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Abstract. Obsessive-Compulsive Disorder (OCD) is a complex and het-
erogeneous mental health condition that challenges our understanding
of its underlying mechanisms. This paper explores the potential con-
nection between OCD and human skin textures, particularly Excoria-
tion Disorder (chronic skin-picking), through a comprehensive analysis
of existing literature. Investigating cognitive aspects, memory impair-
ments, and potential neurobiological factors contributing to this associ-
ation, the study also examines the role of human-computer interaction
(HCI) in data analysis and treatment approaches, with a focus on skin
texture-related aspects. Additionally, the thesis delves into two entry
points for understanding OCD through human skin texture. OCD’s clini-
cal manifestations involve compulsive repetitive movements, where mem-
ory disorders lead individuals to hyperfocus on event details, causing
behaviors of constantly enlarging objects, leaving traces of skin texture
on them. Drawing inspiration from Exposure and Response Prevention
(ERP) therapy, the paper proposes magnifying skin texture details to
simulate ERP, exposing patients to imperfections and reducing perfec-
tionistic tendencies. Secondly, related OCD symptoms, like compulsive
skin peeling, leave specific skin marks, providing potential clues for iden-
tifying OCD characteristics and patterns. This innovative approach offers
valuable insights into the complexities of OCD, highlighting the signifi-
cance of human skin texture in understanding and treating the disorder.
By integrating cognitive and neurobiological aspects, this study provides
a comprehensive perspective on the intriguing relationship between OCD
and human skin textures, contributing to advancements in OCD research
and intervention.
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In summary, each technology has its own merits and considerations. Contact-
less sensing also leaves much to be desired, such as greater noise immunity to
the varying light conditions of different indoor environments. At the same time,
because contactless sensing can capture more information, it faces more serious
privacy issues. The choice depends on specific requirements, budget constraints,
and the desired level of monitoring accuracy. Besides, more research can focus
on how to combine these two methods for better performance and less cost.

5 Conclusion

In this work, we review the existing sleep monitoring methods based on Wifi
sensors and wireless sensors. Then we make a comparative analysis between
these two methods for a better illustration of wireless sensors used in the field of
sleep monitoring. Through the summary of the existing methods, we can better
find the direction for the follow-up research. However, in addition to wifi sensors
and radar, acoustic and optical sensors are also beginning to be used in this field.
Therefore, it is our future work to further summarize and analyze the advantages
and disadvantages of these methods.
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Doppler radar is widely used in the field of sleep detection due to its excel-
lent ability to measure target displacement remotely. Doppler radar can capture
the information of chest displacement due to respiration or heartbeat through
the transmitted microwave signals and analyze it through the Doppler effect
[19]. A contactless system named PRMS using quadrature microwave doppler
radar to monitor sleep apnea events in real time. The system contains a real-
time actigraphy and sleep apnea detection algorithm [20]. A novel sleep posture
recognition technique is proposed, which employs classifiers that are amenable to
optimization through Bayesian hyperparameter tuning. These classifiers operate
on data from a dual-frequency monostatic continuous-wave radar system [21].
DopplerSleep, a contact sleep sensing system, uses a single Doppler sensor to
track sleep quality. DopplerSleep can monitor both body movements and tiny
chest and heart movements, and the system has been experimentally validated
to perform well on sleep stage classification tasks [22].

RF signals are widely used for contactless motion and vital signs monitoring
in the field of sleep monitoring. Radio Frequency Identification (RFID) is a
contactless communication technology that enables two-way data exchange for
identification and data transfer using RF signals with flexibility and low cost. A
respiration monitoring system with RFID sensors called LungTrack is proposed
to achieve dual objective monitoring with an accuracy of above 93% for two
targets at a distance of 10 cm at least [23]. TagSleep is a sleep posture recognition
system using the concept of two-layer sensing with RFID sensors [24]. A model
combining a convolutional network and recurrent neural network is trained on
the RF-measured sleep dataset with an adversarial training regime [25].

4 Comparative Analysis

WiFi sensors and other wireless sensors, as non-interference devices, offer both
advantages and disadvantages in sleep monitoring. Figure 1 shows a compari-
son between these two methods. WiFi sensors typically utilize wireless signals
and receivers to track variables such as breathing, body movement, and sleep-
ing positions. These sensors analyze movement patterns and breathing rates by
observing changes in WiFi signals. They are cost-effective and easy to deploy,
but privacy concerns may arise.

On the other hand, radar technology emits high-frequency pulse signals and
measures the time it takes for the signals to bounce back. This enables accu-
rate positioning and tracking of objects, including monitoring human move-
ments and breathing patterns during sleep. Radar provides precise distance and
position measurements, boasting high accuracy and reliability. However, radar
requires specialized hardware and incurs higher costs. Both UWB and doppler
radars described previously are capable of real-time sleep monitoring with a high
degree of accuracy, but there is the problem of higher equipment costs and more
demanding deployment conditions during equipment placement.

While RFID technology offers advantages like low power consumption and
affordability, it may have limitations when it comes to more detailed sleep anal-
ysis and breathing monitoring.



Review of Sleep Monitoring Research Based on Wireless Sensor 81

wifi sensors are used for obstructive sleep apnea (OSA) detection and rhythmic
movement disorder (RMD) detection. An intelligent apnea monitoring system
can utilizing linear fitting and wavelet transform eliminate the phase error of
CSI. The system uses commodity wifi, which is better able to eliminate inter-
ference from changes in sleeping posture [13]. A sleep monitoring system named
Wi-PSG is proposed to utilize CSI from Wifi infrastructures for RMD-related
movement detection, which can achieve an accuracy of above 92% for different
RMD movement classifications [14].

Fig. 1. Comparison between WiFi sensors and radars.

3 Sleep Detection Based on Wireless Sensor

Wireless radars are the most widely used sensors in sleep detection based on
wireless sensors. Systems with wireless sensors are usually used for vital signs
detection during sleep and sleep quality detection. The main sensors used in these
systems are Ultrawideband (UWB) radar, Doppler radar, and Radio Frequency
(RF) sensors.

UWB radar is commonly utilized for precise localization, employing low
energy levels for short-range and high-bandwidth communications across the
radio spectrum [15]. The required sleep information can be extracted by the
UWB radar sensor penetrating the clothes and quilt. A fine-grained prototype
for overnight respiration monitoring is proposed by exploiting the complemen-
tarity between the amplitude and phase of the radar signal [16]. Four respiration
patterns are recognized during overnight sleep in this method. Another image
processing method converts the raw signals collected by the UWB radar into a
2-D heatmap image and then an image-processing algorithm is used to capture
respiratory information for respiratory motion measure [17]. An attention-based
LSTM model is proposed to use the vital signs detected remotely by an impulse-
radio UWB radar for sleep stage classification [18].
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[6], However, the recording of PSG always needs expensive equipment and keep
lots of contact with the subjects’ body which bring discomfort. These drawbacks
make it unsuitable for daily life sleep monitoring.

With the development of information techniques, more and more wireless sen-
sors are used for sleep monitoring. There are already a lot of wearable devices
used for sleep monitoring, but they also face resistance because of the discomfort
brought to subjects and instability during sleep. Contactless sensors can effec-
tively address the problem that invasive sensors bring natural sleep difficulties.
There are various contactless sensors used in sleep monitoring now. The main of
them are wireless sensors. Wifi sensor is also a kind of wireless sensor but since
it has received more attention than other wireless sensors, it is put in a separate
category.

Since wireless sensors are now widely used in sleep monitoring and have
shown great potential, it is meaningful to review sleep monitoring research based
on wifi sensors and wireless sensors. This can help develop contactless devices
to achieve stable, safe, and non-contact sleep detection. In this work, we will
first review the main sleep detection methods based on wifi sensors and wireless
sensors respectively, and then a comparative analysis is made to summarize the
difference between wifi sensors and wireless used in sleep monitoring. Finally, we
provide a conclusion of our work.

2 Sleep Detection Based on Wifi Sensor

Wifi-based sleep monitoring activities are generally carried out through high
precision indoor positioning, and the commonly used methods include Received
Signal Strength (RSS) and Received Signal Strength (CSI) [7]. With the devel-
opment of the technology, the CSI technique has demonstrated greater stability
and accuracy and has become the more mainstream method nowadays. While
using wifi sensors for sleep monitoring, CSI can be used to capture the effect of
sleep activity contained by the Wifi signals [8].

Existing methods that use Wifi sensors to monitor sleep quality include heart
rate monitoring and respiration monitoring [9]. A method is proposed to track
the breathing rate and heart rate during sleep with Wifi [10]. They exploit to
utilize the fine-grained channel information of existing Wifi networks to extract
the minute movements that come with breathing and heartbeats. Wifi network
activity is also used in a sleep-tracking approach called SleepMore which utilizes
machine learning methods [11]. SleepMore constructs a semi-personalized ran-
dom forest model to make a classification of the network activity behavior and
the results are divided into sleep and awake states in minute dimensions. The
experimental results show that SleepMore achieves an indistinguishable result
with the Oura ring baseline within a 5% uncertainty rate.

Wifi sensors are also used for sleep stage classification and sleep-related dis-
orders detection. An advanced signal processing and fusion method is proposed
to extract accurate respiration and body movement for four-stage sleep clas-
sification, which achieves an accuracy of 81.1% [12]. In disorders monitoring,
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Abstract. Since sleep quality is crucial to human health, sleep moni-
toring has become a hot spot in the field of smart healthcare. Previous
methods depend on polysomnography and wearable devices need imme-
diate contact with the subject, which brings discomfort. Contactless sen-
sors can address this issue. The most common contactless sensors used
in sleep monitoring are wireless sensors (including radar and WiFi). To
clarify the research in this area, we summarized the existing sleep mon-
itoring methods based on WiFi sensors and wireless radar and made a
comparison. The conclusion shows that the two kinds of methods have
advantages and disadvantages, so the development of complementary
methods is very promising for sleep monitoring.

Keywords: Sleep monitoring · contactless sensors · wireless sensing

1 Introduction

Sleep is one of the most important basic life activities of human beings, and it is
also an important basis for maintaining physical and mental health [1]. Chronic
poor sleep has also been linked to cardiovascular disease, obesity, and even some
mental health problems [2–4]. Therefore, sleep monitoring is important for health
status monitoring and is now become a hot topic for research.

Polysomnography (PSG) is the most widely used tool to monitor sleep, and
it is regarded as the gold standard to detect sleep-related breathing disorders
[5]. PSG can provide comprehensive information on sleep stages on the basis of
Electroencephalography (EEG) activity, eye movements, and muscular tension

c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024

Published by Springer Nature Switzerland AG 2024. All Rights Reserved

V. C. M. Leung et al. (Eds.): Qshine 2023, LNICST 573, pp. 79–84, 2024.

https://doi.org/10.1007/978-3-031-65126-7_8

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-65126-7_8&domain=pdf
http://orcid.org/0000-0003-0448-739X
http://orcid.org/0000-0002-4570-2271
http://orcid.org/0000-0002-4698-2658
http://orcid.org/0000-0002-1717-5785
https://doi.org/10.1007/978-3-031-65126-7_8


78 I. Pravolamskaya et al.

15. Vos, T., et al.: Global burden of 369 diseases and injuries in 204 countries and
territories, 1990–2019: a systematic analysis for the global burden of disease study
2019. The Lancet 396(10258), 1204–1222 (2020)

16. Walker, E.R., McGee, R.E., Druss, B.G.: Mortality in mental disorders and global
disease burden implications: a systematic review and meta-analysis. JAMA Psy-
chiatry 72(4), 334–341 (2015)



Identification of Economic Factors for Mass Depression 77

developing countries (Fig. 2); anxiety contributes to the development of depres-
sion and must be taken into account as well.

Considering all above we can suggest the authorities to take more measures
to ease the burden and stress of the depraved people. As other studies showed
[4,6,8], low-income group are at the higher risk of getting depression and having
worse health condition in general [3,5], so, some government financial help is
better be provided (subsidiaries, money allowance, etc.).
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Fig. 2. Top 10 countries with the highest level of depression

As can be noticed, top ten includes mainly developing countries where GDP
per capita quite small. The exceptions are Finland, Australia, United States,
Portugal and Greenland as a special region of Denmark, where the GDP per
capita is medium or higher. In case with Finland and Greenland, such higher level
of depression could be explained by two factors: 1) isolated and low populated
communities, as can be seen from the depression model, the population size is
significant factor; 2) the lack of sunny days, what negatively effects on mood
and emotional conditions [12]. As for other countries, the further deep analysis
is required.

4 Discussion

This large-scale study based on worldwide panel data about depression showed
that people who live in countries with low GDP per capita are more vulnerable
to depression. We find that the relationship between depression and GDP per
capita is strongly negative, and because of analyses of huge massive of date, the
results are universal. At the same time, the connection between depression and
anxiety disorders is strongly positive, thus, the following conclusions could be
made: in countries with lower GDP per capita, more people tend to suffer from
depression. Actually, this fact can be proved even statistically: the majority of
the countries in the list of top 10 countries with high level of depression are
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Fig. 1. Correlation matrix between variables and economic indicators

– GDP per capita - all things being equal, with an increase in GDP by
one dollar, the number of people suffering from depression decreases by
2,74*e-6%

– Income share held by lowest 20% - all things being equal, with an increase in
Income share held by lowest 20% by one dollar, the number of people suffering
from depression decreases by 0,024%

– Life expectancy at birth, total - all things being equal, with an increase in
life expectancy at birth, by one year, the number of people suffering from
depression decreases by 0,013%

– Population - all things being equal, with an increase in population by
one people, the number of people suffering from depression decreases by
1,05*e-9%

– Anxiety disorders - all things being equal, with an increase in anxiety disorders
by one percent, the number of people suffering from depression increases by
0,35%

Now countries that have the highest rates of depression are shown in Fig. 2.
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– SI.POV.NAHC - Poverty headcount ratio at national poverty lines (% of
population)

– SP.URB.GROW - Urban population growth (annual %)
– Unemployment - Unemployment rate, (% of work force)
– GDP PER CAPITA - GDP per capita, (current US$)

2.3 Panel Study

In order to avoid omitted variable bias, we took regressors from different spheres
[7,13]: pure economic, social and urban. We also have added the variable of con-
trol - Anxiety, as, by all means, anxiety disorders influence on the development of
depression and other mental disorders. We conducted all measures using special
econometric program Gretl.

3 Results

We calculated the correlation between all mental disorders and economic indi-
cators as Fig. 1.

At the same time, we got the following depression model as Tabel 1.

