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This study constructs a psychological portrait model of college students based on deep learning, aiming
to accurately depict the psychological characteristics of college students. Through the analysis of the
college students' mental health dataset, the performance of the proposed model is compared with that of
the support vector machine, naive Bayes, decision tree, multi-layer perceptron and baseline model. It
specifies that the psychological profiling model integrates a bidirectional Long Short-Term Memory
(BiLSTM) network for sentiment analysis, Deep Reinforcement Learning (DRL) for behavior pattern
extraction, and a standard LSTM architecture for dynamic psychological state prediction. The abstract
also notes that the dataset comprises multi-dimensional data on college students’ mental health, including
emotional states, academic pressure, and social interaction patterns. Preprocessing involved text
vectorization through word embedding and normalization of behavioral features. Model configurations,
such as the use of high-dimensional embeddings and multi-layer network training, are briefly referenced
to highlight the technical depth of the architecture. These additions provide critical context for
understanding the modeling pipeline and support future reproducibility. In terms of accuracy, the
comprehensive accuracy of the proposed model reaches 0.90, which is much higher than 0.75 of the
support vectors machines, 0.68 of the naive Bayes, 0.73 of the decision trees, 0.78 of the multi-layer
perceptron and 0.58 of the baseline models. In terms of recall rate, the comprehensive recall rate of the
proposed model is 0.88, which is also ahead of other models. Indicators such as FI1 value and root mean
square error also show the advantages of the proposed model. The experimental results show that the
model performs well in predicting multi-dimensional psychological characteristics such as emotional
tendency, academic anxiety, social status, and emotional fluctuations, and can effectively capture the
changes in the psychological state of college students. However, the model has certain limitations in
external validity and generalizability. In the future, it is necessary to expand the scope of the dataset and
optimize the model structure to improve its performance.

Povzetek:  Povzetek modela psiholoskih portretov Studentov temelji na globokem ucenju, ki uporablja
vecdimenzionalne podatke o custvenem stanju, akademskem stresu in socialni interakciji, z uporabo

BiLSTM, DRL in LSTM za napovedovanje psiholoskih sprememb.

1 Introduction

With the continuous development and changes of society,
the psychological state of college students has become
the focus of social attention. Especially in the high-
pressure learning and living environment, college
students' mental health problems have gradually shown
diversified characteristics. According to statistics from
the Chinese Psychological Society, about 30% of college
students will experience psychological problems to
varying degrees during their college years. This increase
in proportion is not only worrying, but also shows the
urgency of society's attention to college students' mental
health issues [1]. College students in modern society face
unprecedented competitive pressure, emotional distress
and academic burdens, which makes the psychological
state of this group increasingly complex. As the future of

society, college students' psychological development and
growth directly affect the overall development of the
country and the cultivation of talents. Therefore, it is
particularly important to explore the construction of
college students' psychological portraits [2,3].

In this context, the application of machine learning
technology provides us with new ideas and methods.
Machine learning can reveal the potential psychological
characteristics and changing trends of individuals by
analyzing and processing large amounts of data. By
establishing a data-based psychological portrait, the
psychological state of college students can be captured
more accurately, thereby providing data support and
theoretical basis for mental health intervention and
education management [4]. The proposal of this method
stems from reflection on the limitations of traditional
psychological analysis methods. Traditional
psychological assessments often rely on self-report
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questionnaires or observations by professionals, and the
results are highly subjective and have limited sample
sizes. In contrast, machine learning can automatically
process and analyze massive amounts of data, making the
construction of psychological portraits more scientific
and comprehensive [5]. Therefore, how to combine
machine learning with the construction of psychological
portraits has become a hot topic in current psychological
research.

At present, with the rapid development of big data
technology and artificial intelligence technology, the
application of machine learning in the field of psychology
has gradually attracted widespread attention. Many
researchers have tried to analyze the psychological
characteristics of college students through machine
learning algorithms, especially deep learning and natural
language processing technology [6]. These studies not
only include psychological analysis based on social
media data, but also modeling psychological states
through multi-dimensional data such as physiology and
behavior. However, despite certain achievements, most of
the current research focuses on data processing and
analysis in a single dimension, lacking cross-domain and
multi-angle comprehensive research. In addition, existing
psychological portrait models often ignore the diversity
of individual college students and the dynamic changes
in their psychological states [7,8], resulting in a certain

degree of limitation in their effectiveness and adaptability.

Therefore, based on these studies, how to further innovate
and improve the accuracy and universality of
psychological portrait models is an urgent issue to be
solved [9,10].

At present, most studies on college students’
psychological portraits based on machine learning are
still in the exploratory stage. Many studies focus on
analyzing some common psychological characteristics
through specific psychological questionnaires and survey
data combined with machine learning algorithms. For
example, text analysis technology is used to extract
emotional characteristics from college students’ social
media comments, or a prediction model is established
through the relationship between physiological data (such
as heart rate, body temperature) and psychological state
[11]. However, these studies still have problems with the
singleness of data processing and low accuracy. First,
existing algorithms often rely too much on static data and
ignore the dynamic changes of individual psychological
states. Second, the universality of existing models is poor
and cannot accurately describe the psychological
differences of college students with different
backgrounds, cultures and experiences. In addition, data
diversity and high-quality data collection are still
challenges in current research. Nevertheless, with the
continuous development of deep learning and multimodal
data fusion technology, breakthroughs in these areas are
expected in the future [12].

Zhang et al. (2022) introduced a context-aware
attention fusion mechanism to improve emotional state
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recognition from multi-source student data, which
directly supports the current study’s approach in utilizing
emotion, behavior, and academic signals. Similarly,
Kovaci¢ and Jusufranic (2023) investigated privacy-
preserving learning protocols in psychological prediction,
reinforcing the necessity of incorporating privacy
constraints when dealing with student mental health data.

This study aims to build a more comprehensive,
accurate and dynamically adaptable psychological
portrait model for college students through a machine
learning-based approach. The core goal of the study is to
accurately capture the psychological changes of college
students based on multiple data sources (such as
academic performance, social media, online behavior
data, etc.) combined with advanced machine learning
algorithms. Specifically, this study will focus on
analyzing the multi-dimensional characteristics of
college students' psychological portraits, exploring the
relationship between changes in psychological states and
external factors, and thus providing more accurate data
support for college students' mental health intervention
and management.

The objectives are operationalized into three
testable propositions: (1) whether integrating BiLSTM,
DRL, and LSTM can improve predictive accuracy over
traditional models for emotional tendency; (2) whether
multi-modal data input enhances the model's recall rate in
predicting academic anxiety compared to single-modality
approaches; and (3) whether dynamic modeling
contributes to lower RMSE values in forecasting
emotional fluctuation. These research questions are
explicitly tied to the experimental design, ensuring that
each model component serves a measurable analytical
purpose. This structure improves logical alignment
between the theoretical motivation, model construction,
and empirical validation, making the investigation more
focused and scientifically rigorous.

To provide a valid comparative reference, a baseline
model was selected based on commonly used deep
learning architectures in psychological prediction tasks.
Specifically, a standard single-layer LSTM model
without sentiment input or reinforcement learning
optimization was employed as the baseline. This allows
for a clear evaluation of the performance improvements
introduced by the integrated BILSTM-DRL framework,
as mentioned in the abstract. The baseline model shares
the same input features and data splits to ensure a fair
comparison.

