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Abstract: As artificial intelligence (AI) and data science education gain importance in K-12 curricula,
there is a growing need for well-designed sustainable educational datasets tailored to different school
levels. Sustainable datasets should be reusable, adaptable, and accessible to support long-term Al and
data science education goals. However, research on the systematic categorization of difficulty levels
in educational datasets is limited. This study aims to address this gap by developing a framework
for sustainable educational dataset standards based on learners” developmental stages and data
preprocessing requirements. The proposed framework consists of five levels: Level 1 (grades 1-4),
where data preprocessing is unnecessary; Level 2 (grades 5-6), involving basic data cleaning; Level
3 (grades 7-9), requiring attribute manipulation; Level 4 (grades 10-12), involving feature merging
and advanced preprocessing; and Level 5 (teachers/adults), requiring the entire data science process.
An expert validity survey was conducted with 22 elementary and secondary school teachers holding
advanced degrees in Al education. The results showed high validity for Levels 1-4 but relatively
lower validity for Level 5, suggesting the need for separate training and resources for teachers.
Based on the CVR results and expert feedback, the standards for Educational Datasets were revised,
particularly for Stage 5, which targets teachers and adult learners. The findings highlight the impor-
tance of expert validation, step-by-step experiences, and an interdisciplinary approach in developing
educational datasets. This study contributes to the theoretical understanding of educational datasets
and provides practical implications for teachers, students, educational institutions, and policymakers
in implementing effective and sustainable Al and data science education in K-12 settings, ultimately
fostering a more sustainable future.

Keywords: artificial intelligence; data science; sustainable education; Al education; data science
education; educational datasets; expert validity; K-12 education

1. Introduction

Al is rapidly developing and having a massive impact on our lives [1,2]. Al has
the potential to drive significant advancements in sustainability by optimizing resource
use, reducing waste, and enhancing efficiency across various sectors [3]. Recognizing
its potential, countries worldwide, including the United States, China, and the United
Kingdom, are formulating national policies to integrate Al into their educational systems.
First, in the United States, Al education utilizing machine learning is emphasized, and
the Association for the Advancement of Artificial Intelligence (AAAI) and the Computer
Science Teachers Association (CSTA) have formed and are operating a collaborative body
called the “AI4K12 Initiative’ [4]. Through this collaborative body, they develop and
research national guidelines for Al education for K-12, standard curricula, and teacher
training programs. After presenting the necessity of Al education through the “Next
Generation Al Development Plan”, the Chinese government implemented Al textbook
distribution, online platforms, and Al pilot schools through Zhilong X Artificial Intelligence
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Education to introduce Al into school education [5]. In the United Kingdom, students
equivalent to elementary school students in Korea are taught understanding, writing,
debugging, and predicting programs, as well as skills to create digital content. They also
teach how to use software to achieve goals using data, and recognizing the need for Al
education, they have developed platforms such as Machine Learning for Kids (ML4K)
to allow students to directly create programs that solve problems with data such as text,
images, and numbers [6]. In line with this global trend, Korea has recently aimed to cultivate
digital literacy in the 2022 revised curriculum to meet the competencies required by future
society. In terms of information education, the necessity of convergence education was
emphasized so that students can understand and utilize cutting-edge digital innovation
technologies such as Al and big data. As artificial intelligence education begins to be
introduced into elementary and secondary education, the importance of data education as
a fundamental field of artificial intelligence is being further emphasized [7].

However, despite the growing recognition of the importance of Al and data science
education, there are significant challenges and barriers to incorporating these subjects
into K-12 curricula. One major challenge is the lack of teacher training and expertise in
these fields, as highlighted by [8]. Many teachers may not have the necessary knowledge
and skills to effectively teach Al and data science concepts, as these are relatively new
and rapidly evolving areas [9]. Providing adequate training and professional develop-
ment opportunities for educators is crucial for successful integration of these subjects into
the curriculum.

The term ‘Big Data’ is closely related to the development of Al and is defined as an
information technology that goes beyond the simple meaning of large-scale data in various
forms to extract valuable information by analyzing data in various ways and predict future
changes [10]. As the term ‘Big Data” emerged, the term ‘Data Science’ (DS) naturally
became common as well. Data science analyzes and infers the characteristics of data based
on data [11]. As the whole world is changing to a data-based society, students’ ability
to understand and utilize data has been greatly emphasized in the recent educational
field. In this respect, students need to cultivate ‘data literacy’, the ability to read and
use data [12]. Ref. [13] presented the concept of science data literacy (SDL), which is the
ability to handle data related to science, especially among data literacy, and emphasized the
ability to understand and utilize scientific data. Two effects can be expected through SDL
education; first, students can have the ability to understand and utilize the data necessary
for the inquiry process, and second, students can acquire professional skills related to data
management such as data collection, processing, analysis, and evaluation. SDL requires
abilities in various aspects of handling data. Specifically, in the data collection process,
the ability to understand and design the process of collecting data through observation,
experimentation, and investigation is required. In the data processing and analysis process,
the ability to understand and utilize techniques for preprocessing data, the ability to
find and handle errors or outliers, the ability to understand and apply statistical analysis
methods, and the ability to identify patterns or trends using data visualization techniques
are required. In addition, the ability to evaluate data necessary to draw conclusions requires
the ability to evaluate the reliability and validity of data, and the ability to interpret data
and results through statistical inference and significance testing [13].

However, ref. [14] pointed out that in actual educational settings, teachers often face
the challenge of needing to provide well-preprocessed data that are suitable for analysis so
that students can analyze accurate data, rather than allowing students to experience the
entire process of data collection, processing, and analysis.

