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Differences in emotional expression among =
college students: a study on integrating
psychometric methods and algorithm
optimization

Xiaozhu Chen'”

Abstract

Background College students are in an important stage of life development, and their emotional expression ability
has a profound impact on their mental health, interpersonal relationships, and academic performance. There are
significant differences in emotional expression among individuals, which are influenced by various factors such as
gender, cultural background, and personality traits. However, traditional research on emotional expression often
relies on a single measurement method, which has problems such as single data dimensions, limited analysis
methods, and lack of real-time dynamism and personalization. To overcome these limitations, this study conducted a
comprehensive analysis using psychometric methods and algorithm optimization techniques.

Methods The Emotional Intelligence Scale (EQ-i) and the depression-anxiety-stress-21 (DASS-21) were used to
quantitatively evaluate the emotional state of college students, and their facial expressions and speech emotion
data were collected. In order to improve the precision of data analysis, random forests, support vector machines,
and neural network machine learning algorithms were applied, and the variance analysis was used to calculate and
compare the emotional differences of different genders and academic backgrounds in different grades.

Results The research results showed that gender, major, and grade differences significantly affected the emotional
expression of college students. The F-values for the total EQ-i score of different genders were 7.00, and the F-values
for depression, anxiety, and stress scores between different grades were 22.45, 12.48, and 9.14. Male engineering
students scored higher in emotional intelligence than female liberal arts students, but liberal arts students showed
more significant improvement in later academic years, reflecting the differing impacts of disciplinary environments
on emotional development. Female students generally exhibited higher levels of anxiety and stress, particularly those
in liberal arts, while female engineering students faced additional psychological burdens due to gender imbalance
and biases. Anxiety and stress levels increased across all students as they advanced in their studies, correlating with
academic and graduation pressures.

*Correspondence:
Xiaozhu Chen
chenxiaozhu712@163.com

Full list of author information is available at the end of the article

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40359-025-02506-5&domain=pdf&date_stamp=2025-3-20

Chen BMC Psychology (2025) 13:280

Page 2 of 13

methods, Algorithm optimization

Conclusion This article was based on the integration of psychometric methods and algorithm optimization
techniques, exploring the differences in emotional expression among college students, providing new ideas for
personalized mental health interventions for college students, enriching the theoretical basis of emotional expression
research, and providing important references for education and mental health practice.

Keywords Emotional intelligence scale, Variance analysis, Differences in emotional expression, Psychometric

Introduction

University is an important stage of personal growth, dur-
ing which students may encounter various challenges and
opportunities, and emotional expression ability has a sig-
nificant impact on their mental health, interpersonal rela-
tionships, and academic performance. During this period,
college students are experiencing significant changes in
self-awareness [1], identity exploration, and interpersonal
relationships, in which the way and effectiveness of emo-
tional expression [JsN2] play a crucial role. It should be
pointed out that there are significant differences in emo-
tional expression among college students, which may be
influenced by various factors, including gender, cultural
background, personality traits, and personal experiences.
Some college students tend to internalize emotions [3],
expressing emotions through introspection and reflec-
tion. However, others tend to externalize emotions [4],
conveying their emotions through language, behavior, or
facial expressions [5]. Therefore, understanding the dif-
ferences in emotional expression among college students
and the factors behind them is of great significance for
promoting their mental health [6] and adaptability [7],
as well as enhancing their interpersonal relationships [8]
and academic performance.

Previous studies on emotional expression among col-
lege students mostly rely on a single measurement
method [9], such as questionnaire surveys [10] or com-
munication observation. Although these methods help
people understand the characteristics and patterns of
emotional expression to a certain extent, their limitations
have become increasingly apparent. Firstly, emotional
expression is a complex and ever-changing process, and
relying solely on questionnaire surveys or communica-
tion observations [11] often only captures static and
one-sided emotional expression data, making it difficult
to comprehensively present the diversity of individual
emotional expression [12] and dynamic changes [13].
Secondly, the data dimensions collected by these meth-
ods [14] are relatively limited and often cannot cover all
the features and details of emotional expression. This
limitation affects the accuracy [15] and reliability [16] of
research results, and many subtle but important emo-
tional expression features may be overlooked as a result.
In addition, the analysis methods of traditional methods
are relatively single, mostly relying on subjective judg-
ment [17] or simple statistical analysis [18], making it

difficult to fully explore and utilize the potential patterns
and information in the data. To address these issues,
researchers need to explore and adopt more diverse and
comprehensive research methods in order to capture the
emotional expression of college students more compre-
hensively and dynamically.

