been used in the
research of emotion recognition [8]. Compared to brain signal,
the heartbeat is easier to collect in practice. In [13], support
vector machine was used to recognize emotions like amuse-
ment, sadness, and neutral from physiological signals. The heart
rate and galvanic skin response were utilized as the emotional
features. In [14], several convolutional and recurrent neural
networks were used to predict affect from electrocardiogram and
electrodermal activities. A regularized deep fusion framework
based on multimodal physiological signals was used for emotion
recognition in [15]. Emotion recognition based on physiological
signals using convolution neural networks were also proposed
in [16] and [17]. ECG-based emotion recognition has recently
been adopted in human health research and human-computer
interaction (HCI). ECG signal can be collected and processed in
many different ways. For example, in [7], the authors proposed
a method to perform ECG synthesis, signal decomposition, and
feature extraction based on the Empirical Mode Decomposition
(EMD) method. They used the International Affective Picture
System ([APS) dataset and their own dataset for emotion recog-
nition. In [18], time and frequency domain analysis is applied for
feature extraction. Several nonlinear indices are extracted based
on Approximate Entropy, Lagged Pointcare Plot and Detrended
Fluctuation Analysis (DFA). Their experimental results show a
recognition accuracy of 84.72% on the valence dimension, and
84.26% on the arousal dimension. In [19], the non-linear feature
Hurst is computed using Rescaled Range Statistics (RRS) and
Finite Variance Scaling (FVS) methods. The accuracy of clas-
sifying six emotional states (happiness, sadness, fear, disgust,
surprise and neutral) is 92.87%, and 76.45% using random and
subject independent validation respectively.

2} Emotion Regulation: Emotion self-regulation is consid-
ered human's ability to control emotional reactions. However,
regulation failure is common, especially when people are in
negative emotions [20]. The failure of emotion self-regulation
may lead to failures of self-regulation in other behaviors [21].
It is desirable to get the human out of negative emotion once
it occurs. One of the solutions is to distract them. In [22],
the laboratory studies show that inducing depressed people to
focus on positive distractions can reduce their negative affect.
Those studies also show that inducing depressed people to
be distracted from negative thoughts leads to relatively more
positive appraisals of situations, better problem solving, and less
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Fig. 2. The smart shirt and the robot assistant.

distress. According to [23], through experiments, the authors
claim that people can be distracted from negative emotions by
loading their working memory. The more working memory is
being used by a distracting activity, the less room will remain
for negative emotions to persist. Experimental results from [23]
demonsirate that solving a math problem is an efficient way to
load working memory. The participants in those experiments
reported that their negative emotion was reduced after solving
math problems.

. SYSTEM OVERVIEW
A Overview

As shown in Fig. | the proposed Emotion Management Sys-
tem (EMS) works as follows. Through a wearable unit called
smart shirt, human's ECG signal is collected and processed to
detect negative emotions. This detection result is shared with the
robot assistant. If a negative emotion is detected, the robot assis-
tant engages the human in interactive conversations, therefore
forming a closed-loop health monitoring and healthcare delivery
system.

B. Smart Shirt and Robot Assistant

The smart shirt consists of textile ECG electrodes, a respi-
ration belt, a sensor platform and a microcontroller as shown
in Fig. 2(a). To make it more comfortable, we use textile elec-
trodes and conductive threads to collect physiological signals.
Conductive metalized nylon fabric is chosen because it has great
conductivity and is easy to sew by using a fusing method. A
single lead ECG signal is collected from the garment using the
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Lead-11 configuration. The signal is amplified and sampled at a
rate of 200 Hz, which is sufficient for detecting heart rate, study-
ing heart rate variability and arrhythmias [24]. The respiration
belt is an inductive transducer which measures the changes in
thoracic or abdominal circumference during respiration. In this
work, we only used the ECG signal for emotion recognition
because: 1) The respiration data was not provided by the public
data sets RECOLA and DECAF; 2) Using only ECG to build
models will allow this research to extend to many commercial
wearable devices such smartwatches, wristbands that can only
collect ECG signals.

As shown in Fig. 2(b), the robot assistant is a 3D printed
desktop robot. Its software features a conversational interface
that combines speech recognition, spoken language understand-
ing and speech synthesis, which makes it capable of verbal
conversations with humans. It consists of three paris: a robot
head, a body, and a base. The robot's head has two degrees of
freedom and can turn to the direction where the sound is coming
from. The robot also features a vision system that consists of an
RGB-D camera used for face detection and an auditory system
of four microphones allowing speech recognition and sound
localization. Details of the robot design can be found in our
previous work [25].