Another challenge is the limited resources and infrastructure available for implement-
ing Al and data science education [15]. Schools and educational institutions, especially
those in underserved areas, may lack the necessary technology, software, and hardware to
support these programs [13]. Developing age-appropriate content and ensuring a coherent
progression of skills and knowledge across grade levels are also essential for effective
implementation, but can be difficult to achieve.
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Ethical and privacy concerns surrounding the use of Al and data science in education
pose additional challenges. The collection, storage, and usage of student data raise impor-
tant issues that must be addressed to ensure responsible and trustworthy practices [16].
Efforts must also be made to ensure equal access to Al and data science education for all
students, regardless of their socioeconomic background or geographic location, in order to
bridge the digital divide and provide opportunities for underrepresented groups [14].

Despite these challenges, the importance and necessity of research on incorporating Al
and data science education cannot be overstated. As these technologies become increasingly
prevalent in various industries, it is crucial to equip students with the knowledge and
skills needed to succeed in a rapidly changing world. Research on effective strategies for
incorporating these subjects into education will help ensure that students are well-prepared
for future careers and challenges [10]. This study aims to contribute to this important
endeavor by developing criteria for educational datasets tailored to different school levels.

Moreover, Al and data science education can help students develop critical thinking,
problem solving, and computational thinking, which are essential for fostering innovation
and tackling complex problems in various domains. By engaging with real-world applica-
tions and data-driven approaches, students can learn to develop solutions and contribute to
positive social change [11]. Research on best practices for nurturing these skills through Al
and data science education is crucial for harnessing the full potential of these technologies
for the betterment of society.

In summary, while there are significant challenges and barriers to incorporating Al
and data science education, the importance and necessity of research in this area cannot
be understated. By addressing these challenges and leveraging the insights gained from
research, we can ensure that students are well-prepared for the future and equipped with
the skills and knowledge needed to harness the full potential of Al and data science for the
benefit of society. This study focuses on developing standards for educational datasets to
support effective data science education across different school levels and subjects.

2. Theoretical Background
2.1. Data Science

The term ‘Data Science” is becoming more common along with the term ‘Big Data’.
Science refers to knowledge obtained through systematic research. Accordingly, data
science focuses on data and expands to mean systematic research on statistics [11].

2.1.1. Components of Data Science

According to the data science Venn Diagram shown in Figure 1, the components that
make up data science are computer skills, mathematical and statistical knowledge, and
domain expertise. If you only have computer skills and mathematical and statistical knowl-
edge without domain expertise, it will be limited to machine learning. The intersection
of mathematical and statistical knowledge and domain expertise belongs to the realm
of traditional disciplines, where relatively more time is spent on increasing expertise in
the discipline than acquiring computer skills. And if you only have computer skills and
domain expertise, you can structure data without accurately understanding the meaning of
the coefficients, so it is said to be a danger zone [17]. Although you need to have all three
areas of skills to perform data science, you do not need to fully possess the skills in all three
areas [18].

2.1.2. Data Science Process

Currently, the process of doing data science is not clearly defined, and scholars define
it differently.

Ref. [19] presented a comprehensive data science life cycle consisting of seven stages,
as shown in Figure 2: business understanding, data mining, data cleaning, data exploration,
feature engineering, predictive modeling, and data visualization. This life cycle provides
a structured approach to solving problems using data science techniques, ensuring that
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each stage is given adequate attention and resources. The rationale behind this cycle is to
optimize the accuracy and effectiveness of data-driven solutions by carefully considering
the problem, collecting relevant data, cleaning and organizing the data, exploring trends,
selecting and constructing features, choosing appropriate machine learning algorithms,
and effectively communicating insights through visualization.

Computer
Skills

Machine

Danger
zone

Data
Science

Traditional
Research

Figure 1. Data science Venn Diagram [17].

1. Business
Understanding
7. Data 2. Data
Visualization Mining

Data Science Lifecycle

6. Predictive 3. Data
Modeling Cleaning
5. Feature 4. Data
Engineering Exploration

Figure 2. Data science life cycle [19].

Ref. [20] presented a data science process that resembles an algorithm, consisting of six
stages, as shown in Figure 3: Business Understanding, Data Collection, Data Understanding,
Data Preparation, Data Modeling, Deploy and Iterate. The rationale behind this process
is to ensure that the data science project is aligned with the business objectives, the data
are collected and prepared appropriately, and the model is developed, validated, and
deployed effectively. The process emphasizes the importance of understanding the problem,
collecting relevant data, preparing the data for modeling, evaluating the model’s accuracy
and relevance, and iterating based on feedback from real-world application. This structured
approach helps to optimize the outcomes of data science projects and ensures that the
solutions developed are both accurate and relevant to the business needs.

Ref. [21] presented the OSEMN model, which represents the data science process
as data collection (Obtain data, O), data preprocessing (Scrub data, S), data exploration
(Explore data, E), data modeling (Model data, M), and data interpretation (iNterpret data,
N). In the O stage, necessary data are collected through various sensors, and in the S stage,
preprocessing processes, such as merging individual data into one, cleaning incorrect
values, data normalization, and handling extreme values, are performed. In the E stage,
data can be explored to identify trends or correlations between data. In the M stage,
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Feature Engineering

Model Training

Model Evaluation

predictive models can be created using machine learning, and the prediction accuracy can
be measured according to how well the model predicts new data. Finally, in the N stage,
conclusions are drawn from the data, and the results are evaluated.

