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ABSTRACT

Chess, as a form of intellectual sport, has garnered significant attention from researchers, driving
continuous research into computer-assisted player training. However, contemporary teaching or
training models frequently confine learners to passive observation of computer-generated results.
Beginners may find it challenging to comprehend the cognitive processes underlying decision-
making. To address this issue, this article proposes EK-Chess, a knowledge graph-based chess
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teaching system that encompasses a series of endgame teaching scenarios. This system assists
chess beginners in learning the positional evolution in pawn endgames, helping users compre-
hend offensive and defensive strategies in endgames. User studies validate the effectiveness, and

support of the system in endgame learning.

1. Introduction

Chess is the most iconic intellectual sport globally. Board
games have long been considered the litmus test for top-tier
human intelligence and artificial intelligence. On one hand,
chess provides researchers with ideal experimental condi-
tions to test artificial intelligence algorithms. On the other
hand, there is a continuous exploration of ways to integrate
computers into the training of human chess players.

In 1997, IBM’s Deep Blue (Campbell et al, 2002)
achieved a significant technological breakthrough by defeat-
ing the world’s top-ranked chess player, Garry Kasparov,
with a score of 3.5-2.5. This marked a pivotal moment in
the field of artificial intelligence. In 2017, AlphaZero (Silver
et al., 2018) based solely on the rules of chess, defeated the
traditional top-tier chess engine Stockfish (Stockfish, 2023),
marking a new era in the development if artificial intelli-
gence in chess. The advancements of artificial intelligence
algorithms in the realm of chess have also sparked a trend
of progress in the human chess player community. People
are increasingly focusing on ways to utilize artificial intelli-
gence technology to enhance human chess-playing abilities.

Currently, computer-assisted technology is widely used in
chess teaching and training. Initially, computers could only
provide chess databases, allowing chess players to review
other players’ game records publicly available on various
platforms, like Gameknot (Gameknot, n.d.). They could
study their opponents’ playing styles and improve their
chess skills. As computer technology advanced, researchers

developed various chess products, including web-based plat-
forms and mobile apps, to facilitate chess education and
training.

In the early 21st century, computer engines began to
serve as advisors, providing chess players with recom-
mended best moves. Simultaneously, chess players could
engage in self-training by playing against computer engines,
further enhancing the capabilities of computer-assisted train-
ing (Wikipedia 2023a, 2023b). In 2020, a collaboration
between the University of Toronto, Cornell University, and
Microsoft resulted in Maia, which can assess a player’s skill
level and engage them at an appropriate level, thereby facili-
tating assisted training (Mcllroy-Young et al, 2020).
However, in teaching and training models primarily reliant
on computers, learners often only see the presented out-
comes of computer decisions without insight into the basis
for these decisions. Especially for beginners, the lack of deci-
sion-making criteria will make it difficult for beginners to
understand and grasp essential knowledge elements, pat-
terns, and logical thinking skills in the development of the
chessboard. This is not conducive to training participants’
logical thinking abilities.

To address the lack of interpretability in existing educa-
tional systems, it is necessary to embed chess knowledge
into the chess system. Knowledge graphs, through the use of
visualization techniques, describe knowledge resources and
their carriers. They can be employed for the construction,
analysis, mining, and display of knowledge and the relation-
ships between them. Knowledge graphs find extensive
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applications in areas such as knowledge retrieval, intelligent
question answering, and more (Ji et al., 2021).

Given this background, we processed the knowledge of
chess experts. Leveraging the chess insights of top-level chess
experts, we analyzed the moves presented by chess Al soft-
ware. Based on this analysis, we constructed a knowledge
graph for chess endgames and designed a chess teaching sys-
tem grounded in expert knowledge. In the user study, our
research involved two learning methods: EK-Chess-based (a
system enhanced with top-level chess expert knowledge
graph) and traditional methods (based on books and
chessboards).

Our research questions are as follow:

e RQIl: How does EK-Chess facilitate chess knowledge
acquisition in children compared to traditional book-
based learning method?

e RQ2: What is the learning effectiveness of EK-Chess and
book-based learning method for easy level (basic end-
game strategy), middle level (tactical adaptation), and
hard level (strategic mastery) chess endgame scenarios?
(In Section 4.5.1, we explained how to categorize scen-
ario types.)

To answer these questions, we conducted a controlled
experiment with 20 students aged 8-10 comparing chess
learning through EK-Chess software to traditional methods.
Each group, consisting of 10 students, was assessed know-
ledge acquisition by chess tests before and after the learning
session. Our quantitative analysis revealed that EK-Chess is
user-friendly for children, offering simple operation and
interactive learning. The software enhances learning by pro-
viding diverse move suggestions from a knowledge graph.
Our findings also assessed the system’s effectiveness in vari-
ous chess scenarios.

2. Related work
2.1. Knowledge graph

A knowledge graph is a structured representation of facts,
consisting of entities, relationships, and semantic descrip-
tions. Entities can be real-world objects and abstract con-
cepts, relationships represent the relation between entities,
and semantic descriptions of entities, and their relationships
contain types and properties with a well-defined meaning (Ji
et al., 2021.). It has been confirmed that one of the research
directions in human-like artificial intelligence is knowledge
representation and reasoning. This can enable intelligent
systems to represent knowledge and thereby acquire the
ability to solve complex tasks (Newell et al., 1959; Shortliffe,
2012).