Scholars have conducted relevant discussions on
the differences in emotional expression among college
students. Professor Mangaroska proposed a research
method using multidimensional and multimodal data
[19], attempting to collect gaze data, facial expression
data, and EEG activity data from students through eye
tracking devices, electroencephalogram (EEG), and cam-
eras, in order to comprehensively evaluate the emotional
expression of college students. However, this method
faces many challenges in practical operation, not only
dealing with the complexity of data collection, but also
solving the technical difficulties of data processing and
model construction, thereby increasing the difficulty
of data collection and analysis [20]. In addition, some
studies, although simplifying complex and diverse data
to a certain extent, ignore the correlation and interac-
tion between different data [21], resulting in insufficient
exploration of information and patterns in the data.
Looking at the literature, most studies on the differences
in emotional expression among college students are still
at the theoretical level, lacking sufficient practical basis
and actual data support.

In this context, this study combines psychometric
methods [22] and algorithm optimization techniques to
conduct a comprehensive and in-depth study on the dif-
ferences in emotional expression among college students.
The study uses the Emotional Intelligence Scale (EQ-i)
[23] and the depression-anxiety-stress-21 (DASS-21)
[24] for quantitative evaluation, combined with facial and
speech emotion data [25]. Machine learning algorithms
such as Random Forest [26], Support Vector Machine,
and Neural Network [27] are used to construct and opti-
mize the predictive model for emotional expression [28].
Through these methods, this research can reveal the
diversity and dynamic changes of emotional expression
among college students, providing personalized recom-
mendations for mental health interventions. This not
only enriches the theoretical foundation of emotional
expression research, but also provides important support
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for practical applications, helping to better understand
and respond to the emotional needs of college students.

This study aims to explore the differences in emo-
tional expression among college students by integrat-
ing psychometric methods and algorithm optimization
techniques [29]. The Emotional Intelligence Scale (EQ-
i) and the depression-anxiety-stress-21 (DASS-21) are
used to quantitatively evaluate respondents and collect
their facial expressions and speech emotion data. Next,
machine learning algorithms such as random forest, sup-
port vector machine [30], and neural network were used
to construct an emotion expression prediction model,
and its performance was optimized. In the research pro-
cess, the differences in emotional scores among different
genders and academic backgrounds in different grades
are compared through analysis of variance. The experi-
mental steps include subject recruitment, data collection
and processing [31], model construction and optimi-
zation [32], as well as data analysis and result interpre-
tation. Through these methods, it is hoped to gain a
deeper understanding of the emotional expression char-
acteristics of college students, providing new perspec-
tives and methods for theoretical research and practical
applications.

Methods and materials

Data collection

The target group of this study is college students, and it
is expected to recruit 500 college students from different
grades, majors, and genders to ensure sufficient statistical
power, model training needs, and sample diversity and
representativeness. The recruitment notice is posted on
the bulletin board of the university campus, explaining
the research purpose, participation conditions, process,
as well as the rights and privacy protection measures of
the respondents. The school’s official social media plat-
form is used, such as WeChat official account, microb-
log, etc., to release recruitment information and expand
the scope of publicity. Moreover, in the relevant courses,
the research project is briefly introduced, and interested
students are invited to participate. Among the recruited
students, only those who meet the conditions of stable
mental health and no history of major mental illness

Table 1 Number of respondents by grade, gender, and major

Classification Project Number of people
Gender Male 254
Female 246
Grade First grade 120
Second grade 119
Third grade 134
Fourth grade 127
Major Engineering 254
Liberal arts 246
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can participate in the experiment. In recruiting qualified
interviewees, the purpose, process, and data usage of the
research are detailed, and the written informed consent
of the interviewees is obtained. Table 1 shows the num-
ber of respondents by grade, gender, and major.

In this study, the sampled population primarily con-
sists of two major academic groups: science and engi-
neering students and humanities students. The science
group includes students from disciplines such as engi-
neering, computer science, physics, and chemistry, while
the humanities group encompasses students from fields
such as literature, history, philosophy, sociology, and law.
To ensure the representativeness of the sample, students
from different grades and genders were recruited from
each academic group. All participants met the criteria of
stable mental health and no history of major mental ill-
nesses. The study specifically focused on the emotional
expression differences between science and humanities
students, aiming to provide theoretical support for per-
sonalized mental health interventions by analyzing the
emotional characteristics of students from different aca-
demic backgrounds.