— )
Business
Understanding Iterate
- )
)
Data
Collection Deploy
—
— —
Data Model
Understanding Evaluation
Data Data
Preparation Modelling
—

Figure 3. Data science process [20].

Ref. [22] outlines a five-stage approach to data science projects, as shown in Figure 4:
Business Understanding, Data Acquisition & Understanding, Modeling, Deployment, and
Customer Acceptance. The rationale behind this process is to ensure that the project is
aligned with the business objectives, the data are collected and understood, the machine
learning models are developed and evaluated, and the final product is deployed and
accepted by the customer. This structured approach helps to optimize the outcomes of
data science projects by focusing on key variables, feature engineering, model training, and
evaluation, while ensuring that the deployed model meets the customer’s goals. The TDSP
framework provides a clear roadmap for data science teams to follow, ensuring that projects
are completed efficiently and effectively.

Business

Data Source

Understanding

Pipeline

Data Acquisition i
“nvironment

Modelling

& Understanding

Depl i Customer
cploymen Acceptance

Figure 4. Data science process in TDSP [22].

Wrangling, Exploration
& Cleaning

Based on the previous studies reviewed, it can be confirmed that the data science
process goes through common stages, albeit with different expressions. Table 1 summarizes
the data science process discussed so far, divided into the stages of problem recognition,
data collection, data preprocessing, data exploration, modeling, and value creation.

Among the stages of data science, many scholars have further subdivided and studied
the data preprocessing stage in particular. According to [23], the data preprocessing process
consists of data integration, data transformation, data cleaning, data reduction, and data
discretization. Ref. [24] composed the data preprocessing processes of data cleaning, data
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reduction, data scaling, data transformation, and data partitioning. Based on previous
studies, Ref. [25] summarized the contents of data preprocessing, as shown in Table 2.

Table 1. Comparison of data science process.

Process [19] [20] [21] [22]
. . Business Business . .
Business Understanding understanding Understanding Business Understanding
Data Collection Data mining Data Collection Obtain data Data Acquisition
Data Preprocessing Data Clea.mmg' Data Preparation Scrub data
Feature Engineering
Data Exploration Data Exploration Data understanding Explore data Data Understanding
Modeling Predictive Modeling Data Modeling Model data Modeling
L Deployment Deployment
Deployment Data Visualization and Tteration Interpret data Customer Acceptance
Table 2. Data preprocessing process and activities [25].
Category Process Detailed Activity
. Filling in Missing Values Removing or replacing missing or empty values with other
Data Cleaning values (e.g., mean, mode)

Data Transformation

Data Discretization

Data Integration

Data Reduction

Removing or changing values that significantly deviate
from the normal range

Grouping/Calculating Extracting specific information from the dataset and

Summary Statistics utilizing representative attributes such as mean or median
Creating new data using existing data to add and
utilize attributes
A method of expressing learning data with different units in
Normalization a unified system, utilizing methods such as min-max
normalization and z-score normalization

Converting continuous data to categorical data for cases

that only target categorical data or to increase the accuracy

of analysis and measurement

Clarifying and Removing Outliers

Creating Attributes

Converting Continuous
Data to Categorical Data

Irgegratmg Mulfﬂple Combining two or more datasets to utilize as learning data

atabases or Files

A method of reducing the attributes of a dataset to improve

Dimensionality Reduction learning efficiency by extracting and utilizing
essential attributes

A method of reducing the number of data (records) by

Sampling selecting and utilizing arbitrary data

2.2. Data Science in School Education

To better understand the purpose and characteristics of educational datasets, it is
important to define what constitutes a “dataset” in this context. In this study, an educational
dataset refers to a structured collection of data that can be used to support teaching and
learning activities in K-12 education. The purpose of using educational datasets is to
provide students with opportunities to engage in authentic data analysis, develop data
literacy skills, and apply their knowledge to real-world problems.

Data science has significant potential for cross-curricular integration in K-12 education.
The skills and knowledge involved in data science, such as data literacy, computational
thinking, and statistical reasoning, are applicable across various school subjects [26]. For
example, data analysis techniques can be used in science classes to interpret experimental
results, in social studies to examine demographic trends, and in language arts to analyze
text data. Incorporating data science principles into different subject areas allows students
to develop transferable skills and see the real-world relevance of data in diverse contexts.

However, despite the growing recognition of the importance of data science education,
there is limited research on effective strategies for integrating data science into K-12 curric-
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ula. Existing studies have primarily focused on specific aspects of data science education,
such as teaching data literacy, developing computational thinking skills, or using data
visualization tools [27,28]. There is a need for more comprehensive research that examines
the challenges and opportunities of implementing data science across different subject
areas and grade levels.

In the field of subject didactics, some studies have explored the use of data in teaching
and learning specific disciplines. For example, in science education, researchers have
investigated how students engage in data collection, analysis, and interpretation as part
of scientific inquiry [29]. In mathematics education, studies have examined how students
develop statistical reasoning skills through working with datasets [30]. These studies
provide valuable insights into the role of data in disciplinary learning, but they do not
explicitly address the broader concept of data science as an interdisciplinary field.

To enable students to experience the data science process discussed earlier in the
school education setting, instructors can utilize two types of datasets and must select the
data needed based on the purpose. The data selection process varies depending on whether
students work with primary or secondary data, and through this, students can have diverse
experiences related to data science [14]. In the case of primary data, instructors increase
complexity by not providing protocols or guidelines for data collection. This way, students
take responsibility for collecting or using data on their own. In this activity, students must
decide for themselves what data to collect and the methods and tools needed to collect
those data, requiring knowledge of how to design protocols for data collection. On the
other hand, in the case of secondary data, instructors start with the experience of providing
students with only the data needed to solve a specific scientific problem, and students
select variables from the provided dataset and explore independently. Therefore, it builds
students’ ability to select appropriate data from larger datasets later on.

