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Abstract The emotional assessment under internet of things 
(IoT) architecture can support researchers to establish the 
relationships between human social and physiological signals and 
emotions. In this paper, a wearable emotion sensing system is 
developed under narrow band internet of things (NB-IoT) 
wireless communication technology. The wearable sensing device 
integrates social linked sensors including voice, activity, and 
heart rate. Using this system, a dating experiment is set up to 
investigate multimodal factors of 
perception. In particular, the multimodal data are fused in a 
graph structure, and this further leads to a graph convolutional 
neural networks model for emotion evaluation and a mental-
sensing-graph intelligent interpreter. Different types of mental-
sensing-graphs are fused during the training stage, and the model 
achieves a verification accuracy of 0.93. The intrinsic 
relationships among the multimodal data have been captured by 
the subgraphs which have star-shaped structures, and the center 
of the subgraphs are mostly audio node. The obtained results 
show that the attractiveness perception of the male participants 
in dating is more aligned to language communication. The results 
also reveal that when the male participants date highly attractive 
women during the experiments, a significant correlation is 
observed between the multimodal features and the attractiveness 
perception levels. 

Index Terms Internet of things, NB-IoT, Wearable device, 
Emotional assessment, Mental-Sensing-Graph, Subgraphs, 
Classification and explanation. 

I. INTRODUCTION

motions are the attitudes and experiences produced by
human being after their own needs compare with objective
things. Emotions not only inform the current physical and 

psychological state of human being, but are also the key factors 
that determine human cognition, communication and decision-
making capabilities. In social activities, there has been a 
considerable interest in how to objectively evaluate and 
perceive emotions. Current measurement methods of mental 
states mainly adopt the questionnaires. However, emotions 
change over time, and it is difficult to objectively assess a 
person's physiological states by using questionnaires. In 
previous research, it has been found that human social and 
physiological signals can be used to assess a person's activity 
levels as well as understand human emotions. For example, 
Albraikan et al. [1] proposed a real-time mobile biofeedback 
system that used wearable sensors to depict five basic emotions 
and provided the user with emotional feedback. An internet of 
things (IoT) architecture based on smart wearable devices and 

cloud technology was introduced for emotional interactions 
with autistic people [2].  Thus, the quest for developing a 
methodology that uses social and physiological signals to 
dynamically sense and evaluate persons' mental states has 
undoubtedly attracted researchers from various fields. 

The rapid development of wearable sensing devices is 
driven by advanced sensor technology. For example, 
accelerometers and gyroscopes, microphones, Wi-Fi, GPS and 
bluetooth, photoplethysmography (PPG), electrodermal 
activity (EDA), skin electromyography sensors can 
respectively sense behaviors, record voices, locate positions 
and recognize physiological signals [3-6]. These sensing 
signals can be fused to detect emotional states. The wristband 
Q Sensor 2.0, designed by Affectiva, can measure body 
temperature, movement, and electrodermal activity. Motion 
Logger [7] estimates sleep conditions by measuring activity 
and light exposure levels. In [8], physiological signals and 
social information were continuously measured from E4 
wearable wristbands and sensors in an android phone to predict 
the Hamilton Depression Rating Scale (HDRS) by using 
machine learning technology. 

With the rapid development of mobile internet and artificial 
intelligence, personal emotion assessment has great potential 
in elderly care, physical and mental health, disease diagnosis 
and robot human-computer interaction [9-13]. A wearable 
wristband was designed to detect the elderly's emotional state 
and sent it to iGenda (an ambient assisted living platform) to 
change their home environment [14]. In [15], Volunteers' 
different emotional states can be effectively identified based 
on a novel wearable ring sensor. Tazawa et al. [16] applied a 
wearable device to calculate physical activity and 
physiological signals from depressed patients and healthy 
volunteers to assess depression symptom severity. BoostMeUp 
and EmotionCheck based on a wearable watch could simulate 
different heart rates and help users lead to positive cognition 
[17,18]. A wearable electronic badge could automatically 
collect voice and non-verbal information to evaluate daily 
behavior [19]. In [20], a system of wearable devices that 
measured physiological information was designed to identify 
and detect the abnormal conditions of a driver, including stress, 
fatigue and drowsiness. So, personal emotion assessment 
based on wearable devices has been widely applied. 

Benefitted by the development of IoT technology, IoT-
based sensing systems have been applied and researched to a 
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certain extent. Through the IoT technology, it is possible to 
collect physiological parameters, voice information and 
behavioral data in a natural and real-time situation [21-25]. 
The clinicians can dynamically monitor the change of the 
subject's mood and disease, thereby helping the subject to 
induce a mood and calm the situation [26]. Lawanontet et al.
[27] made use of activity trackers that integrated heart rate
sensors to develop the stress recognition system based on IoT
architecture. In [28], an integrated IoT framework that
collected physiological signals was proposed and emotion
recognition was performed. The work [29] presented Rhythm
that combined wearable electronic badges and online
applications to capture team-level and network-level
interaction patterns in organizations. Therefore, it is of
considerable significance to develop an IoT-based emotion
assessment system.