ITI. METHODOLOGY

A. Emotion Recognition

We use the smart shirt to collect the ECG data from the human.
The raw ECG signal is filtered using a bandpass filter within
the frequency band at 5-15 Hz to remove unwanted noise, for
example, electrical and muscle artifacts. Then, features are ex-
tracted using a sliding window of 4-second width and 2-second
step size. The ECG signal ready for analysis has a sampling
rate of 200 Hz. From the ECG data, the heart rate and heart
rate variability can be derived by detecting R peaks. Features in
time and frequency domain, as well as nonlinear features, are
extracted as the input to the classification models. In this work
we focus on recurrence quantitative analysis (RQA), which is a
method of nonlinear data analysis, to investigate the dynamics of
heart's electronic reactivity to emotion changes. There are only
a few studies applying RQA on ECG signal to recognize human
emotion. Recently, Goshvarpour et al. [26] indicated that the
ROQA is one of the most significant features to differentiate two
groups, men or women, based on ECG responses while watching
sad images. It has also been shown that nonlinear features have
the advantage in physiological signals processing to deal with
negative affect.

1} Recurrence Plot (RP): The RQA measures are calculated
based on recurrence plots, which is a graph visualizing the times
that a phase space trajectory travels to the same place again [27].
The definition of RP is shown below

Ry =O(e—5i—5), HeR™ ij=1,..,N (1)

where IV is the number of considered states x,, € is a threshold
distance, || - || 2 norm and &(-) the Heaviside function. In our

case, only one time series of ECG signal is available, therefore
the phase space can be reconstructed by embedding dimension
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Fig. 3. Recurrence plot of ECG signal with non-negative emotion.
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Fig. 4. Recurrence plot of ECG signal with negative emotion.

and time delay.
(2)

where u(i) is the time series, 7 is the embedding time delay
and m is the embedding dimension. To estimate the time delay,
we use mutual information analysis [28], and the time delay
7 which minimizes the mutual information is selected. The
delay time v = 14 is chosen. The embedding dimension m
of the ECG signal is determined by using the False Nearest
MNeighbors (FNN) method [29]. An appropriate dimension is
selected in such a way that most of the nearest neighbors do
not move apart significantly in the next higher dimension. The
embedding dimension m = 5 isselected. Each point of the phase
space trajectory x; is evaluated if it is close enough to another
point of the trajectory =, (less than a specified threshold ).
In the 2-D recurrence plot, the states at time i and time ;7 are
denoted by black points if B; ; = 1 and white points if B, ; = 0.
Fig. 3 and Fig. 4 show the recurrence plots of 4-seconds ECG
data corresponding to non-negative and negative emotion label,
respectively, with = = 14, m = 5 and ¢ = 0.07. Based on the
recurrence plot, the RQA measures are extracted and used to
build the classification models.

2) RQA Measures: Based on the RP, the RQA measures such
as RR, DET, LMAX, VMAX, ENT, TND, LAM, and TT are
extracted [30].

* Recurrence rate RR: The percentage of recurrence points

inan RP: RR = grsuml’,_, R, ;

* Determinism DET: The percentage of recurrence points

which form diagonal lines:

=L IP(D)
DET = ==mia___
=1 LF()

Ty = (u(@),u(i+7),...,u(i +7(m —1))),
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* Longest diagonal line LMAX: The length of the longest
diagonal line:
LMAX = max({l;; i=1,...,N;})

* Longest vertical line VMAX: The length of the longest
vertical line:
VMAX = max({vi; 1 =1,..., Ny })

* Entropy ENT: The Shannon entropy of the probability
distribution of the diagonal line lengths p(l):
ENT = E, —1... P()Inp(l)

= Trend TND: The palmg of the RP towards its edges:

TREND — ¥ (1-NJ/2)(RR;—(RR:)))

'l%c 1-N72)2
+ Trapping time TT: average length of the vertical lines:
_ _ =N wP(v)
TT =TT = ST
* Laminarity LAM: The percentage of recurrence points
which form xeltica] lines:
LAM — Zemegin VP

Foe—1 VP

Where

N 7 the number of points on the phase space trajectory.

Nj - the number of diagonal lines in the recurrence plot.