Students can experience inquiry-based learning depending on the type of dataset
provided by the teacher. The inquiry level is a measure of how deeply students engage
in inquiry and problem solving during the inquiry learning process. Inquiry levels can
be divided into four categories according to students’ learning objectives [31]. First, con-
firmation inquiry, a low-level inquiry, is when the instructor provides students with the
learning procedure and informs them of the results in advance. This is useful when the
learning objective is to confirm and verify already given facts or concepts, and it is mainly
conducted by confirming results through simple experiments or observations. Second,
in structured inquiry, a mid-level inquiry, the instructor similarly provides the inquiry
procedure but does not mention any facts or concepts. Students collect evidence on their
own and generate hypotheses. This allows students to gradually develop the ability to
perform more open-ended inquiries. Third, in guided inquiry, a high-level inquiry, the
instructor only provides students with questions, and students directly design the proce-
dures and explanations to answer the questions. This allows students to learn how to plan
experiments and record data on their own. It also helps students engage more actively in
learning, build knowledge in a self-directed manner, and improve problem-solving skills.
Finally, in open inquiry, a creative inquiry, students act like scientists, have the opportunity
to derive questions, design and conduct experiments, and draw conclusions.

Based on these insights, we hypothesize that integrating data science education
through a structured framework of educational datasets will enhance students’ data literacy,
computational thinking, and problem-solving skills across various subjects. By providing
students with datasets prepared by teachers that are appropriate for their school level and
proficiency, students can receive data science education that is tailored to their develop-
mental stage. The objectives of this study are to develop and validate a framework for
educational datasets tailored to different school levels and to evaluate its effectiveness in
improving students’ data science competencies.
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3. Research Methods
3.1. Description and Characteristics of Educational Dataset for K-12

Based on the insights gained from the comprehensive literature review on data science
processes, methods of utilizing data in school education, and existing educational dataset
standards, we propose a set of criteria for educational datasets tailored to different school
levels. The proposed criteria align the data preprocessing stages with the developmental
stages of learners, ensuring that the datasets are appropriate for their cognitive abilities
and learning objectives.

To apply this educational dataset in the school setting, instructors must decide whether
to use primary or secondary data according to the learning objectives. Instructors can divide
the way they provide secondary data to students according to difficulty. The difficulty of
data is low in the order of level 1, level 2, level 3 and level 4. Level 1 data are complete data
that learners do not need to preprocess, level 2 allows students to experience preprocessing
within a single dataset, level 3 data allow students to experience preprocessing processes,
and level 4 data allow students to experience all preprocessing processes, including data
integration. Specifically, level 1 is the level of data through which learners can most easily
experience data science, and it is the final data that have undergone all preprocessing
processes. If level 1 data are provided to learners, learners can analyze data using well-
selected data without experiencing the complex data preprocessing process. This allows
learners to draw more accurate and cleaner conclusions from the dataset and focus more on
data analysis. Table 3 presents the suggested description and characteristics of educational
datasets for each school level.

Table 3. Description and characteristics of educational dataset for K-12.

Level Data Preprocessing
(Appropriate Description Process Experienced Characteristics
Grade) by Learners
Stage where data Unstructured data
Level 1 . .
(K-1 to 4) preprocessing Data are completed by the instructor or a
is unnecessary completed dataset is used
Stage where only the Dataset is provided by the instructor, and
Level 2 . . -
(K-5 to 6) cleaning process to remove Data Cleaning unnecessary data are removed according to the
unnecessary data is required instructor’s guidance as needed
Stage where attributes . Dataset is provided by the instructor, and data are
Data Cleaning,
Level 3 (e.g., labels) are added or . .S removed or necessary data such as
Data Discretization,
(K-7 t0 9) unnecessary data . sum/average/labels are added by the
Data Transformation
are removed learner as needed
Stage where necessary . Data sources and collection methods,
Data Integration, . .
features are merged and . preprocessing methods are provided
Level 4 . Data Cleaning, . o . o
subsequent cleaning . .9 Outliers, missing values, etc., must be identified
(K-10 to 12) Data Discretization,
processes must . and cleaned, and necessary data such as
Data Transformation
be performed sum/average/labels are added by learner
Dataset is not provided
Stage where learners must . .
. . Data collection and preprocessing methods are not
Level 5 devise the entire process Entire Process rovided (including the task of identifying what
(Teacher (Adult)) from data collection to P 5 ying

preprocessing on their own

features should be included in the data and
finding where data with such features are located)

Educational datasets for each school level are divided into five stages according to the
learners’ developmental stage.

In Stage 1, corresponding to elementary school grades 14, learners handle structured
data and utilize datasets that have been fully preprocessed by the instructor. This allows
learners to focus on basic data analysis tasks without the need for data preprocessing, as
they are still developing foundational data literacy skills.

In Stage 2, corresponding to elementary school grades 5-6, learners at this level
are introduced to basic data cleaning techniques, such as removing unnecessary data,
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under the guidance of the instructor. This helps them understand the importance of data
quality and the need for data preprocessing, without overwhelming them with more
advanced techniques.

In Stage 3, corresponding to middle school grades 1-3, learners experience more
advanced data preprocessing techniques, such as data discretization and transformation,
in addition to data cleaning. They learn to add attributes or remove unnecessary data
from datasets provided by the instructor, developing a deeper understanding of how data
preprocessing impacts data analysis.

