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The research fields of knowledge graphs and data mining have received widespread
attention in recent years because these technologies not only provide users with a
comprehensive and easy-to-use knowledge experience by linking data as entities and
relationships, but also can support complex queries and analyses, thereby enabling
Information retrieval is more efficient.

In order to understand the consumption situation and consumption habits of students, this
article conducts an in-depth analysis of the consumption data of students within the
university. Students are divided into four consumer groups using a clustering algorithm
such as K-means. There are significant differences between these four groups in terms of
average monthly consumption amount and the rate of eating three meals. Based on the
analysis results, entities and their interrelationships are constructed and designed to form a
knowledge graph. The knowledge graph includes four entities: students, consumption
orders, shops, and consumption level clustering categories, with a total of 64,829 entity
nodes created. Through these data relationships, students' consumption behavior can be
intuitively displayed.

Data mining technology provides powerful tools for educational intelligent management to
predict future trends and optimize strategies. Relevant school departments can use these
data as a basis for decision-making and reveal the hidden information behind student
consumption data.
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1 Introduction

1.1 Background

In recent years, with the rapid development of computer hardware technology and the rapid

increase of data in related professional fields, the technology related to knowledge graph

shows its potential. We can see the use of knowledge graph technology in many

professional fields. For example, in fields related to surveying, knowledge graphs can help

to recognize patterns in linear buildings. In fields related to industrial production, it can be

used to diagnose whether equipment is malfunctioning. In fields related to recommender

systems, knowledge graphs can optimize the user experience through personalized learning

resource recommendations. In the meanwhile, the clustering method is crucial to the data

mining industry. It can handle a variety of attribute-rich data sets with effectiveness,

increasing analytical efficiency and accuracy. This has been widely researched and used in

many fields. The integration of these technologies not only promotes the progress of

science and technology, but also brings some improvement solutions to the field of

education.

The components of the campus smart card system are smart cards, which act as

information carriers and enable users to access campus administration and other services

via the campus network, the Internet, and database technology(Hamed & Taherdoost,

2009). Nowadays, campus intelligent system has become an important part of digital

campus(Jianwen, 2015). The smart campus strategic framework proposed by AbuAlnaaj,

Ahmed, and Saboor furthers this discussion, leveraging the Internet of Things (IoT) and

cloud computing to significantly improve the efficiency of campus operations. Their

framework includes basic applications such as smart cards or electronic cards, smart

classrooms, and energy management systems, which are the basis of smart campus

infrastructure (AbuAlnaaj, Ahmed & Saboor, 2020). These advancements enable the

holistic integration of data and resource management to dynamically improve academic

and administrative functions across educational institutions.
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1.2 Research purpose

The goal of this research is to investigate how to analyse and comprehend student

behaviour and consumption patterns in an academic setting using knowledge graph and big

data mining technologies. The research is based on consumption records such as a campus

card of a certain university, and uses clustering algorithms such as K-means to analyze

smart card consumption records in the context of the university and find different student

groups based on different consumption patterns. Use this to try to build a consumption

knowledge graph. Research will involve the creation and visualization of a knowledge

graph of students ’ consumption records that takes into account students ’ different

consumption levels and habits.

Moreover, this research can also help relevant school management departments to do a

good job in student assistance and enable the relevant management department to

understand the needs of students. Similarly, the research results can guide the relevant

school departments to do a good job in mental and psychological guidance and education,

to further meet the diverse needs of the students. This research is meaningful because it

provides the campus administration with the opportunity to understand more deeply the

consumption habits of students, thereby enhancing the level of university intelligent

administration.

1.3 Research status

During the 11th International Joint Conference on Artificial Intelligence (IJCAI) held in

1989, data mining was formally established as a discipline. This also indicates that data

mining is a deepening of the concept of Knowledge Discovery in Databases (KDD). It

signifies the transfer of knowledge discovery in databases to a higher order of knowledge

learning. Data mining and knowledge discovery in databases are the statistical examination

of vast, imperfect, and occasionally noisy data to capture potentially valuable information

from the data that is needed by applications such as information management and decision

support. As an interdisciplinary field, data mining also encompasses a number of

disciplines and techniques, such as database technology, artificial intelligence, machine
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learning, and statistics. Methods and techniques are drawn from each of these fields to

form an integrated approach to extracting insights from data.

One method used in data analysis and machine learning is cluster analysis. It aims to

arrange a set of objects in a way that makes the members of the same group— called

clusters—more similar to each other than to the members of other groups. It is a form of

unsupervised learning because it doesn't require any pre-established classes or other

instances. Generally speaking, one of the main problems with unsupervised learning is

clustering. It is used to handle the division of data structures in unfamiliar area and forms

the basis for further learning. Its role includes that firstly the instances in the cluster should

exhibit a high degree of similarity. The second is that instances in different clusters should

show significant differences. Finally the criteria for similarity and dissimilarity should be

clearly defined in the context of the application and the definition itself should be

meaningful(Jain & Dubes, 1988). The standard process of cluster analysis is also usually

divided into several key stages. The first is the extraction and selection of features. This

part involves extracting and identifying those features that are representative from the raw

data. The relevant clustering algorithm's design is the second step. During this stage, the

clustering algorithms are mostly built using characteristics unique to the problem. The

outcomes are evaluated at the third stage. In this step, one needs to go for evaluating the

effectiveness of this clustering algorithm. The last stage involves the interpretation of the

final results(Xu & Donald, 2005).

As the Internet continues to evolve, Web 3.0 has become a new phase after Web 1.0 and

Web 2.0, which focused on documents and Web 2.0 on user-generated content(Sheth &

Thirunarayan, 2013). Web 3.0 provides a more sophisticated repository of resources,

including enterprise data, sensor technologies, and cloud computing services. Mobile

devices and a wide range of other devices also play an important role, interconnecting and

generating and exchanging data.