For this study, the EQ-i and the DASS-21 are first used
to test the emotions of the respondents. The EQ-i is
used to assess the emotional intelligence level of respon-
dents in emotional recognition, emotional management,
and emotional expression, and the DASS-21 is used to
assess their levels of depression, anxiety, and stress. The
questionnaire star online survey platform is used to cre-
ate test links, which not only facilitates respondents to
fill out, but also ensures the anonymity of respondents
when answering questions and improves the authen-
ticity of data. After completing the EQ-i and DASS-21
tests, a centralized test is conducted on the respondents,
organizing them to watch emotional movie clips, recall
emotional events, participate in emotional discussions,
etc,, in a laboratory environment to induce authentic
emotional responses from the respondents. By using
high-resolution cameras, high-quality microphones,
and recording devices, the facial expressions and voice
data of the interviewees are recorded, ensuring that each
task can be recorded clearly and completely. Afterwards,
using automatic annotation tools, the video data is anno-
tated based on the Facial Action Coding System (FACS),
and facial action units (AUs) are identified and recorded.
The speech data based on speech emotional features is
annotated to recognize and record emotional changes.
Then, the annotator performs calibration and confirma-
tion. Finally, in the process of data collection and storage,
numbers are used to replace the personal information of
respondents, ensuring data anonymity, and all collected
data are encrypted and stored to prevent unauthorized
access. Through statistical analysis, the Cronbach’s o
coefficients for the EQ-i and DASS-21 scales were found
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to be 0.85 and 0.92, respectively. The conclusion is that
both scales have good internal consistency and are suit-
able for emotional analysis research.

The data collection in this study combines facial expres-
sion recognition technology and speech emotion analysis
technology. First, facial expression recognition captures
the subjects’ facial images in real time using cameras, and
algorithms are applied to analyze changes in facial fea-
tures to identify the emotional state of the subjects. Spe-
cifically, the Facial Action Coding System (FACS) is used
to capture and recognize the facial muscle movements of
the subjects in real time, analyze their emotional changes,
and reduce human intervention through the software’s
automatic analysis function. In addition, the 300 Face in
Wild face detection dataset is used for testing.

For speech emotion analysis, Praat software is used to
visually analyze the pitch, speech rate, volume, and other
feature information of the subjects’ voices to determine
whether their emotional state is happy, sad, angry, sur-
prised, disgusted, or neutral. Based on the fact that angry
speech usually has a higher fundamental frequency (F0),
while sad speech has a lower and less fluctuating FO, the
FO value of the speech signal is extracted and analyzed to
assess the emotional changes of the subject. The FO value
can be calculated using Formula (1), where T represents
the duration of one speech cycle.

Fy = (1)

1
T

At the same time, volume is also an important parameter
for emotion analysis, typically measured by the ampli-
tude of the signal. The volume of the same person may
vary under different emotional states. Angry speech typi-
cally has a higher volume, while sad speech has a lower
volume. Speech rate refers to the number of words or syl-
lables spoken per unit of time. Analyzing speech rate can
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reflect the subject’s tense, excited, or relaxed state. When
anxious or excited, speech is usually faster, while when
depressed or sad, speech is relatively slower. Finally, pro-
sodic features, including patterns of changes in pitch, vol-
ume, and speech rate, are important aspects of emotional
expression. By analyzing the prosodic features of speech,
the emotional state of the subject can be more accurately
identified. The specific process of speech emotion analy-
sis is shown in Fig. 1.

Model construction

In this study, the Random Forest, Support Vector
Machine (SVM), and Neural Network models each
played a key role in emotional analysis, working in syn-
ergy to achieve the emotional classification task. The spe-
cific workflow is as follows:

First, in the data collection phase, emotional data were
gathered through facial expressions and speech features.
Facial expression features were captured and analyzed
using the Facial Action Coding System (FACS), while
speech features, such as tone, volume, and speech rate,
were extracted using Praat software. These data were
then prepared as inputs for the machine learning models
for analysis.

In the Random Forest model workflow, the facial
expression and speech feature data were first input into
decision trees. The Random Forest model generates mul-
tiple decision trees and uses the output from each tree
to vote, determining the final emotional classification
result. Each decision tree makes judgments based on dif-
ferent features, and the model overcomes the overfitting
problem of a single model by integrating the results from
multiple trees. This integration also enhances the model’s
robustness against noisy data.