Daily life is inseparable from emotions which promote 
understanding and communication as well as interaction. 
Dating is a common form of human interaction [30,31]. On a 
date, people's emotions vary based on their perception of the 
attractiveness of their dates. In previous work, studies have 
shown the change in relationships of perceived attractiveness 
from the aspects of speech, body movement and physiological 
signals. For example, Fraccaro et al. [32] designed an 
experiment with a phone call task and found that compared 
with men with feminine faces, women raised their voices when 
leaving messages to the opposite sex with masculine faces. In
[33], it is found that men changed their voices when they talked
to attractive women and that heart rate responses had been 
linked to the perception of more attractive, opposite-sex targets.
Open body postures were associated with more self-reported 
feelings of love among newly met and long-term committed 
relationship partners [34]. However, the study exploring 
multimodal signals related to attractiveness perception in 

dating situations is still limited. Therefore, we design a speed-
dating experiment and use an IoT-structured wearable device 
to collect multimodal signals from male participants, including 
audio signals, hand motion signals, and heart rate signals.
Concurrently, we compare the differences of multimodal 
features when male participants dated with high attractiveness 
and low attractiveness women, analyze the correlation between 
multimodal features and attractiveness perception, and 
construct an assessment model of attractiveness 
perception levels. We also uncover the inherent relations of the 
multimodality and analyze the importance of each modal data.
To summarize, the main contributions of the work are as 
follows. Firstly, a long-term non-invasive affective evaluation 
system for positive affective through experimental researches 
can be generated. Secondly, this study examines how 
physiological signals, activity signals and language use change 

on fluctuate from a 
multimodal perspective. Finally, multimodal personal 
emotional data is fused to construct mental-sensing-graphs and 
a graph convolutional neural network model is developed to 
classify the attractiveness perception levels. A graph neural
network explainer reveals the intrinsic relationship of 
multimodal data.

This paper is divided into the following: Section II 
introduces the methodology including the overall architecture, 
hardware, data collection and transmission, feature extraction 
method and correlation analysis. An introduction to the 
algorithm of Graph Convolutional Neural Network and 
GNNexplainer [35] has been included. Section III presents the 
design and development of the experiment. Evaluation and 
analysis including threshold selection, correlation analysis, 
classification and analysis of mental-sensing-graphs are 
presented in Section IV. Finally, we summarize the research 
works and indicate the future works in Section V.

Figure 1: Proposed graph learning platform for wearable mental sensing.

II. METHODOLOGY

Figure 1 shows the overall architecture of the proposed 
platform. In order to generate the ground truth, we have 
assessed the psychological and mental status of male and 
female participants in the form of questionnaires, respectively. 

Based on the questionnaire scores, we select male participants
who meet the requirements and record their basic information. 
In order to ensure that the female participants are 
discriminating in terms of attractiveness, independent male 
raters who do not participate in the dating experiment evaluate 
the attractiveness of the female subjects' voice and appearance. 
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Therefore, two female participants with the highest and lowest 
attractiveness scores are selected to participate in a subsequent 
dating experiment. Concurrently, baseline voice data of two 
female participants are collected. In the experimental phase, 
the male participants wear a wearable device for 30 minutes to 
collect the data of audio, activity, and heart rate, which are 
uploaded to the cloud platform in real time through NB-IoT. 
Finally, the multimodal data are evaluated and interpreted 
through the evaluation system. Considering the limitation of 
equipment resources, transmission capacities and privacy 
protection issues, only four social-related features are 
extracted from the audio signals and the audio raw data will 
not be retained. In the interpretation and analysis stage, the 
multimodal data are fused in the form of proposed architecture 
of mental-sensing-graphs, and the model is trained through the 
algorithm of graph convolutional neural network (GCN) for 
classification. For interpretability of the trained model and 
classification results, the algorithm for graph neural network 
explainer is used to extract the subgraphs of mental-sensing-
graphs to explain and analyze the inherent relations of the 
multimodality, and reveal the influencing factors of male 
participants
each modal data.

A. Wearable mental sensing platform

We have designed a wearable device that integrates various
sensors, which non-invasively and objectively collects audio, 
activity, heart rate, and environmental information over a long 
period of time. The integrated sensors of the wearable device 
include recording module WM8978, acceleration and 
gyroscope sensor LSM6DSL, heart rate sensor MK0703A, 
light sensor BH1750, and ambient temperature and humidity 
sensor SI7021. Considering the real-time processing 
capabilities, the main controller STM32F405G based on the 
arm-cortex4 kernel and integrated DSP module have been 
selected. We use OLED to display the equipment operating 
status and real-time sensors data. In order to complete the real-
time data transmission, the device has designed the NB-IOT 
module. In addition, JTAG interface and SD card module are 
used for program debugging and data storage respectively. The 
whole system is powered by a lithium battery (3.7V, 2700mAh) 
and supplies power to each module through a voltage 
conditioning circuit. The overall hardware platform is shown 
in Figure 2. 