The concept of knowledge graph is important when studying knowledge management and

information retrieval systems. A knowledge graph is a graphical knowledge base that

describes various entities (e.g., concepts, people, and transactions) and their

interrelationships in the real world(Huang & Yu, 2019). Knowledge Graph research has its

roots in the Semantic Web. Tim Berners Lee presented the concept of the Semantic Web in
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2000 at an XML conference. By giving Web pages defined semantics, he hoped to

facilitate automatic machine processing. Providing semantic services like information

agents, search agents, and information filtering falls under this category. Subsequently, the

Internet gradually turned into a data network containing a large number of entities and rich

relationships. Those traditional keyword-based search engines also began to gradually add

semantic search functions. Knowledge graphs leverage these relationships and entities to

facilitate advanced applications in areas ranging from semantic search to personalized

recommendations, all of which are critical for the transition from traditional keyword-

based search engines to more advanced semantic-aware systems(Zou, 2020). To provide a

shared and open knowledge base for semantic web services, Metaweb Inc. was established

in the United States in 2005. Google obtained Metaweb in 2010 and took over their

semantic search technology. Based on these technologies, Google formally introduced the

concept of Knowledge Graph in 2012(Huang & Yu, 2019).

A shared conceptual model is explicitly described via an ontology(Gruber, 1993). It

focuses on describing the relationship between concepts and concepts and is a key

technology for the Semantic Web. It is applied to Web pages to add semantics. Knowledge

graphs and ontologies are closely linked concepts in the Semantic Web paradigm.

Ontology is the schema layer that focuses on defining the concepts and the

interrelationships thus forming most of the knowledge graph. This is the conceptual

framework and logical foundation of the knowledge graph. Ontology and knowledge

graphs are actually different in the way they are implemented. Firstly, the Knowledge

graph has a great deal of flexibility in that it allows the user to categorize entities through

custom labels. Ontology, on the other hand, is mainly an explanation of the conceptual

model. Knowledge graph focuses more on describing the relationships between entities in

detail and extends and enriches the ontology a lot at the entity level. We can consider

ontology as the abstraction layer of knowledge graph and knowledge graph as the concrete

implementation of ontology.

In summary, this section covers the evolution and integration of knowledge discovery

methods, from the formal rise of data mining in 1989, through advances in cluster analysis,

to the conceptualization and practical application of knowledge graphs and ontologies. It

emphasizes the transformative impact of these technologies on enhancing the capabilities

of the semantic web and the overall efficiency of information systems. illustrates how these
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developments play a key role in the transition from traditional keyword-based search

engines to more complex semantic-aware systems.

1.4 Thesis structure

The article has four chapters in total, and the structure of each chapter is as follows:

The introduction, found in Chapter 1, provides background information on the research as

well as information on its goals, current state, and article structure.

Chapter 2 describes the relevant techniques and theories. It is divided into two parts in total,

including knowledge graph and clustering algorithms and evaluation metrics. Firstly, the

knowledge graph part describes in detail the origin, development and theoretical basis of

the technique. It also introduces the related theory of the graph database Neo4j. The

theoretical foundation and main design goal of the clustering algorithm are introduced,

along with the clustering method itself and the assessment metrics. In particular, this paper

highlights several clustering analysis algorithms as well as clustering algorithms evaluation

metrics algorithms.

A cluster analysis of the consumption data is presented in Chapter 3. It explains how to

efficiently mine and analyse processes for student data. This comprises gathering data,

preprocessing it, extracting features, cluster analysis, and visualizing cluster indicators.

This paper firstly explains how the collected student consumption data. Immediately after

that, it describes the method of data preprocessing and also explains how useful features

can be extracted from the processed data. Finally, the previously extracted features are

analyzed by different clustering methods to show the results of the clustering and to

analyse the students' consumption habits.

In Chapter 4, the steps involved in creating and building a knowledge graph that illustrates

the consumption patterns of college students are discussed.
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2 Relevant techniques and theories

The details of centralized clustering techniques and knowledge graphs will be covered in

detail in this chapter. This chapter will provide an introduction to the definition, evolution,

and other topics related to the knowledge graph section. Neo4j, a graph database theory,

will also be covered. Several clustering techniques are introduced, along with their

theoretical underpinnings.

2.1 Knowledge graph

2.1.1 Overview of the knowledge graph

Knowledge graphs illustrate facts by using the "entity1-relationship-entity2" ternary form,

i.e. G = (E, R, S), where E={e1,e2,...,e|E|} is the set of entities in the knowledge base, which

contains a total of |E| different entities. R = {r1,r2,...,r|E|} is the set of entities in the

knowledge base species, which contains |R| kinds of different relationships(Xu, Sheng, He

& Wang, 2016; Ma, 2022). Entities and their associated attributes are relative to each other,

and entities are linked to each other through relationships, thus forming a web-like

knowledge structure(Liu et al., 2016). Ontology languages like OWL (Web Ontology

Language) and RDF (Resource Description Framework) are typically used in knowledge

graphs to describe entities. These languages can be used to define rules for reasoning in

addition to representation. Knowledge graphs' main technology is divided into multiple

stages. The first process is related to construction and is intended for many tasks, such as

entity and relationship extraction and semantic parsing. In general, they are realized using

various machine learning and natural language processing approaches. Then, information

is expressed and combined during the storage process. The key tool to perform this process

is a graph database. Finally, there is the application phase, which involves processes such

as data integration and knowledge reasoning.
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2.1.2 Graph database Neo4j

Neo4j is a high-performance NoSQL graph database that uses nodes, relations, and

attributes to build data rather than tables or documents as traditional databases do. Neo4j

may alternatively be compared to a high-performance graph engine equipped with every

feature found in a complete database. This is set up to make data representation more

approachable and akin to a whiteboard. This gives organisations freedom in how they

utilise and think about data, allowing them to react to change instead of having to conform

to a predetermined paradigm.