Next, the Support Vector Machine (SVM) was applied
to handle the high-dimensional features of the data.
The main task of the SVM is to construct a separating

» Denoising
Voice signal Signal Frame Window function
acquisition preprocessing processing with window
» Pre emphasis
h 4
, Calculate . B
Signal Peak : Short time Fourier
Output FO curve . e g autocorrelation <
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Fig. 1 Speech emotional analysis flowchart
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hyperplane to distinguish samples of different emotional
categories. During the emotional classification process,
SVM constructs a hyperplane in a high-dimensional
space based on facial expression and speech data, cor-
rectly classifying the emotional samples. By maximizing
the margin, SVM improves classification accuracy and is
capable of handling complex nonlinear problems, partic-
ularly in cases of complex emotional data. It avoids over-
fitting and maintains strong generalization capability.
Finally, the Neural Network was used for multimodal
emotional analysis. The neural network consists of an
input layer, a hidden layer, and an output layer. The input
layer receives facial expression and speech feature data,
which is processed by multiple neurons in the hidden
layer and ultimately results in emotional classification
at the output layer. Through multiple layers of nonlinear
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processing, the neural network extracts deep features and
adapts to the complex patterns in the data. During train-
ing, the neural network automatically adjusts parameters
using backpropagation, optimizing itself to improve the
accuracy of emotional classification.

By combining these three models, this study was able
to conduct a multi-dimensional analysis of college stu-
dents’ emotions, accurately identifying different emo-
tional states based on both facial expressions and speech
features. Figure 2 shows a simple neural network struc-
ture diagram.

The first step in data preprocessing is data cleaning.
Firstly, for records with significant missing key vari-
ables, they are deleted. For small missing values, the
mean filling method is used for interpolation. After-
wards, the outliers are identified and processed using the

Hidden

Input

Fig. 2 Simple neural network structure diagram

Output
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Table 2 AU data values of respondents

Respondents AU1 AU2 AU3 AU4 AU5 AU6 AU7 AU8
First grade engineering male 35 4 28 3.1 4.5 37 2.7 3.1
First grade engineering female 36 43 29 32 4.6 4 2.8 35
First grade liberal arts male 37 4.2 3 34 46 38 29 33
First grade liberal arts female 38 4.5 32 36 4.7 4.2 32 36
Second grade engineering male 36 4.1 29 33 44 38 26 32
Second grade engineering female 37 44 29 35 4.5 4.1 2.7 37
Second grade liberal arts male 36 4.2 3.1 36 4.7 4 28 34
Second grade liberal arts female 39 4.5 32 38 4.8 43 29 38
Third grade engineering male 37 4.1 3 35 45 4.1 2.8 33
Third grade engineering female 39 4.4 32 38 46 4.2 3 36
Third grade liberal arts male 38 43 3.1 36 46 4.2 32 35
Third grade liberal arts female 39 44 32 38 4.7 43 36 37
Fourth grade engineering male 34 4.1 2.8 33 44 39 2.7 34
Fourth grade engineering female 38 4.2 29 35 4.5 4.1 2.8 36
Fourth grade liberal arts male 36 44 32 37 45 42 32 35
Fourth grade liberal arts female 37 4.5 33 38 4.7 44 34 38
Table 3 Voice emotional analysis data of respondents

Respondents Pitch Volume Speech Rate FO Formant
First grade engineering male 110 Hz 75d8B 150 wpm 120 Hz 500 Hz
First grade engineering female 210 Hz 70dB 160 wpm 200 Hz 550 Hz
First grade liberal arts male 115 Hz 72d8B 155 wpm 125 Hz 520 Hz
First grade liberal arts female 205 Hz 68 dB 165 wpm 195 Hz 560 Hz
Second grade engineering male 112 Hz 74 dB 152 wpm 122 Hz 510 Hz
Second grade engineering female 208 Hz 69 dB 158 wpm 198 Hz 545 Hz
Second grade liberal arts male 117 Hz 71d8B 153 wpm 127 Hz 515Hz
Second grade liberal arts female 202 Hz 67 dB 162 wpm 190 Hz 555Hz
Third grade engineering male 114 Hz 73dB 151 wpm 124 Hz 505 Hz
Third grade engineering female 211 Hz 71dB 159 wpm 202 Hz 540 Hz
Third grade liberal arts male 116 Hz 72d8B 154 wpm 126 Hz 512 Hz
Third grade liberal arts female 203 Hz 69 dB 164 wpm 192 Hz 552 Hz
Fourth grade engineering male 113 Hz 75dB 153 wpm 123 Hz 507 Hz
Fourth grade engineering female 207 Hz 70dB 161 wpm 197 Hz 543 Hz
Fourth grade liberal arts male 119 Hz 74 dB 156 wpm 129 Hz 518 Hz
Fourth grade liberal arts female 204 Hz 68 dB 160 wpm 193 Hz 550 Hz

