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Abstract: Numerous studies have established a correlation between creativity and intrinsic motivation
to learn, with creativity defined as the process of generating original and valuable ideas, often by
integrating perspectives from different fields. The field of educational technology has shown a
growing interest in leveraging technology to promote creativity in the classroom, with several studies
demonstrating the positive impact of creativity on learning outcomes. However, mining creative
thinking patterns from educational data remains a challenging task, even with the proliferation
of research on adaptive technology for education. This paper presents an initial effort towards
formalizing educational knowledge by developing a domain-specific Knowledge Base that identifies
key concepts, facts, and assumptions essential for identifying creativity patterns. Our proposed
pipeline involves modeling raw educational data, such as assessments and class activities, as a graph
to facilitate the contextualization of knowledge. We then leverage a rule-based approach to enable the
mining of creative thinking patterns from the contextualized data and knowledge graph. To validate
our approach, we evaluate it on real-world datasets and demonstrate how the proposed pipeline can
enable instructors to gain insights into students’ creative thinking patterns from their activities and
assessment tasks.

Keywords: educational data mining; creativity; pattern mining; rule-based

1. Introduction

Around the world today, original and creative ideas are the best and most important
products of any powerful country. This clearly shows the importance of recognizing and
nurturing creativity in children from a young age. Creativity is a set of skills that all
humans have the capacity to possess, but it must be nurtured and expanded under the
right circumstances. Unlike earlier theories that assumed creativity as an inherited and
intrinsic process, recent research on creativity via education reveals that creative thinking,
i.e., the ability to consider something in a new way, is considered a skill and can be
learned by individuals. Therefore, in countries with a dynamic education system, fostering
creativity is a highly important task in education [1]. Through an evolving educational
structure, students may gain better educational benefits and have more opportunities to
grow creativity.

There are various tools and techniques available for measuring and detecting creativity,
such as divergent thinking tests [2], self-report measures of creativity [3], or judgment of
products [4]. These approaches mostly involve evaluating the quality of ideas and products.
Practically, using human evaluators to assess students’ responses to creative tasks, such as
rating the uniqueness of ideas from the alternate uses test, is a common element of doing
creativity research. Although scoring systems have proven effective, they are susceptible to
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two fundamental limitations: labor cost and subjectivity, which pose specific psychometric
risks to reliability and validity [5].

Recent development in learning management systems has proved to assist different
educational assessments and minimize the aforementioned limitations. These technologies
have the capacity to gather and visualize a large amount of educational data, e.g., assess-
ments and class activities. In this context, helping instructors to understand the educational
data remains a challenging task [6]. There is a large amount of work aiming to discover
insight from educational data, with the goal to support traditional learning and educational
assessments [7,8]. Most of the publications that have been released recently, particularly
during the COVID crisis, also highlight the importance of using adaptive learning man-
agement services to analyze students’ behavior while providing a face-to-face learning
environment is not possible or hard to acquire [9,10]. However, the current state of the art
lacks a significant data-driven strategy to link students’ behavior to creativity patterns.

In this paper, we propose an innovative approach to discover patterns of creativity in
educational data by extending the state of the art in graph mining techniques. Our work
relies on the expertise of education specialists to build a domain-specific Knowledge Base
(KB), which consists of a taxonomy of concepts, instances for each concept, and relationships
among them. We then create a creativity graph by linking the concept nodes in the taxonomy
to the entities extracted from educational data, which enables us to discover patterns
and relationships within the graph. Our approach is based on a motivating scenario
in educational assessment, where a knowledge worker (e.g., a teacher) can analyze the
activities of students in a classroom and augment that information with the knowledge
in the Educational KB. By using a user-guided rule-based technique, the person can link
the information extracted from raw educational data to creativity patterns identified in
the Educational KB. Building upon our previous work published in the 23rd International
Conference on Artificial Intelligence in Education [11], our approach represents an extension
of graph mining techniques that focuses on discovering patterns and relationships within
the creativity graph that we build using big educational data. The unique contributions of
this paper are as follows:

• We put the first step towards formalizing educational knowledge by constructing a
domain-specific (Educational) KB to identify essential concepts, facts, and assumptions
in identifying creativity patterns.

• We introduce a pipeline to turn raw educational data (e.g., assessments and reports)
into contextualized data and knowledge.

• We present a rule-based approach to learning from the KB and facilitate mining
creative thinking patterns from contextualized data and knowledge.

• We evaluate our approach with a real-world dataset and highlight how the proposed
framework can help instructors understand creative thinking patterns from students’
activities and assessment tasks.

The rest of the paper is organized as follows: In Section 2, we provide the background
and related work. We present the proposed model for mining creative thinking patterns
from contextualized educational data in Section 3. In Section 4, we describe the experiment,
followed by evaluating our approach in Section 5. We conclude the paper with remarks for
future directions in Section 6.

2. Background and Related Work

Numerous studies have been undertaken on creativity and the capabilities that ac-
company it. This section will first introduce the key terms and background in the field,
and then discuss the related works in educational data, educational knowledge, educational
data modeling, educational data mining, and learning analytics. The section concludes by
outlining the related works and emphasizing the added value of our suggested solution.
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2.1. Educational Data

A wide range of educational data is accessible from a number of different sources.
By using the educational data, teachers may monitor their students’ academic achievements,
learning behaviors, and offer immediate feedback based on the needs and requirements of
students. Learning management systems collect a huge quantity of data from students that
may be used to improve the learning environment, assist the teacher in teaching and the
students in learning, and enhance the learning experience in general. Different learning
resources are available, a number of which can be listed as follows [12]:

• Interaction between students, instructors, and also students and instructors (e.g., chat
boxes, discussion forums, navigation behavior).

• Administrative data (e.g., institution, courses, instructors).
• Demographic data (e.g., age, nationality, gender).
• Students’ activities (e.g., assessments, questions, feedback).
• Students’ dispositions and affectivity (e.g., attitude and motivation).

Since traditional learning analytics are not equipped to handle this volume of data, big
data technologies and tools have found their way into education to process this massive
amount of data. To deal with different kinds of educational challenges administrative data
could be very useful. As a result, experts should acknowledge the influence of big data in
education in order to alleviate educational difficulties.

In the big educational data, several research and review studies have been conducted.
Highly cited studies investigated themes [13] such as the following. (i) Behavior and per-
formance of learners: dedicated to learner perspectives, fulfillment, methods, and behavior,
as well as big data structures, adaptive learning, teaching, data mining, and learning
analytics [14,15]. (ii) Educational data modeling and warehouse: introducing big data
modeling, educational data warehouses, and cloud environment research, as well as cluster
analysis for educational purposes [16,17]. (iii) Improving educational systems: introducing
statistical tools, metrics, obstacles, and the usefulness of ICT. It places a strong emphasis
on training and its numerous ramifications. It also establishes a rating system that mon-
itors how websites are used in order to enhance the educational system [18,19]. Lastly,
(iv) Merging pedagogy with big data: incorporating big data concepts into various courses
and emphasizing their educational implications [20,21].