Ny 7 the number of vertical lines in the recurrence plot.

P(l), P(v) - the histogram of the line lengths of diago-
nal/vertical lines.

N - the maximal number of diagonals parallel to the LOI
which will be considered for the calculation of TND.

3} Classification; The emotional state labels include nega-
tive (1) and non-negative (0). In the study, the negative and
non-negative labels are categorized based on the valence values
of individual emotions provided in the public data set RECOLA
and DECAF. RECOLA dataset [31] was obtained from 23
participants, in which their audiovisual and physiological data
were collected while performing experiments. The video and
audio data were recorded at 25fps and 44.1 kHz, respectively.
The bio-signals include ECG and EDA (Electrodermal Activity).
In addition, the participants” personal information, such as age,
gender and mother tongue, were also recorded. The annotations
were performed on the ANNEMO web-based annotation tool
by six people, three females and three males. The label of
emotions, presented as valence and arousal, was marked with a
framerate of 40 ms. DECAF dataset [32] was obtained from 30
participants (14 females and 16 males). The recorded biosignals
include brain signal (Magnetoencephalogram -MEG), ECG,
Bi-polar horizontal Electro-oculogram (hREOG) and Bi-polar
traperius Electro-myogram (tEMG). The Near-Infra-Red (NIR)
facial data were also recorded. The emotional status was elicited
by letting the participants watch different music videos and
movie video clips. We classified the emotions with valence less
than 0 as negative emotions, which include anger, disgust, fear
and sadness. Emotions with valence greater than or equal to
0 are grouped in non-negative category, which includes calm,
happiness, and excitement.

We apply the same methodology of data preprocessing and
feature extraction to the RECOLA and DECAF dataset for com-
parison purpose. However, we need to do some exira data pro-
cessing on emotion labels. In the RECOLA dataset, an emotion
in terms of valence and arousal is labeled by six annotators every
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Fig. 5. The conversational interface of the robot assistant.

40 ms. Our models used RQA measures extracted from 4-second
width windows of ECG signal. Thus, we had to determine a label
of emotion for every 4-second window, and we used different
thresholds (70% 80% and 90%) to decide to keep or reject that
data. We would reject it if, in that 4-second window, there is no
label with the outcome exceeding the thresholds. The valence
value fluctuates significantly in small amounts of time, which is
not feasible for the heart signal to react properly to the emotion
changes. To deal with this issue, first, we took the average of
all valence values evaluated from six annotators. The inter-rater
agreement has been evaluated by the authors of the RECOLA
and DECAF dataset. A median filter is applied to smoothen
the valence, where we used the MATLAB function MEDFILT1
with a window size of 200 ms. The valence values are then
converted to a binary format with 0 as the threshold point. A
sliding window with 4-second width and 2-second step size is
used to loop through the labeled data. A window threshold o is
used, which determines the unique label of the whole window
size of the data, i.e. 1000 data points. If there are more than
% of 1000 data points with the same label, then that label is
assigned to the window. Otherwise, the window of data is not
used for training. The o value is chosen at 70%, 80 and 90%,
respectively. In the DECAF dataset, an emotion label is assigned
to a whole session of the experiment in which a person watches
a movie clip. In this case, the label is kept unchanged and the
preprocessing method is applied the same way as we do on our
dataset.

4) Emotion Recognition Method: We use the following ma-
chine learning algorithms for emotion recognition: neural net-
work, decision tree, gradient boosting and SVM RBE Those
respective models are built by using the SAS software. A 5-fold
cross validation strategy is used to train the models.

B. Emotion Regulation

The robot initiates interactive conversations with the human
in order to help the human get out of negative emotions if
detected. A conversational interface (CI) is developed in the
robot, which provides functions such as converting voice to
text, analyzing intents and actions, generating responses and
converting text to speech. As shown in Fig. 5, the CI features
a speech recognizer, a natural language interpreter, a dialogue
state tracker, dialogue response selection, a natural language
zenerator, and a text-to-speech synthesizer. Automatic Speech
Recognizer converts a speech signal to a sequence of words
using Google Cloud Speech APIs. Natural Language Interpreter
is responsible for extracting the structure and meaning of input
text, which is enabled by Google Cloud Natural Language APIs.
Dialogue State Tracker and Dialogue Response Selection are
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supported by the Google API Al. We combine the API Al with
the expression evaluation in our emotion regulation system.
This allows the conversations to be tracked properly. Natural
Language Generator is used to generate textual summaries from
the input data set. Generally, it consists of data analysis and text
generator. In our case, the input data is only from what the human
says during the conversation. Text-to-Speech Synthesizer is used
to convert normal language text into speech with proper tones
of voice. Google text-to-speech is used in the robot assistant.