In Stage 4, corresponding to high school grades 1-3, learners engage in various prepro-
cessing processes, including data integration, cleaning, discretization, and transformation.
They are provided with data sources, collection methods, and preprocessing methods, but
are required to identify and handle outliers and missing values independently, fostering
critical thinking and problem-solving skills.

Finally, in Stage 5, for teachers (adults), learners are expected to devise the entire
process from data collection to preprocessing independently. This level is designed for
teachers and adult learners who require a comprehensive understanding of the data sci-
ence process to effectively guide their students or apply data science techniques in their
professional lives.

In this way, educational datasets for each school level are systematically structured
according to the learners’ developmental stage. Learners experience various data prepro-
cessing processes at each stage and can gradually develop their data processing competency.

3.2. Research Methods

First, a comprehensive literature review is conducted on data science processes, meth-
ods of utilizing data in school education, and existing educational dataset standards, as
aforementioned in the theoretical background. The insights gained from the literature
review are used to develop draft criteria for educational datasets tailored to different school
levels (K-1 to 4, K-5 to 6, K-7 to 9, K-10 to 12, and teachers/adults).

The size and complexity of educational datasets can vary depending on the intended
learning objectives and the developmental stage of the students. For younger students
(K-1 to 4), datasets are typically smaller in size and less complex, focusing on simple data
structures and basic analysis tasks. As students’ progress through the grade levels, the
size and complexity of the datasets increase, allowing for more advanced analysis and
problem-solving activities.

Next, an expert Delphi survey and focus group interviews are conducted with a
sample of 22 elementary and secondary school teachers holding a master’s degree or higher
in artificial intelligence convergence education to assess the validity of the developed
criteria [32]. The Delphi method was chosen for its ability to gather consensus from a
panel of experts through multiple rounds of questionnaires, ensuring a comprehensive
evaluation of the criteria. The collected survey data are analyzed using descriptive statistics
and Content Validity Ratio (CVR) values to determine the overall validity of the criteria [33].

For this purpose, a questionnaire was developed to respond to the appropriateness of
school level, appropriateness of stage-by-stage description, data provision format, suitabil-
ity of data preprocessing process, and appropriateness of stage-by-stage characteristics of
the dataset. The survey was composed to respond to the degree of validity on a 5-point
Likert scale, and if the response was ‘not suitable (3 points or less)’, it was structured to
describe the reason or direction for revision. The composition of the items in the developed
questionnaire is as shown in Table 4. The Content Validity Ratio (CVR) was calculated
to determine the overall validity of the criteria. The CVR is a statistical measure used to
quantify the degree of agreement among experts on the relevance of specific items [33].
The CVR is a widely used method for quantifying the degree of agreement among experts,
with values ranging from —1 to +1. A CVR of 0 indicates that 50% of the experts agree an
item is essential, while values closer to +1 indicate higher levels of agreement. The scale for
calculating CVR generally uses a 5-point scale, and the formula is as follows. N is the total
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number of panels that responded, and Ne is the number of cases that responded ‘valid’. The
minimum CVR value according to the number of expert panels of 22 is approximately 0.40.

CVR = (N, — N/2)/(N/2) 1)

Table 4. Characteristics and validity questions of educational dataset for K-12.

Characteristics Question

Are the criteria for educational datasets by school level

Appropriateness of school level appropriate for the stages of each school level?

Appropriateness of Are the stage-by-stage descriptions of the criteria for
stage-by-stage description educational datasets by school level appropriate?
Is the data provision format according to the criteria for
Data provision format educational datasets by school level suitable for the

developmental stage of each school level?
Is the learner’s data preprocessing process according to
Suitability of data the criteria for educational datasets by school level
preprocessing process suitable for the developmental stage and data
preprocessing process of each school level?
Appropriateness of stage-by-stage  Are the characteristics of each school level for educational
characteristics of the dataset datasets by school level appropriate?

Educational datasets can support a wide range of learning activities, such as data
visualization, statistical analysis, machine learning, and data-driven problem solving. These
activities are designed to help students develop critical thinking, computational thinking,
and data literacy skills, which are essential for success in the 21st century workforce.

Finally, based on the quantitative and qualitative findings, the educational dataset
criteria are refined and finalized, incorporating expert recommendations to enhance their
validity and practical applicability in K-12 Al and data science education.

4. Research Results
4.1. Expert Validity Results

The expert validity results of the educational dataset are as follows. First, an expert
validity survey was conducted on 22 elementary and secondary school teachers with a
master’s degree or higher in artificial intelligence integrated education. The results of the
expert’s validity review on the draft criteria for educational datasets for elementary and
secondary artificial intelligence education are summarized in Table 5. As a result of the
review, high validity was confirmed in all items, such as appropriateness of school level
(CVR = 1.00), appropriateness of stage-by-stage description (CVR = 0.82), data provision
format (CVR = 0.82), suitability of data preprocessing process (CVR = 0.82), and appropriate-
ness of stage-by-stage characteristics of the dataset (CVR = 0.82). Respondents emphasized
the importance of education that can judge the suitability of data when providing datasets
or teaching data science, and suggested approaching it as a spectrum rather than stage-
by-stage classification as students’ levels vary. They suggested that it is good to provide
scaffolding (support system) densely between stages, and that it is necessary to subdivide
the curriculum by grade level in middle and high school courses.