In recent years, knowledge graphs, as a structured form
of human knowledge, have received significant attention
from both academia and industry (Dong et al., 2014; Nickel
et al., 2016; Wang et al., 2017; Hogan et al.,, 2020). Indeed,
there are numerous large-scale knowledge graphs in the
world, including: (1) Cyc: The Common Sense Knowledge
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Graph created by Douglas Lenat in 1984 (Matuszek et al,
2006). (2) WordNet: A lexical knowledge graph for English,
released in 1995 by George A. Miller (Miller, 1995). (3)
Google Knowledge Graph: Established by Google in 2012.
Knowledge graphs have found practical applications in vari-
ous domains (Heist et al., 2020). For example, Apple’s Siri
provides intelligent chat services, and IBM’s i2 offers risk
analysis services, among others. These knowledge graphs
play a crucial role in powering intelligent systems and
applications.

Chess is a complex game with many rules, strategies, and
tactics. It can be empowered by knowledge graph in many
ways. A knowledge graph can provide a structured and
organized way for beginners to learn and understand these
concepts. It can break down the game into smaller, more
digestible pieces, making it easier for beginners to grasp the
fundamentals. In addition, Knowledge graphs can be used to
track a learner’s progress. Beginners can see where they are
in their chess learning journey and what topics they have
mastered or need to focus on. Notably, it can also help
motivate and guide their learning efforts. A knowledge
graph can recommend specific resources, exercises, or les-
sons based on a learner’s current knowledge and skill level.
Inspired by these benefits, we chose to utilized knowledge
graph in our system to customize the learning process and
make it more effective and engaging.

2.2. Chess engines

Chess engines are computer programs that can analyze the
value of chess pieces in different positions and generate one
or more recommended moves. They play a crucial role in
chess player training in the world of chess. These engines
are typically command-line backends without graphical
interfaces or windows, requiring graphical user interfaces
(GUIs) as front-ends to complement their usage (Wikipedia,
2023a, 2023b). This separation of the chess engine and chess
software allows them to evolve independently. To effectively
support chess software, chess engines adhere to standardized
interface protocols.

Commonly used chess engines include Leela Chess Zero,
ConvChess, and Stockfish, among others (Wikipedia, 2023a,
2023b). Leela Chess Zero (Leela Chess Engine, 2023), intro-
duced in 2018, is a modern computer engine based on
reinforcement learning, while the others are based on the
long-standing Alpha-Beta pruning algorithm. It assigns
scores to moves based on the position and recommend the
best moves. ConvChess (Barak & Nishith, 2015) is a convo-
lutional neural network (CNN) engine by Barak Oshri and
Nishith Khandwala. It was the first engine using CNN. It is
implemented in Python using its machine learning libraries
such as NumPy. Stockfish, first released in 2008, is known
for its strong pruning and endgame reduction capabilities,
allowing for deeper searches. It has won several chess engine
championships and is considered the most powerful CPU
engine among chess engines based on the Alpha-Beta prun-
ing algorithm (Knuth & Moore, 1975).
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Although many chess engines have powerful playing
capabilities, and some online platforms support students’
chess play and give the right move, their primary focus is
not on chess teaching and learning. They lack emphasis on
guiding the reason why to play the right move, which may
trigger students’ transition path dependence on engines and
do harm to users in learning chess knowledge.

2.3. Computer-assisted chess teaching tools

Computer-assisted chess teaching tools with GUIs that allow
integration with chess engines as backends are a popular
category of tools. These tools often share common features.
Many of them can integrate multiple chess engines, offering
users the ability to configure and use their preferred chess
engines. Stockfish is often set as the default engine for many
chess teaching tools.

Regarding move recommendations, the software Arena
(Martin, 2019) provides move scores for board positions but
may lack detailed explanations or recommendations for
moves. Online chess analysis tool Chess Compass (Chess
Compass, n.d.) displays move scores in a visually appealing
manner, making it easy for players to view and reference
them but may not provide the basis for move recommenda-
tions. Commercial software Shredder (Shredder, n.d.) enhan-
ces move recommendations in endgames by showing the
minimum number of optimal moves instead of numerical
scores, making it more understandable for players.
DecodeChess (DecodeChess, 2022) is the first and, currently,
the only chess teaching product that can provide natural lan-
guage explanations for recommended moves that are suitable
for human understanding. However, its explanatory capabil-
ities may weaken significantly when the system reaches end-
game positions, providing only subsequent moves without
explaining specific strategic ideas and significance.

The advancement of Al in chess has paralleled the emer-
gence of modern computing technologies, some computer-
assisted chess teaching tools have integrate Al techniques.
For instance, explorations have been made for teaching pur-
poses (Kerner, 1995), including tree structure explanations
and saliency-based methods (i.e., highlighting pieces crucial
for executing the selected move) to understand the behavior
of trained models (Gupta et al.,, 2020). And another way to
generating comments using natural language utilizing social
media data (Jhamtani et al., 2018), creating a chess ques-
tion-answering dataset (Cirik et al., 2015), or learning evalu-
ation functions reflecting sentiments in chess discussions
(Kamlish et al., 2019).