According to the literature [23], an efficient way to distract

humans is to make them actively use their working memory area,
for example solving a simple mathematics problem. Therefore,
in this study, our idea is to enable the robot to engage the
human in interactive conversations. We develop several types
of conversation with different complexity levels to adapt to
different intensities of the negative emotions the human may
have. The conversations between the human and the robot can
be used for analysis and improving the interactive conversations
in the future. A sample conversation between the robot and the
human runs as as follows.

* Robot: Hi Minh, how are you doing now?

Human: I am a little bit sad.

* Robot: Lamsorry that vou feel sad. Can you join me playing
something? Can you give me two numbers, please?
Human: It's OK. Number 7 and number 3.

e Robot: What is the summation of 7 and 37
Human: It is 10,

* Robot: Awesome, it’s correct. What are vou feeling now,
Minh?

Human: I am still sad.

o Robot: I am sorry that you are still sad. Can you do
multiplication of 7 and 3 and plus 5.

Human: It is 24, correct?

* Robot: No, it's wrong. Can you try one more time?
Human: Oh, it is 26.

s Robot: Awesome, it's correct. How do you feel now, Minh?
Human: 1 feel better now.

* Robot: I am glad that you feel better now. Do you want to
chat with me for a while?

Human: No, I have to go ouf.

s Robot: Ok, bye for now.

IV. EXPERIMENTAL EVALUATION
A. Emotion Recognition Experiment

1) Experimental Setup: In order to elicit emotion and col-
lect data from the participants, a set of hardware components
including a smart shirt, an Oculus Rift, and a keypad are used,
as shown in Fig. 6. Recent development of Virtual Reality (VR)
technology provides a 3D immersive environment and offers a
better solution to inducing user emotion reactions [33]. In our
research, we use the Oculus Rift headset and a set of videos
to conduct the experiment. By wearing the VR goggle to watch
videos, the wearer is isolated from the surrounding environment,
50 it can minimize unwanted interference from outside affecting
his/her emotion. This equipment works with 3D videos, 360°
videos, as well as normal 21 videos. Compared to other studies

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 6, NO. 2, APRIL 2021

Fig. 6. Emotion elicitation using Oculus Rift.

using traditional methods of watching 2D videos, our method
makes it easier to induce the participant’s emotion. Videos are
manually classified into different categories corresponding to
emotional states such as anger, disgust, fear, sadness, neutral,
calm, and happiness.

2) Data Collection: The experiment is conducted in a dark
room so that the participants can be immersed in the virtual
environment as much as possible. There are totally ten male
participants taking part in this data collection activity, who
are praduate students of age between 26 and 40. The current
version of the garment prototype we developed did not work
well with female bodies in terms of data acquisition quality.
Therefore, only male participants were recruited. As part of the
future work, we will redesign the garment to make it fit for
female bodies. Each participant wears the smart shirt with textile
electrodes integrated to collect the ECG signal while watching
the videos. We searched 3D and 360-degree videos on YouTube
using emotional power words in each emotion category. The
total length of the collected videos is 132 minutes 36 seconds.
We had 3 people who watched the videos and assessed them.
We collected 43 videos with different categories. The lengths
of the videos are around 2 to 4 minutes. Finally, 43 videos
were selected for the experiment, including: anger:6, disgust:8,
fear:8, sadness:7, calm:8, happiness:6, excitement:6. During the
experiments, each participant was asked to watch a neutral video
before watching a video for emotion elicitation, then he was
asked a few questions such as in which parts of the video that
he felt sad/disgusted/etc., and the corresponding intensity with
a scale of 1 to 10. The number of videos shown to participants
were also different because different participants had different
reactions to the same video.

To make sure they really experience the desired emotion, on
one hand, we use different categories of video. On the other
hand, a post-interview is conducted after each video to ask
about their feeling. In addition, we equip them with a wireless
keypad so that they can press a button to mark the moment
when they feel they are experiencing a certain emotion during
experiments, as shown in Figure 6. Each video in our collection
was used to elicit a single emotion, i.e. anger, disgust, fear,
sadness, neutral, calm, or happiness. Thus, only one key was
used to mark the emotion. The ECG data at that time is marked
with the label of that emotion. All data from the shirt and the
keypad are synchronized and sent to a computer wirelessly for
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Fig. 7. Emotion recognition results on our own dataset, RECOLA dataset, and
DECAF dataset.