Table 1. Depression Model

Coefficient St. error t-statistics p-value

const 325,388 0,707587 4,599 ¡0,0001 ***

anxiety disorders 0,354180 0,145535 2,434 0,0168 **

NYGDPMKTPCD 0,000000 0,000000 4,352 ¡0,0001 ***

NYGDPMKTPKDZG 0,00112238 0,00100377 1,118 0,2663

SIDSTFRST20 −0,0239324 0,00750013 −3,191 0,0019 ***

NYGDPDEFLKDZG −0,000230614 0,000412541 −0,5590 0,5775

SPDYNLE00IN −0,0134092 0,00500963 −2,677 0,0088 ***

ENPOPDNST 0,000163380 0,000295864 0,5522 0,5821

SIPOVNAHC −0,00107081 0,00145502 −0,7359 0,4636

SPURBGROW −0,00724004 0,00900659 −0,8039 0,4235

population −1,04580e−09 1.73E−05 −6,051 < 0,0001 ***

unemployment rate −0,00358409 0,00199508 −1,796 0,0756 *

GDP PER CAPITA −2,74364e−06 9.21E−02 −2,978 0,0037 ***

The LSDV R-square for this model is 0,9956, ‘*’ means that variable is sig-
nificant on 10%, ‘**’ - 5%, and ‘***’ - 1%. Therefore, we could interpret four
variables of interest (on 5%):
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World Health Association, around 280 million of people worldwide are suffering
from depression, moreover, the World Health Organization assumes that 5%
of men and 9% of female experience depressive disorders in their lifetime [10,
15]. Depression can lead to the development of other illnesses what effect on
premature mortality [1,2,16] and even increase the suicide rates [9,11,14], that
is why it is crucial for authorities to be aware of development of such illnesses.
The innovation of this work is that it includes factors and figures from different
spheres and examine their impact on the development of depression and other
mental disorders. This allows us to broaden our thinking and to make more
clear judgments [7,13]. Particularly, in addition to social-economic indicators,
we also added urban population growth in our list of economic indicators, what
allows to see the big picture. This article is aimed to determine how the main
economic indicators are connected with mental disorders. After establishing the
relationships, it will be possible to judge whether the country at the risk of mass
depression. We believe that with the help of our research local authorities will
be able to identify the upcoming health threats more effectively, and, what is
the key point, much earlier, thus, many human lives would be improved or even
saved.

2 Methods

This is a panel study which includes data from 196 countries throughout 27 years.
In our research we mainly used econometrics and ordinary least square (OLS)
analysis to make proper models. All implemented models have passed the Ram-
sey Test, the check for heteroscedasticity and multicollinearity, thus, all described
models are trustful. Besides, in case with the depression analysis, the Fixed
Effects model was used due to take into account each country peculiarity [7,13].

2.1 Dependent Variables

In addition to Depression, we also considered the following types of mental dis-
eases: Schizophrenia, Bipolar disorder, Eating disorders, Anxiety disorders, Drug
use disorders, Alcohol use disorders. All variables are examined as % of all pop-
ulation.

2.2 Economic Indicators

For each variable we make an econometric model with the following regressors:

– NY.GDP.MKTP.CD - GDP (current US$)
– NY.GDP.MKTP.KD.ZG - GDP growth (annual %)
– SI.DST.FRST.20 - Income share held by lowest 20%
– NY.GDP.DEFL.KD.ZG - Inflation, GDP deflator (annual %)
– SP.DYN.LE00.IN - Life expectancy at birth, total (years)
– EN.POP.DNST - Population density (people per sq. km of land area)
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Abstract. Panel study and machine learning are important tools for
analyzing various aspects of the economy. They allow researchers to study
the dynamics of changes in different economic indicators, such as GDP,
inflation, unemployment, etc. In addition, these tools can be used to
determine causal relationships between social, economic and psycholog-
ical factors what can allow us to predict the development of the econ-
omy and changes in people’s life in the future. However, previous works
in this sphere studied the connections between income and happiness,
not taking into account the relationships between economic indicators
and mental disorders. This article is aimed to analyze the relationship
between economic factors and the level of mass depression based on a
panel study and machine learning methods. Experimental results based
on panel study and machine learning demonstrate effectiveness of our
proposed econometric model.

Keywords: Panel Study Machine Learning Depression Identification
Economic Factors Econometrics Models

1 Introduction

The increasing number of people suffering from depression and other mental
diseases is one of the most challenging issues in the 21 century. According to
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conducted to get the correct data and then compared to draw conclusions. Damage to the
carbon/glass blend and fracture of the carbon fibers was observed by using Three Point
Bending method. The pictures show that where pressure is applied the upper layers are
damaged by shear stresses leading to kinking and the lower layers are damaged mainly
in the form of delamination leading to failure.

In conclusion, this study has been designed, experimented and concluded that it is
feasible to monitor the electrical conductivity of this hybrid carbon/glass fiber blend and
that this composite fiber can also be seen as a self-sensor.

Acknowledgments. This project is supported by the funding of Guangdong Province Key
Laboratory of Intelligent Detection in Complex Environment of Aerospace, Land and Sea.
(2022KSYS016).
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Fig. 11. 10 mm experimental group displacement and Force curve

to the phenomenon of pseudo-stretchability. Analysis of the sample damage showed that
shear damage dominated at the upper end of the sample, while delamination dominated
from the middle to the lower plies, shown as Fig. 12. However, the main change in
resistance in this test was due to the fracture of the thin carbon fibers, which was mainly
due to tensile stresses, while the delamination of the lower plies was mainly due to shear
stresses, so the design of this test was reasonable.

Fig. 12. Injury patterns under three -point bending

6 Conclusion

In this project, a hybrid thin-layer carbon/glass fiber self-sensing method is proposed. It
is innovative in that it changes the traditional case of applying the carbon fibers directly
to the object to be sensed. Also, by using an S -shape instead of the traditional direct
strip, it allows for greater coverage and a larger area to be monitored than just partial
detection, while its more holistic nature makes it more effective for monitoring a whole
plane rather than monitoring a broken location, and also has a greater improvement in
monitoring the effects of certain unseen damage. Regarding the experiment, this experi-
ment uses the controlled variable method to create differences for different variables. By
designing groups of different widths as well as different styles, several experiments were
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Fig. 9. 5 mm experimental group displacement and Force curve

in the 25–30 mm zone, the resistance begins to rise, indicating that the carbon fiber body
is further destroyed in this zone, when in the 30–35 zone, the carbon fiber is completely
destroyed and the resistance rises to 4000 � (Fig. 8). When the carbon fibers are com-
pletely destroyed, the loading force is removed and the fibers spring back, at this time
some of the fibers reduce in resistance because the stress is reunited (Fig. 9).

10 mm Bending Test
The 10mm three-point bending test is also primarily a comparisonwith 5mm, observing
the change in resistance of two different widths of carbon fiber to determine which is
more appropriate.

Fig. 10. 10 mm experimental group resistance displacement curve(left) and 10 mm experimental
group resistance Force curve(right)

By comparing the two sets of plots, it can be found that the 5mm images of resistance
and Force are relatively similar to the 10mm images on the three -point bending method,
but on the resistance displacement curve, it is obvious that the rising trend of the 10 mm
curve is smoother, so after the comparison, it is more recommended to use a 10 mm
wide thin layerof carbon fiber as a self-sensor (Figs. 10 and 11).

Damage Mode Analysis
In this section, the damage pattern of the experimental product and the image in the above
figure will be analyzed in detail, as the damage to the sample occurred gradually over the
course of the test and this fiber hybridization slowed down the catastrophic rate and so led
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Table 1. Mechanical properties of curing

Properties Numerical value Unit

Tg Onset(DMA) 140 °C

Tensile Strength 645 MPa

Compressive Strength 515 MPa

Flexural Strength 882 MPa

Flexural Modulus 60.1 GPa

Interlaminar Shear Strength 69.8 MPa

Tg Peak(DMA) 148 °C

of plain carbon fiber strips alone. As the fiber orientation was also considered in this
carbon fiber experiment to affect the magnitude of the current, a unidirectional thin
layer of carbon fiber was used in this case so that the consistency of the current could
be maintained throughout.

In the three-point bending test, since the three -point bending test causes large shear
stresses, data were collected from the start to sample failure and finally the changes
in resistance and the reasons for these changes were analyzed in conjunction with the
changes in the curves.

5 mm Bending Test
In this section the experimental data on the 5 mm three-point bending method is
described. Unlike the above, as this design is a hybrid design, the standard T700 car-
bon fiber bending performance criteria above can only be used as a reference value, so
according to the experimental process, the bending performance is significantly lower
compared to T700, only around 800 Mpa, so it is speculated that it is possible that the
mixture of glass fiber and thin-layered carbonfiber has affected the bending performance.

Fig. 8. 5 mm experimental group resistance displacement curve(top) and 5 mm experimental
group resistance Force curve(bottom)

According to the data we can see that there is a relatively obvious increase in resis-
tance after the indentation test, as can be seen from the graph, at 25mmof the experiment
is the maximum stress, when the carbon fiber begins to destroy, it can be concluded that
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Fig. 7. Three-point bending method model

In the three-point bending test, when viewed from the front, it can simply be seen
as a simply supported beam subjected to a concentrated pressure. Three-point bending
should theoretically result in a linear distribution of positive stresses along the beam in
the cross-sectional area when loaded.

σ = M

Iz
y (1)

where σ is the stress, M is the moment, Iz is the moment of inertia of the cross-section to
the z-axis and y is the distance in the cross-section to the y-axis. The maximum positive
stress at the danger point of the beam is:

σMax = MMax

Iz
yMax (2)

For rectangular section specimens:

M = P × l

4
Iz = bh3

12
(3)

Substituting Eqs. (3) into (2) yields the new equation

σbb = 3P × l

2bh2
(4)

where P is the load and L is the span, b is for width, h is for thickness.
In the case of a sample based on this equation, themaximum shear stress is calculated

a

sσ bb = 3P × l

2bh2
= 3× 1.5KN × 150mm

2× 50mm× 9mm2 = 800Mpa (5)

According to the Table 1, its standard value is 880 Mpa, However, as this design
contains other fibers of different thicknesses or patterns, this data can only be used as a
reference value for the main body of the sample, so in principle the maximum acceptable
shear stress for this design should be lower than this value.

5 Results

This experiment focused on the fabrication process of the self-sensor, which was
designed using an innovative mixture of carbon fiber and thin layers of E glass fiber,
and investigated the advantages and differences between this combination and the use
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widely used in destructive testing due to its simple construction and the fact that it
does not require much manipulation. For this test, the sample is placed on a jig and a
multimeter is connected to the two sections of copper to read the resistance data. The
movement speed of 7 mm/min is entered into the control of the hydraulic press and the
test is started (Fig. 4).

Fig. 4. Three -point bending test. Fig. 5. Injury patterns under three-point bending

The three-point bending process is achieved mainly by applying pressure to the tip,
during which the sample undergoes a process of gradual destruction. The following
diagram shows the principle of three -point bending (Fig. 5).

During the three-point bending experiment, the sample started to break gradually
when it was loaded to a high enough stress. As this sample was a mixed sample, the
surface glass fiber started to break when it was loaded to 0.7 KN, the glass fiber broke
completely when it was loaded to 1.2 KN, then the load was reduced to 0.6 KN and then
the carbon fiber started to break gradually.

The images show that the entire damage process is produced gradually, and based
on the experimental images it can be seen that the samples start with damage and end
up with damage (Fig. 6).

Fig. 6. The process of three-point bending test

Theory of Three-Point Bending Test
When bending deformation occurs in the three-point bending method, the fibers near
the bottom elongate and those near the top shorten. According to the planar hypothesis,
the fiber state changes gradually from stretching to compression along the height of the
cross section from the bottom to the top, then there must be a layer in between where
the length of the fiber remains constant, this layer is called the neutral layer (Fig. 7).
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known as multi -directional (MD) fibers (Fig. 2). This multi -axial material has better
tensile and compressive resistance than uniaxial material, but because it is manufactured
at an angle, it is less malleable.

Fig. 2. UD carbon fiber(A), MD carbon fiber(B)

Experiment Test Group
The carbon fibers in the experimental group will be linked to each other, showing S-
shaped connections, which then means that the data from the experimental group will
affect each other. This control group can be used to see if the resistance will be affected
by the occurrence of fiber breaks. Having established that the resistance will change
due to fiber breakage, then this experimental group has the advantage that only two
electrodes are needed to complete the experiment due to the large area it covers. The
main reason for using two different widths of samples was to see the rate of change in
resistance by comparing the two sizes of 5 mm and 10 mm. In the graph below, sample
1 is the control group of 10 mm, sample 2 is the control group of 5 mm, sample 3 is the
experimental group of 5 mm and sample 4 is the experimental group of 10 mm, shown
as Fig. 3.

Fig. 3. Kinds of simple.

Three-Point Bending Test
After the indentation test, the material is tested using the three-point bending method,
which is one of the simplest and most effective methods of testing laminates and is
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4 Research Methodology

It describes themethods and techniques used in the selection ofmaterials, the preparation
process, and the design of the testing process for this project. In particular, first, it
will be described in detail what materials are used to prepare the samples, as well as
the preparation process and methods. Then, it will be described the test process of
the experiment and other equipment used in the experimental process, last, it is going
to be described the detail of the whole experiment and the theoretical data will be
given, including the theoretical currents and the theoretical stresses generated by the
experiment.

Material Selection
In addition, for sample preparation we used T700/XC130 unidirectional prepreg carbon
fiber as the sample body and S -Glass/913 andM46JB unidirectional prepreg thin carbon
fiber as the sensor. The base material was made from T700 carbon fiber manufactured
by Toray of Japan. When selecting the substrate material, it was considered that the
main carbon fibers are mainly T300 and T700, both of which contain a large amount
of carbon, but the overall performance of T700 is significantly better than that of T300.
In the selection of the sensing layer, we chose to use a thin carbon fiber sandwiched
between the two glass fibers. As the thin carbon fiber chosen, M46JB, has a similar
tensile strength to T700, but obviously the compressive strength of M46JB is weaker
than that of T700.T In this experiment, glass fibers were chosen to wrap the thin carbon
fiber because, as seen in Meisam’s model, there are three different damage modes for
composites made from high and low strain materials, so in order for the sensing layer of
carbon fibers to break before the glass fibers in the isolation layer, a thin layer of carbon
fibers with a lower degree of strain than the glass fibers must be used as the induction
material (Fig. 1). (Fotouhi, Jalalvand et al., 2017)

Fig. 1. Possible failure modes in a three layers UD hybrid made from HSM and LSM (red lines
show fracture) (a) single crack through the whole specimen, (b) single crack in the LSM followed
by instantaneous delamination, and (c) multiple fracture and localised stable pull-out of the LSM

Typically, the basic constituent material of a carbon fiber reinforced material is
usually a combination of multiple or unidirectional fiber orientations, rearranged to
provide different mechanical properties. A single unidirectional (UD) fiber arrangement,
where all the fibers in the resin are aligned in one direction with no voids or breaks.
Another type of arrangement is where the fibers are aligned at 0 and 90 degrees, this is
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In fields such as aviation and construction, it is important to ensure safety margins,
as sudden damage can potentially lead to injury or death as well as huge financial losses.
In these important areas, sudden failures as well as small residual load capacities are not
allowed. This is why higher safety margins and more conservative structural designs are
the dominant design approach in current designs, while another problemwith engineered
materials is that they break down without prior detectable damage and warning [2].

2 Literature Review

The composite material is made by two or more components. Composite material can
be made by using fiber that are cured within a resin. Using a combination of different
materials, taking advantage of their strengths and reducing the impact of theirweaknesses
is an important idea in designing composite materials. The most common types are
combining carbon fibers and glass fibers with a thermosetting resin to create either a
CFRPs or GFRPs. The use of multiple fiber-reinforced polymer laminations to form a
new composite material with enhanced mechanical properties, such as compressive and
tensile resistance, and the consideration of how to efficiently monitor the new composite
material, based on previous research by scientists, has become an important key, and
finally some of the advantages and disadvantages of previous monitoring methods in
relation to the composite material in this experiment are presented.