Contemporary teaching or training models frequently
confine learners to passive observation of computer-gener-
ated results. Moreover, existing chess teaching tools fail to
explain the specific strategic ideas and significance behind
chess moves.

2.4. Summary

The work we have described showcases remarkable achieve-
ments in the domain and teaching scenarios of chess.

However, current systems face several challenges. First,
there’s a limited focus on endgame teaching content in chess
education. Second, there’s a lack of chess teaching systems
based on knowledge graphs. Third, the current artificial
intelligence-related chess teaching processes lack standar-
dized evaluation of participants’ learning outcomes.

To address the issues of limited endgame teaching con-
tent and insufficient educational materials in chess instruc-
tion, our study constructed a knowledge graph for chess
endgames based on expert knowledge. This knowledge graph
encodes chess positions and moves using the Forsyth-
Edwards Notation (FEN; Edwards, 1994) and Long
Algebraic Notation (LAN; Hooper & Whyld, 1996) estab-
lishes boards and moves nodes, and connects nodes in a
directed graph format. Our research introduced a new chess
teaching system called EK-Chess. On one hand, it allows
users to play chess within the system, offering real-time
feedback. On the other hand, the system leverages expert
knowledge from the constructed chess endgame knowledge
graph to provide move information and explanations for
specific scenarios. We further assessed the effectiveness and
convenience of this system, with the results demonstrating
that the system enhances the learning process for chess play-
ers, achieving better learning outcomes compared to trad-
itional book-based learning methods.

3. System description
3.1. Overview

Inspired by prior work on training tools for chess learning
and potential of knowledge graph, we created EK-Chess, a
chess teaching system for beginners, by integrating a know-
ledge graph and GUI into an application with an intuitive
interface, customizable learning paths, and expert know-
ledge. The system comprises a chess endgame knowledge
graph (Section 3.2) and a chess application (Section 3.3),
with a learning record mechanism (Section 3.4) connected
them together. The application provides basic chess playing
functions, chess endgame knowledge graph provides infor-
mation on chessboard positions, moves, and expert know-
ledge for teaching, aiming to deliver a professional and
personalized learning experience for users.

3.2. Chess endgame knowledge graph (CEKG)

A knowledge graph is a structured representation of facts,
encompassing entities, relationships, and semantic descrip-
tions, providing a meaningful framework for abstract chess
concepts. The Chess Endgame Knowledge Graph (CEKG)
was constructed using a top-down, manual approach (Qiao
et al, 2016). This method involves human experts directly
creating and organizing the graph’s content. Since chess
endgame knowledge has relatively low cost and complexity,
the manual construction approach is a cost-effective choice,
providing a straightforward and highly accurate means of
building the knowledge graph.
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Figure 1. An example of triples and CEKG. (a) is triples of knowledge; (b) is entities and relations in CEKG.

In the design of the CEKG, the basic unit of the know-
ledge graph is the triple consisting of “Entity-Relationship-
Entity.” Under the guidance of chess experts, we have
categorized all the entities into two classes: “Board” and
“Move.” And relationships have been categorized into two
classes: “Choose” and “BringTo.”

The “Board” class is used to describe chess board content.
It has several attributes, including: (1) Id: This attribute
serves as a unique identifier for each chess board. (2) FEN:
The FEN string content that represents the layout of the
corresponding chess board. (3) Label: This is a string
description specific to the chess board. For the initial pos-
ition (opening board), it may indicate the category of the
endgame. For the final board, it might provide a summary
of the endgame category. For intermediate boards, this field
may be empty. These attributes help to uniquely identify
and describe chess board configurations within the know-
ledge graph.

The “Move” class is used to describe chess move content.
It includes the following attributes: (1) Id: This attribute serves
as a unique identifier for each chess move. (2) LAN: It repre-
sents the specific chess move made, describing the move itself.
(3) Promotion: This attribute is used to indicate pawn promo-
tion situations. It is typically presented as a triplet {LAN, pro-
motion, statement} where “LAN” represents the move,
“promotion” describes the promotion situation (e.g., “Q” for
Queen promotion), and “statement” provides a string explan-
ation for the move. The promotion” attribute is typically used
in conjunction with the “move” attribute to represent pawn
promotions. For instance, “A8-Q” indicates a move from A8
with a pawn promotion to a Queen (Q). If there is no promo-
tion involved in the move, this attribute is set to None. This
structure allows for detailed descriptions of chess moves,
including pawn promotions, in the knowledge graph.

Choose Relationship: This relationship connects “Board”
to “Move.” “Board” uses the “Choose” relationship to point
to “Move,” indicating which move is chosen on that particu-
lar board.

BringTo Relationship: This relationship connects “Move”
to “Board.” “Move” uses the “BringTo” relationship to point
back to “Board,” showing which board the move brings to.