box plot method, and for the determined outliers, they
are selected and adjusted to a reasonable range. Finally,
duplicate records are detected and deleted to ensure that
each data record is unique. In order to ensure that all
features are on the same scale and avoid unfair effects of
certain features on the model due to dimensional issues,
it is necessary to standardize the data. The normalization
method is shown in Formula (2) for minimum-maximum
normalization.

X - Xmin

X == Trmn
Xmax - Xmin

()

The second step is to use facial recognition algorithms
to extract features such as facial key points and expres-
sion action units, forming high-dimensional feature vec-
tors. Table 2 shows the average facial recognition data

obtained from respondents of different grades, majors,
and genders. From the data in Table 2 and the range of
values combined with AU (0-5), it can be seen that the
following AU values are within a reasonable range.

The third step is to use audio processing tools to
extract the time domain and frequency domain features
of speech signals. Table 3 shows the average values of
speech emotional analysis data from respondents of dif-
ferent grades, majors, and genders. By collecting data on
the pitch, volume, speaking speed, basic frequency, and
formant of the respondents, their emotional states during
the experiment are analyzed.

Comparing Table 3 with Table 4, it is found that the
data in Table 3 is within the range of Table 4, indicating
that the data in Table 3 is reasonable and effective.

Finally, the processed dataset is evaluated for model
performance. Based on model-based feature selection,
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Table 4 Range of data for pitch, volume, speaking speed,
fundamental frequency, and formant

Features Male Female

Pitch 85-180 Hz 165-255 Hz

Volume 60 dB —70 dB (General 60 dB —70 dB (Gen-
Conversation) eral Conversation)
75 dB —85 dB (Excited or loud 75dB —85 dB (Ex-
talking) cited or loud talking)

Speaking 150-180 wpm 150-180 wpm

speed

FO 85-180 Hz 165-255 Hz

Formant 200-1000 Hz 200-1000 Hz

decision tree models are used to calculate the impor-
tance of features, and features with higher importance
are selected. The process is shown in Formula (3). Among
them, Py is the probability of category k, and K is the
total number of categories. The importance of features
is represented by the mean reduction in impurity of all
trees.

Gini(D)=1-> S Py’ 3)

k—1

After data preprocessing and feature fusion are com-
pleted, the next step is to construct and train machine
learning models to predict and analyze differences in
emotional expression among college students. In order
to make the experiment rigorous and effective, this
article applies random forest, support vector machine,
and neural network algorithms. Firstly, random forest is
an ensemble learning method based on decision trees,
which has advantages such as strong resistance to over-
fitting. The calculation formula is shown in Formula (4),
Among them, ¥ is the prediction result; N is the number
of decision trees; T; (x) is the prediction result of the i-th
decision tree. Secondly, Support Vector Machine (SVM)
is a supervised learning model used for classification and
regression, which has the advantages of efficient process-
ing of high-dimensional data. The calculation formula is
shown in Formula (5), Among them, w and b are hyper-
plane parameters; C is the regularization parameter; y;
is the label; x; is the feature vector. Neural networks are
computational models that mimic the structure of the
human brain and possess strong expressive power, mak-
ing them suitable for processing large amounts of data.
The calculation formula is shown in Formula (6). Among
them, W; and Wy are weight matrices; b; and by are
bias vectors; o is the activation function.

i= 5> L@ @)

. 1 n
A[”Lur,bi |W1)* + CZ . maz (0,1 —y; (w-z; + b)) (5)
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Table 5 Gender and grade distribution data
Grade Male Male Female Female

engineering  liberal engineering liberal

arts arts

First grade 52 13 10 45
Second grade 46 15 12 46
Third grade 49 16 18 51
Fourth grade 51 12 16 48

?/J\: g (WQU (Wl + bl) + b2) (6)

Model training includes data preparation, model initial-
ization, loss function definition, optimization algorithm
selection, and training process control. Firstly, the data-
set is divided to ensure that samples of each category are
evenly distributed across different datasets. Afterwards,
the number of trees in the random forest, the kernel
function type of SVM, the number of layers in the neu-
ral network, and the number of neurons is initialized as
model parameters. Then, the cross-entropy loss function
is selected to measure the difference between the mod-
el’s predicted value and the true value, as shown in For-
mula (7). Finally, the random gradient descent algorithm
is chosen to update the model parameters and minimize
the loss function.