3 Aims and Objective

How to monitor the health of composite materials is an important current research
issue. It can effectively contribute to the development of several areas where composites
are used, such as aerospace engineering and the automotive industry. However, in the
traditional composite fiber industry the damage itself is unpredictable and sudden as it
can be caused by different kind of stresses and pseudo-plastic deformations. There are
many different methods of detection, but most of them do not reflect the changes in
the material in real time and are also too expensive. This project therefore proposes a
method to monitor changes in material resistance based on the fact that the resistance
of thin carbon fibers changes gradually during damage. Research done by Meisam has
shown that damage to fibers varies linearly (Rev, Jalalvand et al. 2019) and therefore the
health of the material can be monitored by detecting changes in resistance based on this
theory. The aim of this project is to design another sensor based on resistance variation,
to experiment in order to check if the sensor is usable, and to design and test the sensor in
order to achieve the best possible results, observing through experimentation and results
whether it is sensitive and efficient.

Research Objective 1. Research test samples and target sensors based on existing
literature and conjecture.

Research Objective 2. Analysis of the change in resistance of the sample and its force
and displacement profiles.

Research Objective 3. Using a hybrid S-shape to detect damage on a flat plane and
resistance changes monitored using a carbon glass hybrid.
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Abstract. It focuses on a composite material made of glass and carbon fibers in
this paper. The composite can be actively monitored and controlled by the self-
sensing of the carbon fibers. However, due to the high stiffness and brittleness
of the composite material, damage often occurs instantaneously. It is difficult to
monitor damage patterns and control damage through factors such as fiber type
variables and displacement relationships. This is why monitoring the health of
composite fibers is an important direction, which has major implications for the
aerospace, industrial and automotive sectors. In this project, the main focus is to
monitor the electrical conductivity of carbon fibers online by breaking thin layers
and observing the changes in their conductivity, and to understand changes in
condition through changes in current. In addition, the composite design of this
project can be applied to the monitoring of large planar materials, as well as to
applications in important areas such as aerospace. In making further comparisons,
it can be seen that the 5 mm thin layer of carbon fiber is more sensitive in the
process of self-sensing, while the change in resistance is more noticeable when
damage is received in the period.

Keywords: Structural Health Monitoring · Carbon Fiber Composite
Lamination · Electrical Resistance · Three-point bending test

1 Introduction

There are more and more high-tech products made of composite materials, such as
aerospace or automotive, and even the latest batteries. They are becoming increasingly
popular due to their outstanding properties, such as their high strength, low weight and
fatigue resistance, Composites are combinations of two or more materials with different
physical behavior and chemical states. In particular in this test, the materials used are
fiber reinforced polymers. As the properties of composites are usually more variable,
engineers consider their design structure and components to minimize failure during the
design of composites [1].
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Regarding depression: Concerning study duration, age, academic efficacy
scores from the MBI questionnaire, and QCAE affective empathy scores, the
corresponding p-values are 0.851, 0.626, 0.578, and 0.405, all significantly greater
than 0.05. From a statistical standpoint, this indicates that these features do not
manifest significant differences at the given level. In other words, we lack suffi-
cient evidence to support significant relationships or disparities between these
features and anxiety.

However, in the context of gender, history of psychological counseling, native
language, health status, and MBI Cynicism scores, the corresponding p-values
are all below 0.05. This implies that these features may possess some degree of
correlation, association, or influence with anxiety. In terms of statistical analysis,
these divergences suggest that these features might hold a certain impact or role
in relation to anxiety emotions.

5 Conclusion

In this study, we investigated the statistical relationships between various factors
and the occurrence of psychological disorders, revealing patterns of variation in
the proportions of individuals affected by psychological disorders and the sever-
ity of these disorders across different populations. We identified several factors
closely associated with psychological disorders, with gender, native language,
and health status potentially exhibiting more significant correlations with anxi-
ety and depression.

Nevertheless, our study does have certain limitations. The size of the dataset
is relatively small, and the number of features is limited, which could potentially
impact the accuracy of our conclusions. To arrive at more universally applica-
ble conclusions, we require a more comprehensive dataset of medical student
information and a larger sample size.
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The presence of a job or a partner appears to have limited influence on
anxiety or depression.

4.2 Correlation Analysis

Through t-tests and chi-squared tests, we will determine features that exhibit
robust correlations with anxiety and depression, as well as those with weaker
correlations.

Table 2. Demographic characteristics of college students - Anxiety and Depression

Variable Anxiety p-Value Depression p-Value

Gender 0.000*** 0.000***

Job 0.439 0.018**

Part 0.242 0.012**

psyt 0.000*** 0.000***

year 0.083* 0.084*

age 0.76 0.626

glang 0.000*** 0.000***

stud h 0.987 0.851

health 0.001*** 0.000***

qcae cog 0.216 0.15

qcae aff 0.074* 0.405

mbi ex 0.587 0.053*

mbi cy 0.005*** 0.000***

mbi ea 0.529 0.578

Note: ***, **, * represent significance levels of 1%, 5%,
and 10%, respectively.

Based on the results from Table 2, the following insights can be derived:
For anxiety disorder: In the examination of study duration, the significance

p-value is 0.987; concerning the emotional exhaustion and academic efficacy
scores from the MBI questionnaire, the respective p-values are 0.587 and 0.529;
regarding the presence of a job, the p-value is 0.439. These outcomes indicate that
statistically, the aforementioned features do not exhibit significant differences at
the given level. In other words, we lack sufficient evidence to support a significant
association or disparity between these features and anxiety.

However, when considering features such as gender, history of psychological
counseling, native language, and health status, all respective p-values are below
0.05. This suggests the potential existence of some degree of correlation, associa-
tion, or influence between these features and anxiety. This statistical divergence
implies that these features might have a certain impact or role in relation to
anxiety emotions.
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Statistical Analysis of Other Variables’ Relationship with Psycholog-
ical Disorders. The statistical graphs illustrating the proportions of anxiety
and depression, as well as the average scores of the affected population, varying
with different features, are presented in Fig. 2.

Fig. 2. Anxiety or depression statistical graphs

Features that exhibit a negative correlation with the proportion and severity
of individuals with anxiety and depression include: age, academic year, aca-
demic efficacy, cognitive empathy, and health status. We observed that as age
increases or academic year advances, the proportion of individuals with anxiety
or depression decreases. Notably, the proportion of individuals with depression
significantly drops after the age of 23. This may be attributed to medical students
gradually adapting to the pace of learning, acquiring effective study methods,
and consequently reducing the occurrence of anxiety and depression.

Features that show a positive correlation with the proportion and average
scores of individuals with anxiety and depression include study duration, emo-
tional exhaustion, cynicism, and affective empathy. We found that individuals
with longer study durations exhibit a higher prevalence of psychological disor-
ders, coupled with increased severity.
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4 Result and Discussion

4.1 Statistical Analysis

Fig. 1. Frequency Distribution of Each Feature. In Figure (a), the horizontal axis scale
of 0 and 1 represents no partner (no job, no psychological treatment) and have a partner
(job, psychological treatment) categories, respectively.

Univariate Statistical Analysis. The statistical graphs for each feature are
depicted in the Fig. 1.

From Fig. 1(a), it is evident that students without partners outnumber those
with partners, and similarly, students without jobs exceed those with jobs. Most
students have not undergone psychological therapy over the past year.

Figure 1(b) illustrates that the first-year student count significantly surpasses
other academic years, while second to sixth-year students exhibit a more even
distribution.

Figure 1(c) indicates that the age distribution of medical students in the
sample is concentrated between 18 to 25 years.

Figure 1(d), the highest number of individuals falls within the 10 to 20 h per
week study time range. Most individuals do not exceed 40 h of study time per
week.

The distributions of other features approximate a normal distribution.
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Statistical Description. Creating statistical graphs for individual features
provides a more intuitive display of the distribution of each feature’s quantity,
aiding in gaining a deeper understanding of the overall feature distribution within
the sample population.

We have chosen two indicators, the proportion of individuals with psycho-
logical disorders and the average scores of the affected population, to depict the
quantity and severity of psychological disorders. By visualizing the trends of
these two indicators in relation to other features, we can gain a clearer insight
into the influence of these features on psychological disorders.

Statistical Inference. This study primarily employs two hypothesis testing
methods: the t-test and the chi-squared test, to conduct an analysis of dissimi-
larities among various features.

The independent samples t-test is utilized to compare differences between
categorical and quantitative samples (samples A and B). The main steps are as
follows:

1. Hypothesis formulation: The null hypothesis assumes no significant differ-
ence between samples A and B, while the alternative hypothesis assumes the
presence of a difference.

2. Assumption of sampling distribution: Independent samples A and B are
assumed to be approximately normally distributed, satisfying the conditions
for t-distribution.

3. Calculation of t-value:

t =
X̄1 − X̄2√

(n1−1)s21+(n2−1)s22
n1+n2−2 ( 1

n1
+ 1

n2
)

4. Calculation of confidence interval for means: Using the computed t-value,
along with sample sizes and confidence level, the confidence interval for means
is calculated, allowing for statistical inference regarding mean differences.

The Pearson chi-squared test is employed for analyzing differences between
two categorical sample variables. The statistical measure used is

χ2 =
r∑

i=1

(ni − n · pi)2
n · pi ,

which assesses the disparity between theoretical frequencies and observed values.
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commonly utilized, each specifically designed for screening anxiety and depres-
sion symptoms, respectively.

3 Methods

3.1 Dataset Introduction

The dataset [4,5] for this study was released in 2020 and encompasses infor-
mation from 886 medical students. The features comprise individual demo-
graphic details (‘age’, ‘year’, ‘sex’, ‘glang’, ‘part’, and ‘job’), educational aspects
(‘stud h’, ‘mbi cy’, and ‘mbi ea’), psychological conditions (‘qcae cog’, ‘qcae aff’,
and ‘mbi ex’), and physical well-being (‘health’). Two labels describing the psy-
chological disorder status are ‘stai t’ and ‘cesd’, which are derived from the
STAI-T and CESD questionnaires respectively. These questionnaires are widely
employed for screening anxiety and depression patients. The introduction of each
feature is shown in the Table 1.

Table 1. Study variables

variable name description

age age at questionnaire

year curriculum year

sex gender

glang mother tongue

part having a partner

job have a paid job

stud h how many hours per week spend on study

health How satisfied are you with your health

psyt consulted a psychotherapist or a psychiatrist for health

qcae cog QCAE Cognitive empathy score

qcae aff QCAE Affective empathy score

mbi ex MBI Emotional Exhaustion

mbi cy MBI Cynicism

mbi ea MBI Academic Efficacy

3.2 Statistical Analysis

This study primarily engages in statistical description and hypothesis testing of
the dataset, aiming to identify the relationships between psychological disorders
(anxiety or depression) and various features.
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1 Introduction

The psychological well-being of college students has garnered extensive atten-
tion. The university phase, which signifies the transition between academic and
social realms [10], marks the initial steps of students venturing into the societal
arena. However, due to factors such as uncertainty about the future, substantial
academic pressure, challenges in interpersonal relationships, and insufficient self-
confidence, college students are susceptible to experiencing psychological health
issues such as anxiety and depression [12].

Among various academic disciplines, medical students particularly warrant
significant concern as they encounter heightened psychological health challenges
[2,3,8]. Their prolonged academic duration, substantial academic pressures, and
the weight of future employment prospects create a formidable environment.
Moreover, the daily exposure to patients’ ailments and suffering brings about
negative emotions, thereby increasing the likelihood of psychological health prob-
lems.

Despite the plethora of research focusing on factors contributing to psycho-
logical disorders, there remains a relative scarcity of investigations concentrating
on medical students. Consequently, this study primarily revolves around medical
students as a specific sample group, delving into their prevalence and severity of
psychological disorders. Concurrently, we aim to discern potential factors con-
tributing to the onset of psychological ailments and analyze the varying degrees
of correlation between these factors and psychological disorders.

2 Related Work

Many researchers have initiated investigations into the psychological well-being
of medical students. Medical students exhibit higher levels of depression, anx-
iety, and stress symptoms [7,15]. Such psychological disorders as anxiety and
depression can potentially have adverse effects on medical students’ personal and
professional lives, leading to issues like insomnia and even triggering thoughts of
suicide [9].

Mao et al. [13] found that the occurrence of depression and anxiety among
medical students is influenced by a variety of factors, including individual char-
acteristics, socioeconomic status, and environmental factors such as gender, aca-
demic year, family structure, family income, parental educational background,
and social support. Additionally, Ahad et al. [1] revealed that age, gender,
employment status, and accommodation situation are significant factors affecting
stress levels among medical students. Notably, female students tend to experi-
ence higher stress levels, and those engaged in clinical internships face greater
stress compared to pre-internship periods. It’s noteworthy that the findings by
Moutinho et al. [15] emphasize significant variations in the psychological well-
being of medical students across different semesters.

Early detection and treatment of mental disorders are crucial for achieving
favorable recovery outcomes and reducing the risk of relapse [6,14]. Typically,
questionnaire surveys are employed for the early screening of anxiety and depres-
sion patients. Among these, the STAI-T [16] and CESD [11] questionnaires are
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detection task, and the best performance results illustrate the effectiveness and superi-
ority of our proposed method. We hope that our work can add more effective contribu-
tions to the field of weakly supervised depression detection. In future work, we hope to
add more modal social media such as text for depression detection.
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As show in Fig. 1, the max pooling operation performs the worst, but is compara-
ble to machine learning-based methods. The mean pooling operation outperforms the
max pooling operation and achieves comparable results to multiple deep network based
methods. In contrast, our proposed attention-based pooling operation achieves the best
result, which shows that the attention mechanism effectively improves the performance
of the MIL framework.

4.5 Effect of Instance Temporal Size

Fig. 2. Evaluation of varying instance temporal size on D-Vlog dataset

To assess the effect of instance time segments size on the method, we construct time seg-
ments k of different sizes for the study. As shown in Fig. 2, the best results are achieved
in all metrics when k = 16. Moreover, it is worth noting that the results of the model
do not exhibit linear change when the value of k increases or decreases, demonstrating
that the smaller or larger time segments are not appropriate in depression detection.
Technically, the size of the time segment determines the length of the time information
contained in the instance. When the size of time segment decreases, continuous time
series entering the time window is too short to perform sufficient feature aggregation
through the multiple instance pooling layer. When the size of time segment increases,
the redundancy of too much temporal information may affect the training of the model.