Figure 2. Developed wearable device.
(a) Front view of the wearable device(size:37mm*35mm). (b) Rear view of 
the wearable device. (c) NB-IOT module(size:23mm*24mm) and heartrate 
processing unit(size:13mm*12mm)

B. IoT sensing collection and transmission

In this study, we have developed a wearable physical and
mental health monitoring and evaluation IoT platform based 
on NB-IOT wireless communication technology. Figure 3 
shows the overall system architecture. Compared with the 
previous systems [36], the wearable devices directly 
communicate with the operator's base station without the 
requirements for users to deploy the network. When the 
sensors data reaches a certain amount, the device sends the 
processed data directly to the cloud platform. The cloud 
platform is built based on HUAWEI CLOUD, and we have 
carried out the development of equipment, wearable device 
data interface, client data interface, data storage, and data 
display. Users can analyze and monitor sensors data in real 
time through the client as well as assess the physical and 
mental health states of the participants. In this way, the 
proposed platform not only provides us with the convenience 
of collecting data but also the participants can view data and 
observe data trends through the client. In terms of audio data 
transmission, four audio features are extracted and transmitted 
to the cloud platform in real time. In this way, the privacy of 
participants can be protected and the huge amount of data 
transmission can be reduced. In order to reduce the load of 
activity data transmission, the activity sensor data is processed 
online on the wearable device, and the system only transmits 
the synthesized acceleration and angular velocity. In this 
system, the photoplethysmography (PPG) signals are
processed by the MK0703A module to obtain the heart rate 
recordings, and these data is then directly uploaded to the cloud 
platform.

Figure 3. Proposed NB-IoT wearable emotion evaluation system.

C. Feature calculation

a. audio features extraction

The speech processing flow is shown in Figure 4. The audio
features are extracted on a wearable device and these are 
energy, entropy, brightness and formant (including five values)
respectively. The specific calculation methods can be found in 
[37-39]. 
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Figure 4. Audio data processing flow. 
In order to extract more information for the formants, we 

have calculated the number of non-zero formants, sum of 
formants, average value of formants and average value of non-
zero formants. Then, the statistical features are calculated. 
These mainly include the maximum value, minimum value, 
standard deviation, weighted value, average value, the 25th 
percentile, the 50th percentile, and the 75th percentile of 12 
features. Meanwhile, the audio activity feature is also 
calculated. Therefore, 97 audio features are obtained. 

b. Activity feature transmission and extraction

The wearable device has a three-axis gyroscope and a three-
axis accelerometer that captures activity data along with the 
movement of the wrist. Under the premise of extracting 
features and reducing computational complexity and 
communication pressure, we have adopted a scheme of 
synthetic acceleration and synthetic angular velocity which are 
calculated online through the wearable devices. The synthetic 
acceleration and synthetic angular velocity are calculated as: 

 (1) 

 (2) 

Where ,  are the synthetic acceleration and synthetic 
angular velocity at the i-th moment, respectively, 

, , represents triaxial (x-, y-, z-axis) accelerometer 
readings. ,  ,  represents triaxial (x-, y-, z-axis) angular 
velocity readings. 

Firstly, the low-frequency activity data are preprocessed, 
including the sliding window and removing the basic value of 
the sensor. Then, feature extraction was performed on the data 
in the frequency domain and the time domain. A total of 7 
features of activity data are calculated in the time domain, 
which are the average, variance, standard deviation, minimum, 
maximum, mode, and range of a frame of data, as shown in 
Table 1. 

Table 1. Time domain features of activity data. 
ID Feature Description of feature 

1 Mean Average value of samples in a window 
2 STD Standard deviation of samples 
3 Minimum Minimum of samples in a window 
4 Maximum Maximum of samples in a window 
5 Mode The value with the largest frequency 
6 Variance Variance of samples in a window 
7 Range Maximum minus minimum 

The frequency domain features of low-frequency activity 
data mainly include DC component, shape statistical features 
and amplitude statistical features. The DC component is the 
residual value on the DC after the Fast Fourier Transform (FFT) 
of the low-frequency signals, and it is the first component in 
mathematics. The amplitude feature value is the absolute value 

of the FFT results, and the shape feature value is the two-
dimensional area formed by FFT results. The mean, standard 
deviation, skewness, variance, and kurtosis are also calculated 
using the amplitude and shape features. The calculated 
frequency domain features are shown in Table 2. 

Table 2. Frequency domain features of activity data. 
ID Feature Description of feature 

1 DC Direct component of a FFT window 

2-5 Shape Features 
Mean, std, skewness, variance of shape 
about a FFT window 

6-10 Amplitude Features 
Mean, std, skewness, variance, kurtosis 
of amplitude about FFT 

After extracting the time and frequency domain features of 
the motion sensing data, we calculate the mathematical 
statistical features of 17 time and frequency features, which 
mainly include maximum value, minimum value, standard 
deviation, weighted value, average value, the 25th percentile, 
the 50th percentile, and the 75th percentile. Finally, we obtain 
272 activity features. 

c. Heartrate feature extraction

The change of heart rate will reflect people's psychological
changes, and the calculation of heart rate is particularly critical. 
The MK0703A module collects PPG signals to calculate the 
heart rate. Due to the subject's voluntary or involuntary 
movement, PPG signals are easily interfered by motion 
artifacts (MA). These MAs will greatly affect the calculation 
and monitoring of heart rate. Therefore, we use Recursive 
Least Squares (RLS) algorithm fused three-axis acceleration 
signals to remove motion artifacts from PPG signals. In this 
paper, eight features are extracted from heart rate data, 
including the feature of mean, variance, standard deviation, 
mode, maximum, minimum, range, and first-order difference. 
The calculation of various features is illustrated as follows: 

 (3) 

 (4) 

 (5) 

 (6) 
In above,  represents the heart rate at n-th time, and 

represents the length of a segment of data. 
Physiological signals vary according to individuals, and the 

levels of various physiological indicators among individuals 
probably exists relatively large differences. Thus, it is easy to 
cause bias results in subsequent analysis. In order to ameliorate 
this error, we collect the calm state data of the subjects before 
the experiment, and perform the same feature extraction as the 
backbone. The features of heart rate data in a calm state are 
used as baseline. The normalization process is conducted to 
ensure the correctness of subsequent analysis, identification, 
and classification. 