The structure of Neo4j was created specifically for graph data management and query

processing, unlike databases that add graph functionality to different core technologies. A

graph centred design like Neo4j ensures that the relationships between data points are as

easy to access and efficient to navigate as the data points themselves. Its native graph

processing capabilities are useful for a variety of operations, such as calculating shortest

paths between nodes, pattern matching, and traversing networks of linked data. Neo4j's

enterprise class is more than capable of fulfilling many business needs, due to its

scalability and security, which allows it to meet the needs of everything from a real-time

recommendation engine to a fraud-detection system. ACID compliance ensures that

transactions are can be reliably processed, which is very important for those applications

that need to ensure the integrity of the data is very important and useful.

Cypher is a query language designed for the Neo4j graph database. It is good at processing

relationships and complex data queries, and can also have good synergy with big data, data

mining and artificial intelligence and other disciplines. This integration facilitates the

extraction of complex potential values and the construction of intelligent systems. We can

know that the attribute graph model is the basis of Cypher. It is an inherent labeled graph

in which the nodes and edges contain attributes. Also, this conceptually distinguishes them

in these respective nodes and edges. Neo4j and GraphDB are two common graph databases

in which it is based, allowing them to persist and interrogate data so that it accurately

abstracts real-world interconnection. Cypher provides a strong and declarative query

mechanism. Most users can quickly become comfortable with it because of its easy

grammar. Forming keywords for nodes, match for traversal or relationship checks, create

for a new relationship between nodes or for utilizing relationship attributes, where for
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match refinement searches, and return for extraction of data matched along the path are all

examples of critical duties Cypher does . With Cypher, users can explore graph data with a

conducive syntax. This makes it simpler to express difficult graph patterns.

2.2 Clustering algorithms and their evaluation metrics

2.2.1 Clustering algorithm

According to the similarity calculation method between the analyzed data pairs and the

relationship between the clustering result objects as the dividing method, the clustering

algorithm can be divided into segmentation algorithms, hierarchical algorithms and

density-based algorithms. Segmentation algorithms mainly include K-means, k-medoids,

etc. This type of algorithm mainly decomposes N objects into k clusters to optimize a

specific standard function. The K-means algorithm optimizes cluster division by

minimizing the squared error to its nearest cluster center. The advantages of this type of

algorithm are that it is relatively scalable and simple. It is suitable for those data sets that

are relatively compact and well separated. This kind of algorithm's drawback is that it

quickly finds local optimal solutions. Furthermore, in high-dimensional space, the impact

of this kind of method decreases significantly since nearly every pair of points has a

distance that is pretty close to the average. Finally, this type of algorithm is very sensitive

to the initial stage and outliers, and the user needs to specify the number of clusters in

advance(Sisodia et al., 2012).

Hierarchical algorithms create a nested series of clusters, which can be split top-down or

merged bottom-up. An example of this approach is the CURE algorithm which uses

representative points rather than individual centroids to represent clusters. The advantages

of this type of algorithm are that it is suitable for dealing with problems involving point

links and that it can flexibly adjust the granularity. At the same time, it also has some

shortcomings. For example, this type of algorithm has poor processing effect on large-scale

and high-dimensional data, and the calculation cost is relatively high. Once executed, this

type of algorithm cannot be reversed. Density-based clustering algorithms form clusters by

exploring dense areas in the data space rather than based on the distance between data

points. DBSCAN is a typical example of this type of algorithm, which defines clusters by
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identifying core points and edge points. The advantage of this type of algorithm is that it

can identify clusters of any shape and is basically not affected by noise. Furthermore, there

is no requirement to predetermine the amount of clusters when employing this kind of

method. Compared to other types of algorithms, this one has the drawback of being far

more sensitive to parameter adjustments. It works poorly in high-dimensional data because

the sparsity of the feature space reduces the effectiveness of clustering(Sisodia et al., 2012).

2.2.2 K-means clustering

A dataset is divided into k distinct, non-overlapping clusters using an unsupervised

learning method called K-means clustering. Subsequently, the data in the dataset is

distributed among the several clusters in a manner that minimises the total squared

distances between every data point and the cluster's mean, or focal point. The precise

procedures for K-means clustering are as follows: first, choose k centres of mass at random;

then, allocate each dataset's data point to the centre of mass that is closest to it.

Subsequently, the mean of all the locations allocated to this cluster will be used to

reconstruct the centre of mass. Ultimately, these stages are repeated until there are no

longer any noticeable changes in the centre of mass or until the process may be terminated

once the allotted number of iterations has been reached.(Yadav & Sharma, 2013; Ahmed et

al., 2020).

The Euclidean distance is defined as:

� �, � = �=1
� ��,� − ��,�

2
� (1)

The formula represents the Euclidean distance between two points (i, j) in N-dimensional

space, Where xi,n and xj,n are the coordinates of points i and j for the nth dimension.

The formula for recalculating the centre of mass by averaging the points in each cluster is:

�� = 1
�� ��∈��

��� (2)

In the above equation, μk represents the centre of mass k of the cluster, |Sk | denotes the

number of elements in the cluster and xi denotes the data points k belonging to the cluster.

The clustering objective function error sum of squares SSE is calculated as:
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��� = �=1
�

����
� − ��

2
�� (3)

In the above equation, k represents the number of clusters, a data point in the cluster Si is

represented by x, and μi represents the centre of mass k of the cluster.