5 Conclusion

In this study, we perform an attention-based multiple instance learning method to detect
depression using social media. We conduct sufficient experiments on the D-Vlog dataset
and report the state-of-the-art model performance compared to us. The experimental
results show the advantages and potential of multiple instance learning in depression
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Table 1. Evaluation of the proposed methods on D-Vlog dataset

Method Precision(%) Recall(%) F1Score(%)

LR 54.86 54.72 54.78

SVM 53.10 55.19 52.97

RF 57.69 58.49 57.84

KNN-Fusion 57.86 59.43 54.25

BiLSTM 60.81 61.79 59.70

TFN 61.39 62.26 61.00

Transformer Concat 62.51 63.21 61.10

Transformer Add 59.11 60.38 58.11

Transformer Multiply 63.48 64.15 63.09

Depression Detector 65.40 65.57 63.50

Temporal Convolutional 65.40 64.70 65.00

CAIINET 66.57 66.98 66.56

Ours 67.27 67.77 66.64

4.4 Comparison with the MIL Methods

Fig. 1. Evaluation of the MIL methods on D-Vlog dataset

In order to explore the potential of MIL in depression detection and compare with the
attention-based MIL method used in this paper, we present the methods based on max
pooling [6] and mean pooling [6] as comparison experiments. Notably, the max pool-
ing and mean pooling operation select the feature with the highest and average feature
among the instance to obtain the bag-level feature.
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4 Experiments

4.1 Experimental Dataset

In this work, we use the D-Vlog dataset [37] collected from YouTube, which contains
961 vlogs videos from 816 subjects composed of 322 males and 639 females. The
dataset has a total of 505 depressed subjects and 406 healthy controls, and the average
length of the vlog is 596 s. According to the ratio of 7:1:2, the dataset is divided into
training set, validation set, and test set, respectively. The preliminary label assignment
of the dataset comes from the title keywords of the vlog. Usually, vlogs containing
keywords such as “depression daily vlog”, “depression journey vlog” and “depression
vlog” are labeled as depressed vlog. In addition, vlogs containing keywords such as
“daily vlog” and “haul vlog” are labeled as non-depressed vlogs. Then, two tasks are
used to ensure the plausibility of labels. First, videos that do not conform to the “vlog”
format (e.g., videos without appearance) are removed. Second, specific annotators are
assigned to judge whether the subjects have depression by watching the vlog videos
with automatic text generation. For privacy protection considerations, D-Vlog only pro-
vides the features of the extracted voice and facial expression in the video, which are
the 15-dimensional extended Geneva Minimalistic Acoustic Parameter Set and the 68-
dimensional facial landmarks, respectively.

4.2 Experimental Setup

In this paper, the size of the time segment that constitutes the instance is 16, and the
total length of the bag is limited to 596. All models are trained for 30 epochs, using
Adam [15] as the optimizer with learning rate, weight decay and eps are set to 1e-4,
5e-4, and 1e-8, respectively and the batch size is set to 16. We report weighted average
precision, recall, and F1 score to evaluate model performance. In order to prevent over-
fitting, the model uses an early stopping mechanism during training. All experiments
are implemented in pytorch, running on a server with NVIDIA 1660 s and 16 GB RAM.

4.3 Comparison with the Previous State-of-the-Art Models

We compare with current state-of-the-art methods to evaluate the effectiveness of our
method, and the results are shown in Table 1. Specifically, the recent methods for
comparison include: 10 methods using in the D-Vlog dataset [37] as the baseline,
the Knowledge-Embedded Temporal Convolutional Transformer method proposed by
Zheng et al. [39] and the CAIINET method proposed by Zhou et al. [40]. The tradi-
tional machine learning methods including LR, SVM and RF don’t perform well on the
D-vlog dataset, which is due to the lack of nonlinear fitting ability of machine learning.
Moreover, corresponding deep learning methods including BISTM, TFN and Depres-
sion Detector achieve better performance compared to machine learning methods.

Compared with baseline, our proposed method improves at least 1.87%, 2.2% and
3.14% on the weighted average precision, recall and F1 score metrics. In addition,
compared with the recently proposed Knowledge-Embedded Temporal Convolutional
Transformer method and the CAIINET method, our proposed method has achieved the
highest results in all metrics, indicating the effectiveness of the proposed method.
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Fmax =W2hmax (6)

where W1 and W2 represent trainable weights respectively. Moreover, in order to inte-
grate the information of the obtained vectors Fmean and Fmax, we concat them and use a
one-dimensional convolution operation to obtain the contextual kernel α:

α = fc ([Fmean : Fmax]) (7)

where fc represents the convolution operation with convolution kernel size is 1. For-
mally, by combining the context kernel α with the final outputO of BILSTM, we obtain
the instance features with temporal context. This step can be formulated into:

z=
T

∑
t=1

atOw,t (8)

where,

at =
exp

(
αO�

w,t

)
∑T

τ=1 exp
(
αO�

w,τ
) (9)

Technically, at is the attention weight to indicate the effectiveness of the BiLSTM out-
put feature. Also, instance feature with temporal information is obtained by combining
the attention weight with the output feature, which helps to articulate the dynamic infor-
mation of depressed patients.

3.3 AD-MIL

Recently, many studies have attempted to use attention mechanisms to integrate them
into the MIL framework [11,14,38]. Notably, Ilse et al. [14] demonstrate that MIL
based on attention pooling can achieve better performance compared to conventional
multiple instance pooling such as max pooling and mean pooling. Inspired by these, we
use attention pooling to aggregate the instance features obtained in the previous section.

Formally, we denote Z = {z1, . . . ,zM} as a bag ofM instance features, and attention-
based MIL pooling can be defined as:

e=
M

∑
m=1

bmzm (10)

with,

bm =
exp

{
q� tanh

(
Vz�m

)}
∑M
k=1 exp

{
q� tanh

(
Vz�k

)} (11)

where q and V are trainable parameters and hyperbolic tangent tanh(·) is the element-
wise non-linearity. In addition, bm represents as an attention weight indicating the con-
tribution of a given instance to the prediction of the whole bag. Therefore, different
attention weights can be used as an implicit feature selection to make the final bag
features more informative.
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m-th instance of i-th bag. Furthermore, each instance sim is assumed to have implicit
label ym ∈ {0,1} to represent negative or positive, which is not given in practice due to
labeling difficulties.

Traditional MIL meets the following constraints: A bag is positive if there is at least
one positive instance, while a negative bag is only if all the instances making up the bag
are negative. Formally, it follows that

Y =
{
0, iff ∑m ym = 0
1, otherwise.

(1)

However, in the case of our work, there will be cases where both positive and neg-
ative instances are included in one bag, so assumption here is not strict. Hence, we
propose an attention-based algorithm for depression detection by introducing a looser
version of the attention mechanism to assign implicit weights to instances.

3.2 AD-LSTM

The proposed AD-LSTM module first uses Bi-directional LSTM (BiLSTM) [8] to
extract the temporal information of the two directions of LSTM [12] as output, and then
uses the attention mechanism to integrate the semantic features with temporal informa-
tion to obtain the feature of the instance.

We develope BiLSTM combining information in both directions of LSTM at the
same time to obtain richer semantic information in the instance. Notably, each layer
of BiLSTM consists of LSTM in two directions, and the outputs of the layer are as
follows:

hi,t = l f (Oi−1,t) (2)

Hi,T−t = lb (Oi−1,T−t) (3)

Oi,t = [hi,t ,Hi,T−p] (4)

where T represents the total length of the segment. l f and lb represent the forward
and backward LSTM models, respectively. hi,t and Hi,T−t represent the output of the
i-th layer at the time t of the forward LSTM and the output of the i-th layer at the
T − t time of the backward LSTM. Then, we add the forward and backward features
of the last layer w of BILSTM to get O = {Ow,1, . . . ,Ow,T}, and we connect the for-
ward and backward output features of BILSTM at time T to form contextual feature
h= {h1,T ,H1,T , . . . ,hw,T ,Hw,T}. Similar to the feature map in CNN, each hi,T in h rep-
resents the feature of BILSTM at the last time. Therefore, in order to obtain rich con-
textual information, we use the mean pooling operation and max pooling operation,
which is commonly used in spatial information processing, to obtain context features
hmean and hmax. Further, we use the two-layer network model to introduce the non-linear
operations of the two pooling features:

Fmean =W1hmean (5)
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2.2 Weak Supervision and Multiple Instance Learning

Multiple instance learning (MIL) is a form of weakly supervised learning, which is used
to deal with model training under insufficient labels. Typically, in multiple instance
learning, the model only receives coarse-grained bag-level labels, and the labels of the
instances that make up the bag are unknown. According to the different MIL settings,
the current MIL algorithm can be divided into instance-level [13] and bag-level [10].
Due to the difficulties and high costs in the actual labeling process, specific annotators
can only assign bag-level labels in the context. Hence, MIL has been widely used in
many fields including object detection [7], pneumonia detection [20] and tumor detec-
tion [24].

Recently, several works of MIL has been applied for depression detection. Con-
cretely, in the use of weakly supervised learning framework, Salekin et al. [25] pro-
posed a MIL method to identify depression from voice speech containing labels of
depressed patients without providing specific segments of symptoms. Shangguan et al.
[26] proposed a dual-stream MIL deep network to identify depression by using raw
facial expressions. In addition, extensive works have used MIL for detecting depression
on social media due to its superiority. Wongkoblap et al. [35] proposed two multiple
instance learning models to predict depression using textual information from Twitter.
Moreover, a MIL method for detecting depression using students’ posts from univer-
sity was presented by Mann et al. [17]. They performed theoretical and experimental
analysis by using Transformer and LSTM model on the dataset of university students.

Previous work using MIL to identify depression in social media has mainly focused
on text information, and few works have used the information of subjects’ facial expres-
sions and voices to identify depression. Since the facial expressions and voice can
express the mental state of the subjects and the effectiveness of MIL in the detection
of depression, it is very necessary to establish a model for detecting depression using
MIL based on these two modalities. Inspired by the work of these pioneers, we aim to
expand the scope of the current literature on depression detection through the applica-
tion of MIL and attention mechanisms.

3 Methods

We propose a weakly supervised learning model for the depression detection task in a
single end-to-end deep network. Concretely, our model receives the vocal features and
visual features extracted by OpenSmile and Dlib respectively, and then the AD-LSTM
module extracts the temporal information within the instances. Finally, the AD-MIL
module integrates the information of the instance for identifying depression. In this
section we present the formulation of MIL and the details of the proposed MIL model.

3.1 Preliminaries

The MIL algorithm receives N labeled sample pairs D= {(S1,Y1) , . . . ,(SN ,YN)}, where
Si (i from 1 to N) is the whole bag and Yi is {0,1} for binary classification of depression
and health. Also, Si = {si1,si2, . . . ,siM} consists ofM instances where sim represents the
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approaches using weakly supervised learning. In Sect. 3, we introduce the relevant pre-
liminaries and the details of our proposed model. We provide the datasets, experimental
settings and results used in the experiments in Sect. 4. Finally, we conclude our work in
Sect. 5.

2 Related Work

This section briefly reviews the related methods of depression detection and weakly
supervised learning.

2.1 Deep Learning for Depression Detection

Since the emerging applications in affective computing, the deep learning-based meth-
ods can use behavior signals for depression detection. The datasets for depression detec-
tion tasks can be divided into task-specific collection and non-specific task collection.
In a specific task, the process of data collection comes from recording subjects com-
pleting a certain task according to the requirements of the examiner, such as answering
some specific questions or discussing the certain topics. In a non-specific task, the pro-
cess of data collection comes from external information, such as, voice, video, and text
of individuals on the Internet.

AVEC2013 [31] and AVEC2014 [30] are typical task-specific datasets which focus
on video modalities. For example, Zhu et al. [41] proposed a two-stream deep network
to detect depression by considering the appearance and movements of subjects. By
leveraging the optical flow of dynamic information of facial expressions, they improved
the performance of the model. Similarly, Jazaery et al. [1] used a convolutional 3D net-
work (C3D) to capture spatio-temporal information and to learn the features of contin-
uous segments through Recurrent Neural Network (RNN). To reduce the model size for
depression detection, Melo et al. [19] proposed the 2D deep network (a.k.a., MDN) to
capture the spatio-temporal information in facial videos. By embedding the maximiza-
tion block and difference block in the 2D deep network, the model captured the subtle
changes and sudden transitions between face expression, and achieved comparable per-
formance to 3D deep network.

Since a considerable number of users share recent life emotions and states on the
Internet, social media can provide data information under non-specific tasks for depres-
sion detection. There are several approaches that use multi-modal data of social media
for depression detection. For example, Safa et al. [23] used the biological features, fea-
tures generated by analyzing user profile pictures, and banner images to detect depres-
sion. By using image and text information posted by users on social media, Gui et al.
[9] introduced a new collaborative multi-agent reinforcement learning method to pre-
dict depression. Zagan et al. [42] presented a novel interpretable depression detection
framework, the Hierarchical Attention Network, which used textual, behavioral, tempo-
ral, and semantic aspects of social media features for deep learning. Moreover, a deep
visual-textual multimodal learning system dubbed SenseMood was proposed to predict
the mental state of the users on social networks. Lin et al. [16] used CNN and Bert to
extract deep representations of pictures and text on social media, which were combined
for further depression classification.
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of depression mainly relies on the subjective and complex reports of the subjects and the
professional judgment of the psychiatrists. For example, the clinician rating scales (e.g.,
Hamilton rating scale) require rigorous training of raters. The self-rating depression
scales (e.g., Self-rating depression scale) rely on accurate description, assessment, and
expression of subjects and may change the purpose of their report [29]. Due to the lack
of medical resources, the great harm of depression, and the large number of patients,
the subjective assessment and diagnosis cannot meet the current demands for depres-
sion diagnosis. In this vein, the automatic detection of depression has attracted ever-
increasing research attention due to objectivity, fast deployment, and long endurance.

With the advancement of affective computing, previous studies use behavioral sig-
nals as objective indicators to conduct research on depression detection, which pro-
vides an objective and effective way for auxiliary diagnosis of depression. Many current
research outcomes have shown that common behavioral signals can be used as objective
indicators for depression detection, such as, eye movement [2], voice [4], gait [33], and
facial expression [3].

Different from eye movements and gaits that need to be collected during profes-
sional experiments, the leveraged facial expressions and voices in our research obtained
through more relaxed methodologies (e.g., social media). In this paper, we use social
media data collected from vlog of people documenting their daily lives on the Inter-
net. Compared with data collected from the experimental environments, vlog data has
three advantages: 1) easier to obtain; 2) larger quantity; and 3) consistent increase in
volume. The three advantages of the vlog data allow to build a more generalized model
and explore the ability to articulate the datasets in the wild. In general, a vlog dataset
has both facial expressions and voice modalities, and there are dedicated annotators to
judge whether the subjects are depressed. However, a complete piece of vlog data has
only one binary classification sparse label, because it is impractical for annotators to
accurately label the symptoms reflecting depression at a fine-grained level. The tradi-
tional depression detection methods [1,5,18,21] assign the same coarse-grained labels
to the training instances (video clips or single frames) and may lead to overfitting and
corresponding performance loss [27,36].

To address this challenge, we propose a weakly supervised method to identify the
binary classification of the subjects (depression or health) using vlog data. Our model
takes temporal segments of a certain size as instance input, and uses AD-LSTM to
extract temporal contextual information to obtain instance-wise representations. Then,
AD-MIL views the vlog video of each subject as a bag containing multiple instances
that may be positive or negative. More specifically, the AD-MIL model first uses an
attention mechanism to identify the contribution weights of instances to the final classi-
fication, and then obtains individual subject representations by combining the weights
with instance representations. Technically, using the attention mechanism can effec-
tively alleviate the impact of instances that are not related to the classification label
and integrate the information of the whole bag. We conduct a series of experiments on
the D-vlog dataset [37], and the experimental results show that our proposed method
exceeds the state-of-the-art works, indicating the effectiveness of the proposed method.