The results of the expert review on the validity of the step-by-step description and
characteristics of the educational dataset criteria for developed elementary and secondary
artificial intelligence education are as follows. Stage 1 (grades 14, CVR = 0.82), Stage 2
(grades 5-6, CVR = 0.82), Stage 3 (middle school grades 1-3, CVR = 1.00), and Stage 4
(high school grades 1-3, CVR = 0.82) showed high validity, but Stage 5 (teachers (adults),
CVR = 0.45) showed relatively low validity, as shown in Table 6.
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Table 5. Expert validity results.
Characteristic Question M SD CVR
. Are the criteria for educational datasets by school level
Appropriateness of school level appropriate for the stages of each school level? 4.50 0.50 1.00
Appropriateness of Are the stage-by-stage descriptions of the criteria for 450 0.50 0.82
stage-by-stage description educational datasets by school level appropriate? ’ ' '
Is the data provision format according to the criteria for
Data provision format educational datasets by school level suitable for the 4.45 0.65 0.82
developmental stage of each school level?
Is the learner’s data preprocessing process according to
Suitability of data the criteria for educational datasets by school level
; . 4.36 0.65 0.82
preprocessing process suitable for the developmental stage and data
preprocessing process of each school level?
Appropriateness of stage-by-stage Are the characteristics of each school level for 445 0.64 0.82
characteristics of the dataset educational datasets by school level appropriate? ' ' '
Table 6. Expert validity results.
Level Description Characteristics M SD CVR
(Appropriate Grade) P
Unstructured data
(IIE_elv fé }1) ro rosctgsgsir:,\,};?ﬁncrlj:;ssar Data are completed by the instructor or 450 050 1.00
prep & y a completed dataset is used
Stage where only the cleaning Dataset is provided by the instructor, and
Level 2 .
(K-5 to 6) process to remove unnecessary data are removed according to the 450 050 0.82
unnecessary data is required instructor’s guidance as needed
Stage where attributes Dataset is provided by the instructor, and data
Level 3 are removed or necessary data such as
(e.g., labels) are added or 445 065 0.82
(K-7t09) sum/average/labels are added by the
unnecessary data are removed
learner as needed
Data sources and collection methods,
Stage where necessary ) .
preprocessing methods are provided
Level 4 features are merged and . . . s
. Outliers, missing values, etc., must be identified 436  0.65  0.82
(K-10to 12) subsequent cleaning processes
must be performed and cleaned, and necessary data such as
sum/average/labels are added by the learner
Dataset is not provided
Stage where learners must Data collection and preprocessing methods are
Level 5 devise the entire process from  not provided (including the task of identifying 445 064 082
(Teacher (Adult)) data collection to what features should be included in the data ’ ’ ’

preprocessing on their own

and finding where data with such

features are located)

4.2. Modified Description and Characteristics of Educational Dataset for K-12

Based on the CVR results, the standards for Educational Datasets were revised, as
shown in Table 7. For adults, three levels were defined and included from Level 3 to Level
5, as follows. Level 3 (Adults—Beginner) is for adults who are new to artificial intelligence
education. The datasets at this level should cover basic concepts and terminology of
Al, and provide simple hands-on exercises to gain practical experience. The content
should be presented in an easy-to-understand manner suitable for beginners. Level 4
(Adults—Intermediate) is targeted towards adults who have some prior knowledge of
Al and want to deepen their understanding. Level 5 (Adults—Advanced) is for adults
who want to gain expertise in artificial intelligence. The datasets at this level should
cover state-of-the-art techniques and research in Al, and provide opportunities to work on
real-world projects.
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Table 7. Modified description and characteristics of educational dataset for K-12.

Data Preprocessing

Le.vel Description Process Experienced Characteristics
(Appropriate Grade)
by Learners
Stage where data Unstructured data
Level 1 . .
(K-1 to 4) preprocessing Data are completed by the instructor or
is unnecessary a completed dataset is used
Stage where only the Dataset is provided by the instructor, and
Level 2 . . .
(K-5 to 6) cleaning process to remove Data Cleaning unnecessary data are removed according to the
unnecessary data is required instructor’s guidance by learner as needed
Stage where attributes . Dataset is provided by the instructor, and data
Data Cleaning,
Level 3 (e.g., labels) are added or are removed or necessary data such as

(K-7 t0 9, Adult 1)

Level 4
(K-10 to 12, Adult 2)

Level 5
(Adult 3)

unnecessary data
are removed

Stage where necessary

features are merged and

subsequent cleaning

Data Discretization,
Data Transformation

Data Integration,
Data Cleaning,
Data Discretization,

sum/average/labels is added by the
learner as needed
Data sources and collection methods,
preprocessing methods are provided
Outliers, missing values, etc., must be
identified and cleaned, and necessary data

Stage where learners must
devise the entire process
from data collection to
preprocessing on their own

processes must

Data Transformation
be performed

such as sum/average/labels are added
by the learner
Dataset is not provided
Data collection and preprocessing methods are
not provided (including the task of identifying
what features should be included in the data
and finding where data with such

features are located)

Entire Process

5. Discussion

The expert validity results demonstrated high validity for Stages 1 through 4, indi-
cating that the educational datasets were well-suited to the developmental stages of K-12
students. However, Stage 5, which is targeted at teachers and adults, displayed significantly
lower validity scores. This finding aligns with [34], who observed a similar trend where the
data science education programs were highly valid for elementary, middle, and high school
levels but showed decreased validity for adult education, particularly for teachers. These
results suggest a gap in the effectiveness of current data science education programs for
teachers, underlining the need for specifically tailored educational datasets and separate
training programs that can effectively enhance data science competencies among educators.
This tailored approach would ensure that teachers are not only consumers of data science
education but are also proficient in applying data science concepts effectively in their
teaching practices.