Figure 1 displays the K-Means algorithm flowchart.

Figure 1: Flowchart of K-Means algorithm(Wikipedia, 2023)

2.2.3 Gaussian Mixture Model clustering

A sort of probabilistic model known as the Gaussian Mixture Model (GMM) clustering

technique operates under the assumption that each data point in a data set is a mixture of

several Gaussian distributions with unknown parameters. GMM provides the chance that

each data point belongs to each potential cluster, in contrast to the K-means clustering

algorithm, which allocates each data point to a particular cluster. The mean and variance

are the two primary parameters of the normal distribution, which forms the basis of the

GMM. It is also a superposition of Gaussian components, each weighted by a mixture of

weights. The formula below is the Gaussian mixture model:

� � � = �=1
� ��� � ��� (4)
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In this equation, � � � is the probability of observing data point y in the data set under

the condition that the model parameters are known � , �� is the weight of each Gaussian

component in the mixture, � � �� is the probability density function of the k-th Gaussian

component.

Regarding the specific steps of GMM: The first step is initialization. We need to determine

the specific number of clusters, and at the same time we need to randomly initialize the

parameters of the Gaussian distribution. These include mean, variance and mixing

coefficient. The expectation (E) step is the second step. Based on the present parameters, it

is important to estimate the chance that each data point belongs to each cluster in this stage.

We compute this using the Bayes theorem. The maximisation (M) step is the third phase.

To maximise the likelihood of the data, this stage involves updating the mixing coefficients

in addition to factors like mean and variance. The final step is to repeat steps two and three

until the algorithm converges. Once the algorithm has converged, clustering is performed

by assigning each data point to the Gaussian distribution it most likely belongs to based on

the calculated probability(MIT OpenCourseWare, Spring 2015).

Figure 2: Flowchart for Gaussian Mixture Model
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2.2.4 DBSCAN clustering

DBSCAN algorithm is the abbreviation for the density-based spatial clustering application

with noise. It is a widely used spatial clustering program that may find clusters in large

data sets by learning about the density of data points. It can handle data noise and detect

clusters of all shapes, a feature that sets it apart from the others mentioned so far.

DBSCAN algorithm can also categorize the data points as either core, border or noise.

Core points have a minimum number of other points (MinPts) within a specified radius

(Eps). Those with less density are labeled as outliers(Varghese et al., 2013).

The basic steps of the DBSCAN algorithm are:

Step 1: Randomly select an initial point, set a radius r, and also determine the number of

neighbors n.

Step 2: Iteratively use the radius r and n to find nearby points until all points have been

checked. We will form three types of points, one is the core point P, the other is the non-

core point Q and the outlier S.

Step 3: Randomly select a point from the set P as cluster 1, and then use the radius r to

search for all points that coincide with the set P.

Step 4: Select all points that coincide with the set Q for cluster 1.

Step 5: Repeat steps 1 to 4 for the other clusters.

2.2.5 Evaluation indicators

The efficiency of clustering in the context of cluster analysis can be assessed using a

variety of techniques. An assessment technique to determine the calibre and efficacy of

clustering algorithm classification outcomes is known as the clustering algorithm

evaluation index. In this article, I will use Silhouette Coefficient and Calinski Harabasz

Score to evaluate clustering methods. Without labeling the data, these measures are

especially helpful for confirming the accuracy and consistency of grouping. By comparing

scores for various clustering settings or factors, they offer numerical assessments that can

help direct the decision regarding the ideal number of clusters.
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The silhouette coefficient is a similarity metric that's used to assess an object's degree of

similarity to its own cluster in relation to other clusters. The coefficient of each sample is a

value between 1 and -1. Values near 1 show how far distant the sample is from nearby

clusters. This sample is at or very near the decision border cluster between two

neighbouring clusters if the value is 0. The sample is in the incorrect cluster if the value is

-1.

The formula for calculating the profile coefficient for a single sample:

� = �−�
���(�,�)

(5)

The intra-cluster distance, denoted by the symbol an in this expression, is the average

distance between samples in the same cluster. The average distance (b) between a sample

and samples in the closest cluster to which it does not belong is shown. This distance is the

distance to the closest cluster.

The variance ratio criteria is another name for the Calinski-Harabasz Score. By comparing

the dispersion between clusters and the total of the dispersion within clusters, it assesses

clustering. The higher the CH score obtained, the more suitable the model for this

clustering is.

The formula for CH Score:

��(�) = ���/ �−1
���/ �−�

(6)

In this formula, ��� is the sum of the squared distances between cluster centers and the

overall data mean (a measure of the separation between clusters). ��� is the sum of

squared distances between data points and their respective cluster centers (a measure of

cohesion within a cluster). where k is the number of clusters and n is the number of data

points.
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3 Cluster analysis of consumption data

This section focuses on cluster analysis of university student consumption data, using three

clustering algorithms to understand and predict student consumption behaviors and

patterns. This includes data collection, data pre-processing, feature extraction of the

collected data, using clustering methods to process the data and analyzing the results.

3.1 Data collection

This study delves into the consumption patterns of students at a specific university. Its

purpose is to investigate the consumption behavior of students in a certain university. The

data includes the consumption situation of 36 students in a certain class in a certain school

from August 2019 to November 2022. It covers 664,488 consumer activities, and the

content is quite rich. It covers three consumer areas, including campus dining facilities,

time-out and bathrooms. Through this data, I can gain a comprehensive understanding of

students ’ consumption behavior in different aspects of campus life. There are a total of

three different payment methods to complete the transaction: campus card system, Alipay

and UnionPay. This reflects the integration of digital payment solutions into students’ daily

lives. The diversity of payment methods can provide insight into preferred transaction

patterns among the student population, which may be influenced by factors such as

convenience, security, and promotional offers associated with each payment system.