The remaining parts of this work are organized as follows. In Sect. 2, we present
recent approaches to automatic depression detection using deep learning as well as
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Abstract. Depression is a serious mental illness and one of the leading causes
of suicide worldwide. However, the social prejudice and the lack of psychiatrists
for depression lead to a significant number of depressed patients without accurate
diagnosis and subsequent serious consequences. With the rise of social media,
previous studies have found that the information of depressed patients on social
media can be analyzed to automatically detect depression for auxiliary diagno-
sis. In the context of weakly supervised learning framework, a multiple instance
learning (MIL) method is proposed to identify depression from social media with
visual and vocal information. By leveraging the state-of-the-art attention-based
deep LSTM (AD-LSTM), the proposedMIL method can handle the problem with
sparse labels (i.e., one label for a long-term sequence of visual information). More
specifically, the AD-LSTM module is used to process a fixed-length visual and
vocal segments to extract temporal representations of instances, and the AD-MIL
module is used to aggregate the obtained temporal representations for individual
subject predictions. Compared with current benchmarks, our experiments demon-
strate that our proposed MIL method can achieve the best weighted average pre-
cision, recall and F1 score with the corresponding values as 66.56%, 66.98% and
66.55%, respectively. The numerical results illustrate that the potential and effec-
tiveness of our proposed MIL method in the field of depression detection.

Keywords: Depression Detection · Multiple Instance Learning · Social media

1 Introduction

Major depressive disorder (a.k.a.. depression) is a critical mental illness with serious
consequences for individual physical and mental health. More than 300 million people
worldwide, which is equivalent to 4.4% of the global population, are currently suffering
from varying degrees of depression [22]. Depressed people often exhibit low mood, loss
of interest in practice, sleep disturbance, loss of appetite, lack of self-confidence, loss
of energy, and inability to concentrate [34]. In addition, depression increases the risk of
diabetes, heart disease, Alzheimer’s and, in more severe cases, suicide [28,32].

Accurate diagnosis of depression can be effectively controlled and treated through
psychological consulting and psychotropic medication. However, the current diagnosis
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5 Conclusions

In this work, we have devised a versatile framework for processing Twitter data
to facilitate the diagnosis of early-stage depression. Through an extensive study,
we have ascertained that Twitter textual content, user profile information, and
historical posting data all hold profound significance in diagnosing depression.
Consequently, we have proposed a comprehensive model that amalgamates these
inputs and conducted empirical validations to evince the efficacy of our approach.
Moreover, we addressed the issue of imbalanced data pertaining to depression
patients by exploring several diverse methodologies, culminating in commend-
able achievements.
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Table 3. The impact of different information

User information Prec Rec F1 Acc

Historical tweet 80.2% 89.0% 84.3% 83.5%

Historical tweet+BiGRU 85.8% 82.8% 84.2% 84.5%

the model’s robustness. In practical scenarios, this inclusion can mitigate the
risk of misidentifying healthy individuals as depressed patients. Furthermore, as
user information tends to display greater individuality and lacks a discernible
pattern, our user information extraction module can still capture its distinctive
features, thereby contributing to incremental improvements in the overall model.

4.4 The Experiment on Data Imbalance

To investigate the efficacy of traditional methods for handling imbalanced data
in depression detection, we randomly extracted two imbalanced datasets from
the original dataset. The first dataset had a ratio of depressed patients to non-
depressed patients of 1:4, while the second dataset had a ratio of 1:2. Subse-
quently, we conducted a comparative analysis of three methods on these two
datasets: the direct usage of cross-entropy loss without any imbalance treat-
ment, the employment of Focal Loss for handling imbalance, and the utilization
of Dice Loss for the same purpose. The experimental outcomes are presented in
Table 4, with the evaluation metric being the F1 score.

Table 4. The effects of different methods for handling data imbalance.

Imbalanced ratio CE Focal Loss Dice loss

1:4 33.3% 79.5% 75.7%

1:2 66.3% 79.8% 81.8%

From Table 4, it can be observed that when the imbalance ratio reaches 1:4,
the model fails to learn useful classification knowledge from the limited positive
samples when using cross-entropy loss without imbalance handling. Even under
a 1:2 imbalance ratio, the results are significantly unsatisfactory. Focal Loss, in
comparison to cross-entropy, demonstrates a 46.2% and 13.5% increase in F1
scores at 1:4 and 1:2 imbalance ratios, respectively. Similarly, Dice Loss shows
a 42.4% and 15.5% improvement in F1 scores at 1:4 and 1:2 imbalance ratios.
This verifies the effectiveness of traditional data imbalance handling methods
for depression classification in our model. Additionally, it is evident that under
higher imbalance conditions (1:4), Focal Loss outperforms, achieving an F1 score
of 79.5%, whereas when the imbalance ratio reduces to 1:2, the performance of
Dice Loss is superior, achieving an F1 score of 81.8%.
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Historical Tweet Model. We employed the large-scale language pretraining
model BERT and attention-based bidirectional LSTM to construct a historical
tweet feature extraction model. Subsequently, we conducted experimental com-
parisons on each module, and the results are presented in Table 2. Note: due to
better performance with straightforward extraction during data processing, all
experiments were performed on data obtained through straightforward extrac-
tion.

Table 2. Historical tweet model

model Prec Rec F1 Acc

BERT 77.7% 82.8% 80.1% 79.5%

BERT+BiLstm 81.6% 83.3% 82.4% 82.3%

BERT+StackedBiLstm 80.2% 89.0% 84.3% 83.5%

According to Table 2, it can be observed that the utilization of BERT in con-
junction with the StackedBiLSTM model yields the most favorable results when
processing textual features. Following this, the employment of BERT in combi-
nation with BiLSTM ranks second in performance. We believe this is due to a
certain temporal correlation in the user’s tweet data. Due to BiLSTM’s capacity
to maintain “memory,” the model with an added BiLSTM layer outperforms the
classification model solely relying on BERT. Furthermore, it is evident that the
StackedBiLSTM model outperforms the BiLSTM model in terms of recall, F1
score, and accuracy, surpassing it by 5.7%, 1.9%, and 1.2%, respectively. How-
ever, it should be noted that the accuracy is reduced by 1.4% . We posit that
this could be attributed to an excessive focus on contextual information, lead-
ing to the inadvertent capture of some depression-irrelevant data and thereby
increasing the likelihood of misidentifying depression patients.

The Impact of User Information. We investigated the impact of user infor-
mation on the classification of users with depression in our experiment. We
extracted personal information from users, including the number of individuals
they follow, the count of their followers, the quantity of friends, and the number
of tweets sent in the past month. For feature extraction, we utilized a Bidi-
rectional Gated Recurrent Unit (BiGRU) to complement the historical tweet
features. We explored the experimental outcomes achieved by solely using his-
torical tweets and by amalgamating user information with historical tweets. The
model employed in this study is depicted in the aforementioned model diagram
in Fig. 1, and the results are presented in Table 3.

From Table 3, it can be observed that the incorporation of user information
and historical text enhances the model’s precision and accuracy, surpassing the
historical tweet model by 4.6% and 1%, respectively. However, the recall rate
decreased by 6.2%. We contend that the inclusion of user information enhances
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4.2 Hyperparameter Configuration

We attempted to employ the BERT pre-trained model as our Encoder model.
For the tweet extraction model (a BiLSTM classification model with attention
mechanism), we utilized a 2-layer BiLSTM with hidden layer neural units set
to 128. As for the user behavior model, we opted for a single-layer BiGRU with
hidden layer neural units set to 128. All experiments were conducted on an
RTX3090GPU using the Pytorch framework. We employed the SGD optimizer
for training with specific parameters: learning rate (lr) = 0.001, momentum =
0.9, and weight decay = 0.0004. Additionally, we employed a warm-up strategy
to reach the initial learning rate. We performed a total of 30 epochs, and during
the 10th and 20th epochs, we applied a learning rate decay with a rate of 0.1.

We introduced two approaches to process tweets: simple tweet extraction
and K-means-based tweet filtering. To assess the performance of our model, we
employed metrics such as accuracy, precision, recall, and F1 score. Additionally,
to examine the impact of various components in the model, we conducted an
ablation analysis. In experiments involving imbalanced data, we set γ = 2 in the
Focal Loss and α = 0.9 in the Dice Loss, with ε = 1e−4.

4.3 Ablation Study

Method of Data Processing. We have presented three distinct approaches for
data processing: a straightforward tweet extraction method and a tweet filtering
based on K-means clustering. These methods were subjected to experimental
comparison. All models employed the BERT pre-trained model in conjunction
with a single layer of Bidirectional LSTM (BiLSTM). The results are presented
in Table 1.

Table 1. Module for Data Processing

Data processing Prec Rec F1 Acc

simplistic tweet extraction 81.6% 83.3% 82.4% 82.3%

K-means 76.6% 83.5% 79.9% 79.0%

As indicated in Table 1, the employment of a simplistic tweet extraction
approach exhibits superior performance compared to the utilization of the K-
means extraction approach, yielding improvements of 5%, 2.5%, and 3.3% in
accuracy, F1 score, and precision, respectively, over the BiLSTM model. In terms
of recall, the difference between the two methods is negligible. We hypothesize
that this discrepancy could be attributed to K-means clustering, which identifies
text closely related to the classification but, at the same time, disrupts contextual
coherence to some degree, leading to the deterioration of results.
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the model to pay less attention to them. From a derivative perspective, once
the model correctly classifies the current sample (just passed the 0.5 thresh-
old), Dice Loss leads the model to pay less attention to it, unlike cross-entropy,
which encourages the model to approach the two endpoints, 0 or 1. This effec-
tively prevents the training of the model from being dominated by numerous
straightforward samples.

3.4 User Information Model

After considering user behavioral data, we extracted relevant features pertaining
to their social interactions, such as the number of followers and friends. Further-
more, we took into account user-generated actions, including the quantity of
tweets posted and tweets favorited. These extracted features were utilized as
inputs for the Bidirectional Gated Recurrent Unit (BiGRU) [9].

Both GRU and LSTM employ gating mechanisms to capture interdependen-
cies among inputs, with GRU being a simplified variant of LSTM. Given the
relatively straightforward nature of user behavioral data, we posit that the Bidi-
rectional GRU is better suited for capturing relationships among these features.

Subsequently, the features derived from the Bidirectional GRU were fed into
a fully connected layer. The resulting output from this layer serves as a guiding
factor for classifying users within the historical posting model.

4 Experimental Setup

4.1 Dataset

We have reprocessed the extensive publicly available depression dataset proposed
by [29]. These tweets were collected and labeled by the authors on Twitter, while
also retrieving the user’s historical tweets within a month. The dataset consists
of three parts: (1) Depression Patient Dataset D1, comprising 2506 labeled
samples of depressed users and their tweets; (2) Non-depression Patient
Dataset D2, comprising 4166 labeled samples of non-depressed users and their
tweets; and (3) Depression Patient Candidate Dataset D3. The author con-
structed a large-scale unlabeled depression candidate dataset containing 58,810
samples. In our experiments, we only utilized the labeled datasets: D1 and D2.
We preprocessed the datasets by removing users with fewer than ten posting his-
tories, users without an anchor tweet, or users posting tweets in languages other
than English. Additionally, we removed emojis from the data to eliminate any
impact on the experimental results, thus ensuring that we have sufficient statis-
tical information related to each user. Finally, for balanced data experiments,
we considered only 4000 user samples, with 2000 samples each for depressed and
non-depressed users. For unbalanced data experiments, we explored the ratios
of depressed users to non-depressed users at 1:2 and 1:4, with 2000 samples for
non-depressed users in both cases. For testing purposes, we randomly divided
the dataset into a training set (80%) and a test set (20%).
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The mechanism of attention allows assigning distinct weights to each input
feature and reflects the correlation between features and outcomes.

Data Imbalance. The phenomenon of data imbalance is quite common within
social media datasets. This imbalance gives rise to the following two issues:

(1) Disparity between training and testing procedures: Under the influence of
imbalanced data, models tend to converge towards points that strongly favor
classes with the majority labels. This, in effect, creates a disparity between
the training and testing processes. During training, each training instance
contributes equally to the objective function, whereas during testing, F1
equally weighs the contributions of positive and negative samples.

(2) Excessive impact of simple negative samples on the model: As pointed out by
[23], an abundance of negative samples implies a large quantity of straight-
forward negatives. Consequently, an overwhelming proportion of the loss
stems from these numerous simple negative samples, thereby dominating
the gradients and hindering the model from adequately learning how to dif-
ferentiate between positive samples and challenging negative samples. Both
cross-entropy (CE) and maximum likelihood estimation (MLE), which are
extensively utilized loss functions in machine learning, fail to address these
two issues.

Focal Loss and Dice Loss are two deliberately designed loss functions aimed
at mitigating the imbalance between positive and negative samples during the
one-stage classification process.

The primary objective of Focal Loss is to diminish the weight of easy samples,
thereby focusing the training on the negation of difficult samples. To be more
precise, Focal Loss introduces a modulation factor (1−pt)γ into the cross-entropy
loss, where γ ≥ 0 represents an adjustable focal parameter. The general form of
Focal Loss can be expressed as follows:

FL(pt) = −(1 − pt)γ log(pt). (4)

Dice Loss, on the other hand, contemplates the classification task from a
distinct perspective. In this framework, categorizing a sample as negative is
contingent solely upon its probability being less than 0.5; there is absolutely no
need to drive it towards 0. Furthermore, considering that the primary objective
is to mitigate the data imbalance issue within the dataset and, consequently,
enhance the effectiveness of the F1 evaluation metric, Dice Loss is designed to
exert a direct impact on F1.

Consequently, the general formulation of Dice Loss has been derived as fol-
lows:

Dice(pt) =
2(1 − pt)pt · yt + ε

(1 − pt)pt + yt + ε
, (5)

where pt represents the estimated probability, incorporated ε acts as a smoothing
term, and yt denotes the true label. The term (1 − pt) serves as a scaling fac-
tor. For uncomplicated samples (when pt approaches 1 or 0), (1− pt)pt prompts
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of tweets articulating their emotions over several days. Considering the token
length constraints inherent in BERT [10] and the acknowledged temporal impact
on a user’s narrative, we judiciously adopt a straightforward strategy: selecting
a user’s most recent 20 tweets as the primary method for tweet processing. In
cases where a user has fewer than 20 tweets, we employ padding techniques to
ensure completeness of the dataset.

Tweet Filtering Based on K-Means Clustering. We acknowledge that not
all of a user’s posts are necessarily relevant to the point we focus on. For instance,
a depressed individual might also publish tweets expressing positive emotions,
such as ’Today’s weather is lovely!’ In order to mitigate the influence of such
tweets on our determination of a user’s depressive status, we endeavor to filter
out tweets that more accurately portray the user’s identity. Since we cannot
introduce user labels during the processing phase, we adopt an unsupervised
approach to analyze users’ historical posts. Consequently, we employ the K-
means clustering method as our second approach to tweet processing. We select
a user’s most recent 50 posts, tokenize them using BERT, apply the K-means
algorithm to cluster the tweets into two categories, and then extract the 20
tweets closest to the cluster centroids. Should there be an insufficient number of
tweets remaining, we will once again utilize padding to complete the dataset.