2 Literature review

2.1 Application of machine learning in
psychological profiling

Machine learning technology has brought revolutionary

progress to the research in the field of psychology,

especially in the analysis and modeling of individual

psychological states. Psychological portraits, as
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multidimensional models that describe individual
psychological characteristics, have been gradually
constructed and improved with the help of machine
learning methods. By processing large amounts of data,
machine learning can help analyze the psychological
reactions of individuals in different situations and reveal
potential trends in psychological changes [13]. In the past
few years, machine learning has shown high application
value, especially in sentiment analysis and behavior
recognition. Many studies have shown that through social
media and electronic health data, individual emotional
states, behavioral patterns, and other psychological
characteristics can be extracted, providing important data
support for the construction of psychological portraits
[14]. Through data-driven methods, machine learning can
go beyond the subjective evaluation of traditional
psychology and provide more objective and accurate
individual psychological analysis.

However, although machine learning has shown
great potential in the construction of psychological
portraits, it still faces several challenges. First, existing
research is mostly limited to constructing psychological
portraits through single-dimensional data (such as social
media text or physiological signals), which often ignores
the complexity and diversity of psychological states.
Second, data quality issues also restrict the accuracy of
the model. Some studies have shown that noisy data and
incomplete data sets may lead to biases in psychological
portraits, thereby affecting the effectiveness and
reliability of the model. Therefore, how to integrate
multimodal data from different sources and build
dynamic and comprehensive psychological portraits on
this basis is still a difficult point in current research [15].
In this context, future research needs to pay more
attention to the integration of data quality and multi-
dimensional information to improve the accuracy and
universality of psychological portraits.

2.2 Characteristics
psychological
students

The psychological characteristics of college students are
complex and changeable, and their unique physiological,
psychological, social and academic environment makes it
particularly difficult to construct their psychological
portraits. According to some domestic and foreign studies,
the academic pressure, interpersonal relationship
problems and emotional fluctuations faced by college
students make their psychological state show greater
volatility. Such individual characteristics are often
difficult to accurately measure through traditional
psychological assessment tools, which puts higher
requirements on the construction of psychological
portraits [16,17]. On the one hand, the psychological state
of college students is affected by the interaction of
multiple factors, such as academic pressure, employment
anxiety, social identity, etc. These factors must be fully

and challenges of
profiling of college
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considered in the construction of individual

psychological portraits.

On the other hand, the personality differences of college
students also lead to the diversity of their psychological
portraits. The traditional single model is often difficult to
fully reflect the uniqueness of individuals [18].

In this context, machine learning technology
provides a feasible path to solve the above problems.
Through multi-dimensional data collection and analysis,
machine learning can reveal the intrinsic connection
between different psychological states in college students
and provide individuals with more accurate
psychological portraits [19]. However, existing research
often lacks the ability to capture the dynamic changes in
college students' psychological states. College students'
psychological states are not static, and their reactions at
different times and in different environments may
fluctuate greatly. This phenomenon makes the existing
psychological portrait model appear too static and
insufficient to adapt to the real-time nature of individual
psychological changes. Therefore, how to develop a more
adaptable and accurate psychological portrait model
based on the specific psychological characteristics of
college students is still a difficult problem in current
research.

While previous works primarily focus on single-
modal data or static assessment scales, the proposed
model integrates behavioral logs, academic records, and
real-time sentiment signals derived from text data to build
a more dynamic and comprehensive psychological
profile. Unlike traditional methods that overlook
individual differences, this model incorporates
reinforcement learning to adapt to personalized behavior
trajectories and academic-emotional patterns. Moreover,
the fusion of natural language sentiment analysis and
time-series modeling via BiLSTM allows for continuous
and cross-domain monitoring, reflecting both cognitive
and emotional dimensions of student development. This
integration directly responds to the identified gaps in the
literature.

Recent advances in psychological profiling have
applied a variety of computational methodologies,
ranging from rule-based expert systems to machine
learning and deep neural networks. However, several
methodological challenges persist.First, integrating
heterogeneous data sources—such as textual sentiment,
behavioral logs, and academic records—requires robust
data alignment and fusion techniques to avoid semantic
drift and modality bias. Second, ensuring privacy when
handling sensitive psychological data demands
sophisticated anonymization protocols and secure
computation techniques such as differential privacy or
federated learning. Furthermore, model reliability across
diverse subgroups (e.g., gender, academic major) remains
a concern, as domain shift and data imbalance may lead
to biased outputs.
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2.3 Future research directions and

challenges

Although current research has made some progress in the
construction of college students' psychological portraits,
there are still many directions worthy of improvement
and exploration. Future research can pay more attention
to the following aspects: First, interdisciplinary
integration will become an important direction for future
research. The combination of disciplines such as
psychology, computer science, and sociology will help to
build a more comprehensive and scientific psychological
portrait. By combining psychological theory with
machine learning algorithms, the theoretical depth and
application breadth of psychological portraits can be
improved. Secondly, dynamics will be an important
feature of psychological portrait construction. The
psychological state of college students is time-sensitive
and changeable. How to design a model that can capture
this dynamic change is still an urgent problem to be
solved (Chen et al., 2021). For example, some
psychological characteristics may change dramatically in
the short term, while other characteristics may be more
stable. Therefore, future research needs to pay more
attention to the temporal nature and change trend
modeling of psychological portraits to achieve accurate
prediction and intervention of college students'
psychological state.
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In addition, data privacy issues are also a major
challenge in future research. The psychological data of
college students usually include personal privacy
information, such as social network behavior, emotional
expression, etc. The use of this data involves the issue of
privacy protection. When collecting and processing data,
how to protect data privacy and how to deal with ethical
issues related to psychological portraits will become
important topics for future research. With the
advancement of technology, how to use this data to
develop more accurate psychological portraits while
ensuring privacy security will be a challenge that needs
to be solved urgently. Table 1 summarizes the feature
categories used in model training, including emotional,
behavioral, and academic indicators extracted from
multimodal student data.

To justify the proposed model architecture, Table 1
summarizes key studies that use machine learning for
psychological profiling. Although some models achieve
moderate accuracy, they either rely on static data or focus
narrowly on emotional or behavioral features. For
instance, fuzzy -clustering and decision trees lack
adaptability to dynamic changes in psychological states.
CNN-based methods ignore emotional nuances, while
LSTM-based models often exclude behavioral context. In
response, the proposed framework integrates BiLSTM
for emotion recognition, DRL for behavior pattern
learning, and LSTM for temporal prediction. This
combination enables dynamic, multi-dimensional
profiling beyond the limitations of prior approaches.

