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The rising digitalization of university campuses has led in the collection of massive amounts
of smart card data, which records students' daily activities such as dining, library use, and
dormitory access. Effectively analysing this data can support personalized education and
student-centred management. This thesis aims to construct student portraits based on smart
card data, enabling education administrators to gain insights into behavioural patterns and
make data-informed decisions.

In this research, a data-driven student portrait system was developed using Python, Flask,
HTMLYS5, JavaScript, and ECharts. The process involved preprocessing raw smart card data,
designing a label system for behavioural attributes, and applying K-Means and GMM
clustering algorithms to group students with similar habits. A visualization platform was
built to present clustering results, consumption patterns, and individualized behavioural
labels through interactive charts and word clouds. System testing confirmed the correctness,
responsiveness, and scalability of the platform. The results demonstrate the feasibility of
smart card-based behavioural analysis and its potential for improving educational services.



ACKNOWLEDGEMENTS

I would like to express my sincere gratitude to my supervisor, Dr. Ligin Wang, for her
invaluable guidance and support throughout the thesis writing process. From assisting me in
obtaining essential data to offering timely feedback and constructive comments, her support

was instrumental in shaping the direction and quality of my work.

I would also like to thank my family for their unwavering support and encouragement
throughout my university years. Their understanding, trust, and constant motivation have
been a source of strength that has enabled me to overcome obstacles and remain focused on
my goals.



SYMBOLS AND ABBREVIATIONS
Superscripts
' stator

" rotor

Abbreviations

AGMM Adaptive Gaussian Mixture Model

BIC Bayesian Information Criterion
CSS Cascading Style Sheets

EM Expectation Maximization
GMM Gaussian Mixture Model

HTML Hypertext Markup Language
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1 Introduction

In today's rapidly developing world of science, technology, and information, data analysis
and personalized education in the field of education have steadily gained popularity. As
essential venues for talent cultivation, colleges and universities have amassed a large amount
of data on students' studying, living and social behaviour. Among them, smart card data is
one of the most representative. Smart cards in colleges and universities cover a variety of
scenarios such as student consumption, attendance, library borrowing, access control, and
so on. By viewing and displaying these data, they can reflect students' study habits,
consumption preferences and behavioural patterns on campus (Yao et al., 2019). Therefore,
how to use smart card data to build college students' portraits, optimize education
management, and enhance students' learning experience has become an important topic of

current education informatization.

1.1 Background and significance of the study

Research on portrait construction based on students' smart card data provides a new
perspective for educational administrators and decision makers to gain a more precise insight
into the diverse needs and behavioural characteristics of student groups. By deeply mining
multi-dimensional data of students in the fields of learning, socializing and consumption,
key information such as interest tendencies, learning habits and social interaction patterns of
different groups can be systematically revealed. This information can not only help schools
build a more detailed student portrait, but also provide data support for the rational allocation
of educational resources, thus optimizing the decision-making process of education

management.

At the moment, university students' customized requirements are becoming increasingly
significant, and the traditional unified teaching approach can no longer keep up. For example,
some students may prefer independent learning, while others need more interaction and
guidance. Portrait research based on behavioural data provides an effective way for
educational institutions to achieve personalized services. By analysing students' learning

trajectories, preferences, and behavioural patterns, educators can design customized learning
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resources and support strategies for different students (Cao et al., 2018). For example,
providing additional tutoring resources for less effective students or creating more
collaborative learning opportunities for socially active students. This kind of precise
education service not only significantly improves teaching effectiveness, but also enhances
students' engagement and satisfaction, thus promoting the overall improvement of education
quality. This data-driven education model also provides an important reference for the long-
term development of schools. By continuously tracking and analysing student behaviour data,
educational institutions can dynamically adjust their teaching strategies and respond to
changes in student needs in a timely manner, thus maintaining an edge in the fierce
competition in education. This student-centred education concept is an important direction

for future education development.

Currently, domestic and foreign universities have begun to explore the student management
model based on big data. For example, some colleges and universities use smart card data
for academic early warning analysis to predict students' learning status for timely
intervention (Wang, 2023). However, the use of smart card data still faces many challenges:
because of the huge amount of smart card data and the variety of data sources, how to
efficiently integrate and clean the data is a key issue. Student data involves personal privacy,
how to analyse the data while protecting privacy is an important ethical issue of data
application that we need to pay attention to. Machine learning and data mining techniques
are needed in constructing a portrait of college students. Therefore, how to improve the
accuracy of the model and ensure the interpretability of the results for school administrators

to understand and apply is also an important research direction.

1.2 Objectives and limitations

This thesis aims to construct a smart card data-based university student portrait system to
enhance the promotion of personalized education for students and optimize student services.

The main objectives include:

(1) Collecting and preprocessing records of students’ daily behaviours from smart cards and
extracting features, and designing a student behaviour labelling system based on the

extracted features.
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(2) Apply K-Means and Gaussian Mixture Model (GMM) clustering to identify different
student behaviour patterns, and evaluate the clustering effect by comparing the results of the

two clustering methods.

(3) Develop an interactive dashboard based on the clustering results to visualize the
clustering results and student features. The interactive visualization system will provide
individual student labels and group characteristics in order to help universities customize

educational resources, improve campus services, and optimize resource allocation.
Despite the study’s objectives, several constraints must be acknowledged:

(1) The study is based on student smart card data and does not include other behavioural data

such as online learning activities, extracurricular participation, and academic performance.

(2) The data came from a single class at a single university, making it difficult to generalize

the findings to a broader student population.

(3) For clustering methods, GMM assumes that the data follows a Gaussian distribution,
which may not perfectly capture all student behaviour. Clustering results may not always
have a clear interpretation, leading to potential bias in student analysis.

By recognizing these limitations, this study provides a data-driven approach to student

analytics while recognizing areas for future improvement and expansion.

1.3 Structure of the thesis

Chapter One: Introduction. This chapter explains the background and significance of this
thesis, clarifies the objectives and scope of the study, discusses the limitations of this study,

and outlines the structural arrangement of the whole thesis.

Chapter Two: Literature review. This chapter reviews existing research related to smart card
data analytics, behavioural modelling, and educational data mining. It also compares the
shortcomings of the current research results and clarifies the innovation and theoretical

foundation of this research.
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Chapter Three: Related technologies and algorithms. This chapter introduces the technology
stack used in the system, including Python, Flask, and front-end technologies, and details
the core algorithms: K-Means and GMM for smart card data clustering, Principal
Component Analysis (PCA) for dimensionality reduction, and the Elbow Method for model

evaluation.