In CEKG, we incorporate the expertise and recommenda-
tions of top chess experts and process the relevant content
accordingly. The knowledge can be expressed in a triple in
the form of (Board, Choose, and Move) and (Move,
BringTo, and Board), examples of triples are illustrated in
Figure 1(a). CEKG can also be represented as a directed
graph with nodes as entities and edges as relations, examples
of entities and relations are illustrated in Figure 1(b).

We are using Neo4j Community version 4.2.3 as the
default database. With a total of 438 nodes and 426
relationships.

3.3. EK-Chess application

The EK-Chess application was developed wusing the
PyCharm platform and is implemented in Python. It facili-
tates queries and retrieval from the CEKG. Additionally, the
system is integrated with the Stockfish engine, enabling a
knowledge graph-based chess endgame teaching system. The
application consists of two phases: the initialization phase
and the runtime phase.

During the initialization phase, the user selects a chess
position to begin their learning journey. Once they enter a
specific scenario, the system retrieves data from the CEKG,
extracts the FEN data from the “Board” class, and generates
a teaching scenario with chess piece information. As shown
in Figure 2, after the user’s selection, they enter the educa-
tional scenario for that chess position.

In the execution phase, when the user selects a scenario
for learning, they enter the chessboard. Taking the King and
Pawn endgame scenario 4 as an example, the system
retrieves the “Board” node corresponding to the king and
pawn endgame 4 in CEKG, extracting relevant expert know-
ledge, and first parses the FEN information in the “Board”
node. The system will parse the types, quantities, and
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positions of pieces in King and Pawn Endgame Scenario 4,
and display this information on the electronic chessboard
available for user. Additionally, the corresponding learning
scenario information will be shown in the number informa-
tion and feature information sections. As shown in Figure
3(a), users will receive the opening information of the learn-
ing scenario along with the corresponding number and fea-
ture information. Here, “4” indicates that this learning
scenario is King and Pawn Endgame Scenario 4, and
“FEIZR, XR4EI” is “King and Pawn Endgame, critical
square” in English. And the first step for the user is choose
their side (note that not all endgame scenarios have this
step; some scenarios have fixed sides).

Taking the example of a student choosing the white side,
at this point, the system using CEKG to retrieves the
“Choose” relationships for the current “Board” node,
extracts move recommendations and explanations from the
corresponding “Move” nodes, and presents it in the user’s
interface, as shown in Figure 3(b). For the recommended
move, we offer users two options for their next move, each
consisting of two components. The first component specifies
the piece to be moved and its destination (for example,
“Kd1” signifies moving the white king from ¢2 to d1). The
second component provides an explanation for the move
(for example, “Kd1” followed by the explanation “*RFE,”
which translates to “King retreat” in English). After the user
completes their move as per the instructional guidance, the
system retrieves and executes the “BringTo” relationship for
the current “Move” node, progressing to the next “Board”
node and retrieving its “Choose” relationships, continuing
this process until the outcome of the scenario is determined.
Once the user completes all the moves in this chess position
(in Section 3.4, we have explained how to complete all the
moves.), the system will provide a summary of the teaching

in the feature summary box, the summary is an overall
explanation of the scenario by top-level chess experts, eluci-
dating the strategic approach users should adopt to secure
victory, as shown in Figure 3(c).

The application based on Pycharm platform developed,
where users can complete the learning process using the
mouse and computer screen. We worked with chess experts
and chess teachers to design 32 King and Pawn endgame
scenarios. We create our scenario in application following
the Chess Endgame Strategy (Xie & Lin, 2010). (In our
experiment, we selected eight representative King and Pawn
endgame scenarios as learning materials). Users can click on
different scenario numbers to enter different chess positions
for learning.

3.4. Learning record mechanism

As shown in Figure 3, users can choose to play as either the
white or black side in some chess positions, and multiple
recommended moves are provided within a single position.
Therefore, we designed a learning record mechanism to
help users keep track of the knowledge they have already
learned.

The principle of this mechanism is that when users select
an endgame scenario for learning, system extracts all the
associated “Board” and “Move” elements related to the scen-
ario. These elements are combined as a pair following the
direction of “Board Choose Move”, we defined pair as
(B,M), B represents the “Board” class node, and M repre-
sents the “Move” class node. We add a status flag to
convert the pair into a triplet: (B,M,S). So, at the
beginning of learning each endgame scenario, we treat the
CEKG as a tree structure and create a temporary array using
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a breadth-first algorithm (Bundy & Wallen, 1984), like this:
T = ((B1,M1,1,S1.1)> --» (Bus My 1> S ). The initial state
of S is 0. Based on this, the function is formalized as follow-
ing Eq. (1):

n

m
H i, j Bz’sz)

i=1 j=1

1)

R represents the result of computation, B; is the i-th node
retrieved from the “Board” class, M; ; is the j-th node in the
“Move” class that is pointed to by B; through the “Choose”
relationship. Only when the user completes the M; ; operation
in the B; node does S;; change from 0 to 1. As a result, the
value of R can be either 0 or 1. 0 indicates that the user has
not completed all the operations for the selected endgame
scenario, while 1 indicates that the user has completed all the
operations for the selected endgame scenario.