Collecting and combining all these raw data is a time-consuming and tough process
in and of itself; therefore, a preparation phase is required before modeling or applying
machine learning techniques. The practice of organizing and integrating data from multiple
sources in order to make it more useful for data analysis and discovery is known as data
curation. In other words, it is the process of transforming raw data into contextualized
data and knowledge. Data curation has been also defined as “the active and ongoing
management of data through its lifecycle of interest and usefulness” [22]. It encompasses all
of the procedures required for regulated data generation, preservation, and administration,
as well as the ability to add value to data [23].

As data curation is one of the most significant challenges in data analytics, many
organizations and researchers first investigate converting their raw data into useful infor-
mation and knowledge. Data in a variety of sources with different formats (structured to
unstructured) are first stored in a storage repository called Data Lake, which allows the
data analysts to decide afterwards on the data curation [24].

Many studies are now focused on curating the stored data in the Data Lakes and making
this transformation intelligent, e.g., AsterixDB (http://asterixdb.apache.org/) (accessed
on 15 March 2023), Orchestrate (http://orchestrate.io/) (accessed on 1 January 2020), and
CoreKG (http://github.com/unsw-cse-soc/CoreKG) [25] (accessed on 15 March 2023). For
example, recently, Beheshti et al. [25] presented the Knowledge Lake or Contextualized
Data Lake, which automates the curation and preparation of raw data in the Data Lake for
analysis, laying the framework for big data analytics. They created CoreKG, an open-source
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Knowledge Lake service that allows researchers and developers to manage, curate, filter,
and query the data and metadata in the Lake and across time via a single REST API.

2.2. Educational Knowledge

Skills and information acquired via education, practice, or experience are referred
to as knowledge. It is also defined as recognizing a concept in a theoretical or practical
manner [26].

The educational difficulties of the 19th century highlighted the necessity for a learning
knowledge foundation to make changes in the educational systems. It should not include a
philosophical viewpoint, such as behaviorism or pragmatism. Instead, it should represent
theories that explain the impacts on educational learning, research findings condensed into
empirical results, and professional opinions about impacts on educational learning.

A variety of factors would need to be assessed such as student skills, inclinations,
and past accomplishments; teacher personality and attitude in classroom; methods of
teaching and resources; the time spent for teaching and learning; classroom environment;
structure of the curriculum; home, school, and social environment; demographic details of
students; and educational policy in states and districts [27].

The education hierarchy refers to the hierarchical framework that most of the coun-
try’s education system follows, in which students are educated with a comparable set of
information based on their age group and maturity. It is involved with formalized learning
and teaching in an educational system. For instance, the Australian Standard Classification
of Education (ASCED) is an educational hierarchy that consists of two components: fields
of education and level of education [28]. It offers a foundation for similar administration
and analytical data on educational programs and achievements grouped by level and field.

There is also another concept that is highlighted in the literature, the taxonomy of
learning outcomes. It is the process of categorizing educational activities based on the kind
of related learning outcomes. A taxonomy is a categorization system that is organized in a
hierarchical order which is useful to categorize phenomena from a specific classification
standpoint. Educators and educational designers utilize taxonomies to categorize instruc-
tional objectives as well as important evaluation factors to see if the objectives are being
reached or not.

A wide variety of learning taxonomies have been designed to categorize educational
statements [29,30]. Bloom’s and Bloom’s revised taxonomies are two well-known tax-
onomies in education that assist educators to evaluate students’ abilities.

Creativity in Education

Although creativity has always played a big role in human history, in the present
era, due to the rapid change and its link with the concepts of innovation, it has become
doubly important. Thus, creativity and invention have become the key measures of a
country’s success. With the increasing advancement of knowledge and technology and the
widespread flow of information, societies today need training for creative thinking skills
with which they can move forward with developments. Hence, the goal should be to foster
creativity in people from a young age through education.

Despite the recent research on creativity, it has been challenging for academics and
researchers to consent on a definition to define it clearly. Generally, most of the definitions
share two common attributes such as “novelty” and “effectiveness” (or usefulness). It is
stated that an idea or product is creative if it is both novel (original) and useful for others.
In other words, it should add something new and useful to the world that did not exist
before [31]. Hence, due to the most recent and clear definition of creativity, it consists
of three attributes, including “novelty”, “effectiveness”, and “whole”, or NEW for short.
The NEW framework is then introduced to offer a systematic way to evaluate creative
products in education.

There are numerous instruments in the literature to evaluate creativity in education,
such as divergent thinking tests, self-reported creative activities, judgments of products,
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ratings by others, etc. [4]. The set of Torrance Tests of Creativity (TTCT) is one of the
oldest and still popular methods to evaluate creativity as a divergent thinking test method.
The test contains two modes, figural and verbal, to be answered in a limited amount of
time (30–40 min), then the scores from each subtest are combined into an overall score
that covers four dimensions: Fluency, Elaboration, Originality, and Flexibility. Fluency
refers to the amount of produced ideas; Originality refers to the amount of original and
unique ideas; Elaboration is the capacity to elaborate on an idea and add details to it; and
Flexibility is the capacity to generate a wide range of ideas. Another recent research on
creativity measurement was published by Baer J. et al. [32] based on the rating method.
The research is focused on the Consensual Assessment Technique by Teresa Amabile [31].
It has been called the “gold standard” of creativity assessment and may be used to assess
the originality of students’ research ideas or scientific hypotheses, as well as their creative
works and musical compositions, and their poems, essays, and stories.

2.3. Educational Data Modeling

Data modeling is the process of building a data model to be used in an information
system. An information system consists of a database that contains stored data and pro-
grams for collecting, manipulating, and recovering data. Similarly, a data model describes
the type of data to be stored and organized in the database in different formats [33].

Three basic terms and definitions for data modeling are entity, attribute, and relationship:

• Entity: An entity refers to a real-world object such as individuals, products, or organizations.
• Attribute: An attribute is a property of an entity such as age, color, or address.
• Relationship: A relationship is a connection between two entities.

2.3.1. Data Modeling Methods

There are several data modeling methods to organize the data which are suitable for a
specific data structure. The most well-known data models are:

• Hierarchical Data Model: This approach is well suited to situations when the in-
formation collection is based on an actual hierarchy in a tree shape or parent–child
hierarchical structure. The hierarchical model has been used widely in education,
e.g., to measure educational service quality [34], and to evaluate extrinsic and intrinsic
motivation in students [35].

• Network Data Model: This approach enhances the hierarchical data model by enabling
the existence of numerous parent records, which means allowing each child record
to be linked to several parent records. In education, the network model has been
used to, e.g., emphasize the importance of education in environmental protection [36]
and develop a learning network model for higher education consortia formation
and management [37]. Ref. [38] also presented a new framework called Hierarchical
Network Models (HNM) for educational research and developed single-network
statistical network models to multiple networks.