LE.y) = =3 [vilog(®) + (1 -y log(1-7)] (7)

n

The performance of the model is evaluated based on
metrics such as accuracy, precision, recall, and F1 score
obtained from the validation and test sets used for the
model. The calculation formulas are shown in Formu-
las (8), (9), (10), and (11). Among them, TP is true posi-
tive; TN is true negative; FP is false positive; FN is false
negative.

TP + TN

Aceuracy = G5 TN P T PN ®
Precision = TPTifFP 9)
Recall = 7TPT+PFN (10)
FlScore — 2 x Precision x Recall (11)

Precision + Recall

Results

This article organizes and analyzes the collected data.
The data in Table 5 records the number of male and

female liberal arts and engineering subjects among

the respondents in different grades. From Table 5, it

can be seen that the majority of people are from male
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engineering and female liberal arts, while the number of
people from male liberal arts and female engineering is
relatively small.

According to the data in Table 6 on the EQ-i values of
male and female liberal arts and engineering students in
each grade, the EQ-i value of male engineering students
in the fourth grade is the highest, and that of female lib-
eral arts students in the first grade is the lowest. From the
distribution of data, it can be seen that the EQ-i value of
male engineering is generally higher than that of female
liberal arts, and that of female engineering is higher than
that of female liberal arts. Moreover, as grades increase,
the EQ-i values of both males and females in liberal arts
and engineering show varying degrees of improvement.
After calculation, the average EQ-i for males is 71.5 and
for females it is 69.

From the bar chart of anxiety score distribution in
Fig. 3, it can be seen that as the grade level increases,
both males and females, as well as those in liberal arts
and engineering, have their anxiety scores increasing.
From the cylindrical distribution, it can be seen that
female students majoring in liberal arts have higher anxi-
ety scores than female students majoring in engineering,
while male students majoring in liberal arts have lower
anxiety scores than male students majoring in engineer-
ing. According to the classification of anxiety levels from
0 to 7 as normal, from 8 to 9 as mild, from 10 to 14 as
moderate, from 15 to 19 as severe, and from 20 to above
as extremely severe, fourth grade liberal arts females have
moderate anxiety. Fourth grade engineering male and
female students, as well as third grade engineering female
and liberal arts female students, have all experienced
mild anxiety.

According to the bar chart of stress score distribution
in Fig. 4, it can be seen that the stress of college students
increases with the increase of grade level. The stress

127
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Fig. 3 Anxiety score distribution bar chart
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Table 6 EQ-ivalues for male and female Liberal arts and
engineering subjects in each grade

Grade Male Male Female Female
engineering  liberal engineering liberal
arts arts
First grade 70 68 68 66
Second grade 72 70 69 68
Third grade 73 72 70 69
Fourth grade 74 73 72 70

score of fourth grade engineering females is the highest,
while the stress score of first grade liberal arts males is
the lowest. In addition, the stress score of engineering
females is higher than that of engineering males, and the
stress score of liberal arts females is also higher than that
of liberal arts males. According to the classification of
stress levels from 0 to 14 points as normal, from 15 to 18
points as mild, from 19 to 25 points as moderate, from 26
to 33 points as severe, and from 34 points and above as
extremely severe, fourth grade engineering females have
a moderate level of stress; the second grade engineering
female, third grade engineering female, engineering male,
and liberal arts female, and fourth grade engineering
male, liberal arts male, and liberal arts female all experi-
ence mild stress.

It can be clearly seen from the bar distribution in Fig. 5
that college students have relatively low depression scores
in their first year of college, but their depression scores
also increase to varying degrees with the increase of grade.
According to the data in Fig. 5, it can be concluded that
the depression scores of first grade engineering males and
liberal arts males are the lowest, while fourth grade engi-
neering females have the highest depression scores. From
the cylindrical distribution, it can be seen that the depres-
sion scores of liberal arts students are lower or the same as
those of engineering students, while the depression scores

Third grade

Fourth grade

Grade
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of males are lower or the same as those of females. Accord-
ing to the classification of depression levels from 0 to 9 as
normal, from 10 to 13 as mild, from 14 to 20 as moderate,
from 21 to 27 as severe, and from 28 to above as extremely
severe, fourth grade female engineering students may expe-
rience mild depression.