Using King and Pawn Endgame 4 as an example, when a
user has not completed the learning process for this scen-
ario, the system prompts the user to continue and finish the
remaining content, as shown in Figure 4(a). If the user
selects “yes,” the chess position will be reset, and the moves
that the user has already selected will be color-coded to
indicate their choices, as depicted in Figure 4(b). Following
this approach, once the user completes all the moves in this
chess position, the system will no longer prompt them to
continue learning. Instead, it will provide a summary of the
teaching in the feature summary box, as shown in Figure
3(c). However, if the user chooses “no” when asked whether
to continue learning, the system will directly return the
summary content and prematurely end the learning for this
chess position.

4. User study
4.1. Study overview

In this experiment, 20 students were invited to participate,
they have mastered the moves and rules of the pieces, can
independently complete a game, but are still at the beginner
stage without specific chess knowledge, skills, and strategies.
To study the learning effectiveness of this system, we con-
ducted a between-subject design, wherein participants were
divided into two groups, each consisting of 10 children.
Participants in the first condition used EK-Chess for learning,
while another condition used traditional books for learning.
Both conditions used the same chess scenarios, with the pri-
mary difference being one used electronic device for operation,
and the other used physical chessboards. After mastering the
system and book usage, participants were required to inde-
pendently complete a pre-test, and after learning, they com-
pleted a post-test to assess their chess knowledge and skills.
Besides the questionnaire, we also collected timing date from
the participants, including the time spent on learning and
answering questionnaire. The goal of the study is aiming to
answer the following research questions (RQ):

e RQIl: How does EK-Chess facilitate chess knowledge
acquisition in children compared to traditional book-
based learning method?

e RQ2: What is the learning effectiveness of EK-Chess and
book-based learning method for easy level (basic end-
game strategy), middle level (tactical adaptation), and
hard level (strategic mastery) chess endgame scenarios?
(In Section 4.5.1, we explained how to categorize scen-

ario types.)
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Figure 4. King and pawn endgame 4 learning example. (a) Prompt for incomplete learning and choice of whether to continue; (b) color-coded feedback.

4.2. Experimental environment

The experiment was conducted on May 18th and 19th,
2023, in the Chess Classroom of Chengbei Center Sixth
Street Primary School in Changping District, Beijing. In
addition to the necessary tables, chairs, the room was also
equipped with two cameras, five laptops running the EK-
Chess system, five chessboards, several physical books, and
several sets of pre-test and post-test questions, as shown in
Figure 5. Two researchers and one school teacher were pre-
sent during the study. One researcher served as the experi-
menter, responsible for program guidance, experiment
documentation, and other experimental procedures. The
other researcher assisted in preparing the experimental
equipment and operating video recording devices. School
teacher helped maintain order in the experimental room.
During the experiment phase, the cameras recorded the
entire experimental process.

4.3. Participants

A total of 20 students took part in this experiment, consist-
ing of 10 boys and 10 girls, with an average age of 8.75 (SD
= 0.94, age range: 6-10). We recruited students for our
study by first having their teachers identify potential partici-
pants. The teachers then contacted the parents to inform
them about the study. Following this, we either directly
communicated with the parents to obtain their consent
through completion of consent forms or sent the forms
home with the students for parental approval. The partici-
pants were divided into two groups using random allocation:
one group used EK-Chess for learning (G1), and the other
group used books for learning (G2). Under each condition,
ten children were divided into two groups, each with five
members under different conditions. On May 18th, ten par-
ticipants were, with five using EK-Chess for learning and
five using books. The same participant ratio was used on
May 19th in a similar way. Considering that chess is a
highly specialized sport, and the learning scenarios designed
in this system require participants to have a proficient
understanding of basic chess knowledge but not yet be

Figure 5. Experiment environment.

familiar with more advanced chess techniques, all partici-
pants have less than half a year of exposure to chess. Their
previous chess learning experiences were limited to group
classroom learning at school, and their chess skills are gen-
erally at the beginner level.

4.4. Procedure and task design

The experimental process took approximately 55min, and
the specific procedure as shown in Figure 6:

1. Experiment instruction (7min): researchers provided
instructions to the five participants on how to use EK-
Chess and the other five participants on how to use
books. They explained how to use the system, the learn-
ing tasks that needed to be completed, and the process
for filling out the pre-test and post-test questions.

2. Practice tasks (8 min): researchers guided Gl and G2
separately to complete a practice learning task. During
this time, participants were allowed to ask any questions
to ensure a thorough understanding of how to use EK-
Chess and books.

3. Pre-test (10min): researchers distributed the pre-test
questionnaires  (the  questionnaire  assesses  the
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Practice tasks
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Experiment instruction
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Figure 6. Overview of the experiment process.

participants’ prior knowledge and refer Section 4.5.1) to
the participants and guided them on how to fill out the
questionnaires. Participants worked independently on
the questionnaires, and after they completed the ques-
tionnaires, the researchers recorded the time taken and
collected the questionnaires. They were not provided
with correct answers or additional instruction after the
test, and immediately proceeded to the formal experi-
ment for learning.