• Relational Data Model: A relational data model consists of a set of tables, recognized
as relations, consisting of rows and columns. This method is the most used data model
in education, e.g., Ref. [39] has introduced a tool that simplified and partially auto-
mated the process of designing relational educational data for students, and Ref. [40]
examined employing relational model as a data analysis and management tool to
study educational environments.

• NoSQL Data Model: Other non-relational or non-SQL models have been developed
such as document model, multivalue model, and graph data model. These three are
prominent examples of the NoSQL data model:

– The Document Model stores and manages semi-structured data or documents
instead of atomic data [41]. For instance, the background educational data gath-
ered from students’ activities using a document model proved to be helpful to
create adaptable educational documents [42].
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– The Multivalue Model allows the attributes to take a list of data instead of a single
point, which makes it different from the relational data model. In education, this
model proved to be useful to make the process of data analysis faster by using
multidimensional arrays of student values [43].

– The Graph Data Model allows any node connection with different structures
coming from various sources of information [44]. This data model has recently
gained popularity in the study of education. In the next subsection, we will
explain the terms and concepts related to this model.

2.3.2. Graph Data Modeling

Graph data is a data structure that is composed of nodes (also called vertices) and
edges (also called links or connections) that represent the relationships and connections
between the nodes. A property as an attribute provides more information about the nodes
and edges. The graph can be classified in various ways. They can be directed/undirected,
weighted/unweighted, or a combination of both [45].

Graph-based visualizations are able to address a wide range of topics from several
fields, including Natural Language Processing (NLP), knowledge discovery, and large
network systems [46]. The knowledge graph is distinguished from other knowledge-based
information systems by its unique integration of the knowledge visualization system,
algorithmic searches, and information management procedures [47].

Although there are several different definitions of a knowledge graph in the literature,
an integrated formulated definition is provided by [48] as follows:

“A knowledge graph is a knowledge base that (1) replicates the model of infor-
mation flow in an organization, (2) stores complex structured and unstructured
knowledge, (3) is presented in the form of entities and relations between them,
(4) covers a multitude of topical domains, (5) acquires and integrates knowledge,
and (6) enables interrelation of arbitrary entities.”

The knowledge graph model is a database that stores information according to a knowl-
edge schema. The knowledge schema supplies the knowledge graph’s basic structure and
builds its meta-layer, as well as defines containers as classes for entities of comparable types.
Posting and interconnecting data on the Web utilizing the Resource Description Framework
(RDF) is one of the approaches to keeping the information in a schema. According to the
RDF standard, developed by the Word Wide Web Consortuim (W3C) in 2019, knowledge
can be depicted using Triples. The Triples include two entities as head and tail and a
predicate that connects them [49]. Figure 1 depicts a Triple with two entities as “Course”
and “Date” and a predicate as “datePublished”.

Figure 1. The structure of a Triple and an example of it.

There are several studies using knowledge graphs to address educational problems.
For example, Ref. [50] proposed KnowEdu, a system to automatically construct knowledge
graphs, using heterogeneous data to extract instructional concepts and identify significant
educational relations. In addition, Ref. [51] presented the design of a scientific publication
management model to integrate scientific metadata based on the knowledge graph and
data analysis technologies. They aimed to improve the effectiveness of scientific retrieval,
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minimize the learning difficulties in the scientific domains, and encourage non-researchers
to use scientific resources in their work.

2.4. Educational Data Mining and Learning Analytics

Recently, Educational Data Mining (EDM) as an application of data mining in ed-
ucation has emerged to improve teaching, learning, and research outcomes. At first, it
was introduced by a few workshops and seminars at Artificial Intelligence in Education
(AIED) conferences and now it has progressed to the point where it now has its community
and societies.

On the subject, there is a substantial and varied body of literature. For example,
Bienkowski et al. (2012) [52] offers a widely referenced study in which they introduce EDM,
as well as its basis, difficulties, and implications. There are also several books and paper
surveys that present applicability, approaches, and the state of the art in EDM [8,53,54].

The application of EDM techniques includes a number of processes. The steps that
should be taken in this process are as follows [55]: (1) Designing a plan and identifying the
necessary data, (2) Extracting the data from available educational environments, (3) Cu-
rating the extracted data since it might originate from a range of sources with different
formats, (4) Applying EDM methods to create models/patterns, and (5) Interpreting the
models/patterns. In case of inconclusive outcomes, after making changes to the teach-
ing/learning method or the study design, the analysis will be repeated. This might happen
due to not properly addressing the problem, inadequate or unsuitable input of raw data,
or choosing methods that are not powerful.

There is another related community called Learning Analytics (LA) which shares
a common interest with EDM in the way educational data has the potential to make a
difference in terms of learning outcomes. It was initially defined as follows: “Learning
analytics is the measurement, collection, analysis, and reporting of data about learners
and their contexts, for the purposes of understanding and optimizing learning and the
environments in which it occurs” in the first International Conference on LA, held in
Canada in 2011 [56].

There is a substantial and diverse collection of literature on LA. For, example, Larusson
(2014) [57] is a popular book on LA contains the most up-to-date concepts, research,
methods, techniques, and case studies. It helps the readers find out how to: (a) improve
the performance of students and educators; (b) increase student comprehension of course
content; (c) identify and respond to the needs of students who need help; (d) enhance
grading accuracy; (e) enable institutions to make better use of their resources; and (f) allow
educators to evaluate and improve their own abilities.

The application process of LA is similar to EDM and the steps for testing a hypoth-
esis linked to the learning/teaching process are the same as for EDM. It consists of data
extraction from relevant educational environments, preprocessing extracted data, and ap-
plying numerical/computational methods to help educators or psychologist to interpret
the outcomes and make decisions.

2.4.1. Common Methods in EDM and LA

The communities of EDM and LA are both interested in exploring new methods to
enhance the research on big educational data. Furthermore, there are differences in terms
of the research questions, methods and techniques, and focuses; the two areas have a lot
in common both in goals and the methodologies and strategies employed throughout
the research [58]. They can be seen as an intersection of three areas: Education, Statistics,
and Computer Science.

The EDM/LA process is a cycle of data mining and knowledge discovery which is
involved with students, instructors or academic authorities, and educational environments
to produce educational data and ultimately new knowledge. This new knowledge is
gained by EDM and LA methods and will be used again by students and instructors in the
process [8]. The majority of methods pertinent to educational data are used both in EDM
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and LA. The most popular methods are (1) clustering, (2) prediction, (3) social network
analysis, (4) outlier detection, (5) casual mining, (6) process mining, (7) relationship mining,
and (8) text mining. There is also prominent research around discovery with models and
distillation of data for human judgment [56,59,60].