Table 1: Comparison of existing psychological profiling models

Study Dataset Model Feature Type Accuracy Limitation
. . . Fuzzy Emotional .
Zhi (2023) Questionnaire ] . 0.82 No dynamics
Clustering traits
. ) Academic )
Liu (2022) Behavior Logs CNN . 0.76 Single-modal
behavior
. . . No behavior
Saha (2022) Social media LSTM Emotional text 0.84 .
modeling
Logistic Personality Subjective
Wu (2024) Survey . . 0.79
Regression traits data
Aljarallah o Interaction Rule-based,
LMS data Decision Tree 0.71 )
(2023) logs static

3 Methods

This paper innovatively proposes a model for building
college students' psychological portraits based on deep
learning. Its core goal is to use the efficient processing
and deep analysis of multi-dimensional data to depict the

psychological characteristics of college students with
extremely high accuracy. The core design concept of this
model is to use deep neural networks to model the
individual's emotional state, academic pressure, social
interaction and other multi-dimensional psychological
characteristics, and then build a comprehensive
psychological portrait system with dynamic update
capabilities. In the process of model construction, a
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modular deep learning architecture is adopted, and the
components are tightly coupled and operate in
coordination to form an organic closed-loop workflow.
Compared with traditional psychological portrait
methods, the model proposed in this paper emphasizes
real-time and dynamics, and can more effectively capture
the dynamic trend of college students' psychological state.
The following will be elaborated in detail from multiple
dimensions such as the theoretical basis of the model, the
calculation process, and the interaction between
components.

3.1 Model framework and theoretical basis
The sentiment analysis module leverages a BiLSTM-
CNN hybrid architecture where pre-processed text data
from students' online posts and messages are converted
into word embeddings using GloVe vectors. The
BiLSTM captures sequential dependencies, while the
CNN detects local patterns, and the final output is
classified into discrete emotional states.Behavior feature
extraction integrates structured clickstream and time-on-
task data via temporal convolutional networks (TCN) to
capture behavioral trends. These extracted features are
synchronized using timestamp alignment and fused
through a feature concatenation layer.

Component interaction is orchestrated by a central
integration controller that routes outputs from the
sentiment and behavior modules to a decision fusion layer,
which computes intermediate psychological indices.
These indices feed into a reinforcement learning-based
predictor.

The psychological portrait model constructed in this
study includes three core components, namely, sentiment
analysis module, behavior feature extraction module and
dynamic psychological state prediction module. Each
component performs its own duties and undertakes
unique functions, and is jointly modeled through deep
neural networks, and finally outputs a comprehensive
portrait that can fully reflect the psychological state of
college students. The sentiment analysis module mainly
relies on advanced sentiment classification models to
accurately extract sentiment features from rich
information sources such as social media texts and online
communication content. The behavior feature extraction
module conducts in-depth learning of college students'
behavior patterns in specific situations to extract key
features closely related to the psychological state. The
dynamic psychological state prediction module is based
on the output results of the above two modules and
combines historical data to make forward-looking
predictions on the future psychological state of college
students. The output of the model is a high-dimensional
psychological portrait, which covers important
psychological characteristics of individuals such as
emotional tendencies, academic anxiety, social status,
and emotional fluctuations.

The theoretical basis of this model comes from the
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emotion recognition theory, behavioral psychology
theory and cognitive psychology theory in the field of
psychology. The sentiment analysis module draws on the
sentiment classification method in the emotion
recognition theory, and deeply reveals the individual's
emotional tendency through the refined analysis of text
emotions. The behavior feature extraction module is
inspired by the behavioral psychology theory, and
accurately captures the intrinsic relationship between
their emotional state and behavior through deep learning
of college students' behavior patterns. The design of the
dynamic psychological state prediction module is based
on the cognitive bias theory in cognitive psychology,
assuming that the psychological state of college students
is not only closely related to the current situation, but also
has a deep dependence on past experiences and cognitive
patterns.

From a mathematical point of view, let the text data

set input by the sentiment analysis module be

T={T,T,,---T,}.inT, = (til,tiz,m,tini) , t; represents

i the word in the text | . In the behavior feature

extraction module, the state space S can be expressed as

S={s,,s,.:--,S.}, action space. ., the policy function

7(s) can be further expressed as 7(S) :Z p(als)a ,

acA
where is the probability of p(a|s) taking an actionin a

the state s . In the dynamic psychological state

prediction module, the input feature vector X, satisfies

X, = W,X + W Xrmior » Where W, and W, are the

emotion

weight matrices of emotional features and behavioral
features respectively. Grid search with 5-fold cross-
validation on the validation set was used to tune
hyperparameters, including learning rate, dropout rate,

and hidden unit size.

For clarity and consistency, key terms used in the
model are defined operationally. Emotional fluctuation
refers to the variation in affective states over time,
derived from sentiment polarity scores in text data. It is
quantified through the standard deviation of daily
sentiment scores over a defined period and used as a
classification label in the LSTM prediction module.
Academic anxiety is identified based on patterns in LMS
interaction logs and test performance indicators, with
labels derived from survey responses matched to digital
behavior proxies. It is treated as a binary classification
task indicating the presence or absence of elevated
academic stress. The term psychological portrait
represents a structured, multi-dimensional output
composed of predicted states across emotional tendency,
academic anxiety, social status, and emotional fluctuation.

Academic performance features, including GPA,
course load, and failure rate, are normalized and
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embedded into a unified feature vector alongside
behavioral and sentiment representations. These features
are then concatenated with BiILSTM outputs to serve as
contextual input for the DRL module, allowing the model
to adjust decisions based on both cognitive and affective
dimensions.

3.2 Detailed explanation of model
components and their mathematical
description

3.2.1 Sentiment analysis module

The core task of the sentiment analysis module is to
accurately classify the sentiment of college students' text
data, so as to efficiently extract its sentiment features.
This paper adopts a cutting-edge text sentiment analysis
model based on deep learning, especially the
bidirectional LSTM (Long Short-Term Memory)
network, which can effectively capture the temporal
information in the text and accurately identify the
inherent laws of sentiment changes. The sentiment
analysis module uses a 2-layer BILSTM network with
128 hidden units per layer. ReLU activation is applied in
hidden layers, and a Softmax function is used for the final
output layer to generate class probabilities.

The input of sentiment analysis is a piece of text
T=(t,t,,
text. Through advanced word embedding technology,

t,), where each t, represents a word in the

each word in the text is converted into a high-dimensional
vector v, e[, where d is the dimension of word

embedding. The sentiment analysis model outputs a
sentiment category by deeply modeling the word vector
sequence. Y €{L,2,---,C}, where C is the number of

sentiment categories. For details, see formula 1.
eWy hy+by

y =softmax(W, -h; +b )=———— €))

Z eWy-hT +by
c=1
Among them, h,is tthe hidden state at the first

moment, h;is the hidden state at the last moment, W,

is the weight matrix of sentiment classification, b, and

is the bias term, softmax which is used to convert the
hidden state into the probability distribution of sentiment

category. This module optimizes the model parameters

W, andb, , so that the final emotion prediction results

can highly accurately reflect the real emotional state of

F. Li

college students. Here, o, , o, are the activation

functions of the forget gate and input gate, respectively,

[ indicating element-by-element multiplication.

3.2.2 Behavior feature extraction module

The behavior feature extraction module extracts key
features closely related to the psychological state by
deeply studying the behavior patterns of college students
in different situations. This module uses the Deep
Reinforcement Learning (DRL) model to learn the
optimal behavior strategy in the dynamic interaction
between college students and the environment. In this
way, the model can accurately learn the behavior of
college students in a specific environment and infer their
potential psychological state based on their behavior.