D. Correlation analysis

In this study, we adopt the correlation analysis method of
Pearson Product-moment Correlation Coefficient (PPMCC) to 
explore the relationship between multimodal emotional data 
and male's attractiveness perception. The calculation formula 
is expressed as follows. 
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 (7) 

where  is the covariance of  and ,  is the standard 
deviation of variable , is the standard deviation of variable 

,  is the average of variable ,  is the average of variable 
, and  represents the mathematical expectation. The range 

of correlation value ranges from -1 to +1, where 1 represents a 
total positive linear correlation, 0 represents no correlation and 
-1 represents a total negative linear correlation. In particular,

|<0.8 

|<0.5 represents low 
correlation and |

E. Proposed architecture of mental-sensing-graph

a. mental-sensing-graph construction and learning

The fusion of multimodal data can provide insight
information for emotion recognition, thereby improving the 
accuracy of decision-making. At present, there are three main 
fusion methods for multimodal data: feature-level fusion, 
decision-level fusion, and model-level fusion [40,41]. 
However, the relevance of multimodal emotion data has not 
been considered. Graphs are widely used to capture the 
interaction of elements. The relationships among the various 
modalities can be visually represented by the edges of the 
graph. Thus, we employ graphs to construct multimodal 
sensing information, which not only integrate multimodal 
features but also establish the relationship of multimodal 
emotional data. 

According to the characteristics of the experimental data, we 
define an undirected mental-sensing-graph 
where  is the set of nodes,  is the set of edges between nodes, 
and  is the features of the nodes. The network topology of 
graph  are defined by the adjacency matrix 
where  if  else . 

For a single experimental participant, the data of audio, 
activity, and heart rate are collected from the same person at 
the same time. In addition, it is expected to discover insight 

audio, activity, and heart rate. The experimental data consists 
of 12 minutes of audio, activity, and heart rate are divided into 
3, 4, and 5 parts, respectively. Since the duration of the 
experiment is relatively short, there exists a certain inter-
relationship among these data segments and we intended to 
capture these relationships. As a result, we build mental-
sensing-graphs with 9, 12, and 15 nodes. 

Given a set of mental-sensing-graphs G, the task is to assess 
en. 

Graph data consider both node information and structural 
information. Graph Convolutional Network (GCN) will be 
used to learn both the features of nodes and the associated 
information among nodes [42,43]. In this paper, we have used 
GCN to classify mental-sensing-graphs. The training model 
consists of 3-GCN layers activated using the Rectified Linear 
Unit (ReLU) function. The model is trained using the whole 
mental-sensing-graphs as input. The readout layer outputs a 2-
dimensional prediction label. The GCN model is trained end-

to-end by minimizing cross-entropy loss between predicted 
logits and target attractiveness perception levels.

b. Mental-sensing-graph interpreter

Data-
for classification and prediction [44]. It is often difficult to 
explain the phenomenon and inter-relationship from the data 
itself. In dating scenes, we expect to illustrate the relevant 
influencing factors of the heartbeat phenomenon from the 
multimodal data. Therefore, we have generated an explanation 
for each mental-sensing-graph by applying the GNNExplainer 
[35].  

GNNExplainer is a model-agnostic interpreter for GNN 
models. GNNExplainer can generate explanations for graph 
neural networks and graph mining tasks from the perspective 
of network structures and node attributes. For the optimization 
tasks of maximizing mutual information, GNNExplainer 
extracts important subgraph structures and node feature 
subsets as model interpretation. Given a trained GCN model  
and a prediction , the goal is to identify a subgraph 

, such that the mutual information 
( )between the prediction of the trained model  and the 
prediction generated by the subgraph is maximized. The 
formula is as follows: 

 (11) 

In the equation,  is the entropy term and is constant 
because GNN model is fixed for trained GNN. Therefore, this 
is equivalent to minimizing the conditional entropy: 

 (12) 

The GNNexplainer recommends learning the adjacency 
mask matrix to activate or deactivate parts of the graph. 
Therefore, this can be expressed as follows: 

 (13)

where  is the mask matrix that needs to be learned, 
 is adjacency matrix for subgraphs ,  denotes element-

wise multiplication, and  is the sigmoid function that maps 
the mask matrix to . Finally, the mask matrix performs 
threshold selection to obtain a subgraph. Through the 
relationships between the modalities represented by the 
subgraphs, we further analyze the influencing factors of 
attractiveness perception and the importance of each modal in 
the dating scenes. In addition, we also explain the mutual 
influence of multi-modal data in the dating process. 