Chapter Four: Experimental procedures and results. This chapter describes the complete
experimental process of this study, including data preprocessing, behavioural feature
extraction, clustering modelling, result analysis. This chapter lays the foundation for the

subsequent visualization system constructed based on the clustering results.

Chapter Five: System design and implementation. This chapter introduces the overall design
and development process of the student portrait visualization system, covering the technical
architecture used for system development, and the implementation details of system
functional modules. Meanwhile, through the display of the main pages of the system, it
demonstrates how the clustering results and behavioural characteristics are visually
presented to users.

Chapter Six: System Evaluation and functional testing. This chapter introduces the
objectives, methods and results of system testing, and verifies the accuracy, stability and
user experience of the system through functional testing, interface testing, integration testing

and stress testing.

Chapter Seven: Conclusion. This chapter summarizes the main results of this thesis, reflects
on the deficiencies and challenges in the research process. In this section the authors also
look forward to future research directions in multi-source data fusion, model optimization

and real-world scenario applications.
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2 Literature review

This chapter explores existing research on student behavioural analysis using smart campus
data, focusing on how clustering techniques such as K-means and GMM can identify
behavioural patterns. In addition, the evolution of user portrait, key research in the field of
educational data mining, and the challenges of effectively applying these methods are also

explored in this chapter.

2.1 Introduction to user portrait

First, we need to understand the concept of user portrait, which was introduced in the mid-
1980s by Alan Copper, the “father of VB” and “father of interaction design”. While
developing project management software, he realized the need to understand the user in
order to improve the user-friendliness of the design (Goodwin, 2009). He created the first
user portrait "Kathy" by conducting interviews with potential users to represent the traits and
demands of the target user group. User portrait methodologies have grown and refined over
time, becoming an essential component of the user-centred design process. User portraits
are now commonly used in product design, marketing, and service design to assist teams

stay focused on user needs throughout the development process (Chen et al., 2021).

2.2 Existing research on student smart card data

In the past few years, with the development of smart campuses, a large amount of multi-
source heterogeneous data related to students' behaviours (e.g., consumption, book
borrowing, lecture participation, etc.) have been generated in the campuses. Behind these
data exposes student behavioural characteristics and potential patterns, which will be
valuable for educational management and personalized services after research and statistics
(Ding et al., 2017). Therefore, the construction of college students' portrait based on smart
card data is one of the research directions that have attracted much attention in the field of
education at this stage. Different types of student behaviour patterns can be mined from the

data through clustering analysis, which can assist schools to make more accurate decisions
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in student education, management and other aspects (Luo, 2024). The following is an
overview of the current research in this field, discussing its main features, research methods,

and existing problems and challenges.

Dong Ding et al. (2017) proposed a clustering method of student behaviour based on campus
big data. The authors constructed a multidimensional statistical feature vector, used PCA for
feature dimensionality reduction, and used K-means clustering algorithm to classify student
behaviour. Through experimentation the researchers found that the method can effectively
identify different types of student groups, such as “academic”, ‘nocturnal’, “social”, etc. The
clustering results have good interpretability and visualization effect. Another study from
Universiti Kebangsaan Malaysia used K-Means clustering to analyse the behavioural data
of university students through unsupervised learning and successfully identified the
behavioural patterns of different student groups. Subsequently, the researchers input the
clustering labels as features into a Support Vector Machine (SVM) model for predicting
students' academic performance. The results show that K-Means clustering performs well in
extracting potential behavioural patterns and its generated labels significantly improve the
performance of the prediction model (Nur, Majid and Sahran, 2023). In 2018, Shirin et al.
studied the behavioural data of 700 students using ALEKS adaptive learning system.
Through mean-shift and k-mean clustering methods, the researchers showed that there is a
significant association between behavioural patterns and students' final knowledge
acquisition (Mojarad et al., 2018). This implies that by using clustering methods such as k-
means can be effective in helping educational institutions and teachers to increase their
knowledge about their students and assist in decision making, thus enhancing teaching and

learning.

2.3 Application of other algorithms to cluster analysis

While traditional clustering methods such as K-Means have become popular, model-based
approaches such as GMM have advantages in dealing with complex data distributions.
Rekha et al. (2012) proposed an Adaptive Gaussian Mixture Model (AGMM) for analysing
and interpreting user's web page navigation behaviour. The results of the study show that
AGMM can effectively capture the characteristics of users' navigation behaviours, which

provides a strong support for improving website design and providing personalized
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recommendations. In addition, the authors discuss the potential application value of the
model in other web usage mining domains. The application of GMM in student behaviour
analysis is still limited, suggesting that GMM has not yet reached its full potential in

educational settings.

In the subject of educational data mining, researchers have investigated a range of clustering
algorithms in addition to GMM to better understand student behaviour and learning patterns.
These approaches include fuzzy clustering, density clustering, hierarchical clustering, and
hybrid clustering. Different approaches and models are used dependent on the dataset to suit
the complexity and diversity of student behaviour data. Li et al. (2021) proposed an
unsupervised integrated clustering framework for analysing student behaviour patterns. The
study combined two clustering algorithms, K-Means and DBSCAN, to analyse university
students' library access records and Internet usage behaviour data. The research results show
that the approach can detect both abnormal and mainstream behavioural patterns. The
stability and flexibility of the clustering results are improved by utilizing the integration
method of multiple clustering algorithms. In addition, hierarchical clustering algorithms are
widely used to reveal evolving trends in student behaviour. McBroom et al. (2020) proposed
the DETECT (Detection of Educational Trends Elicited by Clustering Time-series Data)
algorithm, which is a new hierarchical clustering method built specifically for analysing
behavioural trends in time-series education data. By applying this new clustering method to
online courses, DETECT has successfully identified trends in student behaviour over time,
enabling educators to better understand the student learning process.

In summary, these diverse clustering algorithms show a powerful ability in educational data
mining to reveal student behaviour patterns from different perspectives. It provides powerful

support for personalized education and precise intervention.
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3 Related technologies and algorithms

In order to realize a student portrait system based on smart card data clustering, this study
integrates a variety of key technological tools and algorithms in the system development
process. This chapter will introduce in detail the various related technologies used in this
study, including the programming language used for system development, the front-end and
back-end development frameworks, the core clustering algorithms, and the model evaluation

methods.