To ensure the privacy and security of the individuals involved, all data has been

completely anonymized. Sensitive information has been removed to ensure that no data

can be traced back to any individual, thus upholding research ethics standards that

prioritize participant confidentiality. This anonymization process enables pattern analysis

without compromising the privacy of the students involved, allowing researchers to

conduct in-depth studies of consumer behavior without considering ethical issues. The

comprehensive nature of this data set not only allows for analysis of spending trends over

time, but also provides the opportunity to correlate these financial behaviors with other

aspects of students' lives, such as academic performance, participation in campus activities,

and broader economic conditions. By exploring these dimensions, the study aims to
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provide actionable insights to inform university policies regarding student welfare and

financial aid programs. The campus consumption data fields table is shown in Table 1.

Table 1: Campus consumption data

No. Field name English Name of Field Field Description

1 ID Transaction Number Uniquely identifies the transaction item

2 XH Student ID Uniquely identifies the trader

3 XB Gender Gender of cardholder (male, female)

4 SHMC Trade name Uniquely identified stores

5 XFJE Transaction amount Consumption amount

6 JYSJ Trading time Trading hours

7 ZXSJ Execution time The time when the transaction is submitted to the

database

8 ZFFS Payment method Campus card, Alipay, UnionPay

3.2 Data pre-processing

Before using campus transaction data to conduct in-depth analysis of student consumption,

it is important to conduct thorough data preprocessing. This step ensures the reliability and

quality of the insights derived from the data. At the very beginning, raw transaction data

needs to be converted into list mode. In this way, I can process and operate more

efficiently. I can easily access the data and perform corresponding operations on the data.

At the same time, non-transactional elements in the data set, such as headers embedded in

the data, also need to be identified and removed. This step ensures that the data set contains

only relevant data points that represent actual consumer behavior. Regarding the string

data part, specifically the numerical representation stored as a string, must be converted to

its appropriate data type. For example, convert the transaction amount recorded as a string

to a floating point number to float(string) to ensure the accuracy of calculation and analysis.

Regarding the time data part, the time data part in the original data is presented in

relatively detailed form, such as ‘19-NOV-20 07.44.11.000000000 PM’. If I want to make
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it easier to process the time component of your data, you can remove the microseconds

from the timestamp to simplify the data without losing critical time information. This can

be done using a method like this: 'list.replace(".000000000", " ")'. This method can remove

unnecessary precision from the data set. Subsequently, the transaction time is converted

from a string to a 'datetime', which facilitates subsequent time-based analysis steps. This

conversion is typically performed by specifying the desired string format with myformat =

"%d-%b-%y %I.%M.%S %p" and then using 'datetime.strptime(time_string, myformat)'.

This step converts the string representation of time into 'datetime' form. Standardization of

datetime formats allows for more direct time comparisons and time series analysis.

3.3 Feature extractions

The study attempts to quantify college students' spending levels by creating important data

points derived from the dataset and survey findings, which will simplify and improve the

analysis of their spending patterns. The focus is primarily on the various spending

locations and payment methods used by students to gain insights into their financial

behavior and preferences. The data covers transactions from August 2019 to November

2022 and includes detailed accounts of student spending across multiple campus facilities.

To digitally record students' consumption levels and more thoroughly examine college

students' consumption patterns and variations in consumption among various students,

based on the data set structure used in this study and the daily consumption places and

payment methods of college students obtained from the survey, I set up the average

monthly consumption amount, average monthly consumption frequency, average daily

consumption frequency, average breakfast consumption amount, average lunch

consumption amount, average dinner consumption amount, breakfast dining rate, lunch

dining rate and dinner dining rate and other characteristics data. Time-based spending

structure allows for precise analysis of spending patterns associated with each meal.

According to the results of statistical analysis of the canteen’s dining opening hours and the

number of diners, the breakfast time is set to 07:00-09:30, the lunch time is set to 11:30-

14:00, and the dinner time is set to 17:30-19 :00. The average spend metric was used to

calculate the average monthly and daily spend amount and frequency for the study. The

ratio of the number of days students spent eating in the cafeteria for each meal to the total
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number of days between the first and last recorded transactions during the study period was

used to determine the meal participation rates.

By looping through the transaction data list, I was able to determine each student's earliest

and latest transaction dates, as well as the cumulative amount and frequency of meals and

overall expenses. The extracted feature data is systematically output and stored as attribute

features of student entities in the dataset. This ensures that feature vector data is preserved

for subsequent data analysis and mining of hidden patterns.

3.4 Clustering and analysis of results

After detailed statistics and calculations of each student's personal consumption data, I

successfully obtained the characteristic data of each student's consumption level. I then

performed cluster analysis using the following three clustering algorithms to obtain a

deeper understanding of these quantified student consumption level characteristic data.

These algorithms include the partition-based K-means algorithm, which can quickly and

efficiently divide data into a predefined number of clusters; and the model-based GMM

(Gaussian Mixture Model) clustering algorithm, which describes the intrinsic structure of

the data through probability distributions. The density-based DBSCAN (density-based

spatial clustering application with noise) clustering technique was still in use at the same

time. These three approaches can be used to more precisely reveal the distribution of

student consumption levels. This will facilitate subsequent research.

3.4.1 Clustering based on K-means and GMM

I carried out several comparative studies to find the ideal number of clusters for clustering

student consumption level data. Use K-means clustering algorithm and GMM clustering

algorithm, and set the number of clusters to 2 to 8. In this process, the silhouette coefficient

and CH score of the clustering results are evaluated to comprehensively measure the

quality of the clustering effect. In this process, I set the number of comparative tests to 10.