4. Chess Learning (30 min): participants in G1 completed
eight King and Pawn endgame scenarios learning tasks
using the EK-Chess program on the computer.
Participants in G2 completed the same eight learning
tasks from the books using chessboards. Each partici-
pant worked independently on their tasks, and the pro-
cess was recorded using cameras. The researchers also
recorded the learning time for each participant.

5. Post-Test (10min): researchers distributed post-test
questionnaires (the questionnaire assesses the partici-
pants’ posterior knowledge and refer Section 4.5.1) to
the participants, participants fill out the questionnaires.
Participants worked independently on the question-
naires, and after they completed the questionnaires, the
researchers recorded the time taken and collected the
questionnaires.

4.5. Measures and data collection

4.5.1. Questionnaires

We evaluated the participants’ pre- and post-test chess
knowledge level using questionnaires. To ensure the consist-
ency in the difficulty level of the pre-test and post-test ques-
tionnaires, the questionnaires were evaluated and formulated
by chess experts and teachers. Both the pre-test and post-
test questionnaires consisted of 10 multiple-choice questions.
Examples are shown in Figure 7.

Additionally, to investigate the learning effects of EK-
Chess and books on different types of King and Pawn end-
game scenarios. Guided by the advice of top-level chess
experts, we designed and categorized the questions into
three levels, each defined by their level of difficulty and
complexity.

INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION 4181

Chess learning
30 mins

Easy level endgame scenarios

Post-test

Middle level endgame scenarios 10 mins

Hard level endgame scenarios

Learning methods
G1 G2

0 & fi S

Computer and EK-Chess Chessboard and book

The criteria for difficulty classification are as follows: (1)
Number of moves from start to finish; (2) Number of rea-
sonable moves; (3) Whether similar content has been cov-
ered in the system or book.

Easy level (basic endgame strategy): The necessary condi-
tions for the promotion of a pawn in the king and pawn
endgame, as well as the understanding of the stalemate rules
for the defending side. The questions in the questionnaire
related to this level.

Middle level (tactical adaptation): Understanding the
mutual constraints between the king of the advantaged side
and the king of the disadvantaged side, adapting to the
interference factors of changing piece colors, and making
correct choices among multiple chess moves. The questions
in the questionnaire related to this level.

Hard (strategic mastery): Comprehensive application of
learned strategies in complex situations, assessing the inte-
gration of learners’ mastery of chess knowledge. The ques-
tions in the questionnaire related to this level.

This categorization enables us to perform a comprehen-
sive analysis of the participants’ question accuracy, both glo-
bally and by specific types, during the subsequent data
analysis.

4.5.2. Data analysis

We divided the participants into two conditions, collected
20 sets of pre-test questionnaire data and 20 sets of post-test
questionnaire data. We conducted a mixed-design analysis
(Huck & McLean, 1975) using the factors of pre-test, post-
test scores, and learning conditions (G1 or G2).

In order to answer the research questions, we analyzed
the quantitative results from the pre-test, post-test, time
taken in learning, and time taken in answering question-
naires. For the quantitative data, we conducted one-way
ANOVA for those two methods (EK-Chess and Book). We
ensured that the statistical analyses were performed properly
and fitted the requirements and assumptions. For the
ANOVA, for example, we applied between-subject statistics,
which are used to compare observations of an outcome for
the different person being measured at different time points
(methods). In order to examine the significant effect of the



4182 . M. ZHANG ET AL.

1. Inthe following game, White moves first, what is the result? | 1. In the following game, White moves first, what is the result?
A . White win A . White win
B . Black win B . Black win
C . Draw C . Draw
) | - 2
e ' i
{ B | - &
s s
2 ‘ T
|
o . . . . L) o » Ll . . »
| (a) | (b)
Figure 7. Examples from the questionnaires. (a) pre-test; (b) post-test
100% 100.00% e
95% _ 95.00%
4 90% 90%
: 9
90% 35% 90.00% 87. SOA;
3 85% > 5 %
§ 2 80% g 85.00% 0%
g 80% 77% £ 80.00%
2 151
o 5% ®  75.00%
e &
g 70% £ 70.00%
1 g 65%
< 65% < 65.00%
60% 60.00%
55% 55.00%
50% 50.00%
Easy Middle Hard

® Pre-test ® Post-test

Figure 8. Chess proficiency test.

ANOVA results, we conducted specific condition compari-
sons using a T-test at the 0.05 significance level.

5. Results

5.1. How does EK-Chess facilitate chess knowledge
acquisition in children compared to traditional book-
based learning method?

After completing the instructional content and practice exer-
cises, the participants took the first ability test (pre-learn-
ing). After completing all the formal experiment tasks, the
participants took the second ability test (post-learning). The
data for the chess proficiency test before and after the
experiment is shown in Figure 8 below.

G1 participants had an average accuracy rate of 77% in
pre-test and 90% in post-test, there was a significant differ-
ence (p = 0.030) in pre-test and post-test average accuracy
for G1 participant. G2 participants had an average accuracy
rate of 80% in pre-test and 85% in post-test, however, for
G2 participants, there was no significant difference
(p = 0.376) between pre-test and post-test average accuracy.
We found that participants using both learning methods
improved their average after learning. Additionally, G1 par-
ticipants showed a higher improvement.