III. EXPERIMENT

A. Participants and Settings

The study has recruited 31 male students (average age 21)
from local university as participants. They are all single, 
heterosexual, in good health, and had no current or previous 
diagnosis of psychiatric disorder, drug or alcohol dependence. 
Participants are required to provide demographic information 
before the experiment, such as their age, major. The 
questionnaire of BDI (Beck Depression Inventory) is used to 
investigate whether participants are depressed and how 
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depressed are they. Participants with high depression scores 
will be excluded from the experiment. Each male participant 
conducts two dating experiments with the high and low 
attractive women. The interval between two dates is more than 
one week. Due to the malfunction of the wearable device, the 
data of 4 male participants are incomplete, so the dating data 
of only 27 male participants are obtained in this experiment. 
The experiments are approved by the Ethical Committee of the 
University of Electronic Science and Technology of China. All 
participants provided informed consent and signed the 
agreement.

B. Independent Raters and Female Confederates

Thirteen heterosexual male participants are invited to be
independent raters to select two females with high and low 
attractiveness. The average age of the raters is 22.6 (SD = 1.89, 
range = 20-25) and they don't take part in the dating 
experiment. The selection method is as follows. Independent 
raters are asked to watch three 15-second videos in which three 
women gave a brief self-introduction, and they have to rate the 
attractiveness of the women on a Likert 7-point scale at the end 
of each video (1 is unattractive, 7 is very attractive). And the 
videos are shown in random order. Two females with the 
highest and lowest attractive scores are selected to participate 
in a subsequent dating experiment. In addition, we conducted 
the paired-sample t test to compare the attractiveness of the 
two females. The results show that there are significant 
differences in attractiveness between the two females
(MLow_attractiveness = 3.54, SDLow_attractiveness = 0.66 vs 
MHigh_attractiveness = 5.85, SDHigh_attractiveness = 0.69, p < 0.001). To 
ensure the validity of the experimental results, two female 
confederates have to pretend they are randomly chosen to date, 
and are not allowed to wear revealing clothing during the speed 
dating.

C. Instruments

RCBS (Revised Cheek and Buss Shyness Scale)
Questionnaires will be taken by participants respectively to 
investigate their shyness. Positive and Negative Affect Scale 
(PANAS) is used as a test of psychological status for 
participants. The Big Five Personality Inventory brief version 
is used to describe the personality types of the participants. The 
data of audio, behavior, and heart rate of experimental 
participants are recorded by a wearable device during the 
whole interaction. The wearable device worn by male 
participants is shown in Figure 5.

Figure 5. Multi-sensor wristband worn by male participants.

D. Procedures

Before the experiment, male participants are asked to fill in
the RCBS scale and PANAS scale. After filling out, the male 
participants read the prepared sentences in a normal tone, 
which served as a baseline for their phonetic level. The 

participants put on a wearable device. There is a barrier in the 
middle of the table so that subjects could not see each other. 
The experimental procedure is shown in Figure 6.

Figure 6. Experimental procedure

When experiments begin, the barrier is removed as both 
male and female subjects can look at each other for ten seconds. 
When time is up, the experimenter put back the barrier, both 
female and male subjects respectively 
that is 7-point Likert scale. After filling out, the barrier is 
removed and participants talk freely for ten minutes. After the 
conversation, the experimenter put back the barrier and 
participants fill out 
female subject then leaves the lab. The male subject is left to 
fill out the PANAS scale and tries to read the following 
sentences with the tone that talk to the girl they had just dated 
(the same sentences material as the one they read before the 
experiment). After the experiment, the participants are asked 
to answer the following two questions: 1) Do you want to keep 
dating her? Why? 2)What is your most emotional moment?

IV. EVALUATION AND ANALYSIS

A. Audio and activity feature threshold selection

We use the proposed wearable device to collect social and
physiological data of the dating scene to analyze the 
relationship between these data and the attractiveness 
perception. In order to extract valid data from the raw data, we 
have collected baseline data of audio and activity signals. The 
data collection process is as follows: Under the same 
experimental requirements and environment as the dating 
experiment, the referential experimenter is asked to put his 
hand worn a wearable device on the desk and remain silent, 
female participants read a text, and their voices are recorded 
by the wearable device as the baseline data. At the same time, 
the baseline data of activity signals are collected through the 
wearable device. Then, we calculate the energy of the 
accelerometer (time average of the accelerometer). The 
threshold of energy for accelerometer is 8.25. In addition, it is 
determined that the threshold for short-term audio energy of 
the average group is 3.5, and the threshold for short-term audio 
energy of the attractive group is 5. By selecting the threshold, 
most of the noise in the data can be removed. In this paper, the 
dating experiments with the low and high attractiveness female 
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participants are respectively defined as the average group and 
the attractive group.

Figure 7. Audio energy thresholds of average and attractive group. 
In Figure 7, the participant in the attractive group and 

average group are compared. It is obvious from the figure that 
the short-term audio energy distribution density of the 
participants in the attractive dating experiment is greater than 
in the ordinary dating experiment. By selecting thresholds for 
audio and behavior data, the correlation between attractiveness 
perception scores and social characteristics is significantly 
improved. 