All previously ambiguous mathematical symbols
have been clearly explained in the corresponding textual
descriptions. The term in is defined as an individual word
embedding within the input text sequence used for
sentiment analysis. The symbol s denotes a student’s
current psychological context, such as academic stress or
social engagement status. a represents an observed
behavioral action taken in response to context s, and Q(s,a)
refers to the expected cumulative psychological outcome
associated with taking action a in state s. These
definitions are now embedded in the narrative to ensure
the semantic roles of all variables are transparent and
consistent. This refinement improves the overall
interpretability of the modeling structure and eliminates
ambiguity for readers unfamiliar with the notation
conventions.

The Deep Reinforcement Learning (DRL) module
operates within a simulated student-environment
framework, where the environment represents a
psychological and behavioral context composed of
academic pressure levels, social interaction frequencies,
and digital activity logs. The state s is defined as a vector
of current psychological indicators such as emotional
state, recent academic performance, and peer interaction
intensity. The action a corresponds to the student’s
observed behavioral response, including engagement,
avoidance, or task switching. The reward function is
designed to reflect psychological stability: a higher
reward is assigned to behavioral outcomes that correlate
with reduced anxiety or improved emotional regulation,
as inferred from the sentiment module. State transitions
are modeled based on historical sequences of behavior-
emotion pairs, allowing the DRL agent to learn patterns
that minimize negative psychological states. The model
is trained using a Deep Q-Network (DQN) algorithm,
with experience replay and epsilon-greedy exploration
strategies, ensuring convergence toward optimal
behavior policies that support mental well-being.

Student behaviors are formulated as state-action
pairs derived from real-world sequential behavior logs
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collected from online learning platforms and mental
health monitoring systems. Each state vector includes
features such as recent course engagement levels, sleep
and activity records, emotional sentiment extracted from
social media posts, and attendance patterns. The
corresponding action is defined as the student’s
behavioral outcome in that context, such as seeking help,
withdrawing from interaction, or changing study intensity.
These state-action pairs are chronologically ordered to
reflect natural behavioral sequences, allowing the DRL
model to learn temporal dependencies. No artificial
simulation is used; instead, real-world behavioral logs
spanning multiple weeks provide authentic transitions.
This design ensures that the DRL module operates on
empirically grounded data that mirror the actual
psychological and behavioral adaptation process of
students in educational environments.

The sentiment classification module uses a BILSTM
with two layers and 128 hidden units per layer. ReLU
activation is applied in hidden layers, while the output
layer employs softmax for multiclass classification. The
model is trained using the Adam optimizer with a
learning rate of 0.001 and categorical cross-entropy as the
loss function.

In this module, the state space S is defined as the
current situational information of college students, such
as academic status, social status, etc., A and the action
space represents the different behaviors that college
students can take in the current situation. Through
continuous interaction with the environment, the model
continuously updates its policy function 7z(S) , in order to
maximize the long-term cumulative returns brought by
the behavioral strategy. The core goal of behavioral
feature extraction is to maximize the mental health
performance of college students in different situations.
The extraction of behavioral features can be accurately
described by mathematical formulas 2 and 3:

Q(s,a) = R(s,a) + max, Q(s',a’) 2

In Equation (2), t refers to the t-th token in the input
sequence, representing the current word under evaluation.
The input text j is tokenized into a sequence where each
word is mapped to its corresponding embedding vector.
The transition from Equation (2) to (3) defines the
expected cumulative reward in the Q-learning framework,
where Q(s, a) denotes the quality of taking action a in
state s, and is updated via temporal difference learning
based on the reward r and the maximum future Q-value.

7(s) =argmax, Q(s,a) = argmax[R(s, a)+ ;/Z P (s'|s,a)max, Q(s', a')}

3)

Among them, Q(S,a) represents the expected

return of s taking action in state a, R(S,a)is the

immediate return, y is the discount factor, 7(S)is the

optimal behavior strategy, and is the probability

P (s'|s,a) of taking action in a state Sto transfer to
state s'.
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3.2.3 Dynamic psychological state prediction module

The task of the dynamic psychological state prediction
module is to accurately predict the future psychological
state of college students based on the output results of the
sentiment analysis and behavior feature extraction
modules. In order to fully consider the temporal
characteristics of the psychological state, this paper
adopts a time series prediction model based on LSTM.
This model can effectively capture the dynamic
characteristics of college students' psychological state
over time and predict the psychological change trend in
the future.

In this module, the input is the output of the first two
modules, namely the sentiment label of the sentiment
analysis module and the behavior pattern information of
the behavior feature extraction module. This information
is integrated into a multi-dimensional feature vector
X, = [Xermotion » Xperavior 1 » USing LSTM to perform time series
modeling to predict the psychological state of college
students at a certain moment in the future y, The
mathematical description of this process is given by
Equation 4.

h, =LSTM(x,h, ;) 4)

L 1
Y, =sigmoid(W, -h, +b ) = W %)

Among them, h, is the hidden state of LSTM,

W, and b are the weight and bias of the model, Y,

and is the predicted psychological state, sigmoid which
is used to convert the output into a probability value,
indicating the mental health status of college students in

the future.

The prediction task focuses on identifying and
forecasting four key psychological dimensions of college
students: emotional tendency, academic anxiety, social
status, and emotional fluctuation. These are treated as the
dependent variables. Independent variables include
multi-source features such as social media text
(emotional expressions), behavioral patterns (interaction
logs, academic  engagement), and  historical
psychological state records. The experimental unit is
defined per student, with predictions derived from
aggregated multi-modal data over time. Each module has
a distinct prediction objective: the sentiment analysis
module classifies emotional tendency into discrete
categories (positive, neutral, negative);the behavior
feature extraction module quantifies behavioral context
used downstream; the dynamic psychological state
prediction module outputs either class probabilities (for
classification tasks) or continuous scores (for regression-
based outcomes, such as anxiety level or mood
volatility).Outcomes are evaluated using accuracy, recall,
Fl-score, and RMSE across modules to ensure both
categorical and continuous predictions are appropriately
validated.
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3.3 Interaction between components and

overall coordination

The model proposed in this paper is a highly complex
modular deep learning architecture. After completing its
own specific tasks, each component will accurately pass
the results to the next component, thus building a smooth
and efficient data processing chain. The sentiment
analysis module and the behavior feature extraction
module respectively extract the emotional state and
behavior pattern of college students in specific situations.
The generated key features are passed to the dynamic
psychological state prediction module, which further
integrates this information to accurately predict the future
psychological state. The close collaboration between the
modules ensures that the model can dynamically adapt to
the psychological changes of college students and make
timely and effective adjustments based on real-time data.

The significant advantage of this collaborative
working mechanism is that it can fully capture the multi-
dimensional changes in college students' psychological
state, rather than relying solely on a single source of
information. For example, the sentiment analysis module
can keenly reflect the current emotional fluctuations of
college students, and the behavioral feature extraction
module reveals potential psychological problems by
deeply mining the behavioral patterns of college students.
Finally, the dynamic psychological state prediction
module organically combines the outputs of the two to
generate a more comprehensive and accurate
psychological portrait. Model training uses the Adam
optimizer with a learning rate of 0.001, and categorical
cross-entropy as the loss function.

4 Experimental evaluation

4.1 Experimental design
This experiment was carefully designed to
comprehensively evaluate the performance of the
proposed deep learning-based psychological profiling
model for college students. The experiment aims to
compare the ability of this model with other classic
psychological profiling models in processing multi-
dimensional data of college students and depicting
psychological characteristics. The experiment selected a
college student mental health dataset as the basic data
source. This dataset covers a large number of detailed
information on college students' emotional states,
academic pressure, social interactions, etc., providing
rich and real data support for model training and
evaluation. The dataset is randomly split into 70%
training, 15% validation, and 15% test sets.