3.1 Development language and technical stack

In this research, we developed an interactive student behavioural portrait visualization
system using Python as the main development language, combined with the Flask framework
and various visualization tools. Python is a high-level, universal, interpreted programming
language that is widely used in data analysis, artificial intelligence, and web development
because to its compact and straightforward syntax and robust ecosystem. In addition, Python
has rich third-party resources and powerful standard libraries, good cross-platform
compatibility, and provides interfaces to a variety of major commercial databases, all of

which provide efficient tools to support research and engineering.
3.1.1 Techniques related to data processing and modelling

(1) Pandas and NumPy: Pandas offers a robus DataFrame data structure. It is used in this
research to read, filter and transform raw student behaviour data. NumPy supports high-
performance matrix operations and numerical computations for performing underlying data

processing tasks.

(2) Scikit-learn: Scikit-learn is an open-source machine learning library based on Python,
which offers comprehensive tools for data mining and data analysis. It has the advantages of
a unified interface, simplicity of use, and well-documented. In this research, Scikit-learn is
used to implement K-Means and Gaussian Mixture clustering algorithms, StandardScaler,
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and PCA, which is the core tool library for the whole behavioural modelling and cluster

analysis.

(3) Matplotlib: Matplotlib is a powerful Python visualization library dedicated to generating
static, dynamic, and interactive graphs. It supports a variety of chart types that clearly show
changes and structural features of the data. In this research, Matplotlib is mainly used to plot
the elbow law graph (for selecting the number of clusters) and the 2D clustering effect graph
after PCA reduction. The clustering structure that visualizes the model performance and
student behavioural characteristics is achieved with its help.

3.1.2 Techniques related to front-end interface

(1) HTML5: HTMLS5 is the most recent version of Hypertext Markup Language (HTML). It
Is used to create and organize web content. The introduction of semantic tags (e.g., <header>,
<section>, <article>) enhances the readability and maintainability of web page structure.
HTMLS5 also enhances form functions, supports multimedia, and provides better support for
mobile terminals and responsive design. In this research, HTML5 was used to design the
front-end page structure, and <div>, <table> and Flex layout were used to realize the
cantering and reasonable arrangement of elements such as forms and charts. It is the basis of

the user interface of the entire visualization system.

(2) CSS3: CSS3 is the most recent version of Cascading Style Sheets (CSS), It is used to
manage the visual appearance and layout of web pages. It adds numerous additional
functions and features, such as rounded corners, gradients, shadows, transitions, and
animations, to make web page design more vivid and dynamic. In this research, CSS3 was
used to beautify the front-end interface, optimize charts, buttons, and overall colour
matching. It also improved the user interaction experience by using animation effects,

increasing the system's visual attractiveness and ease of use.

(3) JavaScript + jQuery: JavaScript is a dynamic programming language used to realize
dynamic interactive effects on web pages. Through JavaScript, developers can manipulate
HTML and CSS elements to realize dynamic updating of page content, event handling, and
user interaction. In this research, JavaScript is used for tasks such as dynamically updating

time, handling user input, and controlling data interactions. jQuery is a lightweight



18

JavaScript-based library that helps simplify the implementation of features such as HTML
document traversal, event handling, and so on. It has the advantage of reducing development
time and code complexity. In this research, jQuery is used to implement dynamic word cloud
updating, asynchronous loading of book data, and handling of user interactions to enhance

web page responsiveness and user experience.

(4) ECharts: ECharts is an open-source front-end visualization library that allows to create
dynamic and feature-rich data charts. It provides a variety of chart formats and is capable of
handling massive amounts of data. ECharts provides comprehensive customization options
and supports dynamic data loading, graphical animation, interactive events and other
features. In this research, ECharts was used to present data such as student smart card data
clustering results, consumption patterns, and return time. The vivid interactive charts help
users intuitively understand the clustering analysis results and improve the operability and

visualization of data analysis.

3.1.3 Backend interaction and data interfaces

In this study, we use Flask as the back-end development framework to build the core logic
and data interaction interfaces of web applications. Flask is a lightweight, modular Python
web framework that is commonly used for developing online applications and APIs. Its
basic style and flexibility make it appropriate for small to medium-sized systems that require
rapid development and customization. It also supports modular routing and RESTful API
construction. In the system, Flask realizes the dynamic transmission and response of cluster
analysis results, book lending data and word cloud data, etc. Jinja2 is a powerful template
engine integrated in Flask. It dynamically generates HTML pages by integrating Python-like
phrases in HTML templates. It enables the direct injection of server-side variables and logic
into the front-end, allowing for real-time content modifications based on back-end data. In
this program, Jinja2 is used to display clustering results, alerting messages, and user interface
components. When combined with Flask's routing and message flashing capabilities, Jinja2
ensures that the web interface responds quickly to user actions and system events, resulting

in a dynamic and uninterrupted user interaction.
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3.2 Clustering algorithms used

In order to achieve modelling and classification of behavioural characteristics of college
students, this study uses two mainstream unsupervised clustering algorithms: the K-Means
clustering algorithm and the GMM. These two algorithms are distinctive and complementary
to each other in terms of principle and presentation.

3.2.1 K-Means clustering algorithm

K-Means is a prototypical clustering algorithm based on a distance metric designed to
partition data into K non-overlapping clusters (Ajin and Kumar, 2016). The basic idea is to
minimize the Euclidean distance between each sample point and its cluster centre.

Start

Select K cluster centers

i

Calculate the Euclidean distance of the remaining
data from the clustering center

i

Partition the data into K clusters based on
Euclidean distance

l NO

Calculate intra-cluster means to generate new
cluster centers

the center of clustering no longé
changing?

Figure 1. K-means algorithm flowchart

As shown in Figure 1, the K-Means clustering process begins by selecting K initial cluster
centres. Cluster centres can also be selected by other initialization methods, and different
initial cluster centre selections will lead to different clustering results. Each data point is then

assigned to the nearest cluster centre, followed by updating the cluster centre to the mean of
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all points in the current cluster. The above steps are repeated until the clustering centre no

longer changes or the maximum number of iterations is reached.

3.2.2 GMM clustering

GMM is a probabilistic model-based clustering method that assumes that the data are mixed
from multiple Gaussian distributions (Bishop, 2006). The probability that each data point
belongs to a particular cluster is determined by its density function value under that Gaussian
distribution. GMM utilizes the Expectation Maximization (EM) algorithm for parameter
estimation, which iteratively solves for the mean, covariance, and weights of each cluster for

the mixture model.