In Stage 1, the data preprocessing is intentionally omitted to align with the cognitive
abilities of elementary school learners, who typically concentrate on discrete data values
rather than on complex data manipulations. According to [35], at this early educational
stage, students are better suited to engage with unstructured data that do not require
preprocessing, which simplifies their interaction with the information. This approach allows
learners to directly observe and interpret individual data points without the complexities of
data cleaning or transformation. Such a method is beneficial, as it nurtures initial curiosity
and foundational understanding of data, accommodating the students’” developmental
stage, where the focus is on tangible and immediate data observation, fostering a more
intuitive grasp of basic data science concepts.

In Stage 2 of the educational dataset framework, learners are introduced to basic data
cleaning tasks, which involves the removal of unnecessary data. This stage serves as an
initial step into the more technical aspects of data science but remains accessible to younger
students, such as those in elementary school grades 5 to 6. The datasets used are curated by
the instructor to ensure relevance and manageability. This controlled introduction mirrors
the design principles set forth by [36], where the use of binary values for variables and the
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limitation of independent variables simplify the learning process. This simplification helps
to build a foundational understanding of how data quality directly influences analytical
outcomes, preparing students for more complex tasks.

Stage 3 advances the learners’ engagement with datasets by introducing them to the
process of adding or modifying attributes and further refining the data through cleaning,
discretization, and transformation. This stage is pivotal as it encourages middle school
students to take a more active role in preparing their data for analysis. Ref. [37] highlights
the importance of such data science tools that enable transformation and visualization,
which are integral to this stage. By allowing students to manipulate data and see the results
of their adjustments, they gain a deeper understanding of how data preparation impacts
the exploratory and eventual analytical results, fostering a hands-on comprehension of
data manipulation.

In Stage 4, the educational tasks become more complex and aligned with high school
curricular goals, involving data integration and advanced processing techniques like clean-
ing, discretization, and transformation. Students at this level are expected to identify
and correct outliers and missing values, thus ensuring the integrity and usability of the
data. The authors of [38] emphasize the significance of data authoring, which is critical
in this stage. By engaging students in these higher-level tasks, they not only learn the
technical skills necessary for effective data management but also develop critical think-
ing skills as they make decisions on how to best prepare and represent data for specific
analytical purposes.

Stage 5 of the educational dataset framework poses considerable challenges, as it neces-
sitates that learners, specifically teachers and adults, independently manage the entire data
science process, from data collection through to preprocessing. This stage received notably
lower validity scores from experts, which may reflect a general deficiency in readiness or
existing expertise among adult learners in mastering comprehensive data science practices.
The evaluative feedback underscores a critical need for enhanced structured support and
educational resources tailored to empower adults to efficiently design and execute data
science workflows. The inadequacy highlighted by this stage accentuates the imperative
for specialized training programs that are equipped to furnish educators with both the
theoretical underpinnings and practical acumen necessary for effective dissemination of
data science knowledge within educational settings.

This observation aligns with concerns previously noted by [8], regarding the observ-
able shortfall in data science competency among educators. Survey respondents advocated
for initiating educational interventions with novice teachers by providing them access
to data and subsequent training. This approach underscores the necessity of a gradual,
experiential learning process in data science for adults, as reflected in the feedback from
the educational field. Additionally, experts highlighted the importance of curating datasets
that are subject-specific yet versatile enough to be integrated across various disciplines.
This strategy suggests that artificial intelligence education should transcend traditional
subject boundaries, promoting an interdisciplinary methodology in teaching data science,
as advocated by [39]. This approach not only enhances educational inclusivity but also
broadens the applicability and relevance of data science in diverse academic contexts.

Based on the CVR results and expert feedback, the standards for Educational Datasets
were revised, particularly for Stage 5, which targets teachers and adult learners. Three new
levels were defined for adults and included. These revisions aim to address the gap in the
effectiveness of current data science education programs for teachers and adult learners.
By providing tailored educational datasets and separate training programs, the goal is to
effectively enhance data science competencies among educators and ensure they are profi-
cient in applying data science concepts in their teaching practices. The revised standards
also emphasize the importance of curating datasets that are subject-specific yet versatile
enough to be integrated across various disciplines. This promotes an interdisciplinary
methodology in teaching data science, enhancing educational inclusivity and broadening
the applicability and relevance of data science in diverse academic contexts.
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The proposed educational dataset framework shares some similarities with existing
research and guidelines in data science education, such as the emphasis on incorporating
real-world data and hands-on experiences and the importance of introducing data science
concepts in high school [25-27]. However, our framework extends beyond these principles
to provide a comprehensive, developmentally appropriate approach tailored to the specific
needs of learners at each grade level from K-12. While existing research highlights the
importance of understanding data in K-12 data science education [28], our framework goes
further by proposing a structured progression of data preprocessing skills and techniques
across different developmental stages. By aligning the complexity of data preprocessing
tasks with students’ cognitive abilities at each stage, our framework ensures that students
can gradually build their data literacy and computational thinking skills in a manner
appropriate to their grade level.

6. Conclusions
6.1. Theoretical Contribution

This study makes a significant theoretical contribution to the field of educational
datasets and materials by exploring the under-researched area of systematic categorization
of difficulty levels in educational resources. Prior research has predominantly concentrated
on elementary aspects such as data structuring and the use of unstructured data [13,14,40].
However, a comprehensive framework for classifying the complexity levels appropriate
for different educational stages has been notably absent. This research addresses this gap
by introducing a structured framework that categorizes educational datasets based on
the developmental stages of learners and the required complexity of data preprocessing
tasks. The framework promotes hands-on learning and active learning pedagogies to foster
sustainable education. Furthermore, the study highlights the importance of effective bridge
programs to support learners’ transitions between different educational levels.