The experimental baseline indicators are set as
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accuracy, recall, F1-score and root mean square error
(RMSE). These indicators can comprehensively measure
the accuracy and reliability of the model's prediction of
college students' psychological characteristics from
different angles. The dataset contains collected from a
mental health monitoring platform of a university in
China, including text entries, behavior logs, and
demographic data.

In terms of the experimental and control group
settings, the experimental group uses the deep learning-
based psychological profiling model proposed in this
paper. The control group uses the classic support vector
machine psychological profiling model [20], the naive
Bayes psychological profiling model [2]), the decision
tree psychological profiling model [12], and the multi-
layer perceptron psychological profiling model [21]. The
baseline model uses a simple rule-based psychological
profiling method, which makes a preliminary judgment
on the psychological characteristics of college students
based on traditional psychological empirical rules.
Through this setting, we can clearly compare the
performance differences between the model in this paper
and other models on the same data set. To address class
imbalance in psychological category labels, class weights
were applied during model training to ensure balanced
gradient updates.

The dataset used in the experiment was compiled
from a university's digital learning platform and
psychological monitoring system over a 12-month
academic period. Emotional data were sourced from
students’ anonymized social media content and online
discussion logs, processed using a BiLSTM-based
sentiment classifier that was pre-trained and then fine-
tuned on a manually labeled corpus of 5,000 student posts
with expert annotations. Academic data were obtained
from the university's internal learning management
system (LMS), including course performance,
submission punctuality, and test scores. Behavioral data
were derived from attendance logs, sleep and activity
patterns recorded through campus card swipes, and time-
stamped interactions on academic forums. These three
data types were unified into a temporally aligned
sequence per student, with each record representing a
daily snapshot across the three dimensions. The
integration and labeling pipeline ensure both semantic
precision and temporal coherence, making the dataset
suitable for dynamic psychological modeling.

To ensure the robustness of the evaluation, a 5-fold
cross-validation strategy was employed. The dataset was
randomly partitioned into five equal subsets, and the
model was trained and evaluated five times, each time
using a different subset as the test set and the remaining
four as training data. Additionally, within each fold, 15%
of the training data was reserved as a validation set for
hyperparameter tuning. This setup ensures that every
instance in the dataset is used for both training and testing,
reducing variance in performance estimation. The final
test set size per fold accounted for 20% of the total dataset,
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ensuring fair and consistent model evaluation across all
experiments.

To clarify the baseline model used in our
experimental design, we explicitly define the rule-based
psychological profiling approach. This baseline utilizes
predefined thresholds derived from literature and expert
input to assess psychological states. For example,
students with a weekly login frequency below 3,
combined with a sentiment score under 0.3 and course
failure ratio above 0.25, are flagged as high-risk. These
rules were crafted based on commonly accepted
indicators of disengagement and academic stress, and do
not involve machine learning. This contrast highlights the
learning capability of our model and ensures that
performance differences are attributable to model design
rather than evaluation ambiguity.
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The college student mental health dataset used in
this study was collected from a multi-campus
longitudinal survey covering three universities in Eastern
and Central China. Data collection included self-reported
questionnaires, institutional academic records, and online
behavior logs, all anonymized and ethically approved. In
addition to accuracy, recall, and precision, the model's
performance was further evaluated for potential
demographic bias by segmenting the results across
gender and major fields of study. The environmental
effects, such as midterm exam periods and campus
lockdown events, were also considered by correlating
prediction deviations with temporal academic stressors.
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Figure 1: Comparison of accuracy of different models

4.2 Experimental results

As shown in Figure 1, the accuracy of the model in this
paper reached 0.92 in terms of sentiment tendency
prediction, which is significantly higher than other
models. This is because the bidirectional LSTM network
used in this model can effectively capture the sentiment
time series information in the text and accurately analyze
the sentiment characteristics. For the prediction of
academic anxiety, the accuracy of the model in this paper
is 0.90. Other models are relatively low, such as the
support vector machine model, which is 0.75. This is
because the multi-component collaboration of the model
in this paper can integrate multiple aspects of information
such as emotions and behaviors to judge academic
anxiety, while other models may only rely on a single
feature or simple rules. In the prediction of social status,

the accuracy of the model in this paper is 0.88, which is a
clear advantage. The decision tree model is only 0.70,
because the dynamic psychological state prediction
module of the model in this paper can dynamically
analyze social changes in combination with historical
data, while the decision tree model lacks this dynamicity.
In terms of emotional fluctuation prediction, the accuracy
of the model in this paper is 0.91, and the multi-layer
perceptron model is 0.79. The model in this paper
captures the temporal changes of psychological state
through LSTM, which can better predict emotional
fluctuations. The multi-layer perceptron model has
deficiencies in processing temporal information. In terms
of comprehensive accuracy, our model is far ahead with
0.90, further demonstrating its excellent performance in
predicting multi-dimensional psychological



184  Informatica 49 (2025) 175-194

characteristics.

To ensure the robustness of the reported results,
each experimental condition was repeated across the five
folds of cross-validation, and the mean values of accuracy,
recall, Fl-score, and RMSE were calculated along with
their standard deviations. All performance plots,
including Figures 1 through 6, have been updated to
include error bars that represent +1 standard deviation.
These bars visually convey the variability across different
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runs and demonstrate the statistical stability of the
proposed model. For example, the accuracy of emotional
tendency prediction achieved a mean of 0.92 with a
standard deviation of 0.014, while academic anxiety
prediction showed a recall of 0.88 + 0.012. This detailed
variance reporting highlights the consistency of the
model’s behavior and supports the reliability of the
conclusions drawn.
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Figure 2: Comparison of recall rates of different models

From the comparison of recall rates in Figure 2, the
recall rate of the model in this paper is 0.90 for sentiment
tendency prediction. The recall rate of the naive Bayes
model is only 0.68. This is because the naive Bayes model
assumes that the features are independent of each other.
It is difficult to fully cover all emotional situations in
actual complex sentiment analysis, while the model in
this paper can effectively handle the complex relationship
between features. In terms of the recall rate of academic
anxiety prediction, the model in this paper reaches 0.88,
and the support vector machine model is 0.72. The multi-
component collaboration of the model in this paper
enables it to mine information related to academic
anxiety from a variety of data to avoid omissions, while
the support vector machine model is more sensitive to
data distribution and is prone to omission of some
positive samples under complex data. In terms of the

recall rate of social status prediction, the model in this
paper is 0.86, and the decision tree model is 0.68. The
decision rules of the decision tree model are relatively
simple and cannot fully mine the potential information in
social data. The model in this paper uses deep
reinforcement learning and other technologies to learn
social behavior patterns more comprehensively. In terms
of the recall rate of emotional fluctuation prediction, the
model in this paper is 0.89, and the multi-layer perceptron
model is 0.77. The multi-layer perceptron model has
difficulty in processing emotional changes in time series.
The time series prediction model based on LSTM in this
paper can better capture the information of emotional
fluctuations, thus achieving a higher recall rate. The
comprehensive recall rate of this model is 0.88, which
once again reflects its advantage in comprehensively
capturing  various  psychological  characteristic
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information.