Through the statistical technique of cluster analysis,
this paper delves into the complex patterns of emotional
expression among engineering students. The cluster anal-
ysis groups the collected emotional data (such as scores
for anxiety, stress, depression, etc.) according to students’
gender, grade, and disciplinary background, thereby
revealing the characteristics of emotional expression
among different groups. The results of the cluster analysis
show that while there are certain differences in emotional
states between engineering and liberal arts students, the
individual differences in emotional expression within
the same disciplinary group are also significant. By ana-
lyzing the clustering results of emotional data, it can be

Third grade Fourth grade

Grade

observed that students in certain grades (such as seniors)
exhibit a noticeable increase in scores for emotions like
anxiety and stress, while emotional fluctuations are rela-
tively smaller in other grades. Furthermore, the cluster
analysis also reveals differences in emotional expression
patterns between male and female students within the
engineering cohort, as shown in Table 7.

Through analysis of variance, the emotional differences
between different genders and academic backgrounds
in different grades are calculated and compared. The
calculation steps for analysis of variance are as follows.

Among them, )_( is the total mean, and X, is the mean

of the i-th group. SSB represents the sum of squared
deviations between the mean of each group and the total
mean; SSW represents the sum of squared deviations
between the observed values within the group and the
group mean; SST is the sum of SSB and SSW; dfB is the
degree of freedom between groups; dfW is the degree
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Table 7 Clustering analysis results

Grade Gender  Anxiety Stress  Depres- Clus-
Score Score sion Score ter
(Mean) (Mean) (Mean) Group
First Male 74 10.2 53 A
First Female 8.1 114 56 A
Second Male 8.5 11.8 6.1 B
Second Female 9.2 126 6.4 B
Third Male 9.1 123 7 C
Third Female 9.6 13.2 7.5 C
Fourth Male 9.8 13.7 7.9 D
Fourth Female 104 14.5 8.2 D

Table 8 Analysis of variance calculation results for EQ-i total
score, depression score, anxiety score, and stress score

Emotional score type  F-value be- Interdis- F-value
tween genders ciplinary between
F-value grades
EQ-i total score 7.00 1.91 445
Depression score 1.53 041 2245
Anxiety score 248 0.06 1248
Stress score 1.19 3.89 9.14

of freedom within the group; MSB is the mean square
between groups; MBW is the mean square within the
group; F is a test statistic used to test whether there is a
significant difference in the mean between groups. The
total score of EQ-i, depression score, anxiety score, and
stress score are calculated using analysis of variance, and
the results are shown in Table 8.

. Z LZ ;‘l;lXij (12)

X= N

_ "X

Xi: Z j=1 J (13)

n;

_ _ 2
SSB=Y" £on, (Xi - X) (14)
N2
SWW=> "k ", (Xij - X,-) (15)
SST = SSB + SSW (16)
dfB=k—1 ; dfW=N—k (17)
SSB SSW
MSB = B MSW = ¥ (18)
MSB

e iad) 19
F=ow (19)
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From the F-values in Table 8, it can be seen that there are
significant differences between genders in the total EQ-i
score. There are significant differences between grades
in depression score, anxiety score, and stress score, while
the differences between disciplines in stress score are the
smallest.

Data analysis and discussion

The findings of this study reveal significant differences
in emotional expression among college students, influ-
enced by gender, academic discipline, and grade level.
These results not only align with existing literature but
also highlight several knowledge gaps and offer practical
implications for intervention strategies.

Gender and emotional intelligence

Our results indicate that male engineering students
scored higher in emotional intelligence (EQ-i) compared
to female liberal arts students. This finding aligns with
previous research suggesting that engineering disci-
plines, which emphasize logical thinking and systematic
problem-solving, may enhance emotional recognition
and management skills [5]. However, this advantage is
not absolute. As students progress through their aca-
demic years, liberal arts students show a greater increase
in emotional intelligence. This suggests that the rich
social interactions and emotional experiences embedded
in liberal arts environments may have a more profound
impact on emotional development over time [2]. This
trend underscores the importance of considering both
initial emotional intelligence and its development over
time when designing interventions.