Compared to K-Means, GMM shows more flexibility and expressiveness in cluster analysis.
GMM models each cluster as a Gaussian distribution with distinct mean and covariance
matrices, whereas K-Means assumes that clusters are spherical structures of equal size. It
can distinguish clusters of various forms and orientations and is more similar to the
distribution features of real data. Furthermore, unlike the “hard partition” of K-Means, GMM
adopts a “soft partition”, it means each data point is assigned a probability value belonging
to each cluster. This probabilistic representation better reflects the ambiguity and overlap
between individual behavioural patterns. Therefore, GMM performs better in scenarios

where the same object may have multiple behavioural characteristics at the same time.

3.3 Dimensionality reduction and clustering evaluation methods

Before completing the modelling of clustering methods, it is frequently important to reduce
the dimensionality of high-dimensional feature data in order to reduce computational cost
and increase clustering impact. Simultaneously, in order to check the rationality of the
clustering findings, the performance of the clustering model must be assessed using certain

assessment methods.



21

3.3.1 PCA dimension reduction

In this research, in order to better present the clustering results and evaluate the model effect,
PCA is adopted. PCA is a classical linear dimensionality reduction method, which preserves
the variance information in the original data as much as possible by projecting the high-
dimensional behavioural features into a two-dimensional space (Gewers et al., 2021). With
the help of PCA, the distribution relationship of each cluster in the two-dimensional plane
can be visualized. Through the clustering result graph after the dimensionality reduction
process we can determine whether there is an obvious boundary or overlap between the
clusters. Meanwhile, by analysing the principal component weights, we can further
understand which behavioural features play a key role in the clustering structure.

3.3.2 Elbow method

One of the key parameters of the clustering model is the selection of the clustering number
K. Determining the appropriate K value often requires a selection based on the specific
dataset characteristics and the application scenario for that data. If the value of K is too low,
it may lead to too much difference in the data within the clusters, while too large a value of
K may lead to overlap between clusters or obscure structure within the clusters. For this
reason, this research introduces the elbow method to assist in determining the optimal
number of clusters. This method plots the error change curve by calculating the total within-
cluster Sum of Squared Errors (SSE) at different K values (Syakur et al., 2018). As the K
value increases, the decrease of the error slows down gradually, and the inflection point is
the optimal number of clusters. The reason for choosing the elbow method is that it is a
simple process, only need to draw a graph of the error curve to make a judgment. It is also
suitable for the initial parameter selection of most K-Means and GMM clustering models.
The choice of the elbow method also avoids overfitting, in that the process of choosing the
optimal K value captures the effective structure without causing the model to complicate the

number of clusters.
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4 Experimental procedures and results

This research centres on the smart card behaviour data of a class in Hebei University of
Technology (HEBUT) to construct a user portrait system for college students. The whole
research process includes six main stages: data preprocessing, behavioural feature extraction,

label system design, clustering analysis, visualization display and system implementation.
4.1 General flow of the experiment

The specific implementation process is shown in Figure 2, and each module in the flow
chart is connected by arrows, reflecting the sequential logic of data processing and algorithm

execution.

R Construct the Prepare the datal
Initialization . | Process data ':‘|> e :(> fo?clustering

Determine the

Cluster analysis | |Select of criteria :(> optimal number :(> Gustecandisave |
' results !
: of clusters :

Construct portraits Prepare data and |:J‘> Design the web :> Show Portraits
labels interface

Figure 2. Portrait system realization process

First, import the original dataset. In order to ensure the quality of the data, it is necessary to
clean, screen and standardize the structure of the data before using it, and delete the missing
values and outliers. Subsequently, based on the information of students' daily behaviours,
such as the time of entry and exit, the number of times of book borrowing, and the frequency
of consumption in the cafeteria, behavioural features with differentiation are extracted, and
a reasonable labelling system is designed. After the data were prepared, the features were
normalized using the Z-score method. The purpose of data normalization is to solve the
problem of inconsistency of different feature scales. Then, two clustering algorithms, K-
Means and GMM, were used to classify the behavioural patterns of the student groups

respectively, among which GMM can portray complex nonlinear structures more flexibly.
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In order to optimize the clustering effect, the study introduces the “elbow method” to
determine the optimal number of clusters, and reduces the high-dimensional data to two
dimensions by PCA technology to realize the visual display of clustering and verification of
the results. Finally, we associate the labels obtained from clustering with students' identities,
and develop an interactive visualization platform by combining the Flask framework and
front-end page technology. These labels and student behavioural statistics are displayed
visually, so that we can intuitively understand the current situation of students' learning and
living in school, and achieve the ultimate goal of assisting education administrators in

personalized services and teaching interventions.

4.2 Data preprocessing

The dataset used in this study comes from the smart card records of a class of students at
HEBUT, which contains multidimensional behavioural information such as consumption,
dormitory access, library visits, and book borrowing. In particular, this study places great
emphasis on privacy protection, and all students' information is anonymized. And data
protection related regulations were strictly observed throughout the study. In order to
guarantee the accuracy of the subsequent clustering analysis and the stability of the model,
systematic preprocessing of the raw data is required. The data preprocessing process includes
five main stages: data import, data cleaning, feature extraction, feature integration and

standardization.

4.2.1 Data reading and initial cleaning

First, use Python's Pandas library to import four raw data files in CSV format: the
consumption data records all the daily purchases made by the students of this class on
campus, including the time of purchase, the amount, the merchant, and other information.
Dormitory access data contains the time and type (in/out) of students entering and exiting
the dormitory doors each day. Library access data records when students enter or leave the
library. Book checkout data records the names of books borrowed by students as well as

when they were checked out and returned.
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During the data import process, in order to avoid errors caused by inconsistencies in data
types during data merging, the student number (XH) field in the four data copies is uniformly
converted to a string type. This ensures that each data table can be smoothly aligned during

subsequent merging based on the primary key.

4.2.2 Data cleaning and outlier filtering

After importing the raw data, the data needs to be cleaned to improve the overall quality.
First, for records with missing values, if key fields such as timestamp, consumption amount
or student number are missing, the record is directly removed to ensure the completeness
and accuracy of subsequent feature extraction. Second, the outliers are processed. Convert
the consumption amount field (XFJE) to a numeric type and remove all records less than 0
to exclude the interference of system errors or test data. Meanwhile, in the book borrowing
data, extreme records with a borrowing time of more than 180 days are screened out by
calculating the borrowing length to avoid data anomalies due to long-term non-return and

other special circumstances.