By performing multiple runs for each number of clusters and calculating the average

silhouette coefficient and average CH (Calinski-Harabasz) score, the impact of random

initialization on the clustering results can be reduced, resulting in more stable and reliable



23

results. The comparative test profile coefficient line chart is shown in Figure 3, and the CH

score line chart is shown in Figure 4.

By carefully analyzing the clustering effect evaluation index line chart of the clustering

algorithm comparison experiment, we can observe some characteristics. The clustering

effects of the K-means and GMM clustering methods in terms of CH scores are essentially

the same when the number of clusters is more than 4, indicating that both techniques better

capture the fundamental structure of the data within this range. When the number of

clusters is less than four, there are some differences in the clustering effects of the two

clustering algorithms. The silhouette coefficient shows a steadily increasing trend when the

number of clusters is less than 4, which means that the quality of the clustering results is

constantly improving. However, when the number of clusters exceeds 5, the silhouette

coefficient begins to fluctuate up and down within a certain range, but the overall trend is

downward, which may mean that the excessive number of clusters leads to some unstable

clustering results. On the other hand, the CH score basically maintains an upward trend

throughout the entire cluster number range. When the number of clusters is adjusted to 4,

both clustering algorithms can produce better clustering outcomes, according to the

shifting trends of the silhouette coefficient and CH score. The K-means clustering

algorithm cluster center eigenvalue table is shown in Table 2.

Figure 3: Comparison of clustering algorithms test contour coefficients line plot
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Figure 4: Cluster analysis results CH score line plot

Table 2: K-means clustering algorithm clustering centre eigenvalue table

Clustering features Cluster 1 Cluster 2 Cluster 3 Cluster 4

Average monthly consumption/RMB 245.76 336.38 333.61 134.86

Average daily consumption/RMB 16.26 21.95 21.70 10.75

Average breakfast consumption/RMB 3.28 3.86 4.07 3.85

Breakfast dining rate 0.70 0.56 0.86 0.49

Average lunch consumption/RMB 7.41 8.95 10.15 5.25

Lunch dining rate 0.80 1.01 0.73 0.72

Average dinner consumption/RMB 5.61 7.34 7.18 3.61

Dinner dining rate 0.49 0.80 0.43 0.21
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3.4.2 Clustering based on DBSCAN

Density is the foundation of the DBSCAN algorithm. Instead of forming clusters based on

the separation between data points, these algorithms explore dense areas in the data space.

Firstly, I have drawn the k-distance plot by drawing the dataset. K-distance plot is a

method used to estimate the value of the required parameter 'eps'(epsilon) in the DBSCAN

algorithm. K-distance plot is shown in Figure 5.

Figure 5: K-distance plot

From the Figure 5, we can see a 'bend point' (i.e. the point where the distance suddenly

increases), this point is a good candidate value for the parameter, so I set the epsilon

parameter to 2.5. This value is near the stable section before rising, which can help

DBSCAN better identify core points and noise points. There is another 'min_samples'

parameter required by the DBSCAN clustering algorithm, which defines the minimum

number of samples (including the point itself) in the neighborhood required for a point to

become a core point. The choice of this parameter depends on the density and

dimensionality of the dataset. Because my data set has 8 feature values, I set this parameter

to 8. Next, the clustering effect of DBSCAN is evaluated by using the silhouette coefficient

index. First, remove the columns in the data set that should not be used for clustering, such

as the student ID column and the earliest transaction time, etc. Then, the remaining



26

features are normalized. The DBSCAN clustering algorithm is applied to the standardized

data, and then the corresponding contour coefficients can be calculated by filling in the

parameters determined above. The final value of the silhouette coefficient is 0.2068. This

value indicates that the clustering effect is not particularly ideal. Samples in a cluster are

not far enough apart from other samples in the same cluster. To further determine whether

this dataset is suitable for use with the density-based clustering algorithm DBSCAN,

DBSCAN clustering was performed on the dataset. The final result is that the data set

generates two clusters after DBSCAN clustering, and one of them is the noise class (cluster

number is -1). Six data points were considered noise. The average eigenvalues of each

cluster are shown in Table 3, which shows that the DBSCAN algorithm does not

distinguish the data well under the current parameter settings. These results suggest that

DBSCAN may not be a good clustering method for analyzing this dataset. This article will

only use K-means and GMM clustering to determine the cluster structure in the data.

Table 3: DBSCAN clustering algorithm clustering centre eigenvalue table

Clustering features Cluster -1 Cluster 1

Average monthly consumption/RMB 257.34 301

Average daily consumption/RMB 17.54 19.74

Average breakfast consumption/RMB 4.17 3.67

Breakfast dining rate 0.49 0.70

Average lunch consumption/RMB 7.84 8.65

Lunch dining rate 0.81 0.87

Average dinner consumption/RMB 5.66 6.68

Dinner dining rate 0.45 0.6

3.4.3 Analysis of clustering results of students' consumption behaviour

In the clustering results, there are 10 students in cluster 1, accounting for about 28%, 14

students in cluster 2, accounting for 39%, 9 students in cluster 3, accounting for 25%, and
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3 students in cluster 4, accounting for 8%; the pie chart of the number of students in each

clustering category is shown in Figure 6.

Figure 6: Pie chart of number of people in clustered categories

In cluster 1, the average monthly consumption of students is 245.76 RMB. The eating rate

of three meals a day is high but the average consumption of three meals is at a low level.

This shows that this type of students may be more budget-conscious, so these students

have the highest probability of qualifying as poor students. We can further confirm

whether they meet the standards of poor students by analyzing other information about

these students.