Combining the results of significant differences, this sug-
gests that the chess teaching effect of EK-Chess is superior
to book-based teaching, and participants who used EK-

m Pre-test ™ Post-test

Figure 9. Results for different question types in G1.

Chess for learning experienced a significant improvement in
chess proficiency before and after learning.

5.2. What is the learning effectiveness of EK-Chess and
book-based learning method for easy level (basic
endgame strategy), middle level (tactical adaptation),
and hard level (strategic mastery) chess endgame
scenarios?

As mentioned in Section 4.5.1, we divided the questions into
three types, and the distribution of question types is the
same for both pre-test questionnaires and post-test question-
naires. They are distributed as follows: easy level questions
(4 questions), middle level questions (4 questions), and hard
level questions (2 questions).

As shown in Figure 9, for G1 participants, in pre-test: (1)
Average accuracy for easy level questions: 87.5%. (2)
Average accuracy for middle level questions: 65%. (3)
Average accuracy for hard level questions: 80%. In post-test:
(1) Average accuracy for easy level questions: 90%. (2)
Average accuracy for middle level questions: 90%. (3)
Average accuracy for hard level questions: 90%.

As shown in Figure 10. For G2 participants, in pre-test:
(1) Average accuracy for easy level questions: 87.5%. (2)
Average accuracy for middle level questions: 70%. (3)
Average accuracy for hard level questions: 85%. In post-test:
(1) Average accuracy for easy level questions: 80%. (2)
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Figure 10. Results for different question types in G2.

Average accuracy for middle level questions: 92.5%. (3)
Average accuracy for hard level questions: 80%.

It appears that Gl participants did not experience a
decrease in average scores in any question type after the
experiment, while G2 participants experienced a decrease in
average scores in easy and hard level questions.

To further analyze our experimental results using a
mixed-design analysis, we considered the factors of pre-test,
post-test, question type, and learning methods. For G1 par-
ticipants: (1) In easy level questions, there was no significant
difference between the pre-test and post-test (p = 0.618).
(2) In middle level questions, there was a significant differ-
ence (p = 0.019), with improved performance after using
EK-Chess. (3) In hard level questions, there was no signifi-
cant difference (p = 0.418). For G2 participants: (1) In easy
level questions, there was no significant difference between
the pre-test and post-test (p = 0.146). (2) In middle level
questions, there was a significant difference (p = 0.032),
with improved performance after using books. (3) In hard
level questions, there was no significant difference
(p = 0.684).

We found that both learning methods had no significant
differences in easy and hard level questions, but there was a
significant difference in middle, with G1 performing better
in this type. This suggests that EK-Chess may be more
effective for enhancing performance in specific types of
questions, particularly those related to middle.

Based on Figure 10, it’s evident that G2 experienced a
decrease in accuracy in easy and hard level questions. We
delve into the specific analysis of G2’s performance in easy
and hard level questions, as shown in Figure 11. For easy
level questions: (1) four instances showed a decrease in the
number of correct answers. (2) Five instances had no change
in the number of correct answers. (3) One instance showed
an increase in the number of correct answers. For hard level
questions: (1) one instance showed a decrease in the number
of correct answers. (2) Nine instances had no change in the
number of correct answers. (3) There were no instances
with an increase in the number of correct answers.

Among the four instances of decreasing correct answers
in easy, three times involved a decrease from four correct
answers to three correct answers, with only one question
answered incorrectly. The other instance involved a decrease
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from three correct answers to two correct answers.
Considering Figures 8 and 9, we observe that the pre-test
average number of correct answers for easy level questions
is the highest and very close to having all correct answers.
Furthermore, based on the analysis provided, book-based
learning approach had no significant learning effect on easy
level questions. We believe that the difficulty of easy level
questions is too low, and the majority of users had already
mastered the chess knowledge associated with easy level
questions scenarios. Users did not gain additional knowledge
about easy level question scenarios after the learning pro-
cess. For hard level questions (a total of two questions),
seven participants answered all correctly, two participants
had a correct count of 1, and only one participant decreased
the number of correct answers from 1 to 0.

As shown in Figure 12, GI experienced a single instance
of a decrease in the number of correct answers in easy level
questions, four instances of maintaining the same number of
correct answers, and five instances of an increase in the
number of correct answers. In hard level questions, Gl
encountered a single instance of a decrease in the number
of correct answers, six instances of maintaining the same
number of correct answers, and three instances of an
increase in the number of correct answers.

Consistent with the results analyzed in the previous sec-
tion, we believe that easy level questions are too easy, with
the majority of users having already mastered the chess
knowledge associated with easy level question scenarios.
Users did not gain additional knowledge about easy level
question scenarios after completing the learning process.
Similarly, for hard level questions, considering that book-
based learning had no significant learning effect on this
question type and that there were seven instances of all cor-
rect answers in pre-test, we conclude that the learning pro-
cess did not provide participants with additional knowledge
about hard level question scenarios. Therefore, while Gl
showed improvements in accuracy for easy and hard level
questions, it is reasonable to observe that these improve-
ments did not exhibit significant differences.