Table 1. Number of records after data cleaning

Dormitory access Library access Book Borrowing Consumption
data data Data record data

Include Fields | Student number, time | Student number, Student number, Student number,
of entry/exit, type of | time of entry/exit time borrowed, time of purchase,

entry/exit time returned, amount spent,

number of days merchant name

borrowed
Number of 8478 15272 95 64487
records

4.2.3 Behavioural feature engineering and extraction

This study focuses on the typical behaviours and habits of college students during their
school life, and combines the four types of data recorded in the smart card system to design
and extract personalized behavioural features of multiple dimensions to support the

subsequent clustering analysis and the construction of user portraits. These features are not
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only accessible and computable, but also potentially related to students' personality traits,

learning abilities, living habits and potential performance.

First, in terms of work and rest behaviour, we use dormitory access control data to extract
students' work and rest patterns. By analysing the swipe time of students entering the
dormitory, extracting the hourly field and averaging it daily, we calculated the “average
return time to the dormitory”, which reflects the relative regularity of the students' nighttime
routine and the situation of late return. On the other hand, the average time of going out was
extracted from the records of “going out” between 6:00 a.m. and 10:00 a.m. every day as the
“average time of going out in the morning”, so as to depict the students' habits of morning
activities and their daily routine. Students who frequently return late or leave early and return
late may have strong personalized preferences in their daily routine or have a high academic
or social burden, which may indirectly affect their participation in lectures and learning
efficiency. Therefore, the quantitative indicators of “average time back to dormitory” and

“average time out in the morning” have a behavioural basis.

In terms of consumption behaviour, two key indicators were extracted based on consumption
records. The first one is “average monthly consumption amount”, which reflects the overall
consumption level of each student by aggregating and averaging the consumption data of
each student on a monthly basis. The second one is “Cafeteria Consumption Percentage”,
which can be used to determine the students' preference of eating on and off campus, and
indirectly reveal their lifestyle by filtering the records containing the keyword “Cafeteria”
in the field of place of consumption, and counting the amount of money and calculating the
percentage of the total consumption. Furthermore, it has been shown that consumption
patterns are coupled with students' social behaviour, self-care ability and even psychological
state. (Wang, 2024).

In terms of learning behaviour, the study introduced the frequency of library visits as a
measure of learning engagement. By counting the number of times students “enter” the
library, we extracted their “library visit frequency”, which indirectly reflects their active
level of utilizing on-campus learning resources. Libraries are frequently recognized as key
study areas in Chinese colleges because they provide a calm, standardized, and resource-rich
environment that can help students focus their attention and study more effectively. Many
students choose to visit libraries for long periods of self-study during exam preparation

periods or daily study, which makes library visit frequency a more reasonable indirect
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indicator of study motivation and engagement. The quantification of this characteristic can,
to a certain extent, reveal the characteristics of students' learning attitudes and behaviours
during their academic years. Finally, in terms of learning interest and academic behaviour,
the index of “number of books borrowed” was extracted from the book borrowing records.
In other words, the total number of times each student borrowed books during the semester

was counted to assess their academic reading behaviour and learning initiative.

Table 2. Summary of extracted behavioural features

Feature Name Behavioral Dimension Data Source

Average Dormitory Return Time Rest Behavior Dormitory access data

(avg_return_hour)

Average Morning Departure Time Rest Behavior Dormitory access data

(avg_departure_hour)

Average Monthly Consumption Consumption Behavior Consumption record data

(avg_monthly_consume)

Cafeteria Consumption Percentage Consumption Behavior Consumption record data

(canteen_ratio)

Library Visit Frequency Learning Engagement Library access data

(library_visit_count)

Number of Books Borrowed Academic Behavior Book Borrowing Data

(borrow_count)

Overall, the construction of multidimensional behavioural features as described above
ensures that the extracted features not only portray a reasonable student portrait from a
behavioural point of view, but also have a good quality of inputs to support the subsequent

clustering analysis task.

4.2.4 Feature integration and normalization

After completing the extraction of behavioural features, the next step is to integrate the
dimensional features into a unified student behavioural feature matrix. First, a complete list
of student numbers is constructed, and based on this, various types of feature data are
gradually merged by left joining to ensure that each student corresponds to a complete set of
behavioural feature vectors. For the null values caused by missing data, we use column
means or zero values to fill them in order to avoid errors in the subsequent calculations. In

order to eliminate the effect of scale differences between different features, the study
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introduced the StandardScaler tool provided by Scikit-learn to standardize the Z-score of all
the features so that each feature has a mean of 0 and a standard deviation of 1. Eventually,
the obtained standardized feature matrix is saved in CSV format and named as
student_features_normalized.csv, which is used as the basic data input for subsequent K-

Means or GMM clustering modelling.

4.3 Cluster modelling

After completing the extraction and standardization of student behavioural features, this
study carries out unsupervised clustering analysis based on the resulting feature matrix. The
goal of clustering is to group students unsupervised, to explore their potential behavioural
patterns, and to provide data support for the subsequent imaging system and management
decisions. To assure scientific and diverse modelling, the experiment uses K-Means

clustering algorithm and GMM as the main modelling methods for comparative analysis.

4.3.1 K-Means cluster modelling

Before carrying out student cluster analysis, the number of clusters (i.e., K-value) first needs
to be reasonably determined, which is one of the key steps in constructing an effective model.
In this study, the classical EIbow Method was used to determine the optimal number of
clusters. This method plots the SSE (i.e., Inertia) with the number of clusters under different
K values, and searches for the location of the “inflection point” of the curve. Figure 3 shows
the result of this process: the “elbow” of the Inertia value slows down around the K value of
3, and it can be judged that it is a reasonable choice to choose K=3 as the final clustering

number. The result of this process is shown in Figure 3.
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Figure 3. Plot of number of clusters versus inertia

After determining the number of clusters, we started to construct the clustering model and
set the random seed to 42 to ensure the stability and reproducibility of the clustering results.
The clustering is based on six key behavioural features: avg_return_hour,
avg_departure_hour, avg_monthly_consume, canteen_ratio, library_visit_count and
borrow_count. After the clustering is completed, each student is assigned a behavioural
group that represents the behavioural group to which they belong. Student is assigned a
cluster label (overall_cluster) representing the behavioural group to which he/she belongs,

which is used for subsequent portrait display and difference analysis.