3.3 Historical Posting Information Model

We employed a pre-trained BERT model and a bidirectional LSTM (BiLSTM)
based on an attention mechanism to process the input, capturing sequential
information such as sentence context. Moreover, in light of the minority repre-
sentation of depression patients, we tackled the prevalent issue of imbalanced
data in the depression dataset by adopting the Focal Loss and Dice Loss tech-
niques, as introduced in the works by [18,20], respectively.

Classification Module Based on Pre-trained Bidirectional LSTM. From
the embedding layer of BERT, the extracted features are passed to the Bidi-
rectional Long Short-Term Memory (BiLSTM), which is an RNN designed to
capture sequential information and the long-term dependencies within sentences.
Comprising the Bidirectional LSTM are the forward and backward LSTMs, each
one independently updating the input xi at time t:

forward(ht) = LSTM(xt, forward(ht−1)). (1)
forward(ht) = LSTM(xt, backward(ht−1)). (2)

After BiLSTM processing, the hidden state ht at time t is a concatenation
of the states

→
h and

←
h obtained from the forward LSTM and backward LSTM,

respectively. The representation of the i-th word is as follows:

ht = forward(ht−1). ⊕ backward(ht−1). (3)
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Fig. 1. We have integrated the user information and the user’s past tweets of each
user to forecast their labels. The user’s historical tweets are processed through a tweet
processing procedure and then handled by a classification model based on pre-training
and bidirectional LSTM. The user’s information, on the other hand, is processed using
a model based on bidirectional GRU.

extraction, tweet filtering based on K-means clustering. Furthermore, we also
incorporate user behavioral metrics, including the number of friends, follow-
ers, favorited contents, and the frequency of posts within a month, denoted as
MFR,MFL,MCN ,MTN respectively.

3.2 Data Processing

The analysis of users’ historical tweets constitutes a pivotal aspect of the depres-
sion assessment process. Consequently, our efforts are directed towards scruti-
nizing the past tweets of individuals experiencing depression, in comparison to
those of mentally healthy users. This endeavor seeks to afford us a more pro-
found understanding of the behavioral patterns manifested by individuals grap-
pling with depression. Following this analysis, our objective is to leverage these
insights to enhance the efficacy of depression detection methodologies.

Conducting Direct Tweet Extraction. Primarily, our initial consideration
revolves around a streamlined approach to tweet handling, specifically involving
the extraction of a defined quantity of tweets to encapsulate the entirety of a
user’s Twitter activity. We posit that the temporal dynamics of a user’s posts
exert a substantial influence on the thematic content of their tweets. To illus-
trate, an individual experiencing depression may consecutively share a series
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to effectively capture both local contextual features and long-range dependen-
cies [31,38].

Moreover, attention mechanisms [1,34,37] are employed to enable models to
focus on the most salient aspects of the input. Additionally, multi-task learning
is harnessed to jointly train models alongside other auxiliary tasks, such as sta-
tistical feature classification [35] and depression causation prediction [36], which
yield supplementary insights for depression detection.

Recently, researchers have gathered data through online surveys and online
social discourse, leveraging the substantial number of users and tweets on social
platforms to obtain an ample and longitudinally sampled dataset. This approach
effectively addresses the previously mentioned issue of collecting depression-
related data. One study collected data from over 4,000 individuals, encompassing
both depressed and non-depressed users on Twitter. [30] The dataset comprised
over 2,000 samples from individuals diagnosed with depression, encompassing
personal information and an anchor tweet to determine their depressive status.
Additionally, all tweets posted within the 30 days preceding the anchor tweet
were collected, based on the clinical characteristic of prolonged mood despon-
dency among depression patients. For non-depressed users, relevant personal
information and tweets within the same 30-day period were collected. However,
this dataset did not account for the issue of data imbalance. Building upon
this dataset, [39] further integrated personal information features and textual
features, effectively removing redundant features through the utilization of k-
means algorithm and the Bart summarization model [17], thereby improving the
accuracy of depression identification. Our work builds upon the aforementioned
research, focusing primarily on addressing data redundancy and data imbalance
issues.

3 Method

In this section, we present our model for depression. Our model utilizes both
the users’ personal information and their historical posts as the foundation for
detecting depression. Figure 1 illustrates our model diagram.

3.1 Task Definition

For social media datasets, users’ posts often exhibit redundancy, irrelevance to
their status, and may even contain unusable information, posing significant chal-
lenges for researchers to effectively extract user information. Herein, we have
established the relevant symbols as defined in the article. We assume a user,
denoted as Ui, has a total of n tweets in their history: [T1, T2, . . . , Tt, . . . , Tn],
where the t-th tweet represents the user’s recent post. Our objective is to deter-
mine whether user Ui is a depression sufferer, for which we define the label as
yi ∈ depression, undepression. To achieve our goal, we amalgamate each user’s
profile information with their historical posts. We explore three approaches to
process a user’s historical tweets to address this issue: conducting direct tweet
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extract activity information typically mandate real-time tracking for a duration
exceeding two weeks. This extended timeframe, coupled with the requisite high
level of patient cooperation, introduces significant costs and complexity into the
research process.

Efforts to enhance the precision and applicability of AI-based depression
identification must contend with these multifaceted challenges.

Our contributions are as follows:

1. We present a comprehensive depression assessment model that concurrently
leverages users’ historical tweets and their personal information. To achieve
this, we meticulously devise distinct models for both historical tweets and user
information. Our approach involves the integration of two discrete method-
ologies, one dedicated to handling multiple tweets and the other addressing
the inherent challenge of imbalanced depression data.

2. We reprocess the depression tweet dataset to enhance its practical utility.
3. Through rigorous experimentation, we showcase the efficacy of our model in

discriminating depression, yielding compelling empirical results and partially
alleviating the associated challenges.

2 Related Work

In the field of psychology, early scholars have observed the theoretical correla-
tions between mental health conditions and specific linguistic attributes, such
as the presence of “depressive language” [2] advanced cognitive therapy and
emphasized the significance of the frequency of negatively-valenced words, while
other researchers [25] focused on the utilization of first-person pronouns and
the patients’ negative anticipations. Subsequent empirical investigations have
validated these hypotheses and revealed associations between specific linguis-
tic characteristics and the mental states of patients. Consequently, numerous
studies utilize social media as a rich source of textual data, employing online
user-generated posts for the manual analysis of mental health conditions. [7,26].

However, due to the burgeoning volume of online texts and the sensitivity
of mental health conditions, manual text analysis and large-scale psychiatric
interventions are no longer tenable. Consequently, Natural Language Process-
ing (NLP) and text mining technologies have been harnessed to automate the
analysis of mental health from social media data. While these approaches are
not intended for definitive diagnoses, they do offer assistance in early detection
[11,22,27]

Advancements in the realm of deep learning also bolster tasks related to
mental health. The most recent methodologies employ deep learning models to
automatically capture latent semantic information without the need for explicit
feature engineering. Some studies utilize Convolutional Neural Networks (CNN)
[33] or Recurrent Neural Networks (RNN) [8], including Long Short-Term Mem-
ory (LSTM) [12] and Gated Recurrent Unit (GRU) [28], to discern depres-
sion. Researchers also explore hybrid architectures combining CNN and RNN
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1 Introduction

With the advancement and progress of society, people’s material living stan-
dards are constantly improving, and psychological issues are receiving increas-
ing attention. Psychological disorders are prevalent among young individuals,
with approximately 75% of cases emerging during adolescence [15]. According
to estimates by the World Health Organization, depression is one of the most
prevalent psychological disorders, and by the year 2030, depression is projected
to become the leading burden of disease globally [16,21].

Depression is characterized by significant and enduring mood melancholy,
with symptoms encompassing sleep disturbances, appetite changes, and mental
turmoil [3–5]. Despite its high prevalence, there is evidence indicating that 60%
of severely depressed adolescents do not receive treatment.

Depression possesses a covert nature, and its occurrence is influenced by
intricate factors such as heredity, gender, living environment, and physical ail-
ments, rendering its diagnosis exceedingly challenging [4–6]. Presently, an accu-
rate diagnosis of depression necessitates psychiatric practitioners to employ
systematic inquiries, psychiatric examinations, and supplementary assessments,
such as the Hamilton Rating Scale for Depression (HAMD) and the Patient
Health Questionnaire-9 (PHQ-9) self-rating scale. Thus, the diagnostic evalua-
tion heavily relies on patients’ self-reported severity of depressive symptoms or
clinical judgment regarding symptom severity. However, the advent of artificial
intelligence-based approaches has presented the potential for objective diagnosis.

We focus on depression detection based on social networks. Recently, [14]
discovered that a lack of social interaction increases the risk of depression. [24]
analyzed the behavior and language usage of depressed users on Twitter. People’s
tweets on social networks such as Facebook, Twitter, and Weibo can be used to
assess the risk of various mental health issues, such as depression and anxiety.
[32] employed lemmatization tools to vectorize more recent tweets, reducing
redundant features. [13] utilized a multimodal model and applied reinforcement
learning to merge textual and image features of tweets, thereby improving the
accuracy of depression identification [19].

The efficacy of depression identification through artificial intelligence remains
suboptimal, encountering several noteworthy challenges. These challenges may
be succinctly outlined as follows: Limited Sample Size: The recruitment of
patients poses a substantial hurdle due to ethical concerns within the medi-
cal field. Consequently, a pervasive issue in depression studies is the constraint
imposed by small sample sizes. This limitation complicates the attainment
of definitive conclusions regarding individual-level depression diagnoses. Data
Complexity: The datasets employed in these studies often exhibit a profusion
of irrelevant features and noise. This characteristic not only augments the com-
putational intricacy of algorithms but also compromises the predictive perfor-
mance of models. Additionally, an inherent imbalance exists within the dataset,
stemming from a lower representation of depression cases. Temporal Con-
straints: Extracting nuanced daily life characteristics of patients necessitates
a protracted timeline. For instance, methodologies reliant on mobile devices to
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experimental results. Meanwhile, neural networks and deep learning algorithms are
also considered to analyze and predict rock fracturing values, verifying the accuracy
of the rock fracturing model [38].

6 Conclusions

In this paper, we utilized the optimal uniform design method to optimize hydraulic
fracturing simulation experiments. The results showed that this design method not only
reduced the number of experiments but also improved the uniformity and test effect. It
provides a fast and effective way to develop an error compensation formula for vari-
ous influence elements, aiming to enhance measurement accuracy of the hydrofracture
method of geostress measurement.

• The paper proposed an optimal approach for the hydrofracture method of geostress
measurement using the uniform design method. Considering these unique properties
of the drilling mud, which involves multiple hydraulic elements and values. This
paper constructs an experimental plan that can simplify the testing procedure, and
decrease implementation fees. As a result, the efficiency of the simulation hydraulic
fracturing tests can be significantly enhanced.

• This study examined the impact of various hydrodynamic factors on rock fractur-
ing pressure using test results. Through multivariate regression analysis, an optimal
regression model for multiple influencing factors (fracturing fluid viscosity, density,
axial load, and injection rate) was obtained. Additionally, the values of instantaneous
rock splitting were discussed in depth, and the validity of Perkins-Kern-Nordgren
(PKN) classical mechanical model in theoretical analysis was confirmed.
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To summarize, Eqs. (6) and (7) demonstrate a similar changing pattern as x1 and x4,
but undergoes an opposite changing pattern in relation to x2 (fracturingfluid density). The
simulation experiments confirmed a strong correlation between rock fracturing pressure
and the viscosity, density, and injection rate of the fracturing fluid. These findings support
the conclusions of theoretical analysis in Sect. 2. This indicates a good distribution
uniformity of experimental points. Additionally, this study validated the efficiency and
suitability of the experimental method in establishing a fracture pressure correction
formula for various hydrodynamic factors.

5 Discussion

Simulation experiments were conducted to analyze the impact of various factors such
as injection rate, density, viscosity, and fracturing fluid medium on hydraulic fractur-
ing. These experiments provide a fast and reliable way to understand the influence of
hydrodynamic factors on hydraulic fracturing. A compensation model can be utilized to
minimize the interference of hydrodynamic factors and enhance the accuracy of in-situ
stress measurement during hydraulic fracturing in practical engineering applications.
Consequently, simulation tests have the potential to improve the measurement accuracy
of hydraulic fracturingmethods.However, this study only considered three fluidmechan-
ics parameters, namely injection rate, fracturing fluid density, and viscosity. Therefore,
future research should explore the incorporation of additional hydrodynamic parameters
such as hydraulic friction, liquid compressibility, and the effects of different types of
fracturing fluid media on the effective fracturing pressure of rocks. These insights are
valuable in advancing our understanding of hydraulic fracturing in practical applications.

• In terms of different fracturing fluids, such as hydraulic oil, mud, and aqueous solu-
tion, test results fromZhou Longshou (2013) [15] and Zhang Jie,WangChenghu et al.
(2017) [16] indicate that mud and hydraulic oil lead to higher rock fracturing pres-
sures compared to aqueous solutions. The combination of densities and viscosities
of the fracturing fluids greatly affects the rock fracture pressure, while the compress-
ibility of the fracturing fluid also influences the flexibility of the hydraulic fracturing
measurement system (Wang Chenghu et al., 2012) [11], thereby affecting the mea-
surement results. This study only considered mud as the fracturing fluid, so future
studies should include more representative hydrodynamic parameters and different
types of fracturing fluids for a comprehensive analysis of their influence on rock
fracture pressure. Additionally, an appropriate correction formula and compensation
model should be established for hydraulic fracturing errors under different working
conditions.

• The experimental results confirmed that the injection rate of the fracturing fluid has
a significant impact on the rock fracturing pressure, with a proportional increase.
This finding aligns with the results of hydraulic fracturing tests conducted by sev-
eral foreign researchers (Ito and Hayashi, 1991; Schmitt et al., 1992; Zo-back et al.,
2007) [12–14, 36, 37]. To further enhance the accuracy of future simulation tests and
reduce losses associated with hydraulic friction, especially head loss, it is recom-
mended to install a high-precision pressure sensor in the fracturing test section. This
enhancement will allow for a better analysis of the influence of injection rate on the
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Table 4. Multi-factor VIF value

VIF Value

x1 1.0027

x2 1.0009

x3 1.0035

x4 1.0021

polynomial. The Matlab Linear-Model.stepwise function was utilized to perform a mul-
tivariate quadratic polynomial regression of the data presented in Table 4. Based on this
regression analysis, the stepwise regression method of the LinearModel class object was
employed to establish the Eq. (6), to show the relationship between factors (x1, x2, x3,
x4) and fracturing value (y).

y = a + b1x1 + b2x2 + b3x3 + b4x4 + b5x
2
3 + b6x1x4 + b7x

2
4 (6)

Based on the stepwise regression calculation results, the resulting equation for
multivariate polynomial regression can be expressed as follows:

y = 17.937 + 0.023x1 − 10.266x2 + 2.054x3 + 1.598x4 − 0.361x23 − 0.067x1x4 + 18.535x24 (7)

Furthermore, Eq. (8) produces a p-value2 = 0.000405, and p-value2 << 0.05 (signif-
icance level). Figure 3 illustrates the regression fitting plots of Eqs. (6) and (7), demon-
strating a higher degree of fit in the latter. Therefore, Eq. (7) is an optimal fitting formula
for (y) and (x1, x2, x3, x4) in this design.