Anxiety, stress, and depression across grades

The clustering analysis indicates that anxiety, stress, and
depression scores generally increase with grade level. Both
male and female fourth-year students show higher emo-
tional scores, reflecting significant academic and grad-
uation-related pressures. This finding is consistent with
previous studies that have identified senior year as a critical
period for mental health challenges due to the culmination
of academic demands, career uncertainties, and evolving
interpersonal relationships [6]. Female engineering stu-
dents, in particular, exhibit higher emotional scores com-
pared to their male counterparts, which may be attributed
to gender differences and societal role expectations. This
dual burden of academic challenges and gender stereotypes
can lead to increased psychological stress and isolation [3].

Disciplinary differences in emotional health

In terms of emotional health indicators, female stu-
dents, especially those in liberal arts, exhibit higher lev-
els of anxiety and stress. This is linked to the nature of
liberal arts curricula and teaching methods, which often
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emphasize emotional resonance, personal expression,
and social sensitivity. These elements may lead female
liberal arts students to experience more intense emo-
tions when confronting complex feelings [7]. On the
other hand, female engineering students show higher
scores in stress and depression, which might stem from
the gender imbalance and potential biases in engineering
fields. These students face the dual pressure of academic
challenges and gender role expectations, such as prov-
ing their competence academically while also counter-
ing stereotypes suggesting that “women are less capable
in engineering” This dual burden may leave them feeling
isolated and exhausted, further compounding their psy-
chological stress [1].

Intervention strategies

A. Based on these findings, several intervention
strategies can be proposed to address the emotional
challenges faced by college students:

B. Personalized Mental Health Support for Senior
Students: Given the heightened levels of anxiety,
stress, and depression among senior students,
universities should offer more systematic mental
health support. This could include personalized
counseling, emotional management workshops,
and group support activities. These interventions
can help alleviate psychological stress and enhance
emotional coping skills [24].

C. Gender-Specific Support Programs: Female students,
particularly those in engineering, may benefit from
gender-specific support programs. These programs
could address the unique challenges faced by women
in male-dominated fields, providing mentorship,
networking opportunities, and stress management
resources. Additionally, workshops on combating
gender stereotypes and building resilience could be
beneficial [30].

D. Curriculum Adjustments: Universities should
consider adjusting course schedules and academic
workloads based on students’ actual conditions and
psychological states. Offering more psychological
counseling and stress management courses can help
alleviate academic pressure. Integrating emotional
intelligence training into the curriculum, especially
in engineering programs, could also promote better
emotional regulation and interpersonal skills [26].

E. Real-Time Emotion Monitoring Systems: The
study identified unique linguistic and facial
changes in students under psychological stress.
With the support of artificial intelligence and
machine learning, real-time emotion monitoring
systems could be developed to track students’
emotional states by collecting data on speech,
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facial expressions, and other physiological signals.
Such systems would enable educators to identify
psychological issues promptly and offer personalized
emotional regulation advice, preventing further
deterioration of mental health problems [15].

Conclusions

This study explores the differences in emotional expression
among college students by integrating psychometric meth-
ods and algorithmic optimization techniques. The research
finds that grade level, major, and gender have significant
impacts on emotional expression. Upperclassmen dem-
onstrate better emotional intelligence, but their scores for
depression, anxiety, and stress also increase notably, espe-
cially among engineering students. Female students gener-
ally score higher in depression, anxiety, and stress than their
male counterparts, particularly in the upper grades. There-
fore, it is recommended that universities provide more men-
tal health support and counseling during the upperclassmen
years to help students effectively manage stress and emo-
tions, avoiding the negative impacts of emotional issues on
academic and personal life. Additionally, course schedules
and academic workloads should be appropriately adjusted
based on students’ actual conditions and psychological
states, offering more psychological counseling and stress
management courses to alleviate academic pressure.

This study reveals the significant impact of grade level,
gender, and major on college students’ emotional expres-
sion, but it still has some limitations and does not fully
account for other potential influencing factors. Although
the study found that female students generally score
higher than males in depression, anxiety, and stress, it
did not adequately consider additional psychological
pressures that women may face, such as interpersonal
violence, which could exacerbate emotional distress. Fur-
thermore, while emotional issues are more prominent
among upper-year students, the study did not deeply
analyze the underlying social factors behind emotional
variations across gender and academic disciplines, such
as gender bias and academic burden. Future research
should incorporate more influencing factors and explore
more diverse methods of emotional monitoring and
intervention to more accurately reveal the complexity of
emotional expression and mental health.
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