Out of the four clusters, cluster 2 has the highest average monthly consumption of 336.38

RMB, with students in this cluster. Their daily consumption is about 21.95 RMB, and meal

expenses are relatively high, especially during lunch, where the average consumption is

8.95 RMB. From this data, it can be judged that these students should often go to the

cafeteria for consumption. The average consumption of three meals for students in this

type of colleges and universities is generally at the highest level of consumption, and the

dining rate for three meals is relatively high. This shows that such students may not care

much about meal expenses. This shows that their economic background is relatively good

and they do not meet the conditions for poor students.
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Students in cluster 3 had an average monthly consumption of 333.61 RMB, which is only

exceeded by those in cluster 2. Their average consumption amount for three meals is the

highest among several clusters and their eating rate for three meals is at the medium or

above level. This shows that these students spend most of their daily meals in school. The

high cost per meal suggests these students prioritize convenience over cost. It is

foreseeable that a greater proportion of these students will be impoverished if their average

monthly consumption is at or below the cluster centre and if their eating rate for each meal

is significantly higher than that of the cluster centre. This can be used in conjunction with

other pertinent data to confirm the financial standing of their family.

Students in cluster 4 have the lowest average daily consumption and the lowest eating rate,

consuming three meals a day, with an average monthly consumption of 134.86 RMB. Such

students may rarely eat in school cafeterias, resulting in very little overhead allocated to

school cafeterias. Additionally, this group may include students with very frugal spending

habits or minimal reliance on campus dining facilities, perhaps due to dietary preferences,

off-campus living, or financial constraints. There is insufficient data on their consumption

behavior in school, and their family economic situation cannot be analyzed through their

consumption data.

3.5 Visualization and analysis of clustering indicators

Through statistical analysis of the eigenvector data of cluster indicators of student

consumption behavior, we can gain a deeper understanding of the personal consumption of

students in the entire student group. This method can comprehensively analyze clustering

results and actual consumption behavior to reveal students' budget management patterns

relative to their peers. As shown in Figure 7, the bar chart shows the distribution of

students across different ranges of average monthly expenditures.
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Figure 7: Histogram of student average monthly consumption amount distribution range

From Figure 7, we can see the distribution of monthly expenditures of students with

different financial status. The largest category is those with monthly expenditure between

300 and 350 units, with 9 students falling in this range. This suggests that a large

proportion of students spend within this range. This range may represent a typical budget

that meets basic needs and moderate discretionary spending. Conversely, the least

populated category is the 400 to 450 unit range with only 3 students, indicating that it is

relatively uncommon for students in this class to have higher monthly expenditures.

Additionally, there are 4 students who spend less than 200 units per month, falling into one

of the less populated categories in the histogram. Students in this group may be subject to

strict budget constraints. The number of students with an average monthly consumption of

250 to 300 yuan is 10, which is the largest number.

The histogram shown in Figure 8 shows the distribution of students ’ average monthly

consumption frequency. The result indicates that the majority of students, 12, consume

between 40 and 50 times per month, with the most common consumption frequency being

in the mid-to-low range. Eleven students on average make between fifty and sixty

purchases per month. The number of students in the two parts accounts for 64% of the total

student population. This situation shows that most students have common consumption

behaviors. The number of students whose average monthly consumption is between 20 and
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30 and between 30 and 40 is 3 and 8 respectively. There are extremely few students that

make more than sixty transactions in a month. There are only two people in total,

accounting for 6% of the total number of students. This reflects that very high consumption

frequency is uncommon. In general, Figure 8 shows an overall trend of increasing first and

then decreasing, reaching the maximum value when the average monthly consumption is in

the range of 40-50.

Figure 8: Histogram of the number of students’ average monthly consumption range

Combining the comprehensive analysis of Figure 7 and Figure 8, finding that students'

monthly transaction volume and consumption amount are at a low level is not difficult.

Most students spend less than RMB 450 per month on consumption, and they make fewer

than 70 transactions overall. More than 70% of recorded transactions came from on-

campus dining, highlighting that the data primarily reflects student spending behavior in

campus dining halls. This observation suggests that existing data may not fully capture

dining habits that occur off campus or through meal delivery services. Assuming three

meals a day, almost 64% of students report consuming less than 50 times per month on

average. This suggests that a large proportion of students may frequently eat off campus or

choose meal delivery services. While the majority of students fall into the mid-range

spending and transaction category, there are outliers at both ends, which may indicate

different lifestyles or access to financial resources. This data is critical to campus
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management because it can help schools make the right decisions to better meet the needs

of different student groups.
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4 Consumer behaviour knowledge graph construction

This chapter's specific goal is to create a knowledge graph using data on student

consumption. Once the entity portion and relationships between entities have been

designed, compile the findings from the earlier data set cluster analysis to create a

knowledge graph. Once the knowledge graph is constructed, present it graphically.

4.1 Model layer design

4.1.1 Ontology design

The development process of a knowledge graph's mode level starts by identifying the

application area and setting the ontology's scope, which shapes the pattern layer. Building

the ontology is a fundamental part of developing the knowledge graph's structure. It serves

as a formal, shared description of concepts that enhances semantic content on the web and

delineates how concepts are interconnected, forming the knowledge graph's logical

framework(Hao et al., 2021). In the design of a knowledge graph of student consumption

data, the details of student consumption should be at the centre of the entity design.

Around this core, entities such as students, consumption transactions, merchants and

consumption level groups are created. These four types of entities and their attributes are

briefly described below.