Fig. 3. The optimal fitting formula for linear regression and stepwise regression fitting
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4 Results Analysis

4.1 Experimental Results

Table 3 presents results of the experiments using the uniform design method involved
in Sect. 3, showcasing the obtained effective rock fracturing value.

Table 3. Table of hydraulic fracturing values of the simulation experiments

No. Influencing factors Results

Viscosity(g/cm3) Density(mPa•s) Axial
Compression(MPa)

Injection
Rate(MPa/s)

Fracturing
pressure(MPa)

1 280 1.4 1.2 0.1 12.46

2 170 1.6 3.6 0.1 10.35

3 70 1.6 1.2 0.55 9.34

4 70 1.2 2.4 0.05 10.12

5 70 1.0 4.8 0.1 10.58

6 150 1.2 4.8 0.4 11.12

7 280 1.6 4.8 0.1 11.85

8 130 1.2 2.4 0.2 11.91

9 150 1.2 3.6 0.2 12.1

10 170 1.2 2.4 0.4 12.88

11 170 1.0 1.2 0.05 13.19

12 280 1.0 3.6 0.55 13.15

4.2 Multivariate Polynomial Regression

Regression analysis is a method used to establish the relationship between the dependent
variable y and the independent variables (x1, x2,…, xi) [34–36]. In Eq. (6), y represents
actual demonstration value of the rupture pressure, x1 represents the density, x2 represents
the viscosity, x3 represents the axial pressure, and x4 represents the injection speed.
Table 4 underwent multiple linear regression and multivariate polynomial regression to
determine the respective fitting models. These models were then compared to obtain the
optimal fitting formula.

A regression model was subjected to a multicollinearity diagnosis using the variance
inflation factor (VIF) method, which resulted in Table 4. Generally, if VIF < 5, there is
no collinearity. The independent variables in Table 4 had VIFs below 5, indicating the
absence of multicollinearity in the model.

In order to enhance the non-linear terms in the model, a stepwise regression app-
roachwas employed to conduct a generalized linear regression analysis using a quadratic
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Table 1. Elements and their numerical value

Element Level Parameter value

Viscosity 4 70; 150; 170; 280

Density 4 1.0; 1.2; 1.4; 1.6

Axial compression 4 1.2; 2.4; 3.6; 4.8

Injection rate 6 0.05; 0.1; 0.2; 0.25; 0.4; 0.55

In order to account for the numerous elements and their values, using mud as fractur-
ing fluid, an optimized experimental scheme based on mixed-level uniform was devel-
oped. Using the Data Processing System (DPS) software [33], a total of 12 experiments
were conducted, as shown in Table 2. The constructed optimal mixed-level uniform
design table U∗

12

(
6 × 43

)
was subjected to a maximum of 1000 iterations.

Table 2. Table of Influencing elements in U∗
12

(
6 × 43

)

No. Influencing elements

x1 x2 x3 x4

1 4 3 1 3

2 3 4 3 3

3 1 4 1 5

4 1 3 2 1

5 1 1 4 3

6 2 3 4 6

7 4 4 4 2

8 2 2 2 4

9 2 2 3 1

10 3 2 2 6

11 3 1 1 2

12 4 1 3 5

A smaller D implies better uniformity of the experimental design [19, 20]. By cal-
culating the Eq. (6), we obtained that D* = 0.1713 for the U∗

12

(
6 × 43

)
, which exhibits

a good distribution uniformity.



18 Y. Li et al.

Fig. 2. Typical Pressure-Time Record Curve in Hydraulic Fracturing

and the pressure value at this time is recorded as the instantaneous closure pressure Ps.
After releasing the pressure, reloading causes the fracture to reopen, and the pressure
value at this time is recorded as the reopening pressure Pr .

According to the elastic theory and the PKN mechanical model, as shown in Fig. 3,
the fracturing pressure of the rock in the fracturing section is:

Pb = 3σh − σH + T (5)

Among them, σH and σ h are the maximum and minimum horizontal principal
stresses, respectively, and T is the tensile strength of the rock. The fractures induced
by hydraulic fracturing are vertical fractures and perpendicular to the direction of the
minimum horizontal principal stress. Equation (5) indicates that the fracturing pressure
of rocks is independent of the size of the borehole and the elastic modulus of the rock,
and is mainly determined by the tensile strength of the rock and the magnitude of the
in-situ stress around the borehole.

3 Optimal Design of the Testing

The high pressure fluids are commonly applied in hydraulic fracturing simulation exper-
iments, including clean water, hydraulic fluid, carboxymethyl cellulose (CMC) aqueous
solution, and drilling mud [30–32]. The density and viscosity of the mud medium can be
adjusted according to the requirements of the simulation experiment. For these fractur-
ing fluid media, only a small number of factors and tests are required, so conventional
comprehensive experimental methods can be used for their respective simulation exper-
iments. In contrast, there are more parameters and theirs values in the mud medium, so
an optimal design based on uniform design method is suitable for the testing.

The theoretical analysis of the PKN model revealed that when using mud as the
fracturing fluid medium in the simulation test, it requires three hydrodynamic factors:
density, injection rate, and viscosity, as well as a factor of loading axial compression.
Different numerical values of each element are presented in Table 1.
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Fig. 1. PKN classical mechanical model

Here, q(x, t) represents the volume of fluid flowing through the cross-section of the
crack, qt(x, t) represents the volume of fluid lost per unit length of the crack, and A(x,
t) represents the cross-sectional area of the crack. When there is no fluid leakage, the
length of the crack L, its local width w, and the pore pressure Pw can be calculated [28,
29]:

L = 0.68

[
GQ3

(1 − υ)μh4

] 1
5

t
4
5 (2)

w = 2.5

[
(1 − υ)μQ2

Gh

] 1
5

t
1
5 (3)

pw = 2.5

[
G4μQ2

(1 − υ)4h6

] 1
5

t
1
5 (4)

The following variables are used in this context:G (shearmodulus), ν (Poisson ratio),
h (length), Q (injection rate), and μ (viscosity).

2.2 Principles of Hydraulic Fracturing Measurement

The basic principle of in-situ stress measurement based on hydraulic fracturing involves
placing drill rods and packers into a borehole using a drilling rig to measure their posi-
tions. Fluid is injected into the packers through a loading control system, isolating a test
section within the borehole, and the fluid is further injected into the test section until
fracturing occurs.

As shown in Fig. 2, the first highest pressure value is recorded as the fracturing
pressure Pb. Then the pressure drops rapidly to a state of fluid seepage into the fracture
and remains constant. At this point, the pump is turned off to stop loading, and the
pressure in the fracturing section decreases rapidly, causing the fracture to close quickly.
When the fracture is in the near-closed state, the rate of pressure decrease slows down,
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of error include: (1) the drill pipe and the packer deformation [9–11]; (2) variations
in the determination method of the measurement curve during data analysis [12]; and
(3) different category and the associated performance factors of the fracturing fluids
[13–17].

Many researchers have dedicated themslves to explore the fracturing fluids impact
on rock fracturing. For instance, Ito (1991) and Chang (2014) suggested that increasing
the injection rate of fracturing fluid and considering factors like flow rate, viscosity, and
density can enhance the tensile strength of the rock. Zhou et al. (2013) and Zhang (2018)
conducted tests using different density mud media as fracturing fluids and observed sig-
nificant variations in rock fracturing behavior. Matsagaga (1993) and Ishida et al. (1997)
verified the impact of fracturing fluid viscosity on rock fracturing through oil drilling
experiments. Wang (2012) and Zhou (2013) analyzed the error in stress measurement
caused by the compressibility of clear water used as a fracturing fluid and its effect on
system flexibility. These studies contribute to a better understanding of fluid mechanics
factors in accurate rock fracturing measurements.

In summary, the hydrodynamic factors that influence rock fracturing during hydraulic
fracturing include flow velocity, viscosity, density, and compressibility. Conducting sim-
ulation experiments based on these factors is crucial for understanding their impact on
rock fracturing. However, these experiments can be destructive to the testing core, mak-
ing them complicated and costly to design. To address this, the uniform design method
has been proposed as an experimental design approach that evenly spreads test points
throughout the range of variables, requiring fewer trials compared to other methods [19,
20]. In particular, the design aims to conduct trials with many experimental factors and a
large number of levels, with fewer trials required compared with the orthogonal design
or comprehensive design methods [21–23]. In this study, a uniform table for experiment
design is used to combine selected hydrodynamic factors of the fracturing fluid with the
factor of horizontal pressure. This approach reduces the test times while ensuring their
effectiveness and significantly improving efficiency. The results of these experiments
are then analyzed to determine the effects of the factors on rock fracturing value.

2 Error Analysis of Hydraulic Fracturing Theory

2.1 PKN Mechanical Model

The borehole used to measure hydraulic fracturing in-situ stress was typically vertical
and primarily influenced by the maximum horizontal principal stress, and the minimum
stress, and minimum is same as it is [24]. The fracturing crack was vertical because it
was perpendicular to theminimum horizontal principal stress plane [25, 26]. The authors
used the PKNclassicalmechanicalmodel [27, 28] to analyze howfluidmechanics affects
the fracture crack and its fracture pressure in this paper.

Figure 1 illustrates the PKN fracturing crack model [27, 28]. Nordgren (1972)
obtained the fluid’s continuity equation in the crack, ignoring the compression properties
of the fracturing fluid [28]:

∂q

∂x
+ qt + ∂q

∂t
= 0 (1)
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Abstract. In order to account for a large number of hydrodynamic influencing
factors with multiple levels in rock fracturing experiments, the uniform design
method is frequently utilized instead of conventional methods like comprehen-
sive and orthogonal designs, as they significantly impact the experimental effects.
Based on the Perkins-Kern-Nordgren (PKN) model, the influencing factors of
injection rate, viscosity, and density of the fracturing fluid, along with their cor-
responding parameter values or levels, were taken into consideration to construct

an optimal table U∗
12

(
6 × 43

)
for experiment design. Subsequently, an optimized

experimental schemewas developed. The experimental results based on this design
were analyzed usingmultiple regression analysis to establish an optimal regression
equation for the influencing factors (x1, x2, x3, x4, representing fluid viscosity,
density, loading axial compression, and injection rate, respectively) and to deter-
mine the corresponding rock fracturing value (y). This indicates a good distribution
uniformity of experimental points. Additionally, this study validated the efficiency
and suitability of the experimental method in establishing a fracture pressure cor-
rection formula for various hydrodynamic factors, and it is also a precise approach
for geostress measurements.

Keywords: Uniform design method · Mixed-level · In-situ stress measurement ·
Rock fracturing

1 Introduction

The stress stored in the interior of a rockmass without disturbance is referred to as in-situ
stress, which has multiple sources and is influenced by various factors, resulting in a
complex and variable distribution of stress in the Earth’s crust [1]. Hydraulic fracturing
is a crucial technique for measuring in-situ stress in various geological structures such as
hydropower stations, tunnels, chambers et al. [2–4]. This approach offers an efficient test
procedure, alongwith straightforward data analysis procedures. However, several factors
can influence the accuracy of rock fracturing measurements [5–7]. The primary sources
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5 Conclusions

In this paper, we effectively applied transfer learning to fine-tune the English
pre-trained model, achieving a notable improvement in the F1 score to 0.46,
significantly surpassing the baseline of 24%. For future research, we will continue
exploring the cross-corpus SER domain and further investigating other deep
learning techniques to enhance the performance of the transfer learning models
in emotion recognition.
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Table 1. Quantitative evaluation of the different strategies on speech emotion recog-
nition. In bold, the best model.

Classification train F1 score val F1 score train Acc Val Acc

original frozen CNN10(baseline) 0.2760 0.3125 0.3658 0.3994
original frozen CNN14(baseline) 0.2528 0.2413 0.3644 0.3778
original CNN10 0.6612 0.4432 0.6831 0.4657
original CNN14 0.8822 0.4542 0.8901 0.4774
multihead CNN10 0.6297 0.4536 0.6576 0.4684
multihead CNN14 0.9144 0.4642 0.9208 0.4674
multilayer CNN10 0.7694 0.4636 0.7871 0.447
multilayer CNN14 0.9516 0.4652 0.9613 0.4722

also observed a large performance gain for valence and a lesser gain for other
aspects. The results suggest that while fine-tuning does incur additional compu-
tational costs, the benefits it yields in terms of improved performance make it a
worthwhile endeavor. The validation set F1 scores for both CNN10 and CNN14
models, when employing the multilayer multi-head attention module, surpass
those of the baseline, with the CNN14 model also demonstrating higher accu-
racy on the validation set. A comparison between different structures reveals that
the multilayer multi-head attention modules generally outperform their single-
layer counterparts. Specifically, the ’multilayer CNN14’ model delivered the best
results, achieving optimal performance with the least amount of epochs.

4.4 Future Work

Compared to the baseline, we believe there is ample room to improve the accu-
racy of the validation set. There are several areas for future improvements. First,
we did not adjust the architecture of the pre-trained model, and the limited num-
ber of CNN layers may have hindered its ability to recognize emotions arising
from emotional correlations in the data fully. Thus, further adjustments to the
model architecture and hyperparameters are necessary for better generalization.
In addition, we should further explore the linguistic and cultural differences
in the datasets. Our target dataset is in Mandarin Chinese, while the baseline
dataset is in English. Cross-language disparities may impede significant perfor-
mance improvements.

Revealing these potential differences between languages and cultures requires
further research in multi-task learning and exploring the fields of language and
cultural studies. These areas offer significant potential for future research efforts,
helping bridge the cross-linguistic gap and improving the performance of deep
learning algorithms in specific tasks.
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attention layer is passed into the next layer, it first goes through an additional
transformation via a fully connected layer. The potential benefit of this could be
to provide an additional means to capture and transform more complex patterns
in the data.

4 Experiment

4.1 Dataset Setup

In our experiments, we utilized the CH-SIMS v2.0 [18] dataset, which is parti-
tioned into three sets: the training set (80%), the test set (10%), and validation
set (10%). The obtained output is categorized into five distinct labels. For feature
extraction, the librosa library [22] is employed to extract log mel spectrograms
from raw audio data.

4.2 Experimental Setting

In the training experiments, we leverage a pre-trained model on the AudioSet
dataset to facilitate transfer learning on an existing dataset. During the fine-
tuning phase, we employed both single and triple multi-head self-attentive layers,
with the results being labeled as ’multihead’ and ’multilayer’ respectively. The
training process was utilized the Adam optimizer [10] and cross-entropy loss with
a batch size of 16.

Results from the two original models (CNN10 and CNN14), with frozen
parameters, were served as the baseline for our benchmark. In the fine-tuning
phase, the models with multi-head and multi-layer were trained for 200 epochs
with an initial learning rate of 1e-4. Each experiment set were conducted ten
times with the average results recorded. The best-performing model is selected
and saved, conducting experiments on both test sets and validation sets. The
recorded results are presented in Table 1.

4.3 Results and Discussion

Table 1 presents the results of experiments conducted on the CH-SIMS2.0
dataset, with the primary evaluation metrics being the F1 score and accuracy
(Acc). Remarkably, the fine-tuned models consistently outperform their coun-
terparts with frozen parameters. When compared to other models, our app-
roach delivers highly competitive results. The findings indicate that fine-tuning
of parameters significantly enhances the accuracy of audio classification. There-
fore, we firmly advocate for implementing parameter fine-tuning as an effective
strategy to elevate output performance.