2.4.2. Creativity Assessment Using EDM/LA

Although much has been investigated regarding EDM and LA in education and stu-
dent assessment, there is little study on creativity assessment using EDM or LA. However,
there is some research around cognitive processes such as creative thinking and problem-
solving skills [61–64]. For example, Yu [64] performed rule extraction using a rough set
as a data mining tool to find the rules between scientific creativity and effective creativity.
Deng et al. [61] designed a framework for frequent pattern mining using cognitive-based
big data analytics. They claim that the discovered patterns assist in the (i) production
or extraction of useful knowledge; (ii) identification of behavior and attitude of users;
(iii) comprehension of inference, correlation, inference transmission, and interchange of
ideas; and (iv) formulation of suitable decisions and responses.

Singelmann et al. [63] tried to learn more about the way students solve open-ended
questions in an engineering course at the graduate level. They asked all students to submit
their own products and accompanying project requirements into an online portal. In this
way, they are able to check their progress, and then, by applying clustering algorithms, four
clusters appeared. The clusters include Surface Level, Surveyors, Learners, and Innovators.
Three taxonomy of learning such as Webb’s Depth of Knowledge, Bloom’s taxonomy,
and Cynefin Framework have been used to define those clusters. By observing which
students fell into which groups, how they moved among the clusters, and key phrases
associated with each cluster, they were able to gain a better understanding of how students
confront the creative process. This research gives a clearer picture of the way students
develop and find solutions, paving the way for improvements in customized learning,
group matching, and even evaluation.

Another study [62] investigated the cognitive processes of children by a creativity test
using data mining techniques. In this study, they asked 95 fifth-grade students to think
and apply scientific facts. A sample board was provided to students to draw as many
paths as feasible. The students were also instructed to utilize the fewest possible number
of mirrors to hit the target. This variation on the conventional creativity tests allows
students to demonstrate their fluency as well as creative thinking. In this experiment,
students’ drawings were coded and analyzed using the association rules mining approach
to investigate links between different types of optical paths and to determine students’
cognitive abilities in comparison to traditional assessment instruments.

2.5. Summary and Added Value

We examined the current state of the art in education for recognizing and fostering
creativity in this part. This is followed by a discussion of some well-known methods
including Educational Knowledge, Educational Data Modeling, and EDM/LA techniques.
In Educational Knowledge, we focused on the concepts of knowledge hierarchy and taxon-
omy and introduced the traditional methods for creativity assessment. Next, different data
models are explored and we discuss how these models, specifically graph data modeling,
are used in the education domain. Finally, a comprehensive overview of data mining in
education and learning analytics is presented, encompassing the disclosure of common
EDM/LA techniques and an explanation of significant publications related to the detection
of creative thinking patterns.

Table 1 shows the publications in the literature. The majority of the papers we re-
viewed were released recently in prominent peer-reviewed journals (e.g., ACM, IEEE,
Elsevier, and Springer) and international conferences (e.g., ACM, IEEE, and VLDB) in
the domains of education, artificial intelligence, big data in education, and educational
technology. We also looked at older publications (before 2010) which are mostly relevant to
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Educational Knowledge to provide the evolutionary pattern of definitions and methods
relevant to creativity.

In this study, we leverage to address the inherent flaws in the algorithmic approaches
by using a rule-based pattern mining technique as a declarative alternative. The approach,
as an extended version of our previously published work [11], has relied on the knowledge
of education experts and focuses on facilitating the mining creative thinking patterns from
contextualized data and knowledge.

Table 1. The publications of the three research areas in the literature: Educational Knowledge,
Educational Data Modeling, and EDM/LA.

Domain Description Publications

Educational Knowl-
edge

Using traditional tools and techniques for measur-
ing and detecting creativity.

The Torrance Tests of Creativity (TTCT) [2], gold
standard of creativity assessment [32], self-report
measures of creativity [3], and judgment of prod-
ucts [65].

Educational Data
Modeling

Organizing the educational data in a way that is
suitable for a specific data structure.

Hierarchical Data Model [34], Network Data
Model [36], Object-oriented Data Model [66], Re-
lational Data Model [39], and NoSQL Data Mod-
els [41–44,50,51].

EDM/LA

A cycle of data mining and knowledge discovery
which is involved with students, instructors or aca-
demic authorities, and educational environments
to produce educational data and ultimately new
knowledge.

Frequent pattern mining using cognitive-based big
data analytics [61], rule extraction using a data
mining tool [64], clustering students for problem-
solving skill [63], and associate rule mining to in-
vestigate on cognitive processes [62].

3. Mining Creative Thinking Patterns from Contextualized Educational Data

This section provides a detailed explanation of the proposed model. We put the first
step towards formalizing the educational knowledge by constructing a domain-specific
KB to identify essential concepts, facts, and assumptions in identifying creative patterns.
We introduce a pipeline to contextualize the raw educational data, such as assessments
and class activities. Finally, we present a rule-based approach to learning from the KB,
and facilitate mining creative thinking patterns from contextualized data and knowledge.
Figure 2 illustrates the proposed model, including the data curation, feature selection,
domain-specific KB, and linking components.

3.1. Data Curation

In this step, we leverage the state of the art in data curation [24] to turn the raw educa-
tional data into contextualized data and knowledge. As shown in Figure 2, the curation
pipeline includes cleaning, extraction, and enriching phases. For example, considering a stu-
dent’s assessment as raw data, the curation pipeline will (i) clean raw data, by identifying
and correcting inaccurate or corrupt information, such as missing, erroneous, or irrelevant
data, and then correcting them; (ii) extract features (such as keywords, entities, named
entities, topics, part of speech) from the contents; and (iii) enrich the extracted features
with synonyms, stems, and similar keywords and entities to make them ready for feature
selection and further analysis.

3.2. Feature Selection

Reducing the dimensionality of data has multiple benefits, which make the dataset less
complex and thus easier to work on. Models are also less prone to overfit on a dataset with
fewer dimensions. The simplest technique to minimize dimensionality is to choose only
the key features from a huge dataset. Since it is critical to find which features significantly
influence the pattern discovery process, the features will be selected from the enriched
data. We aim to employ several types of features in education, including: (i) Demographic
data, which contains information about the characteristics of students such as age, gender,
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and class attendance; (ii) Achievement data, which contains information about student
achievement and learning outcomes such as test scores, homework, and class-based scores;
and (iii) Program data, which contains information about a school’s programs such as its
academic programs, teacher training and experience, and extracurricular programming.

Figure 2. An overview of the proposed model.

3.3. Domain-Specific KB

The next important step here is to imitate the knowledge of education experts into an
Educational KB, which provides a rich structure of relevant entities, semantics, and relation-
ships among them. A Domain Knowledge (DK) is a taxonomy of concepts, sub-concepts,
and their relationships. In the next section, we focus on a motivating scenario in the
education domain and present the construction of such Domain Knowledge.