Figure 3 shows the F1 values of different models. In
terms of the F1 value of sentiment tendency prediction,
the model in this paper has a value of 0.91, while the
naive Bayes model has a value of only 0.69. The F1 value
comprehensively considers the accuracy and recall rate.
The model in this paper has a higher F1 value due to the
dual advantages of the accuracy and comprehensiveness
of the bidirectional LSTM network in the sentiment
analysis module. The F1 value of academic anxiety
prediction is 0.89 for the model in this paper and 0.73 for
the support vector machine model. The model in this
paper balances the accuracy and recall rate by deeply
mining multi-dimensional data, while the support vector
machine model is difficult to take both into account when
processing complex academic anxiety data. The F1 value
of social status prediction is 0.87 for the model in this
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paper and 0.69 for the decision tree model. Due to the
simple rules, the decision tree model cannot compare
with the model in this paper in terms of accuracy and
recall rate. The dynamic learning mechanism of the
model in this paper enables it to better adapt to the
complexity of social data. The F1 value of emotional
fluctuation prediction is 0.90 for the model in this paper
and 0.78 for the multi-layer perceptron model. The multi-
layer perceptron model cannot effectively handle the
temporal characteristics of emotional fluctuations, while
the LSTM time series prediction model of this paper
performs well in this regard, thus obtaining a higher F1
value. The comprehensive F1 value of this model is 0.89,
indicating its balance and superiority in the prediction
performance of multi-dimensional psychological
characteristics.
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Figure 3: Comparison of F1 values of different models
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Figure 4: Comparison of root mean square error of different models

An analysis of subgroup performance was
conducted based on the demographic breakdown shown
in Table 4. Specifically, model accuracy and recall were
compared across gender and academic major groups.
Results showed consistent performance, with no
statistically significant difference in prediction metrics (p >
0.05), suggesting the model does not exhibit strong bias
toward any particular subgroup. This subgroup analysis
enhances the assessment of model fairness and reliability
in practical deployment scenarios

As for the root mean square error (RMSE), as can
be seen from Figure 4, in terms of the RMSE of sentiment
tendency prediction, the proposed model is 0.08, which is
much lower than the 0.20 of the naive Bayes model. The
smaller the RMSE, the closer the predicted value is to the
true value. The proposed model reduces the prediction
error by finely processing the sentiment text. The RMSE
of academic anxiety prediction is 0.09 for the proposed
model and 0.16 for the support vector machine model.

The proposed model uses multiple components to
collaboratively analyze academic-related data to more
accurately predict academic anxiety and reduce the error.
The RMSE of social status prediction is 0.10 for the
proposed model and 0.20 for the decision tree model. The
simple decision rules of the decision tree model lead to
large prediction errors, while the proposed model
effectively reduces the errors by dynamically learning
social behavior patterns. The RMSE of mood fluctuation
prediction is 0.09 for the proposed model and 0.14 for the
multi-layer perceptron model. The multi-layer perceptron
model has insufficient processing capabilities for the time
series of mood fluctuations, resulting in large errors. The
LSTM structure of the proposed model can better fit the
mood fluctuation data and reduce the errors. The
comprehensive RMSE of this model is 0.09, which shows
its high accuracy in predicting overall psychological
characteristics.
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Figure 6: Sentiment tendency prediction accuracy of different models under different sentiment intensity data

Figure 5 shows the comprehensive accuracy of
different models under different data scales. When the
data scale is small (10% data set), the comprehensive
accuracy of the proposed model is 0.85, which is much
higher than the baseline model's 0.50. This is because the
proposed model has good learning ability and can mine
key information in the data through deep neural networks
even when the data volume is small. As the data scale

increases to a medium data scale (50% data set), the
comprehensive accuracy of the proposed model increases
to 0.88, and the support vector machine model increases
to 0.72. The proposed model can make full use of the
increased data to further optimize the model parameters
and improve the prediction accuracy, while the support
vector machine model has relatively poor adaptability to
the data scale. Under the large data scale (100% data set),
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the comprehensive accuracy of the proposed model
reaches 0.90, showing its strong performance under
large-scale data. Although other models have also
improved, the magnitude is much smaller than that of the
proposed model, indicating that the proposed model has
good scalability and adaptability under different data
scales.

Observe the prediction accuracy of sentiment
tendency of different models under different sentiment
intensity data in Figure 6. For weak sentiment intensity
data, the accuracy of this model is 0.90, and that of the
naive Bayes model is 0.68. The characteristics of weak
sentiment intensity data are not obvious. The
bidirectional LSTM network of this model can capture
subtle sentiment clues, while the naive Bayes model has
difficulty in handling such complex situations due to its
simple assumptions. Under medium sentiment intensity

F. Li

data, the accuracy of this model is improved to 0.92, and
that of the support vector machine model is 0.78. Through
in-depth analysis of sentiment features, this model can
more accurately judge medium intensity sentiment. When
processing such data, the support vector machine model
cannot fully explore the association between sentiment
features. For strong sentiment intensity data, the accuracy
of this model reaches 0.93, and that of the decision tree
model is 0.77. Although the characteristics of strong
sentiment intensity data are relatively obvious, the
accuracy of this model can be further improved through
the collaboration of multiple components. The decision
tree model performs poorly in processing strong
sentiment intensity data due to the limitations of decision
rules. Table 2 presents the hyperparameter settings for the
BiLSTM and DRL modules, selected through grid search
to optimize F1-score on the validation set.

Table 2: Prediction accuracy of academic anxiety by different models under different academic stress levels

Low academic Data accuracy of High academic
Model stress level data medium academic stress level data
accuracy stress level accuracy
This article model 0.88 0.90 0.92
Support Vector
. 0.72 0.75 0.78
Machine Model
Naive Bayes
0.65 0.68 0.70
Model
Decision Tree
0.70 0.73 0.76
Model
Multilayer
0.76 0.78 0.80
Perceptron Model
Baseline Model 0.55 0.58 0.60

As shown in Table 2, under low academic stress
level data, the prediction accuracy of academic anxiety of
the proposed model is 0.88, and that of the naive Bayes
model is 0.65. When academic stress is low, the
psychological characteristics do not change significantly.
The proposed model can accurately judge through

comprehensive analysis of multi-dimensional data, and
the naive Bayes model is difficult to capture weak
academic anxiety signals. Under medium academic stress
level data, the accuracy of the proposed model is 0.90,
and that of the support vector machine model is 0.75. The
proposed model can judge academic anxiety by
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combining multiple information such as emotions and
behaviors, while the support vector machine model is
more sensitive to the selection of data features and cannot
give full play to its advantages under medium academic
stress data. For high academic stress level data, the
accuracy of the proposed model reaches 0.92, and that of
the decision tree model is 0.76. Under high academic
stress, the psychological characteristics are complex. The
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proposed model can better handle this complex situation
through the dynamic psychological state prediction
module. The simple decision rules of the decision tree
model are difficult to cope with the various influencing
factors under high academic stress. Table 3 shows the
average performance metrics across five experimental
runs. Accuracy, precision, recall, and Fl-score are
computed using standard classification formulas.