TABLE 1
RESULT OF NEGATIVE EMOTION CLASSIFICATION

Our RECOLA

Datasct [ 70% | 80% | 00% | DECAF
Newal | os21 |07 | oss |os99 | 053
Decision 1 0813 | 0747 | 0.638 | 063 | 0.0
gf_‘;"&”; 0828 | 0741 | 07 | 0598 | 0533
SVM RBF | 0768 | 0671 | 0659 | 0609 | 0509

storing and data analysis purposes. Ten participants were asked
to watch videos in different categories. We selected 43 videos
and a normal movie had a 3-minute length. Each participant
watched 1 or 2 videos of each category (anger, disgust, fear,
and sadness, calm, happiness, and excitement). Therefore, for
each of the 43 videos, there are 15 observations on average. The
total watching time is approximately 310 minutes, but only 120
minutes were marked with labels, and the corresponding ECG
signals were used for data processing.

3} Results: A summary of classification results on our
dataset, RECOLA dataset, and DECAF dataset is shown in
Fig. 7. Fig. 7 is a visualization of the confusion matrices when
applying different models on different data sets. Class 0 means
MNon-Negative emotion and Class 1 means Negative emotion.
Before applying the models, to avoid bias in classification, we
performed under-sampling to make the number of observations
of each class similar to each other, which means 50% negative
and 505 non-negative. Blue potions are true positive and true
negative. Red portions are false positive, and false negative. As
shown in Table I, for our dataset, the Gradient Boosting model
has the highest accuracy of classification, which is 82.8%. The
MNeural Network results in the highest accuracy when it is applied

to the RECOLA dataset with the window threshold o = 70%.
When applying classification models on the DECAF dataset,
however, the highest accuracy is only 60%.

The difference in classification accuracy among the three
datasets may be caused by the difference in the way of eliciting
and labeling emotions. In our data collection process, using the
Oculus Rift offers an immersive VR environment to elicit ex-
pected emotions. An emotion label is marked by the participant
while watching movie clips, and the corresponding one-minute
ECG signal is marked too. That one-minute ECG reflects the
emotion changes, and the training data built up from such ECG
signals results in higher accuracy. This result also shows that our
method offers a better way to collect data for emotion recognition
using ECG data.

B. Emotion Regulation Experiment

1) Experimental Setup: Another experiment was conducted
with the same ten subjects in the data collection phase to evaluate
the interactive conversation. The purpose of this experiment is
to make the participants have negative emotion by watching the
video through the Oculus Rift. The binary classification model
which was built in the previous phase was applied to the real-time
ECG data to classify emotion. The robot engaged the participant
in a conversation if a negative emotion was detected. Finally, a
survey was conducted in which they were asked if they really
experienced a certain emotion with a level of intensity (from 1
tol{), and if they felt distracted or not after the conversation with
the following choices: 1) Not distracted at all or 2) Distracted
{or somewhat distracted).

2) Results: The survey result shows that out of ten people,
six felt sad and their mean arousal is 5.3 out of 10. Four felt
disgusted and their mean arousal is 7.3 out of 10. Our experiment
shows that 90% of people got somewhat distracted or distracted
and that people who had higher intensity were more likely to
be distracted. The result is shown in Fig. 8. In order to test
the whole system, we asked each participant to wear the smart
shirt and watch a sadness video played by the robot. The ECG
signal was collected for emotion recognition. As demonstrated
in Fig. 9,when a sad emotion was detected, the robot started
an interactive conversion to ask him or her to solve simple
mathematics problems until she or he got out of the sad emotion.
The experiments show that the proposed EMS can be used for
negative emotion management.