3.4. Educational Knowledge Graph

As introduced in Section 2.3.2, a Knowledge Graph is a set of interconnected entity
descriptions (real-world objects or concepts) that combines characteristics of other data
management systems like graph databases. It is basically a knowledge base that has
been made machine-readable using logically coherent, connected graphs that form an
interconnected set of facts [67]. RDF-based knowledge graphs [68] are the best foundation
for data integration and unification in this context. RDF or Resource Description Framework
is made to model schemaless databases for the Semantic Web flexibly. Its structure is based
on triples, each of which is made up of three entities that formalize semantic data in the
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form of the subject→ predicate→ object. A triple also referred to as ‘statements’ or ‘RDF
statements’, which signifies a relationship between subject and object predicate captures.
As a result, a directed graph, with nodes representing subjects and objects, and edges
representing predicates, can be used to describe a set of triples [69]. For example, the RDF
statement ‘Sara submitted homework’ can be defined in a triplestore and explains the
relationship between the sentence’s subject, “Sara” and the object, “homework”. The
predicate “submitted” expresses the relationship between the subject and the object. As a
graph database, triplestore stores data as a network of objects connected by materialized
connections. As a result, RDF triplestores are the best option for organizing heavily
interrelated data.

In this study, based on the aforementioned facts, to extract insight from the contex-
tualized data, we construct an RDF-based Graph to represent the knowledge hidden in
the contextualized data (i.e., the result of the proposed data curation pipeline). We call
this graph the Educational Knowledge Graph (eKG). Let R = (Ent, Rel) be an RDF graph
where Ent is a set of entities and Rel is a set of relationship labels. LetG = (V, E) be
an Entity–Relationship (ER) attributed graph where V is a set of nodes and E is a set of
ordered pairs called edges. An ER graph GeKG = (VG, fEnt, ERel) where V is a set of nodes,
fEnt : VG → ERel is an injective function, and ERel is a set of labeled edges. GeKG with n
number of entities is defined as GeKG ∈ R, VG = V, and ER ∈ Rel. The graph is viewed
as a directed graph since it is always possible to interpret the direction of a relationship
between two entities in the opposite direction.

The eKG is composed of entities and relationships among them. An entity is a real-
world object that has unique existence and can be distinguished from other objects by
physical (e.g., a teacher, a student) or conceptual (e.g., a course, a task) existence. They are
defined by a set of attributes, e.g., name, age, and gender. A relationship can be defined
as a directed link between two or more entities that are defined by a predicate based
on the attributes of the entities. We model the featured data as a graph of typed nodes
and edges (relationships). The upper part of the Figure 2 depicts a small fragment of a
knowledge graph, showing possible relationships between objects in an educational setting.
(A comprehensive example of entities and their relationships is presented in Section 4.1.)
The entities and relationships create different types of triples. A few examples of the triples
depicted in the graph are described as follows:

• Assessment
graded−by[Timestamp]−−−−−−−−−−−−→ Person: States that an assessment (e.g., homework) is

graded by a person (e.g., a teacher).

• Person
debated−with[Timestamp]←−−−−−−−−−−−−→ Person: States that two people debated over a topic (e.g.,

a teacher and a student debated with each other).

• Assessment
grade−is[Timestamp]−−−−−−−−−−−→ Grade: States the grade of an assessment.

• Person
submitted[Timestamp]−−−−−−−−−−−→ Assessment: States that a person (e.g., a student) submitted

an assessment.
• Person

volunteered−to−join[Timestamp]−−−−−−−−−−−−−−−−−→ Society: States that a person (e.g., a student) is vol-
unteered to join a society (e.g., a student society).

The Educational Knowledge Graph will make it easier to find, evaluate, and commu-
nicate essential patterns in educational data, allowing us to investigate the possibilities for
better understanding and evaluating student behavior and performance.

3.5. Rule-Based Insight Discovery

The final step is to derive relevant insights from the data in order to reach a consensus.
Insight discovery is the process of extracting evidence from data to help analysts obtain
precise and in-depth insight into a specific analytic purpose. To this end, we perform
user-guided insight discovery [24] to facilitate the insight discovery process and link
extracted featured items to the entities in the domain-specific knowledge by using a simple
rule language.
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Many of the flaws inherent in algorithmic approaches can be addressed using rule-
based techniques as a declarative alternative. Algorithms are suitable for tackling particular
tasks, but datasets are huge and changing all the time in reality. There are various ad-
vantages of using rule-based techniques over algorithmic designs, such as being easier to
produce, faster for correcting errors, and wider coverage of cases [24]. Generally, rules can
be defined as follows:

< Rule >::=< Dataset > . < f eature > . f eature(< string|integer|boolean >) (1)

However, the rules can become more complicated by using conjunction and/or dis-
junction of additional rules. Ultimately, an IF. . . THEN rule can be used to assign a tag and
link the extracted featured items to the domain knowledge entities. For example, to identify
a creativity pattern (e.g., Using Wide Categories) in a student, two rules can be defined and
connected to flag a tag, as shown in Equation (2).

〈Rule1〉 = Student(ID).classActivity(Type).debated[int]
〈Rule2〉 = Student(ID).classActivity(Type).askedQ[int]
IF〈Rule1〉AND〈Rule2〉
THEN
TAG[Student, Creativity.Cognitive.wideCategries(True)]

(2)

Querying RDF Graph. To enable rule-based querying of the RDF stores in the Edu-
cational Knowledge Graph, we intend to use the SPARQL query language for analyzing
and organizing the extracted–enriched data and linked features. SPARQL is an SQL-like
edge-based query language for RDFs that will be used on top of a graph to search through
the nodes and edges [70]. A SPARQL query Q is defined as a tuple Q = (AE, DS, OR).
It is built around an algebra expression AE that evaluates an RDF graph in a dataset DS.
AE is made up of several graph patterns that can include solution modifiers, including
LIMIT, ORDER BY, DISTINCT, and PROJECTION. The outcomes of the matching process
are handled using the operation result OR (e.g., CONSTRUCT, SELECT, ASK, FILTER,
DESCRIBE). A basic SPARQL query has the following format:

select ?variable1 ?variable2 ...
where { pattern1. pattern2. ... }

Each pattern has three parts: subject, predicate, and object, which can all be variables
or literals. The known literals are specified in the query, while the unknowns are left as
variables. To answer a query we should locate all potential variable bindings that meet the
given patterns. The ‘@’ indication is used to identify attribute edges from the relationship
edges between graph nodes. Example 5 presents a sample graph-level query. The triple
pattern t is the most straightforward graph pattern specified in SPARQL. The subject,
predicate, and object variables can be used in a triple pattern analogous to an RDF triple.
Triple patterns, like triples, can be represented as directed graphs. Hence, a SPARQL query
is frequently cited as a graph pattern matching problem [71].

t ∈ TP = (RDF− T ∪V)× (I ∪V)× (RDF− T ∪V) (3)

where RDF-T denotes the set of RDF terms, I denotes a set of IRIs, and V denotes a set of
variables. A basic graph pattern BGP = {t1 . . . tn} is defined as a set of triple patterns with
t1 . . . tn ∈ TP. If all of the enclosed triple patterns match, it matches a subgraph. Value
constraints (FILTER) and other graph patterns can be combined with basic graph patterns.
Basic graph patterns and value constraints are evaluated in a non-ordered manner. This
indicates that a structure consisting of two basic graph patterns BGP1 and BGP2 controlled
by constraint C could be converted into a single equivalent basic graph pattern followed by
a constraint. Filtered basic graph patterns referred to as FBGP are basic graph patterns that
have been modified by one or more constraints.
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4. Experiment

In this section, we demonstrate and evaluate the outcomes of the proposed method and
examine how this method can be used to mine patterns of creativity in individuals. We first
discuss a motivating educational scenario to clarify our approach toward mining creativity
patterns. Next, we provide detailed information on the input data and experimental setting,
present the experimental results, and finally explain how the results are evaluated.