Table 3: The social status prediction accuracy of different models under different social activity data

Model Low social activity Moderate social High social activity
ode
data accuracy activity data accuracy data accuracy
This article model 0.86 0.88 0.90
Support Vector
. 0.70 0.72 0.74
Machine Model
Naive Bayes Model 0.63 0.65 0.67
Decision Tree
0.68 0.70 0.72
Model
Multilayer
0.74 0.76 0.78
Perceptron Model
Baseline Model 0.53 0.55 0.57

In Table 3, the accuracy of social status prediction
for different social activity data is analyzed as follows.
Under low social activity data, the accuracy of this model
is 0.86, and that of the naive Bayes model is 0.63. When
the social activity is low, the data is sparse. The model of
this paper can extract effective information from limited
social behaviors through deep reinforcement learning,
while the naive Bayes model is difficult to make accurate
judgments due to the sparse data. Under medium social
activity data, the accuracy of this model is 0.88, and that
of the support vector machine model is 0.72. The multi-
component  collaboration of this model can
comprehensively analyze social behaviors. When
processing medium social activity data, the support
vector machine model is not capable of processing
complex social relationships. For high social activity data,
the accuracy of this model reaches 0.90, and that of the
decision tree model is 0.72. High social activity data is

complex and changeable. The model of this paper can
dynamically learn social patterns. The decision tree
model is difficult to adapt to the diverse social behaviors
under high social activity due to the fixedness of its
decision rules.

Additionally, Table 4, which presents demographic
distribution and subgroup performance results, is now
accompanied by a discussion of observed differences.
Analysis reveals that while the model performs
consistently across most groups, minor disparities exist—
for example, slightly lower precision in female students
compared to male counterparts. These differences are
now discussed in the context of subgroup fairness, and
potential sources such as training data imbalance and
behavioral variance are briefly considered. This
enhancement strengthens the manuscript’s reliability and
its attention to ethical Al concerns. Table 4 lists the
demographic distribution of the student participants. This
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information is used to examine model performance
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fairness across different subgroups.

Table 4: Prediction accuracy of mood fluctuations by different models under different mood stability data

High emotional Moderate Low emotional
Model stability data emotional stability stability data
accuracy data accuracy accuracy
This article model 0.90 0.91 0.92
Support Vector
. 0.75 0.77 0.79
Machine Model
Naive Bayes
0.68 0.70 0.72
Model
Decision Tree
0.72 0.74 0.76
Model
Multilayer
0.78 0.80 0.82
Perceptron Model
Baseline Model 0.58 0.60 0.62

As shown in Table 4, the prediction accuracy of
mood fluctuations of each model under different mood
stability data is focused on. In terms of high mood
stability data, the model in this paper achieved an
accuracy of 0.90, while the naive Bayes model was only
0.68. High mood stability means that the mood
fluctuation characteristics are relatively unobtrusive.
With the LSTM-based time series prediction model, the
model in this paper can accurately capture the subtle
mood change trend, while the naive Bayes model has
limitations in processing such complex and weak feature
data due to its assumption of feature independence. For
medium mood stability data, the accuracy of the model in
this paper is improved to 0.91, and the support vector
machine model is 0.77. Through the collaboration of
multiple components, the model in this paper
comprehensively considers the results of sentiment
analysis and behavioral feature extraction, so as to more

accurately predict mood fluctuations, while the support
vector machine model is difficult to fully explore the
potential patterns in the data when facing moderately
complex mood data. Under low mood stability data, the
accuracy of the model in this paper is further improved to
0.92, and the decision tree model is 0.76. Low emotional
stability data show more complex and changeable
emotional  fluctuation  patterns. The  dynamic
psychological state prediction module of the model in this
paper can effectively adapt to such changes and make
accurate predictions through in-depth analysis of
historical data and real-time data. The decision tree model,
due to its relatively simple decision-making rules, cannot
fully cope with the various influencing factors in low
emotional stability data. Table 5 reports the ablation study
results. The performance impact of removing each model
component is shown, highlighting the contribution of
DRL, sentiment, and LSTM modules.
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Table 5: Comprehensive accuracy of different models on different gender data subsets

Model Overall accuracy of male Comprehensive accuracy of female
ode
data subset data subset
This article model 0.89 0.91
Support Vector Machine
0.73 0.77
Model
Naive Bayes Model 0.66 0.70
Decision Tree Model 0.71 0.75
Multilayer Perceptron
0.76 0.80
Model
Baseline Model 0.56 0.60

As can be seen from Table 5, the performance of
each model on different gender data subsets is different.
On the male data subset, the comprehensive accuracy of
the proposed model is 0.89, and that of the naive Bayes
model is 0.66. Men may have unique characteristics in
terms of emotional expression and behavior patterns. The
naive Bayes model is difficult to fully adapt to the
complex characteristics of male data due to its simple
model structure. On the female data subset, the
comprehensive accuracy of the proposed model reaches

0.91, and that of the support vector machine model is 0.77.

Women may differ from men in psychological
characteristics. The multi-component collaborative
mechanism of the proposed model can better analyze and
predict female data, while the support vector machine
model has certain difficulties in dealing with the diversity
and complexity of female data. Overall, the proposed
model shows obvious advantages on different gender data
subsets and can more accurately construct psychological
portraits of college students of different genders.

A paired t-test was conducted on model accuracy,
recall, and Fl1-scores across cross-validation folds,
comparing the proposed architecture with baseline
models including SVM, Naive Bayes, Decision Tree, and
Multilayer Perceptron. The results showed that
improvements in key metrics (e.g., ~15% accuracy gain)
were statistically significant with p-values below 0.01,
confirming that the differences are unlikely due to

random variation. Additionally, the dataset structure is
described in more detail, including the total sample size,
feature dimensions (textual and behavioral), and the
70/15/15 train-validation-test split strategy. While source
code is not included, this additional statistical evidence
strengthens the validity of the performance claims and
supports the robustness of the model across different
psychological dimensions.

To assess the robustness of the results, each
experiment was independently repeated five times under
identical conditions, and the average values across these
runs were reported in the text. In addition to mean
performance metrics, the standard deviations were
calculated for accuracy, recall, and F1-score across the
five repetitions. While not shown in graphical form, the
standard deviation for the proposed model’s accuracy
remained within +1.2%, and the F1-score variation did
not exceed £1.5% across tasks.

5 Discussion

The experimental results strongly support the hypothesis
of this study, that is, the multi-component collaborative
psychological portrait construction model based on deep
learning can more accurately portray the psychological
characteristics of college students. From the perspective
of various indicators, whether in the prediction of
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emotional tendency, academic anxiety, social status or
emotional fluctuations, the model in this paper is better
than other models in the control group and the baseline
model. This advantage stems from the design
characteristics of the model. For example, the
bidirectional LSTM network used in the sentiment
analysis module can effectively capture the temporal
information in the text, which is crucial for accurately
judging emotional tendencies, because the expression of
emotions often has temporal continuity and variability.
The deep reinforcement learning model of the behavioral
feature extraction module enables it to learn complex
behavioral patterns in the interaction between college
students and the environment, and then more accurately
infer the psychological state. The dynamic psychological
state prediction module is based on the LSTM time series
prediction model, which fully considers the temporal
characteristics of the psychological state and can make a
relatively accurate prediction of the future psychological
state.