B. Correlation analysis

In the Table 3, the correlation between the audio features,
activity features and heart rate features of the normal group and 
the attractive group and the attractiveness perception scores is 
given, where "numbers" represents the number of features 
whose absolute value is higher than 0.2, 0.3,0.4 or 0.5. As can 
be seen from the table, the correlation of the features for the 
attractive group is higher than the normal group. In particular, 

the correlations between the audio features and heart rate 
features of the normal group and the attractiveness perception 
scores show weak correlations. The absolute value of the 
correlation coefficient of the three audio features for the 
attractive group is about 0.5, which are formant5_max (-0.55), 
sum_formant_max (-0.53) and formant_mean5_max (0.53). 
Formant5_max represents the maximum value of the fifth 
formant, sum_formant_max represents the maximum value of 
the sum of the 5 formants, and formant_mean5_max represents 
the maximum value of the mean of the 5 formants. It can be 
seen that there is a moderate correlation between formants and 
attractiveness perception scores. The absolute value of the 
correlation coefficient of the two heart rate features for the 
attractive group is about 0.5, which are hr_time_mean (-0.50) 
and hr_time_mode (-0.63), respectively. hr_time_mean 
represents the average value of the heart rate, hr_time_mode 
represents the mode of the heart rate. It is obvious from the 
table that there is a greater correlation between activity features 
and attractiveness perception scores. The absolute value of the 
correlation coefficient of two activity features for the average 
group are greater than 0.4, and the absolute value of the 
correlation coefficient of 31 activity features for the attractive 
group are greater than 0.5, most of these features are negatively 
correlated. Therefore, the results reveal that the participants in 
the attraction group have higher interest in dating, higher 
emotional arousal, and higher participation. 

Table 3. Correlation results between features and the attractiveness perception scores. 

Correlation Features |Correlation| > 0.2 or |Correlation| > 0.3 or |Correlation| > 0.4 or |Correlation| > 0.5

Features |Correlation| Numbers Audio Features, Activity Features and HeartRate Features (correlation value) 

audio features of the 
average group 

>0.3 4 formant1_std(0.33), formant2_std(0.40), formant3_std(0.35), formant_count_std(0.36) 

audio features of the 
attractive group 

>0.5 3 formant5_max(-0.55), sum_formant_max(-0.53), formant_mean5_max(-0.53) 

activity features of the 
average group 

>0.4 2 ang_shape_mean_mean (0.40), acce_shape_mean_std (0.41) 

activity features of the 
attractive group 

>0.5 31 
acce_time_var_mean(-0.54), acce_time_std_mean(-0.56),acce_fft_mean_mean(-0.56),acce_fft_std_mean(-0.55), 
ang_time_mean_mean(-0.57) , ang_fft_mean_mean(-0.57), ang_fft_var_mean (-0.59),ang_time_mean_std(-0.51) 

heartrate features of the 
average group 

>0.2 1 hr_time_diff(0.25) 

heartrate features of the 
attractive group 

>0.5 2 hr_time_mean(-0.50), hr_time_mode(-0.63) 

C. Compare analysis of average groups and attractive
group

We have drawn statistical histograms of the audio features 
of the average group and the attractive group to compare the 
differences between the two dating situations. In Figure 8 to 
12, the audio activity features, short-term energy features, 
entropy_mean, brightness features and formant1_mean of the 
same participant in the average group and the attractive group 
are compared. As can be seen from Figure 8, most of the 
participants of the attractive group account for more 
communication time than the average group. In Figure 9, we 
clearly see that the mean of audio short-term energy of the 
attractive group is generally high, and its proportion reach 74%. 
As can be seen from Figure 10 and 11, the average values of 
the audio entropy_mean and brightness features of the 
participants in the attraction group have relatively high values, 

and the audio brightness feature has a relatively large 
relationship with the wearer's emotions such as happiness. It 
can be seen from the figure that the participants are more active 
in communicating with their favorite dates and their emotions 
are easier to express during the date. It can also be known that 
the four audio features of energy, entropy, brightness, and 
formant have a significant degree of discrimination in a dating 
situation. 

Figure 8. Audio activity time of average and attractive group. 
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Figure 9. Audio energy_mean of average and attractive group.

Figure 10. Audio entropy_mean of average and attractive group.   

Figure 11. Audio brightness_mean of average and attractive group.

Figure 12. Audio formant1_mean of average and attractive group.

In Figure 13, the heartrate features of the same participant 
in the normal group and the attractive group are compared. It 
can be seen from the figure that the standard deviation of the 
heart rate and the slope of the first-order difference of the 
participants in the attractive group have greater changes than 
the average group. There is an obvious change in heart rate 
during dating.

Figure 13. Heart rate standard deviation and first-order difference 
of average and attractive group.

D. Classification and analysis of mental-sensing-graphs

a. Node features selection of mental-sensing-graphs

Feature selection is required before building the model. 
Selecting the important features alleviates the dimension 
disaster problem and reduces the difficulty of the learning task. 

In our research, eight audio features extracted online on a 
wearable device are selected, namely short-term energy, 
entropy, brightness and formant1, formant2, formant3, 
formant4, formant5. Eight heart rate features are 
hr_time_mean, hr_time_var, hr_time_std, hr_time_mode, 
hr_time_max, hr_time_min, hr_time_range, hr_time_diff. The 
Pearson correlation method is applied to select the activity 
features of higher correlation coefficient. Concurrently, we 
have consulted the advice from professional psychologists. 
The activity features whose absolute values of the correlation 
coefficient are higher than 0.54 are shown in Table 4. Finally, 
we have respectively selected the mean and variance (standard 
deviation) features in the time-frequency domain features of 
acceleration and angular velocity, namely acce_time_mean, 
acce_time_var, acce_fft_mean, acce_fft_std, ang_time_mean, 
ang_time_var, ang_fft_mean, ang_fft_var. 