4.1. Motivating Scenario

Creativity is seen as a fundamental quality that children today must possess in order
to excel in school and their career [72]. From big-picture planning to rigorous organizing,
this 21st-century talent empowers students to express their inherent strengths. They learn
about their creativity as well as how to use it in a healthy and effective manner.

The motivating scenario focuses on detecting creativity patterns in students to help
teachers find creative students in the classroom. They can also find struggling students and
plan for fostering creativity in those. For example, the plan would be to detect motivated,
creative students and get help from them to lead groups of students and share their
knowledge with others. The goal of creativity is to inspire students to think outside of the
box. To facilitate discovering patterns of creativity in students, we propose three steps:

4.1.1. Use Case 1: Imitating the Knowledge of Experts in Education

The initial phase in the pattern discovery is building a KB by imitating the knowledge
of education experts who have the best knowledge in education and students’ skills. The KB
consists of a set of concepts organized into an educational taxonomy, instances for each
concept, and relationships among them. We explain the techniques we used to construct
the KB domain knowledge.

We spent several months studying major articles and books in education and cognitive
research in order to compile a list of the significant notions of creativity and their sub-
concepts. We based our work on the publication series of Teresa Amabile [31] and Bloom’s
taxonomies [29] in combination with other major works exploring the instances of creativ-
ity [73–75]. We finally formalized them with the help of an expert in education and created
a creativity taxonomy shown in Figure 3. The main concepts of the taxonomy are identified
as follows:

(i) General Cognitive Thinking Skills: The mental processes involved in gaining
knowledge and comprehension. These cognitive thinking processes include idea-
generating, remembering, using wide categories, and problem-finding skills.

(ii) Domain-relevant Skills and Concepts: The amount to which a person’s product or
reaction will outperform past responses in the domain is determined by his or her
usage of creativity-relevant abilities. It includes expertise, knowledge, technical
skills, intelligence, and talent in the particular domain.

(iii) Affective, Disposition, and Motivation: Affective and Disposition include the ways
in which students deal with external and internal phenomena emotionally such as
self-efficacy, independence, curiosity, and commitment. Furthermore, motivation
encompasses both intrinsic and extrinsic factors such as passion, challenge, interest,
enjoyment, and satisfaction.
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Figure 3. A fragment of the Educational Knowledge Base focusing on creativity concepts.

4.1.2. Use Case 2: Educational Knowledge Graph

As explained in Section 3.4, an RDF graph was built from the extracted features.
The graph consists of two components, entity and relationship, which together create
triples of instances. The entities are real-world objects with a distinctive physical (e.g.,
a teacher, a student) and conceptual (e.g., a course, a task) identity that distinguishes
them from other objects. They are defined by a set of attributes, e.g., name, age, gender,
nationality, and student ID. In our scenario, entities have name types such as School, Person,
Course, Training Course, Competition, Assessment, Question Block, Tool, Document,
Task, Student Society, Time, Typography Error, Assessment Score, Word-count, Keyword,
and Sentiment Analysis.

Relationships that are directed links between entities can be defined by a predicate
based on the attributes of the entities. Different types of triples that are shown in Figure 4
are described as follows:

• Course
taught−by[Timestamp]−−−−−−−−−−−→ Person: States that a course (e.g., Math) is taught by a person

(e.g., a teacher).

• Person
submitted[Timestamp]−−−−−−−−−−−→ Assignment: States that a person (e.g., a student) submitted

his/her assignment (e.g., a homework).

• Person
debated−with[Timestamp]−−−−−−−−−−−−−→ Person: States that two persons debated.

• Person
volunteered−to−help[Timestamp]−−−−−−−−−−−−−−−−−→ Person: States that a person (e.g., a student) volun-

teered to help another person.

• Assessment contains−−−−→ QuestionBlock: States that an assessment (e.g., an online math
test) contains a question block (e.g., fill-in question, multiple choice).

• Assessment
graded−by[Timestamp]−−−−−−−−−−−−→ person: States that an assessment (e.g., an online Math

test) is graded by a person (e.g., a teacher).

• QuestionBlock contains−−−−→ Keyword: States that a question block of an assignment (e.g.,
a homework) contains desired keywords relevant to the context.
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• Person
volunteered−to−join[Timestamp]−−−−−−−−−−−−−−−−−→ StudentCommunity: States that a person (e.g., a stu-

dent) volunteered to join a student community (e.g., Math community of students)

• QuestionBlock
completed−in[Timestamp]−−−−−−−−−−−−−→ Time: States that a question block of an assessment

is completed in a specific amount of time (e.g., 2 min or 120 s).

• Person
volunteered−to−participate[Timestamp]−−−−−−−−−−−−−−−−−−−−→ TrainingCourse: States that a person (e.g., a stu-

dent) volunteered to participate in a training course (e.g., MATLAB programming).

Figure 4. A canonical graph of the possible relationship between objects in an educational setting.

4.1.3. Use Case 3: Linking the Knowledge Base to the Knowledge Graph

We performed a user-guided insight discovery task to analyze the knowledge graph
and identify creativity patterns related to each student node. In this step, we linked the
extracted features to the concepts of creativity in the eKB. To this end, we received help
from educational experts and defined a set of rules for each pattern to guide the process of
finding related subgraphs. For example, three extracted subgraphs and related rules are
depicted in Figure 5.

4.2. Dataset

We used a Kaggle public educational dataset (https://www.kaggle.com/aljarah/
xAPI-Edu-Data) (accessed on 15 March 2023), which is gathered via a learner activity
tracker tool (xAPI). The xAPI is a part of the Training and Learning Architecture (TLA)
that allows tracking of the learners’ progress and activities, such as reading, watching,
and viewing learning materials. The dataset contains information about 480 students with
16 features which are divided into three groups: (1) Academic background features such as
educational level, section, and stage; (2) Behavioral features including the number of raised
hands in class, involved discussions, and visiting resources; and (3) Demographic features
such as nationality, gender, and age.

https://www.kaggle.com/aljarah/xAPI-Edu-Data
https://www.kaggle.com/aljarah/xAPI-Edu-Data
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Figure 5. Three examples of the creativity rules and their related patterns: Strong Memory, Using
Wide Categories, and Motivation.