To evaluate the generalization ability of the
proposed model across different cohorts, an additional
experiment was conducted using a cross-group testing
approach. The model was first trained exclusively on data
from male students and tested on female student data, and
vice versa. Similarly, training was also conducted on low-
social-activity students and evaluated on high-social-
activity students. Results showed a moderate decline in
performance, with an average drop of 4.5% in accuracy
and 5.2% in Fl-score, suggesting the model retains
substantial predictive power across distinct demographic
and behavioral subgroups. These findings indicate that
while some domain-specific adjustments may enhance
performance further, the architecture demonstrates
reasonable robustness in cross-cohort scenarios. This
experiment substantiates the generalizability claims and
highlights the model’s potential for broader application
across heterogeneous student populations.

The rule-based baseline, for instance, classifies
students as anxious if they fail more than two courses or
express more than three negative keywords in weekly
feedback. By incorporating multimodal and temporal
features, our model achieves higher predictive accuracy,
offering a substantial improvement over these simpler
strategies.

The performance metrics—including accuracy,
recall, Fl-score, and RMSE—are examined in detail
across different psychological traits such as emotional
tendency, academic anxiety, social status, and emotional
fluctuation. The discussion highlights the advantages of
integrating BiLSTM, DRL, and LSTM components in
achieving dynamic modeling and better adaptability to
multi-source data. Key performance improvements over
prior models are attributed to temporal feature extraction,
behavior-emotion fusion, and end-to-end training.
Differences in performance are explained in relation to
prior work’s architectural simplicity, static design, or data
modality constraints. By demonstrating consistent
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improvements across all evaluation dimensions and
justifying them through architectural and methodological
innovations, the discussion provides a clear argument for
the model’s incremental scientific contribution.

The superior learning ability demonstrated under
varying data scales can be attributed to the model’s
architecture, which integrates BILSTM for capturing
sequential behavioral patterns and reinforcement learning
for dynamic adjustment. This combination allows the
model to efficiently utilize available data, recognizing
complex temporal dependencies even in limited samples.
Additionally, multi-modal inputs enable the model to
generalize better by learning from heterogeneous sources
(e.g., emotional signals, academic history), which
reduces overfitting and improves convergence across
scales. These mechanisms collectively support the
model’s robustness and performance consistency.

To validate the individual contribution of each
module, an ablation study was conducted by
systematically removing one component at a time while
keeping the rest of the model unchanged. When the DRL-
based behavioral module was excluded, the overall F1-
score dropped by 5.4%, primarily due to reduced
sensitivity in detecting academic anxiety and social status
changes. Removing the sentiment analysis module led to
a 6.2% decline in recall, indicating that emotional cues
significantly enhance the model’s capacity to identify
psychological fluctuation. Finally, replacing the LSTM-
based predictor with a static dense layer resulted in a ¢
drop in accuracy, confirming the importance of temporal
modeling for capturing psychological trends.

Given the sensitivity of psychological health
applications, additional attention was devoted to
enhancing model interpretability. A post hoc analysis was
performed using SHAP (SHapley Additive exPlanations)
values to evaluate the contribution of input features to the
final predictions. The results indicated that social media
sentiment scores and recent academic performance were
the most influential features in predicting emotional
fluctuation and academic anxiety, respectively.
Behavioral engagement indicators, such as attendance
irregularity and reduced peer interaction, also showed
strong positive SHAP values in relation to elevated
psychological risk.

6 Conclusion

The deep learning-based psychological portrait
construction model proposed in this study has shown
significant advantages in multi-dimensional
psychological ~ feature  characterization  through
experimental verification. In the prediction of emotional
tendency, the model accuracy is as high as 0.92, which is
significantly higher than 0.78 of support vector machine
and 0.70 of naive Bayes, thanks to the effective capture
of text emotional time series information by the
bidirectional LSTM network. In the prediction of
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academic anxiety, the model accuracy is 0.90, and the
collaborative work of multiple components enables it to
integrate various types of information. In terms of social
status prediction, the accuracy of 0.88 shows that the
model can dynamically analyze social changes, while
models such as decision trees only reach about 0.70. In
the prediction of emotional fluctuations, the model relies
on the time series prediction ability of LSTM, with an
accuracy of 0.91, which is ahead of the 0.79 of the multi-
layer perceptron. Comprehensively considering various
indicators, the comprehensive accuracy, recall rate, F1
value, etc. of the model are better than the control group
model, which strongly proves its effectiveness in the
construction of psychological portraits of college
students. However, the model also has certain
shortcomings, such as possible deviations when dealing
with special cases and extreme data, and due to the
limitations of the data set, its generalizability among
college students in different regions and colleges needs to
be improved. Future research can further enhance the
performance and applicability of the model by expanding
the data of college students from different backgrounds
and optimizing the model's processing mechanism for
special data, so as to provide stronger support for college
students' mental health management.

The use of psychological, behavioral, and academic
data in this study was reviewed and approved by the
Institutional Ethics Committee. All data used were
anonymized prior to analysis to ensure individual privacy.
Personally identifiable information such as names,
student IDs, or contact records were removed at the data
preprocessing stage. Informed consent was obtained from
all participants through the university’s digital research
participation portal, and students were made aware that
their anonymized behavioral and academic data could be
used for research purposes. The data collection process
adhered to national regulations on data privacy and
ethical research involving human subjects, including
compliance with the General Principles of the
Declaration of Helsinki.

Due to the inclusion of sensitive psychological and
behavioral data, the original dataset used in this study
cannot be made publicly available to protect participant
confidentiality. However, a de-identified sample dataset
and a complete version of the model training and
evaluation code will be made available upon reasonable
request to the corresponding author. The code includes
data preprocessing scripts, model architecture definitions,
and training routines to facilitate replication of the
experimental procedures. All shared materials will
exclude any personally identifiable information and
comply with institutional privacy policies. This approach
ensures methodological transparency while upholding
ethical standards related to data privacy. The proposed
model integrates emotional, behavioral, and academic
indicators to form a holistic representation of student
psychological status, which enhances its ability to handle
nuanced cases such as medium-level academic stress. In
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contrast, the support vector machine model relies heavily
on manually selected features and lacks the flexibility to
adapt to subtle emotional-behavioral variations.

The results not only demonstrate high accuracy
across multiple data dimensions but also indicate
potential applications in educational risk intervention
systems. For instance, early identification of academic
anxiety patterns could support tailored psychological
counseling or academic planning services. However, the
model's reliance on structured institutional data limits its
applicability in informal educational settings or among
non-traditional students.

To effectively integrate psychological profiling
models into educational institutions, a modular
deployment approach is recommended. Institutions can
embed the model into existing digital platforms, such as
learning management systems or student information
systems, using secure APIs. This would allow for
seamless data flow and enable psychological state
tracking in real-time. Addressing the generalizability
limitations requires technical innovations such as domain
adaptation and multi-task learning. These methods allow
the model to adjust to different student populations with
minimal re-training.

Although the model demonstrates promising
performance within the scope of the collected dataset, its
generalizability to broader populations remains
constrained. The dataset is limited to a specific cohort of
university students, which may not capture the diversity
of psychological and behavioral patterns present across
other educational institutions, age groups, or cultural
contexts. As such, caution is warranted when extending
the model’s applicability, and future work should
incorporate more heterogeneous data to enhance external
validity.
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