(1) Students. It contains attribute values such as Student Number, Average Monthly

Consumption Amount, Average Monthly Consumption Number, Average Daily

Consumption Amount, Average Breakfast Consumption Amount, Average Lunch

Consumption Amount, Average Dinner Consumption Amount, Breakfast Dining Rate,

Lunch Dining Rate, Dinner Dining Rate, etc., and the attribute table of the student

ontology is shown in Table 4.
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Table 4: Student ontology

No. Name of the ontology Ontological attributes

1

Student

Student number

2

Average monthly consumption, Average daily consumption,

Average breakfast consumption, Breakfast dining rate, Average

lunch consumption, Lunch dining rate, Average dinner

consumption, Dinner dining rate

(2) Consumer Order. This contains the data Order Number, Trading Time, Execution Time,

Consumption Amount and Payment Method as attribute values. The consumption order

ontology attribute table is shown in Table 5.

Table 5: Consumer order ontology

No. Name of the ontology Ontological attributes

1 Consumer Order Order number, Trading time, Execution time, Consumption

amount, Payment method

(3) Shop. This contains the value of the attribute Store Name. The shop ontology attribute

table is shown in Table 6.

Table 6: Shop ontology

No. Name of the ontology Ontological attributes

1 Shop Store name

(4) Consumption level clustering category. Four different consumer behaviour categories

were identified and defined based on cluster analysis of student consumption data. The

consumption level clustering categories were classified into four categories, categories 1 to

4. Each node represents a specific consumer behaviour category which contains the

characteristics and labels of the cluster it represents. These include Cluster Number,

Average monthly consumption, Average daily consumption, Average breakfast

consumption, Breakfast attendance rate, Average lunch consumption, Lunch attendance
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rate, Average dinner consumption and Dinner attendance rate attribute values. The table of

consumption level clustering category ontology attributes is shown in Table 7.

Table 7: Consumption level clustering category ontology

No. Name of the ontology Ontological attributes

1

Consumption level

clustering category

Cluster number

2

Average monthly consumption, Average daily consumption,

Average breakfast consumption, Breakfast dining rate, Average

lunch consumption, Lunch dining rate, Average dinner

consumption, Dinner dining rate

4.1.2 Relationship design

The relationship between the student node and the consumption order node is represented

by a one-way "Submitted" relationship, indicating that the student initiated or generated a

consumption order. The connection between the store node and the consumption order

node is represented by a one-way "Completed" relationship, indicating that the store

fulfilled or completed the order. Finally, the connection between the student node and the

consumption level clustering category node is defined through a one-way "Belongs to"

relationship, indicating that students are classified into specific consumption categories

based on their consumption behavior. These relationships clearly define the interaction

between entities and help structure the knowledge graph. The four types of ontology and

their correlations are shown in Figure 9.
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Figure 9: Four types of ontology and their correlation graph

4.2 Construction of knowledge graph

This article uses the py2neo library to connect to the Neo4j database. First, we need to

install the library if you haven't already. This can be done by running this code in the

terminal: pip install py2neo. In the python script, write the following code to import the

necessary parts of the library: from py2neo import Graph, Node, Relationship. Connect to

the Neo4j database through Graph("bolt://localhost:7687", auth=("neo4j", "123456789")).

After going through these processes, the Neo4j database is successfully connected.

By reading the consumption data.csv, feature vectors.csv, and clustering center results.csv

data files, we can obtain four ontology-related attribute data information: students,

consumption orders, stores, and consumption level clustering categories. It is possible to

realise not just the development of knowledge graph ontology nodes but also the

construction of knowledge graph ontology relationships within the database. Relevant

codes such as: store_node = Node("Store", Name=store_name), graph.create(store_node),

submit_rel = Relationship(cluster_node, "Submitted", order).

The knowledge graph of student consumption behaviour has four types of entity nodes:

consumption level clustering category, consumption order, shop, and student. The graph

contains a total of 64829 entities, of which there are 4 nodes for consumption level

clustering category ontologies, 64,487 nodes for consumption order ontologies, 302

entities for shop ontologies and 36 nodes for student ontologies. The result of the "Belongs
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to" relationship query is shown in Figure 10. The result of the "Completed" relationship

query is shown in Figure 11. The result of the relationship query "Submitted" is shown in

Figure 12. The attributes of the four ontologies in the knowledge graph are shown in

Figure 13 to Figure 16.

Figure 10: "Belongs to" relationship query result graph

Figure 11: "Completed" relationship query result graph
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Figure 12: "Submitted" relationship query result graph
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Figure 13: A student entity Figure 14: A consumption level clustering category entity

Figure 15: A consumer order entity

Figure 16: A shop entity
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Conclusions

The technique of merging knowledge graph and data mining technologies with the

education sector to raise the standard of smart management in schools has drawn more and

more attention as a result of the development of new technologies like big data and

artificial intelligence. The personal consumption records of college students have a

plethora of information that is useful in the building of a smart campus. Important

information may be gleaned from these data by creating knowledge graphs and doing data

mining operations, which will raise the calibre of service management at big universities.

By gathering and analyzing the individual consumption records of university students, this

paper seeks to analyse their consumption habits. In order to calculate the purchasing power

of students, use feature extraction technologies to identify features like average monthly

consumption, average daily consumption, and average consumption amount each meal. In

this way, students’ consumption habits can be initially understood. In order to analyze

these consumer behavior characteristics in depth, this article uses the partition-based K-

means clustering algorithm, the model-based GMM clustering algorithm and the density-

based DBSCAN clustering algorithm. The merits of each clustering effect were evaluated

by calculating two evaluation indicators, silhouette coefficient and CH score. Finally, the

36 students in a class at the university were divided into four clusters. A comparative

analysis was conducted on the cluster center characteristic data of these four clusters to

explore the consumption levels and family economic status of different student groups. By

constructing the analysis results of student consumption data into a knowledge graph of

college student consumption data, decision-making support is provided for college

managers.
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