C. Effectiveness Experiment of the Robot as
Companions for Older Adults

1) Experimental Setup: The robot was used in experiments to
further assess the impact of a brief social interaction between the
robot and older adults on subjective ratings related to emotional
well-being. In this study, 26 community-dwelling older adults
in a mid-sized community in North-Central Oklahoma, aged
60 to 92, were recruited to take part in an experimental study.
These 26 participants included 17 females and 9 males, who are
primarily identified as White/ Caucasian (73.085%). On average,
most participants reported having good overall health, vision,
and hearing.
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Prior to participation, all individuals read and signed a univer-
sity approved IRB informed consent. Prior to the engagement
phase, participants completed a pre-survey which included ques-
tions regarding personal demographics and self-reported lone-
liness, fatigue, and affect before completing condition-specific
activities. Next, participants completed their activities during
the engagement phase. Participants engaged in a one-on-one
interaction with the robot and completed various activities with
the robot, including conversational tasks (e.g., asking about the
time, weather, and news), hearing an inspirational quote, telling
knock-knock jokes, playing Rock-Letter-Scissors, doing a sim-
ple math problem, and listening to music. After the engagement
phase concluded, all participants completed the post-survey,
which was identical to the pre-survey.

Perceptions of loneliness and social isolation were mea-
sured using the UCLA Loneliness scale [34]. To address cur-
rent emotional well-being (affect), participants completed the
PANAS [35]. Half of the questions address positive affect
(PANAS-P) whereas the other half address negative affect
(PANAS-N). Participants rated current positive or negative emo-
tions (e.g., upset, hostile, inspired, attentive) on a Likert-type
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scale from 1 (Never) to 5 (Always). Summary scores for each
subscale were calculated with high scores indicating high levels
of positive/negative affect. Faticue was measured using the
Iowa Fatigue Scale (IFS) [36] which is an 11-item measure
adapted to address current levels of fatigue. The IFS assess
overall fatigue relating to cognition, drowsiness, energy levels,
and productivity. Participants rated how much each statement
represented how they were feeling using a 5-point Likert-type
scale from 1 (Not at all) to 5 (Extremely). A summary score was
calculated in which a high score reflected high fatigue and a low
score represented low fatigue.

We utilized innovative statistical methods to adopt a more
person-centered analytical approach. Data were analyzed with
concatenate ordinal analyses using Observation Oriented Mod-
eling (OOM) [37]. The resulting statistics from OOM analysis
include a percent correct classification (PCC) index, indicative
of the percentage of participants whose responses match the
predicted pattern, as well as a c-value, or chance value. The
chance value uses a series of randomized trials to determine the
probability of obtaining the resulting PCC value.

2) Results: Using O0OM we found 16 of the 24 experimental
participants fit the hypothesized pattern and reported decreased
feelings of loneliness after interacting with the robot (PCC
= 66.67, c-value =. 05). For positive affect, OOM analyses
indicated that 16 experimental participants reported increased
positive affect (PCC = 61.54, c-value =. 03). When assessing
negative affect, OOM analyses indicated that the experimental
condition again matched the hypothesized pattern, such that 18
participants reported decreased negative affect (PCC = 69.23,
c-value =. 004). Therefore, it appears that the interaction with
the robot reduced feelings of negative affect for both conditions
fairly equally. Changes in fatigpue were assessed using scores
on the IFS. OOM analyses revealed that 21 experimental par-
ticipants reported decreased feelings of fatigue after interacting
with the robot (PCC = 80.77, c-value =. 002).

V. CoNCLUSION AND FUTURE WORK

In this letter, we developed an emotion management system
that recognizes human negative emotions based on the ECG
signal and regulates the emotion through a robot assistant. The
RQA, a nonlinear data analysis method, is used for feature
extraction and results in high accuracy of negative emotion de-
tection. Our robot assistant can initiate interactive conversations
to help the human get out of negative emotions. Based on our
experiment, the accuracy of the negative emotion classification is
around 82.8%. The major components of the closed loop system
were validated in a lab environment and the companion robot
was also used in a test with local seniors to evaluate its effective-
ness in promoting emotional well-being. The preliminary results
are promising with noticeable improvement on test subjects’
mood after the interactions. Our method can be further improved.
It is desirable to conduct a large scale test of the complete system
in more realistic environments. Also there are situations where
negative emotions can be beneficial which is not considered in
this work. Another limitation of our work is that the suppression
or distraction from negative mood is not a sustainable solution
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especially as an intervention by a robotic assistant. The robot
needs to be more intelligent to understand the context in which
the negative emotion occurs. More reactions or functions should
be implemented for the robot so they can be used accordingly.
In the future, we plan to combine ECG and audiovisual signals
such as facial expression and voice. Such a multi-modality
fusion method will allow us to recognize negative emotions
more accurately in more circumstances, especially when the
ECG quality is not good.
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