To further enhance the explanatory power and usability of the student portrait system, in
addition to the overall clustering analysis, this study performs clustering on each feature
individually to form personalized behavioural labels with specific semantics. This strategy
enables the system to characterize students' behaviours in a more intuitive way. For example,
for the feature avg return hour, the system classified it into three categories: “Early
Returner”, “Typical Return Time”, and “Late Returner”. Similarly, avg_monthly_consume
is categorized into “Frugal Spender”, “Moderate Spender” and “High Spender”. The specific
labels with actual semantics for each feature are shown in Table 1.

Table 3. Semantic cluster labels for individual behavioral features

Feature Cluster 1 Cluster 2 Cluster 3
avg_return_hour Early Returner Typical Return Time Late Returner
avg_departure_hour Early Departure Standard Departure Late Departure
Time
avg_monthly_consume Frugal Spender Moderate Spender High Spender
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canteen_ratio

Off-Campus Eater

Balanced Eating Habit

Canteen-Oriented Eater

library_visit_count

Rarely Visits Library

Occasional Library User

Frequent Library Goer

borrow_count

Rarely Borrows Books

Moderate Reader

Avid Book Borrower

In the end, each student will contain overall clustering labels and six single-feature
behavioural labels in the final dataset, forming a structured and explanatory personalized
student portrait. This information is integrated and saved to a csv file, which serves as the
key data support for subsequent visualization,

behaviour analysis, personalized

recommendation, and student management and decision support scenarios.

4.3.2 GMM cluster modelling

In order to verify the robustness of the clustering method and the stability of the results, this
study introduces GMM as a complementary clustering method on the basis of K-means
clustering, and uses GMM to conduct experiments and comparative analyses on the same
dataset. GMM is able to capture complex structures such as non-spherical clusters,

overlapping distributions, etc., so in some cases it can reveal more subtle features of the data.

In the data preparation stage, GMM uses the same six-dimensional standardized student
behavioural feature vectors as K-means. The data also include the average time of leaving
the dormitory, the average time of returning to the dormitory, the average monthly
consumption amount, the proportion of meals at campus, the number of visits to the library
and the number of times of borrowing books. The field structure was kept consistent to
ensure comparability between models. In order to select the appropriate number of clustering
clusters, the study introduced the Bayesian Information Criterion (BIC) as a model selection
criterion. Specifically, traverse the number of clusters K=1-9, calculate the BIC value for
each model, and select the K value corresponding to the smallest BIC as the final number of
clusters. This method strikes a balance between model fit and complexity and helps to avoid
overfitting. The smaller value of BIC indicates the better model. Figure 4 demonstrates the
process, and the K value corresponding to the lowest point of the curve is the optimal number

of clusters.
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Figure 4. Plot of BIC value versus number of clusters for GMM clustering

The results show that the optimal number of clusters for the GMM model on this dataset is

K = 8, which provides a basis for subsequent modelling.

After determining the number of clusters, the final model is trained using the
GaussianMixture class and clustering predictions are made for all students, labelled with the
gmm_cluster cluster. If the number of clusters is greater than 1, the Silhouette Score is
further calculated to measure the tightness and separation of the clustering effect to provide
an additional reference for the model effect. The final clustering results are output as a csv
file, including the student number (XH) of each student and its corresponding GMM cluster
number. The results will be used as input for subsequent analysis, visualization and
integration with the student portrait system. They will also be further used to compare the
performance of GMM with K-means in terms of cluster distribution, behavioural pattern
recognition, and so on. In addition, by using multi-model validation in the experiments, it

helps to improve the explanatory power and application reliability of the clustering results.

4.4 Analysis of clustering results

To display the outcomes and differences between the two clustering models utilized in this
experiment, this section analyses the distributions of K-means and GMM clustering under

the PCA reduced dimensionality space from the perspective of 2D visualization. The
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differences between the two algorithms in the delineation of student behaviours are further

explored by comparing the number of samples in the clusters.

4.4.1 K-means clustering results

PCA Component 2
°
Cluster Label

-2

PCA Component 1

Figure 5. K-means clustering results (PCA 2D)

Figure 5 presents the clustering results of K-means clustering in the two-dimensional plane
after PCA dimensionality reduction. Each point in the figure represents a student, and
different colors indicate the clusters to which they belong. From the figure, it can be observed
that there are obvious boundaries between different clusters, and the distribution of samples
in some clusters is relatively concentrated, which indicates that K-means shows strong
aggregation ability on this dataset and successfully mines out the structural differences
between students. In addition, the boundaries between some clusters are quite clear,
indicating that K-means can effectively classify students with significant differences in
behavioral patterns into different groups. This will help to carry out the subsequent label

definition and behavioral analysis.
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Figure 6. K-means clustering results (with centroids)

In Figure 6, red cross markers are added to indicate the centroids based on the K-means
clustering scatter plot. As shown, each centroid is roughly located at the geometric center of
its corresponding cluster, which demonstrates the effectiveness of the K-means objective
function—minimizing the SSE. These centroids can be regarded as “typical portraits” of
certain types of students in terms of their behavioral characteristics, which provides an
important reference for further analysis of the behavioral patterns of the clusters.

4.4.2 GMM clustering results
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Figure 7. GMM clustering results (PCA 2D)

Figure 7 shows the clustering results of GMM under PCA reduced space. Each point in the
figure represents a student and the color indicates the GMM cluster label to which it belongs.
Compared with K-means, the results obtained by GMM have more categories and softer
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boundaries, which reflects the advantage of GMM in dealing with non-spherical,
overlapping distribution data. If we take a closer look at the resulting graphs, we will see
that some of the clusters classified by GMM are spatially overlapping with each other, but
have significant differences in feature distributions. This indicates that this model has the
ability to identify subtle behavioral changes and is suitable for constructing a more refined

student portrait system.

4.4.3 K-means versus GMM clustering
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Figure 8. Histogram of the number of clusters of K-means versus GMM clustering

Figure 8 compares the distribution of samples per cluster between K-means and GMM. K-
means clusters into 3 clusters, and the number of samples in each cluster is relatively
balanced, indicating that it tends to produce groups of approximately the same size. GMM,
on the other hand, clusters into 8 clusters, and some of the clusters have a very small number
of samples, only 1 or 2 students, which suggests that GMM is more likely to identify
marginal or niche groups that may exist in the data.