Table 4. Features with high correlation coefficient.
Activity features Correlation coefficient

acce_time_mean
acce_time_var
acce_time_std
acce_time_max
acce_time_range
acce_fft_mean
acce_fft_std
ang_time_mean
ang_time_var
ang_time_std
ang_time_max
ang_time_range
ang_fft_dc
ang_shape_mean
ang_fft_mean
ang_fft_var
ang_fft_std

-0.553631
-0.541627
-0.561359
-0.54203
-0.567344
-0.564205
-0.554663
-0.572579
-0.583883
-0.575869
-0.580831
-0.580321
-0.572946
0.571094
-0.571439
-0.589771
-0.576762

b. Classification of mental-sensing-graphs

These selected features are then fused into mental-sensing-
graphs of multimodal data of audio, activity and heart rate. In 
order to analyze the inter-relationship of the data and fully 
mine the information of the data, 2.4-minute data, 3-minute 
data and 4-minute data are analyzed as a whole. Furthermore, 
the mental-sensing-graphs of 15-nodes, 12-nodes and 9-nodes 
are formed respectively. The data processing framework is 
shown in Figure 14.

Figure 14. Attractiveness perception levels are classified.

during the experiment, and we can judge the levels of 
attractiveness perception based on the scores of these 
questionnaires. In Figure 15, we can clearly see that the scores 
of the attractive group are generally higher than the average 
group, and the attractiveness perception scores of the two sets 
of experiments are obviously different.
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Figure 15. attractiveness perception scores of 27 participants.
The labels of training data are marked according to the 

The levels of 
attractiveness perception are 0-3 as not being attracted, 4 as 
moderate state, and 5-7 as being attracted. In Table 5, we have 
divided attractiveness perception level into two classes.

Table 5. Divide attractiveness perception levels.
Attractiveness perception 

level (Label)
Attractiveness perception 

scores

0 0-4

1 5-7

Through data analysis, we have obtained 162 mental-
sensing-graphs. For graph structure data, we use graph 
convolutional neural network to predict the attractiveness 
perception levels of male participants. The training model 
consists of 3-GCN layers, where the input dimension is 8, the 
hidden layer dimension is set to 32, the output dimension of 
the last layer of model is set to 20, and finally the readout layer 
outputs a 2-dimensional prediction label. In addition, the 
learning rate is 0.001 and the number of iterations is 1200. In 
order to avoid over-fitting, make full use of the limited data 
and improve the performance of the training model, 10-fold 
cross-validation was adopted. The results show in Table 6. 

Table 6. Mental-sensing-graphs are classified.
Mental-Sensing-Graphs Verification accuracy

9-nodes 0.58

12-nodes 0.66

15-nodes 0.61

Fusion graphs 0.93

As can be seen from the table, the verification accuracy of 
the fusion mental-sensing-graphs is 0.93. It can be seen that 
the fusion training of the 9-nodes, 12-nodes, and 15-nodes 
mental-sensing-graphs can significantly improve the accuracy. 
In Figure 16, the confusion matrix of GCN model is drawn. It 
can be seen from the classification results that the 
attractiveness perception levels of participants are related to 
audio, behavior and heartrate. At the same time, we can also 
conclude that there is a correlation between the multi-modal 
data of audio, behavior, and heart rate. So, we can use such 
multi-sensing wearable devices to objectively assess a person's 
the levels of attractiveness perception in dating.

Figure 16. Confusion Matrix.

To further validate the proposed method, we have 
additionally carried out in-depth investigation to compare the 
GCN model with other machine learning models. We have 
reported the 10-fold validation accuracy as tabulated in Table 
7. The table has clearly evidenced that the validation accuracy
of our proposed model that accounts for inter-relationships
among multimodal data is considerably higher than other
models that do not. The results also show that there is an
intrinsic relationship between the multimodal data of audio,
activity and heartrate. It lays the foundation for further
explanation of mental-sensing-graphs.

Table 7 Validation accuracy of different feature models.
Models Verification accuracy

LogisticRegression 0.51

KNeighbors 0.52

SVM 0.42

DecisionTree 0.49

RandomForest 0.6

XGBOOST 0.5

GCN 0.93

c. Analysis of mental-sensing-graphs

In order to further analyze the internal association of dating
data, we use GNNexplainer to extract the sub-graphs of 
mental-sensing-graphs. Using the above trained model, the 
mask matrix of the adjacency matrix is obtained. The 
subgraphs are then obtained by selecting the appropriate 
threshold. In order to more clearly discover the intrinsic
relationship of the mental-sensing-graphs, the number of nodes 
of the subgraphs we extracted from mental-sensing-graphs is 
six.

Table 8. Subgraphs of mental-sensing-graphs (green, yellow, and red 
respectively represent audio node, activity node, and heart rate node.)