Table 1 provides a summary of the performance exhibited by the various
speech emotion recognition models that were tested. When considering the
experiments with the frozen initial parameters as the baseline, improvements
are observed across all tested results in comparison to the baseline. Notably, we
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every convolutional layer, and then ReLU non-linearity is applied to facilitate
better training convergence. For CNN10 and CNN14, the convolutional blocks
are used in pairs before an average pooling layer is applied. Specifically, CNN10
is composed of 8 convolutional blocks (4 pairs), while CNN14 consists of 12 con-
volutional blocks (6 pairs). All networks include a penultimate fully connected
layer to enhance representation capability, succeeded by a final fully connected
layer with 527 units. A sigmoid activation function is applied at this stage to
derive the probabilities of each class.

3.3 Multi-head Attention Block

To capture the semantic relevance embedded within the speech signal, the multi-
head self-attention mechanism [30] is employed to focus on emotional information
from various subspaces. In the multi-head attention mechanism, there are H
parallel attention heads, and each of these attention heads calculates a set of
attention weights:

Attention(Q,K, V ) = Softmax
(
Q� · K√

dk

)
· V � (1)

where: Q, K, and V are the query, key, and value matrices for calculating the
multi-attention mechanism. The Softmax function is commonly used to nor-
malize the attention scores and ensure that they represent a valid probability
distribution, where the sum of all attention weights is equal to 1.

We use the optimization algorithm Noam for learning rate tuning to achieve
better model solutions. By computing similarities between Q and K, the mecha-
nism assigns weights to each query position, determining the significance of the
corresponding values.

lr = factor · modelsize−0.5 · min(step−0.5, step · warmup−1.5) (2)

where: factor refers to the initial learning rate size, model size denotes the hidden
layer dimension, step represents the number of optimization steps, and warmup
denotes the value of the step when the learning rate reaches its maximum value.

Between each layer, we introduced a gate function incorporating the sigmoid
function.

f(x) =
1

1 + e−x
(3)

x is the input variable. It converts the output of the model into a probability
value between 0 and 1. This gated mechanism helps the model to dynamically
adjust the importance of different layers and enables more flexible and adaptive
information processing. Furthermore, the use of the sigmoid function ensures
a smooth gating operation, avoiding abrupt changes and maintaining stability
during the learning process.

After applying several layers of multi-head attention, we performed an fully
connected layer (comprised of a linear layer and a ReLU activation function)
following each gating mechanism. This means that before the output from each
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3.1 CH-SIMS Dataset

To conduct Speech Emotion Recognition (SER) on Chinese speech, we utilized
the CH-SIMS v2 training dataset [18]. This dataset comprises 60 original videos,
resulting in 2,121 video segments. It offers a diverse range of character back-
grounds, covering different age groups, and featuring high-quality recordings.
Only Mandarin Chinese speech is included in this dataset.

Compared to version 1.0 [36], the video data in this updated version includes
a broader range of scenarios, and the focus is on acoustic and visual features
rather than text, encompassing a wider variety of emotional expressions. This
aspect serves as a valuable inspiration for our research.

Each video segment in the CH-SIMS v2 dataset has undergone multimodal
annotations, further categorized into five emotion categories:

negative : {−1.0,−0.8},
weakly negative : {−0.6,−0.4,−0.2},

neutral : {0.0},
weakly positive : {0.2, 0.4, 0.6},

positive : {0.8, 1.0}.

3.2 Pre-trained Block

Our approach aims to leverage a pre-trained speech recognition network to
extract meaningful features from the samples of CH-SIMS. The CNN archi-
tectures utilized in our study are adapted from those presented in reference [11].
The PANNs framework houses a diverse of pre-trained models, encompassing
various versions of CNN models. These models are trained on extensive audio
datasets, empowering them with ability to capture intricate audio feature rep-
resentations. This capability allows PANNs to efficiently capture and analyze
patterns and recognizable features within audio data. We applied its subsample
since, within PANNs [11], the CNN-14 model achieves the best performance,
and also uses the pre-trained model corresponding here. Following the prepro-
cessing phase, the vocal data is fed into the framework which then internally
constructs a frequency-based representation of the recordings. Interestingly, in a
related study [27], it was observed that CNN-10 model performs well with some
smaller datasets. Consequently, in our experiments, we employed both CNN-10
and CNN-14 models for the feature extraction and embedding.

The audio data undergoes the following preprocessing steps: first, the audio
is resampled to 32kHz. Then, a Short-Time Fourier Transform (STFT) is applied
with a window size of 1024 frames and a hop size of 320 frames. This process is to
obtain spectrograms from the standard time-domain waveforms. Subsequently,
Mel filter banks are utilized to the obtained spectrograms. After this, a logarithm
operation is performed to derive log Mel spectrograms.

Each of CNN architectures is composed of convolutional layers with a ker-
nel size of 3 × 3 for CNN10 and CNN14. Batch normalization is applied after
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In deep learning research, various studies have adopted transfer learning
methodologies, using techniques like embedding extraction and fine-tuning of
pre-existing models [13,21], instead of training models from scratch. Both
PANNs [11] and DeepSpectrum [1] are highly influential modern libraries
designed for audio-based tasks. Among them, PANNs introduce pre-trained
audio neural networks for sound event detection. The ability to fix hyperpa-
rameters in PANNs provides flexibility to use it as a transfer learning module
with pre-existing knowledge. Singh et al. [27] simplified the original PANNs
model using a pruning algorithm to remove redundant parameters and reduce
computational effort.

To reduce the computational cost, researchers often use pre-trained mod-
els with fixed parameters to extract features, and training output layers on the
generated embeddings. However, fine-tuning certain layers has been found nec-
essary for specific tasks to achieve excellent performance [11,17]. Earlier layers
in convolutional neural networks (CNNs) generally have stronger generalization
capabilities than subsequent layers [29], explaining why fine-tuning all layers
is essential for achieving good performance. In our study, we aim to explore
whether a similar operation is necessary for the model under consideration. We
will conduct two experimental designs, freezing the parameters of pre-trained
layers or fine-tuning all output layers, to compare the effects of these approaches
empirically.

3 Methodology

In our proposed architecture, we have designed two key modules: the pre-trained
block and the multi-head attention block. The pre-trained block is a convo-
lutional neural network (CNN) model that we have encapsulated within the
PANNs [11] framework. The system’s overall structure and the interconnections
between these modules are depicted in Fig. 1. In this section, we provide compre-
hensive explanations of the datasets utilized and the specific application strate-
gies employed for each module.

Fig. 1. The structure of proposed multi-head attention block. The number of attention
layers will be adjusted to the specific task. 1 and 3 were applied in our experiments.
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models, deep learning models do not require handcrafted features but directly
learn feature representations from raw data, making them more powerful for
processing complex and large-scale datasets and often exhibiting superior per-
formance in specific tasks.

Xu et al. [35] proposed a framework for dual-modal (audio-text) emotion
recognition. The framework consists of a parallel convolution module (Pconv)
and an attention-based BLSTM [30], with a specific focus on single-modal pro-
cessing of audio data from the CH-SIMS dataset. By combining Pconv and
attention-based BLSTM, the Tensor Fusion Network effectively captures the
complementary information from audio and text modalities, enabling more pow-
erful multimodal sentiment analysis. The multiple self-attention mechanism is
also a method of sentiment analysis that can enhance modal information [31].
In this paper, we apply transfer learning to a pre-trained CNN model with a
multi-head attention mechanism and evaluate the performance of the system in
terms of classification accuracy and training time.

2.2 Transformer

The Transformer model possesses several advantages, including its ability to
effectively handle long sequences, capture long-range dependencies, and its par-
allel computing capabilities, making it highly suitable for processing large-scale
data. Initially, the transformer model was mainly used in the field of machine
translation, but because of its properties, it has gradually been generalized to
the field of audio recognition.

In 2015, Chorowski [3] proposed to utilize an attention-based architecture,
where the encoder side is a BiRNN structure. This was followed by a study on
how transformers can replace RNNs for computation. The combination of CNN
and attention mechanism is also a trend in audio emotion recognition, and the
self-attention mechanism can express the salient regions of emotion in audio
very well [16]. In 2021, Gong et al. Li et al. [15] proposed an Attention pooling
method to avoid overfitting of convolutional features input to the fully connected
layer. [5]introduced the Audio Spectrogram Transformer (AST), an audio clas-
sification model that canceled CNNs. Applying the Transformer encoder output
to an audio spectrogram representation. They then proposed a semi-supervised
framework [6] that improved the performance of AST by an average of 60.9%.

2.3 Transfer Learning

Transfer learning leveraging knowledge and models learned from one task to
improve performance on another related task, reducing the need for extensive
training data. It can effectively bypass the time-consuming task of data tagging
when discrepancies exist in the feature space or data distribution [25], signifi-
cantly increasing data mining efficiency. Transfer learning is crucial for multi-
lingual or cross-lingual datasets due to the correlation between languages and
speech, enabling the discovery of implicit connections parallelization [28].
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collection of data covering Chinese text, images, audio data, and detailed anno-
tations of modality.

In our study, we employed Pretrained Audio Neural Networks (PANNs) that
were trained on the comprehensive AudioSet dataset. PANN is a deep learning
model architecture crafted for audio data processing, built on the convolutional
neural network (CNN) structure. Through fine-tuning on our unique dataset
and integrating a multi-head self-attention mechanism, PANNs became more
attuned to the specific features of the task and emotional nuances present in
speech data, leading to enhanced emotion recognition performance. Our primary
contributions include:

– We fine-tuned the pre-trained model on the AudioSet dataset and applied it
to CH-SIMS for data preprocessing, yielding results with remarkable gener-
alization capabilities.

– We introduced an architecture that merges CNN with a multi-head attention
mechanism, enhancing the model’s downstream performance.

2 Related Works

2.1 Speech Emotion Recognition

Over the past nearly three decades, researchers have tried to give machines the
ability to understand and express emotions. Currently, the mainstream emotion
recognition methods are extracting features that can accurately express emo-
tions and detecting them, either manually or with the help of machines. This
field encompasses a wide range of literature and utilizes various English datasets,
such as RAVDESS [19], SAVEE [7], and IEMOCAP [2]. AudioSet [4] records a
collection of 10-second sound clips including 632 audio event classes and over two
million human-tagged clips drawn from YouTube videos. For Chinese language
datasets, CH-SIMS [18] is notably prevalent, offering sentiment labels such as
Strong Negative, Weak Negative, Neutral, Weak Positive, and Strong Positive.
This study contributes to advancing multimodal sentiment analysis and captur-
ing richer representations of sentiment within Chinese language data.

Emotion detection of sound relies on the integration of classical machine
learning methods and deep learning techniques. Acoustic features, such as loud-
ness, pitch, and timbre, are extracted and utilized in the algorithm to achieve
accurate emotion detection. Spectral features, including Mel Frequency Cep-
stral Coefficients (MFCC) and their associated features, are also widely used
[20]. The demarcation between machine learning and deep learning methodolo-
gies primarily resides in their respective approaches to data representations. In
machine learning, a set of values is extracted from temporal, frequency, and per-
ceptual domains and then fed into the machine learning algorithm as manually
selected or predefined features to establish patterns and relationships for tasks
like classification or regression. On the other hand, deep learning employs more
complex and elusive algorithms, for example, CNN and attention mechanisms,
to automatically learn intricate correlations within data. Unlike the traditional
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speeches, such as happiness, sadness, and more. Emotion recognition systems
leverage machine learning and deep learning techniques to extract relevant
features from speech data, enabling accurate classification of emotions. High-
performance SER systems hold significant value across various domains, includ-
ing human-machine interaction [24], voice assistants [14], and psychological
research [8]. They not only help computers better recognize the emotional states
of inter-actor, but also pave the way for more personalized and effective human-
computer interactions. Advancing SER is one of key objectives in emotion recog-
nition system research. To improve accuracy, researchers employ techniques such
as data augmentation and transfer learning, complemented by the use of larger
and more diverse speech datasets. These strategies aid in training models profi-
cient at accurately capturing and identifying emotional cues from speech data.

In the task of SER, the objective is to correlate input speech signals with
specific emotion categories, thereby determining the underlying expressed emo-
tions. Traditional classification techniques usually rely on probabilistic models,
such as the Gaussian mixture model (GMM) [12], hidden Markov model (HMM)
[23], and support vector machine (SVM) [26]. However, with the progression of
research, various artificial neural network architectures have also been widely uti-
lized, ranging from the simplest multilayer perceptron (MLP) [33], convolutional
neural networks (CNNs) [9], to deep architectures like residual neural networks
(ResNets) [32] and recurrent neural networks (RNNs) [17] [18]. Particularly,
long short-term memory (LSTM)and gated recurrent units (GRU)-based neural
networks, which are state-of-the-art solutions in time-sequence modeling, have
been ubiquitously applied in speech signal modeling. Additionally, researchers
have also proposed various end-to-end architectures aiming to jointly learn both
feature extraction and classification [16]. These architectures intensively opti-
mize the identification and association of emotions in speech signals, enhancing
the overall performance of SER systems.

SER in Chinese involves identifying and analyzing emotions in Chinese speech
data. Chinese-specific speech datasets are used to create diverse databases cov-
ering various emotional states. Techniques such as sound signal processing and
feature extraction are employed to capture emotion-related features from speech.
Machine learning algorithms, including Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN), are used for emotion classification.
Recent advancements like transfer learning and data augmentation have shown
promising results. [34]

The attention mechanism imitates human attention, selectively focusing on
different parts of input data and assigning varying levels of importance. Self-
attention, used for sequential data, treats each input element as a query, key,
and value. Multi-head self-attention extends this concept by introducing multiple
attention heads, enabling the model to capture diverse feature representations
and enhancing its expressive power.

Our research focuses on Speech Emotion Recognition (SER) in Chinese. We
leveraged the CH-SIMS dataset for our study, which provides a comprehensive
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Abstract. In the field of Speech Emotion Recognition (SER) research,
there is a growing emphasis on strengthening model generalization,
stepping beyond the traditional classification accuracy metrics. Recent
progress in cross-corpus SER has allowed machines to explore relation-
ships among languages from diverse regions. In this paper, we propose
an audio emotion recognition model which leverages a pretrained CNN
model with a multi-head attention block. To adapt the model for the
Chinese dataset CH-SIMS employed in our experiments, we fine-tuned
it from a pre-trained English model. The data are categorized into five
valence states: negative, weakly negative, neutral, weakly positive and
positive. Remarkably, our top-performing model (multi-layer-CNN14)
achieves a 24% improvement in accuracy over the baseline. The results
highlight the effectiveness of fine-tuning in enhancing speech emotion
recognition performance. This study contributes to improving model gen-
eralization in transfer learning, nudging us toward a deeper understand-
ing and more accurate recognition of emotions expressed in speech.

Keywords: speech emotion recognition · transfer learning ·
fine-tuning · attention mechanism · Pretrained audio neural network

1 Introduction

Speech Emotion Recognition(SER) is a vital task in Natural Language Pro-
cessing (NLP). It aims to detect and recognize the emotions conveyed through
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