This difference reflects the different mechanisms used by the two methods to model the data
distribution: K-means presupposes that clusters are spherical with equal variance. However,
GMM permits clusters to have diverse shapes and variations, and even overlapping regions,

which captures the complex underlying structure in greater detail.
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5 System design and implementation

5.1 System design process

In this study, a lightweight student portrait visualization system is built based on the Flask
framework. The results of clustering and the obtained student labels are clearly displayed in
the system. The system realizes a complete closed loop from user authentication to student
behavioural analysis. Through dynamic data interaction and graphical visualization
technology, it provides intuitive support for improving education management and

personalized services.
5.1.1 System development technologies

The system adopts the architecture of Flask combined with HTML5/CSS3 and JavaScript.
The front-end page is dynamically rendered by Jinja2 template engine, and the back-end
provides RESTful API interface to support data query and dynamic update of visualization
charts. The main data visualization charts are implemented by ECharts, and the
asynchronous data interaction functions are completed by jQuery and Ajax technologies.
With the help of these technologies, the response speed of the system and the user interaction

experience are effectively improved.
5.1.2 System architecture and interaction flow

To address the needs of both students and administrators, the student portrait system is

designed with a clear role-based functional structure and an intuitive interaction flow.

Figure 9 illustrates the functional structure of the student portrait system. The system
supports two main user roles: student and administrator. After logging in, students can view
their personal portraits and gain a comprehensive understanding of their behavioral data for
better self-awareness and reflection. Administrators, on the other hand, have more
comprehensive functions, including browsing overall student data, viewing book borrowing

records, and searching for specific student portraits by student number.
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Figure 9. Student portrait system functional structure diagram
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Figure 10. Overall flowchart of student portrait system

Figure 10 shows the overall flowchart of the student portrait system. First, the user enters a
user name and password. After successful authentication, the system recognizes the user's
role and jumps to the student interface or administrator interface. After completing

operations such as data viewing or querying, the user can choose to log out to ensure account
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and system security. This structured process facilitates smooth user interaction and

minimizes confusion during system use.

5.1.3 User authentication module

The user authentication module consists of two parts: the login page and the Registration
page, respectively. The login page is the access portal of the system, which guarantees data
security and user isolation. Users enter their usernames and passwords in the login page and
submit the form, which is then verified by the Flask backend. The page uses a dark blue
background, rounded input boxes, and a Flex layout. The overall interface style is simple,
but provides user input boxes and login buttons in a clear and effective way. With Jinja2
template engine and Flask's get_flashed_messages mechanism, it can dynamically display
alert messages (such as “Login Successful” or “Wrong Password”, etc.) according to the

login result. Alert class and SVG icons to provide users with clear visual feedback.

The Registration page is consistent in style and structure with the login page, and users can
complete the creation of a new account by filling out the form. After successful registration,
the system automatically jumps back to the login page for users to log in and continue using
the system.

5.1.4 Main display platform development

The main display page of the system is the core interface for visualization and interaction of
student information. It integrates multiple functional modules, including data visualization
charts, keyword search, book borrowing data display, etc. The system title ("Student Portrait
System "), the current system time (refreshed every second through setinterval), and the user
logout button are fixedly displayed at the top of the page. The entire page adopts a three-
column layout structure with left, middle, and right columns. The responsive design is
achieved through the <div> element and Flex layout, which improves the efficiency and

readability of data display while ensuring beauty.

The system's data update process is accomplished by Ajax in conjunction with the Flask
backend. The front-end uses the $.getJISON() method to asynchronously request JSON data

from the back-end for the book borrowing records, and renders it into a table to be displayed
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on the page. Users can enter the student number in the input box in the middle column and
click the search button to get the corresponding student's word cloud. The system will
automatically load the corresponding image to realize the personalized display of student

behavioral portrait.

5.2 System demonstration

The following content will present the functional layout and design features of each page in

turn.

(1) User login page

Figure 11. User login page

Figure 11 shows the login screen of the system. The page adopts a simple and clear design
style, with the username and password input boxes in the center area and a link to jump to
the Registration page at the bottom. The overall layout uses CSS3 to realize rounded input
boxes, gradient background and icon animation effects, which enhances the user's visual

experience and interaction friendliness.

(2) User registration Page
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Figure 12. User registration page

The registration page maintains the same design style as the login page to minimize the
learning cost for the user. The user fills in the username and password and submits the form,
the system will create the account and feedback the processing result through the back-end.
After successful registration, the page will guide the user to jump to the login interface to

complete subsequent operations. The page effect is shown in Figure 12.
(3) Main page
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Figure 13 Main interface of the student portrait system

Figure 13 illustrates the main page of the system, which is the platform for presenting the
core functionality of the student portrait system. The student numbers in the chart have been

masked to protect privacy.
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The left area of the page presents the graph comparing the number of clustered samples of
the student group (Clusters), the distribution of students with different consumption types
(Consume) and the distribution of average return time to the dormitory (Return), which
graphically shows the behavioral characteristics under different dimensions. As shown in
the following three figures (Figure 14, 15, 16).

Monthly Consumption Distribution

High Spender —._ l
Meoderate Spender

Frugal Spender

Figure 14. Clustering distribution Figure 15. Consumption type distribution

Average Return Hour Distribution (24h) —

Student Count
10

Rarely Visits Library

Moderate Reader
Late Departure

Figure 16. Average return time distribution Figure 17. Example of a student portrait

The middle of the page provides a search function through the student's student number,
which supports the precise positioning of individual portraits. After the user inputs the
student number, the system will call the back-end API to load the word cloud diagram of the
corresponding student and display the corresponding behavioral labels of the student. we
randomly select a student as an example, after inputting his/her student number, the system
returns behavior labels including: “Off-Campus Eater”, “Rarely Visits Library”, “Typical
Return Time”, “Frugal Spender”, “Moderate Reader”, “Late Departure”. As shown in Figure

17. The student numbers in the chart have been masked to protect privacy.

These labels reflect multiple behavioral characteristics of the student in campus life. It can
be inferred from these labels that the student frequently eats outside of the university
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cafeteria, which could indicate a desire for an outside dining situation. "Rarely Visits
Library" means that he or she spends less time in the library, which could indicate that he or
she prefers online learning resources or independent learning methods. “Frugal Spender”
and “Moderate Reader” reflect his/her daily consumption restraint and certain reading habits.
“Typical Return Time” indicates that he/she returns to the dormitory within a normal time
frame and has a regular routine. “Late Departure” indicates that students leave late in the
morning, which may be related to course schedules or personal habits. These labels provide
a comprehensive view of students' habits and behaviors, providing education administrators
with a more comprehensive portrait of the individual. With the results, administrators can
provide more targeted counseling strategies for specific groups of students. For example,
they can guide students who are under-utilized in learning resources to make diversified use
of the campus learning environment, or provide guidance on consumption behaviors and

work schedules, thus realizing personalized education and management support.