One of the key findings of this research is the critical role of expert validation in
developing educational materials, particularly within science and data-based education
sectors. Previous studies have not adequately explored the systematic incorporation of
expert opinions in the development of educational resources, a gap that is evident in the
literature concerning the use of technologies and data sources in educational settings [8].
This study enriches the existing body of knowledge by conducting an expert validity
survey that assesses draft criteria for educational datasets in elementary and secondary Al
education, thus underscoring the importance of expert involvement as suggested by [9].

Additionally, the validation results from this study show a high degree of acceptance
for the proposed dataset criteria among elementary and secondary education levels. This
aligns with Lee, Wilkerson, 2018, who stressed the necessity of age-appropriate data
handling and educational scaffolding [38]. Conversely, the lower validation scores observed
for datasets intended for adult educators highlight a critical need for tailored dataset
designs and educational strategies to improve data science competencies among teachers,
reinforcing the findings of [8], and echoing [36], who advocate for gradual, experiential
learning in adult education.

Moreover, this study extends the theoretical discussions on the interdisciplinary po-
tential of Al education. It highlights the significance of creating versatile datasets that can
be adapted for various subjects and integrated into diverse curricular areas. The impor-
tance of a subject-transcendent approach to Al education has been supported by previous
frameworks such as the GAISE II guidelines for precollege statistics and data science
education and further discussed in [39]. This suggests a move towards an integrative
curriculum model that embraces the multifaceted nature of data science, allowing for
enhanced applicability across educational disciplines.

The implications of this study are profound for scholars seeking to further explore the
integration of Al and data science into educational curricula. It invites further research
into the effective implementation of interdisciplinary approaches and the development of
educational resources that are accessible and relevant to both students and educators across
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all stages of learning. By continuing to focus on these areas, educational researchers can
contribute to the development of more effective, inclusive, and comprehensive educational
technologies and methodologies.

Moreover, the interdisciplinary nature of artificial intelligence education, as empha-
sized by the respondents in this study, aligns with the principles of Education for Sus-
tainable Development (ESD). ESD aims to empower learners to make informed decisions
and take responsible actions for environmental integrity, economic viability, and a just
society [41]. By developing datasets that are applicable to various subjects and integrat-
ing them into the curriculum, this study promotes an interdisciplinary approach to Al
education, which can foster the development of critical thinking, problem-solving, and
decision-making skills necessary for sustainable development [42].

6.2. Practical Implications

The findings of this study have significant practical implications for various stakehold-
ers in the field of artificial intelligence education, including teachers, students, educational
institutions, and government.

For teachers, the study highlights the need for separate education and dataset design
to enhance their data science competency. The relatively low validity score for the adult
teacher stage in the expert review suggests that teachers require specialized training and
resources to effectively teach artificial intelligence and data science concepts. Educational
institutions and government should prioritize the development and implementation of
professional development programs that provide teachers with the necessary knowledge
and skills to integrate artificial intelligence education into their teaching practices. These
programs should focus on step-by-step experiences with datasets and emphasize the
practical application of data science principles in the classroom setting.

Students stand to benefit greatly from the findings of this study. The high validity
scores for the stage-by-stage description and characteristics of the educational dataset
criteria for elementary and secondary students indicate that well-designed datasets and
materials can effectively support student learning in artificial intelligence education.
Educational institutions should invest in the development of age-appropriate datasets and
materials that align with the curriculum and provide students with hands-on experiences in
data analysis, visualization, and interpretation. By engaging with these resources, students
can develop critical thinking, problem-solving, and data literacy skills that are essential for
success in the 21st century.

Educational institutions play a crucial role in the implementation of artificial intelli-
gence education. The study emphasizes the importance of developing datasets that are
applicable to various subjects and integrating them into the curriculum. Educational in-
stitutions should adopt an interdisciplinary approach to artificial intelligence education,
ensuring that datasets and materials are not limited to a specific subject but rather integrated
across different subjects. This approach can foster a more comprehensive understanding
of artificial intelligence and its applications among students. Additionally, educational
institutions should collaborate with industry partners and experts in the field to ensure
that the datasets and materials used in the classroom are relevant, up-to-date, and aligned
with real-world applications.

Government has a vital role in supporting the implementation of artificial intelligence
education. The findings of this study underscore the need for government to allocate
resources and funding towards the development of educational datasets and materials, as
well as the training of teachers in data science and artificial intelligence. Government should
also establish policies and guidelines that promote the integration of artificial intelligence
education into the curriculum and ensure that all students have access to high-quality
resources and instruction. By investing in artificial intelligence education, government can
help prepare the next generation of students for the challenges and opportunities of the
digital age.
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6.3. Limitations and Future Research Directions

While this study provides valuable insights into the development of educational
datasets and materials for artificial intelligence education, it is not without limitations.
The sample size of the expert validity survey is relatively small, and future research should
consider expanding the sample to include a larger and more diverse group of experts.
Additionally, the study focuses primarily on the South Korean context, and further research
is needed to examine the generalizability of the findings to other educational settings and
cultural contexts.

Future research should also explore the effectiveness of the proposed dataset criteria
in practice, by implementing and evaluating the use of datasets and materials developed
based on these criteria in real classroom settings. This can provide valuable feedback and
insights into the practical application of the findings and inform further refinements and
improvements to the criteria.
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