Graphs Center: Audio Center: Activity Center: Heartrate Shape

9-nodes star

12-nodes star

15-nodes star

In Table 8, we have drawn the (6-nodes) subgraphs of the 9-
nodes, 12-nodes, and 15-nodes mental-sensing-graphs of some 
participants. It can be seen from the table that the three types 
of subgraphs are star-shape. In the experiments, the results 
show that the universal subgraphs are star-shape, and only a 
few subgraphs are irregular shape. From the above table, we 
can also get that the central node of the subgraphs may be 
audio node, activity node, and heart rate node. Therefore, in 
the process of dating, some participant's response to the 
attractiveness of the dates are manifested in language, such as 
more verbal communication. Some participants have obvious 
psychological changes when they communicate with their 
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dates. In addition, several participants show more hand 
movements.
Table 9. Distribution of star-shaped subgraphs with audio, activity, and heart 

rate nodes as the central node.

Graphs
Center:
Audio

Center:
Activity

Center:
Heartrate

Non-Start
Shape

9-nodes (30)59% (10)20% (10)20% (1)1%

12-nodes (31)67% (8)18% (5)11% (2)4%

15-nodes (27)57% (10)21% (6)13% (4)9%

Figure 17. Non-star shape subgraphs.

In Table 9, we have calculated the proportion of star 
subgraphs with audio, activity and heart rate as the central 
nodes. The numbers of subgraphs extracted from the mental-
sensing-graphs of 9-nodes, 12-nodes, and 15-nodes are 51, 46, 
and 47, respectively. It can be seen from the table that the star-
shaped subgraphs of the central node of audio, activity, and 
heart rate account for 59%, 20%, and 20% in the 9-nodes case, 
the proportion of star-shaped subgraphs are 67%, 18%, and 11% 
in the 12-nodes case, and the proportion of the subgraphs 
extracted from the 15-nodes graphs are 57%, 21% and 13%. 
The ratio of each type of non-star shape subgraphs are 1%, 4%, 
and 9%, which are only small parts. From the above data, it 
can be seen that the star-shaped subgraphs with audio as the 
central node have a larger proportion in the three types. In the 
experiment, language is the main mean of communication. 
From the analysis results, the voice can directly reflect the 
attractiveness perception levels of the participants in the dating. 
When participants are interested in a date, there will be more 
communication. In addition, the proportion of star-shaped sub-
graphs of activity and heart rate as the central nodes are 
relatively low, and several participants performed more 
prominently in behavioral movement and physiological 
changes. In addition, we analyze the non-star shape subgraphs. 
As shown in Figure 17, we have found that the subgraphs are 
mainly composed of audio nodes.

E. Discussion

1 Performance improvement of GCN model 
In this paper, we use graph structures to explore the inherent 

relationships among multimodal data and the importance of 
each modal. GCN model is used to learn mental-sensing-
graphs. The quality of graph structures is related to the
performance of model, and graph networks that fully consider 
the intrinsic relationship can improve the accuracy of model 
training. In dating experiments, we aim to apply the algorithm 
for graph neural network interpreter to extract subgraphs of 
mental-sensing-graphs to explain the inherent relationships 
and importance of multimodal factors in male subjects' 
attractiveness perception. Additionally, since this is a speed 

dating experiment. Therefore, we have preserved the 
connections between the multimodalities as much as possible, 
and fully connected graphs are constructed from multimodal 
data in this experiment. Although this ensures that the intrinsic 
relationships of multimodality are not missed, it can also cause 
some redundant connections. Therefore, we will explore 
various methods such as Pearson correlation, K-nearest 
neighbor (KNN), and distance-based rules to represent 
underlying relationships among multimodal variables of 
attractiveness perception in the next step. Notwithstanding this, 
the sample sizes of the data have a considerable relationship 
with the performance improvement of the model. The fusion 
training of mental-sensing-graphs of three types for segmented 
data can significantly improve the accuracy of the model.
Finally, the dating experiment is designed by professional 
psychologists. The dating experiment procedures are
implemented by professional psychologists. This also ensure 
that we can build reliable models.

2 Challenges of conducting a dating experiment
Firstly, although this experiment adopts the experimental 

paradigm of speed dating, it is still different from dating in real 
life. The participants may not be as engaged as they would be 
on a real date because some participants are aware that they are 
participating in an experiment. Secondly, we have recruited 
female actors who are not real random dates. These are all 
potential factors that affect the dating experiment. In future 
related researches, more real dating scenarios will be 
considered, such as real speed dating without pre-setting the 
high and low attractiveness. 

V. CONCLUSION

In this paper, we have used wireless communication 
technology NB-IOT to design an IoT-based wearable device 
and generated a mental-sensing-graph model. The wearable 
device integrates audio, activity, heart rate sensors. 
Concurrently, we have built a cloud platform and designed a 
client software for collecting, monitoring and evaluating data. 
Using this system, we have performed a dating experiment and 
developed feature extraction, threshold analysis, correlation 
analysis and comparative analysis on the multimodal data. 
Considering the relationship of emotion data and fusion of 
multimodal data, we further develop graph neural network 
algorithm to classify attractiveness perception levels. The 
experimental results have shown that the classification results
of this algorithm have been improved. In addition, the 
interpretability algorithm of graph neural network is used to 
analyze the relationship between audio, activity and heart rate. 
During the dating experiments, the heartbeat levels of 
participants are successfully identified in a date through the 
audio, activity, and heart rate data collected by the system. We 
have also found that language can better express the emotions 
of participants. Therefore, there is an important connection 
between the multimodal data collected by wearable devices 
and emotions of participants. In future researches, more
experiments will be performed on the positive emotion 
assessment to improve the reliability of the proposed system.
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