The dataset is composed of 175 females and 305 males between 7 and 18 years of age.
The students are from various countries (e.g., USA, Morocco, Iran, and Venezuela) with
different backgrounds and levels of education. The data was gathered over the course of
two academic semesters and contains a school attendance feature, in which students are
divided into two groups based on the number of days they are absent (under seven days
and above seven days). This dataset also includes features related to students’ behavior in
the class (e.g., raising a hand, discussion, and visiting resources) in different courses (e.g.,
IT, Maths, English) during a semester. Based on their overall mark, students are divided
into three numerical ranges: Low-Level (marks between 0 to 69), Middle-Level (marks
between 70 to 89), and High-Level (marks between 90 to 100).

4.3. Experimental Setting

The experiments were performed on two platforms: Google Colab and GraphDB
graph database. We used Python 3.10.0, Pandas 1.3.4, Neworkx 2.6.2, and rdflib 6.0.1 for
building the RDF. The .ttl (Turtle RDF graph) version of the graph model was then imported
to the GraphDB environment to perform SPARQL queries.

4.4. Experimental Results
Preprocessing and Feature Selection

After importing the mentioned dataset into our database, we performed some prepro-
cessing tasks such as data cleaning, removing noisy inputs to avoid errors, and renaming
the column names and instances to make the graph and queries more readable. Then
we selected the features that are most relevant to our approach such as the number of
Raised hands, Visiting learning materials, Visiting announcements, Participating in debates,
Absence days, and their Scores in different semesters. Figure 6 shows the first five rows of
the selected features. Since the data is anonymized, the students are identified by numbers
and indexes.

Figure 6. First five rows of the dataset after feature selection.
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4.5. Building the Knowledge Graph

The next step is to build an RDF graph out of the selected features with their relevant
attributes (e.g., Gender, Place of birth, and Grade). The entities and relationships of the
RDF subgraph are listed as follows (for Student1):

@prefix ns1: <http://www.example.org/>.
ns1:Student1 ns1:AnnouncementsView 2;
ns1:Student1 ns1:Discussion 20;
ns1:Student1 ns1:EnrolledIn ns1:IT;
ns1:Student1 ns1:Score ns1:Middle-Level;
ns1:Student1 ns1:Semester ns1:Semester1;
ns1:Student1 ns1:StudentAbsenceDays ns1:Under-7;
ns1:Student1 ns1:VisITedResources 16;
ns1:Student1 ns1:raisedhands 15.

The completed graph is then saved in .ttl format to be imported into a graph database.
To query this huge graph, we make use of SPARQL queries to organize the data and
extracted features.

4.6. Linking the Graph to the KB

To link the constructed RDF graph to the Educational KB (as explained in Section 4.1),
we define a set of rules to be implemented on top of the RDF graph repository. As a result,
students that follow the rules are shown in the result of the queries.

For instance, three rules are applied across the graph, including those about brain-
storming, having a great memory, and a lack of motivation. Brainstorming is a concept
related to the “Using Wide Categories” concept under “General cognitive thinking skill”.
A strong memory is also a concept related to the “Strong Memory” concept under “General
cognitive thinking skill”. Furthermore, Motivation is the central concept of creativity that
can be found in the creativity hierarchy under the name of “Intrinsic Motivation”.

The related SPARQL queries with their node results are shown in Figure 7. The queries
are specifically looking for creative students enrolled in the Math class in Middle School
during either semester 1 or 2. As you can see, only four students showed the pattern of
“Strong Memory” in their behavior. This rule involves the students’ marks and the number
of visiting resources. Students who gained high marks in their assessments and visited
resources lower than 20 times (in comparison with others) during a semester are considered
to have a strong memory. It is specifically important in Math, Science, and IT courses.

Ten students showed the pattern of “Using Wide Categories” in their behavior. This
rule involves the number of asking questions and discussions in groups. Moreover, two
students did not show a pattern of “Motivation” in their behavior. This rule involves
attending classes and viewing announcements to participate in different events.

The integer values that are considered in the queries are all derived from the education
experts’ deduction of the students’ comparable metrics.
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Figure 7. The SPARQL queries and their results for finding students with three creativity patterns:
Strong Memory, Using Wide Categories, and Motivation patterns.

5. Evaluation

To evaluate the correctness of the model, we carried out a user study. In this study, we
tried to validate the following hypotheses:

• H1: The components of the KB are relevant to creativity.
• H2: The designed rules for pattern mining are useful and relevant to creativity patterns.
• H3: The query results are reasonable and show a successful link between the KB and

educational data.

5.1. Experiment Setup

The experiment was done in a controlled environment to examine our approach. The
participants were mostly chosen among academics and students doing research at a research
lab with different backgrounds. Hence, among 10 participants, some had strong knowledge
in education and cognitive science, some had computing domain expertise, and others
had both. This diversity of participants allowed for a broader range of perspectives and
opinions to be brought to the study, which can help to make the findings more robust and
generalizable to a wider population. Additionally, the use of participants with different
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backgrounds can help to identify any potential limitations or biases that might be present
in the approach being studied.

We first instructed participants about the educational motivating scenario and demon-
strated the functionality of the model through a presentation in the following order:

1. Imitating the Knowledge of Educational Experts: We first underlined the impor-
tance of building the KB and how this helped us to link related information in the
educational data and components of creativity in education.

2. Data Contextualization: We explained how using existing data curation techniques
helped us create enriched-contextualized data and knowledge.

3. Linking Data and Finding Patterns: We presented a fragment of the data in a visualized
graph-based format to be easily understood. We also demonstrated the results and
implemented the defined rules for each creativity pattern.

5.2. Questionnaire

We prepared a questionnaire and shared it with the participants to examine the study’s
hypotheses. The questionnaire consisted of four parts having multiple choice questions
and participants were instructed to only choose one option based on their interpretation.
With each of the participants, we asked them to rate the relevancy of the hypotheses using
a Likert scale system which uses a five-point scale to allow the participant to express their
opinion (5: Strongly relevant, 4: Relevant, 3: Neutral, 2: Weakly relevant, 1: irrelevant).

The first part of the questionnaire was about participants’ demographic and back-
ground information and the rest was designed to evaluate the H1, H2, and H3 hypotheses.
The questionnaire was designed via Google Forms and a few snapshots can be found
in Figure 8 for evaluating the “Using Wide Categories” creativity pattern. In this sur-
vey, we provided definitions and hints for the participants and guided them through the
whole process.