The table area below the word cloud diagram presents the book borrowing records of the
students in this class, which are derived from the JSON data provided by the backend in real
time. As shown in Figure 18. The table adopts a scrolling layout to ensure readability and
aesthetics when displaying a large amount of data. For privacy protection, the student

number column (XH) in the figure has been masked.
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Figure 18. Book borrowing records table

The following three figures (Figure 19, 20, 21) show the charts on the right side of the main
page. They present the distribution of different groups of students' consumption proportion

in the cafeteria and the distribution of students' access time to the library, respectively. In



41

addition, the clustering image display area at the bottom right corner of the page supports
click switching to view different clustering result graphs under K-Means and GMM methods,

which assists the user to understand the segmentation pattern of student groups.

Canteen Ratio Distribution Library Visit Count Distribution

[0.05, 0.31) [0.31, 0.57)

Figure 19. Cafeteria consumption ratio Figure 20. Library access time distribution

Figure 21. Comparison of clustering results: K-Means versus GMM

This student portrait system successfully realizes the intuitive display and interactive
exploration of student behavioral data, providing an effective decision support tool for
educational administrators and data analysts.
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6 System evaluation and functional testing

The most important step in developing a system is to test and validate it. Effective and
comprehensive system testing helps to ensure the functional correctness, usability and

robustness of the student portrait system.

6.1 Testing objectives

This system test aims to comprehensively verify the functional integrity and operational
stability of the student portrait system. The main objectives include: verifying the correctness
of the core functional modules such as user authentication, student search, and visualization
display. Ensure smooth and real-time data interaction between front-end and back-end
components. Verify the accuracy of cluster analysis results and behavior label generation.

Evaluate the stability and responsiveness of the system under different concurrent requests.

6.2 Testing methods

The testing process is divided into several stages, covering unit testing, integration testing,
user interface testing, functional testing and performance testing. First, the unit tests
independently verified each functional module of the backend, including data preprocessing,
clustering algorithms (K-Means and GMM), and the response accuracy of the API interface.
Integration tests were then conducted, focusing on the data interaction process between the
front-end JavaScript and the Flask back-end via Ajax, to ensure the stability and reliability
of the student number query and JSON data loading. The user interface tests were conducted
under different resolutions of Chrome, Firefox and Edge browsers to check the rendering
and interaction of login, register and index pages to verify their compatibility and response
consistency. Functional testing phase simulates the actual user operation flow, such as user
registration and login, searching by entering the student number, switching the cluster chart,
etc. Finally, performance testing was conducted using the ApacheBench tool to evaluate the
concurrent processing capability of the system and the average response time of the back-

end APIs by simulating the scenario of simultaneous access by multiple users.
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In this phase, we designed a set of typical user scenarios as test cases, each covering a

specific workflow of the system. The following table shows the specifics of these test cases:

Table 4. Functional test cases

Test Case ID Test Scenario Expected Result Actual Result Pass/Fail
TC-01 User registers with valid Account created and As expected Pass
input redirected to login page
TC-02 Login with incorrect Error message displayed Error shown Pass
credentials correctly
TC-03 Search for existing Word cloud and behavior Word cloud Pass
student 1D labels correctly rendered correct
TC-04 Student ID not found Display “No Data Found” Message Pass
message displayed
TC-05 Load clustering chart Chart displays correct cluster Visualization Pass
(K-Means) distribution correct
TC-06 Load clustering chart Chart displays correct cluster Visualization Pass
(GMM) distribution correct
TC-07 View borrowing table Table scrolls properly with Scroll works fine Pass
scroll ability large datasets
TC-08 Concurrent user login All users login successfully, Stable response Pass
(10 sessions) no delay or crash

6.4 Test results and analysis

The test results show that all functional modules of the system successfully passed the preset

test cases, showing good stability and functional completeness. In the stress test, the system

maintained stable operation even when 10 concurrent users accessed the system at the same

time. The average response time of the back-end API was controlled within 200ms, with no

obvious performance degradation or memory leakage. In terms of visualization, the ECharts

charts are rendered accurately, and the structure of the clustering chart is highly consistent

with the actual data, which further verifies the reasonableness and interpretability of the
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clustering algorithms (K-Means and GMM) used. Browser compatibility tests show that the
core pages of login, register and index achieve good cross-platform layout and interaction
consistency under mainstream browsers such as Chrome 133, Firefox 137 and Edge 135.
The function module of student portrait runs smoothly, and AJAX technology realizes
asynchronous loading of data, so that users can get the corresponding portrait label without
refreshing after entering the student number. All these significantly improve the interactive

experience.

Overall, this system can stably support the real-time query and graphical display of student
portrait data, providing accurate and intuitive data support for education administrators.
Moreover, it also reflects the core objective of the system design and its practical application

value.
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7 Conclusion

This thesis focuses on the “Construction of University Student Portraits Based on Smart
Card Data”, and a complete solution from data preprocessing, behavioral feature extraction,
clustering modeling to the development of the portrait system has been proposed and
implemented. During the research process, we investigated ways to raise the degree of
student management refinement in colleges and universities using data-driven approaches

and provided a possible solution.

The system adopts K-Means and GMM clustering algorithm to classify university students'
behaviors, generates multi-dimensional behavior labels, and constructs an interactive and
visualized portrait platform through front-end and back-end collaboration. The front-end is
based on HTML5, CSS3 and JavaScript, and the back-end is based on Flask framework and
RESTful API, which realizes the main functions of data reading, calculation and display.
The system uses ECharts chart library to realize the graphical display of bar charts, line

charts, word clouds, etc., which improves user experience and data interpretability.

In the system testing session, the system performs well in terms of functional integrity,
interface interactivity and response performance. It shows that the system can support a
certain scale of concurrent access, and the generated portrait labels have high rationality and

auxiliary decision-making value.

Although this study still has deficiencies such as restricted data dimensions, static modeling
mechanisms, and regularized label generation, the constructed system has initially verified
the feasibility of using smart card data to achieve student portrait. This provides a reusable
technical path and practical experience for subsequent research. Future research can further
enrich the data types, introduce intelligent modeling, and expand the system functions, so as
to promote the wide application of student portraits in the field of intelligent education and

realize the intelligence and personalization of educational interventions.
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