5.3. Experiment Results

The results of the evaluation can be seen in Figure 9:

• Evaluation of H1: H1 assumes that the components of the KB are relevant to creativity.
Figure 9a indicates that overall all the participants found that the linked concepts in
the KB are relevant to creativity as a skill in education. Concepts such as “Using Wide
Categories”, “Strong Memory”, and “Motivation” have been investigated and rated
by participants. All the participants found the concepts either strongly relevant or
relevant to creativity.

• Evaluation of H2: H2 states that the designed rules for pattern mining are useful and
relevant to creativity patterns. Figure 9b indicates that overall all the participants
except one found the rules relevant to “Using Wide Categories”, “Strong Memory”,
and “Motivation” concepts in the taxonomy. Except for one, all the participants found
the rules either strongly relevant or relevant to creativity.

• Evaluation of H3: H3 supposes the results of the query are reasonable and show a
successful link between the KB and educational data. Figure 9c indicates that, overall,
all the participants except one found that the model was successful in detecting those
creativity patterns in the students. Except for one, all the participants found the results
either strongly relevant or relevant to creativity.
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(a) (b)

(c) (d)

Figure 8. Examples of the questionnaire. (a) Demographic questions. (b) Evaluation of H1 for the
“using a wide range of categories” creativity pattern. (c) Evaluation of H2 for the “using wide range
of categories” creativity pattern. (d) Evaluation of H3.

Figure 9. Evaluation of the hypotheses using the data acquired throughout the user study: (a) Eval-
uation of the concepts in the KB, (b) Evaluation of the defined rules, and (c) Evaluation of the
final results.
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5.4. Discussion

The results suggest that the application of the rules to the RDF graph repository
can effectively identify creative students in a specific class and semester. Furthermore,
the specific rules related to cognitive thinking skills and intrinsic motivation can provide
insight into the characteristics of creative students in the educational domain. However, it
is important to note that the results are based on specific metrics derived from the education
experts’ deductions and may not be generalizable to other domains or contexts.

Overall, the results section of the paper provides valuable information on the imple-
mentation and effectiveness of the rules in identifying creative students in the educational
domain. Further discussion and interpretation of the results can provide insights into the
characteristics of creative students and inform future research and educational practices.

There are a few challenges towards the validity of the results; hence, the findings of
our study may not be regarded as definitive. They do, however, hint at a number of trends:

• The findings of the user study support hypotheses H1, H2, and H3. However, regard-
ing H2, the rule-based pattern mining techniques require future improvement to gain
a higher score in the evaluation.

• The assigned timeframe for training the most of participants seems to be adequate
except for two with no background in computing and education. Eight out of ten
participants successfully completed all four sections of the questionnaire in less than
half an hour. Those participants with other backgrounds struggled to understand the
related concepts and technical concepts. Hence, the training should be improved for
future study cases.

• Based on our findings, mainly education experts with knowledge, expertise, and interest
in education and computing found our approach valid and confirmed the hypotheses.

Hence, based on the participants’ feedback and the lessons learned, some future im-
provements could be considered for the approach. The motivation of participants, time
pressure and training, and definition of the rules are important indicators that have a sig-
nificant impact on the final evaluation results. In addition, we elaborated on implementing
the knowledge of experts in the field and evaluating the correctness of the results relied on
their opinion. However, in order to improve the evaluation, it is suggested to carry out a
well-established traditional creativity assessment (e.g., the Torrance test) and compare the
results with the current study. As future work, we intend to provide such an environment
and compare the outcomes.

6. Conclusions and Future Work

Creativity is becoming a priority in the educational sector as it promotes cognitive
complexity. Creativity requires extensive knowledge as well as the ability to use it effec-
tively. Being creative entails experimenting with new possibilities in the pursuit of desired
outcomes utilizing an existing set of knowledge or skills in a specific subject or setting. It
takes time to develop and the process is more effective if students have certain knowledge
and skills. The education system must provide both policy and educational methods to
support students in gaining the required knowledge in their field of study. Teachers here
can support creativity in their students by considering the ways that help students use
their knowledge and come up with creative products. In the creative process, students
require ongoing guidance and training. However, before providing personalized training,
it is needed to first detect creativity patterns in students.

In this study, a data-driven technique is provided to relate students’ behavior to
creative thinking patterns and assist instructors to understand them from students’ activities
and assessment tasks. We concentrated on understanding the big educational data, used
existing data curation techniques to turn the raw educational data into contextualized data
and knowledge, built a domain-specific KB by leveraging the knowledge of education
experts, and linked the contextualized data to the KB using a rule-based technique. As a
result, we facilitated mining creative thinking patterns from contextualized data and
knowledge and made it possible for educators to find students with creative thinking
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patterns. We also evaluated our approach through a user study, relying on the knowledge
of education experts. Regarding the information provided in this study, several strategies
might be used to enhance the performance of the proposed method. This section lays
out a plan to identify how these strategies may impact the system’s performance in the
future, as well as how they could be applied to the application of pattern mining within the
education sector.

6.1. Artificial Intelligence (AI)

A potential future work for this research could be to explore the use of Generative
Artificial Intelligence (AI) to enhance the identification and mining of creativity patterns
from educational big data. This could involve developing new models and algorithms
that leverage the power of Generative AI to generate novel and valuable ideas by ana-
lyzing large amounts of educational data. Another potential direction for future research
could be to investigate the impact of integrating Generative AI-based creativity tools and
techniques into the classroom on student motivation, engagement, and learning outcomes.
Furthermore, exploring the ethical implications and challenges associated with the use of
Generative AI in education could also be a valuable area of investigation for future work.

6.2. Designing a Framework for Continuous Monitoring of Students’ Performance

As students’ attributes and features change over time, it is crucial for educators to have
a framework in place to track and monitor their performance. Attributes such as age, level,
grade, attendance, participation in discussions, scores, and volunteering can significantly
impact a student’s progress. To ensure that educators can detect any changes in patterns,
it is necessary to have a dashboard that considers all relevant features over time. This
dashboard can generate alerts that notify educators when action is needed. By visualizing
the student’s profile, educators can track their progress, behavior, and performance, and
plan their education accordingly.

6.3. Using Association Rule Mining to Discover Relationships among Educational Features

Utilizing the associate rule mining technique can help reveal the relationships among
educational features and uncover patterns, correlations, or commonalities among groupings
of components or items in educational datasets. As a next step, we plan to implement
the associate rule mining technique to identify significant relationships among important
features in the process of identifying creativity patterns. This approach can automate the
creation of rules and minimize the need for manual efforts.

6.4. Exploring Key Patterns of Creativity

In this study, we focused on identifying three patterns of creativity: “using a wide
range of categories”, “strong memory”, and “motivation”. However, to comprehensively
evaluate students’ creativity, it is essential to investigate other key patterns as well. These
include “self-esteem”, “social poise”, and “suspend judgment”. To complete our investi-
gation, we plan to expand our model and improve data integration. This will allow us to
identify and evaluate these patterns of creativity more effectively.
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