The number of participants with changes in the number
of correct answers in easy and hard level questions for both
GI1 and G2 participants is summarized in Figure 13. In easy
level questions, G1 had a significantly larger number of par-
ticipants with an increase in the number of correct answers
compared to G2. Conversely, G1 had a lower number of
participants with a decrease in the number of correct
answers compared to G2.

Considering the analysis presented earlier, we conclude
that EK-Chess exhibits the better effective teaching out-
comes in middle level questions, and it also performs better
than the textbook-based learning approach in easy and hard
level questions.

6. Discussions

In this article, we presented EK-Chess, a chess teaching tool.
With the assistance of chess experts and chess educators, we
constructed a knowledge graph of chess endgames to
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provide users with professional knowledge when they use
the system for learning. In the following sections, we begin
by summarizing our findings in line with the research ques-
tions, then provide the implications of these results for fur-
ther research. Following this, we discuss the limitations in
our study.

6.1. Principal results

In our user study, RQI centered on comparing the effective-
ness of EK-Chess and traditional book-based methods in
facilitating chess knowledge acquisition. Our quantitative
results showed that both learning methods can help users
acquire chess endgame knowledge, but the EK-Chess-based
learning approach yields better learning outcomes than the
book-based approach. Due to the anticipated differences in
learning outcomes between the two methods, we further
subdivided the teaching scenarios and pre-test and post-test
questionnaires to provide more detailed insights, and the
results align with our prediction.

RQ2 examined the learning outcomes of EK-Chess and
book-based learning methods in different types (easy, mid-
dle, and hard level questions) of king and pawn endgames.
Quantitative results indicate that, in middle level questions,
participants from both groups (G1 and G2) showed signifi-
cant improvements, with G1 participants exhibiting a better
improvement.

Surprisingly, G1 participants experienced a decrease in
the average accuracy of responses in Easy and Hard level
questions after the learning phase. One possible reason is
that our participants were primary school students with an
average age of 8.75, and they showed a preference for elec-
tronic devices over traditional books. Moreover, participants
in G1 did not exhibit a decrease in average correctness rates
for easy and hard level questions. Based on our results
(Section 5.2), for participants in G2, continuous searching in
books during the learning process increased their external
cognitive load (Cierniak et al., 2009). Existing literature has
shown that cognitive load can affect users’ emotions
(DeFraine, 2016), and personal decisions can be influenced
when users are in a negative emotional state (Zhao Y et al,
2022; Wang et al., 2024). Therefore, one possible explanation
for our results is that G2 participants experienced increased
cognitive load after learning, leading to negative emotions
and subsequently influencing their decisions, resulting in a
decrease in the average correctness of responses to the ques-
tions. Which leads to our research implications for record
mechanism (Section 6.2).

6.2. Research implications on learning record
mechanism

In our designed chess endgame scenarios, a fixed scenario
can have multiple move paths. Our goal is to enable users to
learn various strategies for specific scenarios, allowing them
to comprehensively understand the chess knowledge taught
in a scenario from different perspectives. Therefore, our

INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION 4185

system needs a mechanism to track user learning progress.
Hence, we designed a learning recording mechanism.

Based on our results of RQ1 and RQ2, we found that
some participants experienced a decrease in accuracy on
some questions after learning. Combining with the discus-
sion in Section 6.1, The key difference between the two
methods is that book-based learning method lacks learning
record mechanism. As mentioned in Section 3.4, our
designed learning recording mechanism allows users to
intuitively identify steps that have not been completed. In
contrast, G2 participants may need to spend more time
thinking to make such judgments and proceed with their
learning.

Therefore, we believe that the learning recording mechan-
ism is effective in teaching scenarios where there are mul-
tiple solution paths for a question. For example, the
situation of multiple solutions in mathematical problems
and the chess teaching addressed in this article. By assisting
users through the learning recording mechanism, we aim to
reduce cognitive load during the learning process, enhancing
overall learning effectiveness. On the other hand, the learn-
ing record mechanism can also serve as a tool for recording
user learning process data. In conjunction with the field of
recommendation systems (Ko et al, 2022), modeling user
learning preferences and knowledge mastery based on data
from the user’s learning process can be used to achieve per-
sonalized teaching recommendations, thereby improving
teaching effectiveness.

6.3. Research implications on knowledge representation

Our results from RQ1 and RQ2 echoed prior work that
knowledge graph is a powerful tool to assist students in
chess knowledge learning. So, we suggest that future work
can also consider similar approach to support chess learning,
or using other deep learning models. We believe that
employing a knowledge graph as the source of knowledge
for a chess education system is highly suitable. First, know-
ledge graphs connect chess positions and moves in the form
of a directed graph, offering excellent extensibility. Second,
as structured knowledge, knowledge graphs can serve as a
data source for training deep learning models. Existing deep
learning techniques such as CNNs (Gu et al, 2018) and
graph neural networks (Wu et al., 2020) can extract data
features from knowledge graphs, facilitating further research.

Large language models (LLMs; Chiang et al., 2023) have
achieved substantial impact across a variety of natural lan-
guage processing (NLP) tasks. Their remarkable capabilities
stem from the ever-increasing number of parameters and
training data, which expands in correlation with their mas-
sive knowledge and emergent abilities like chain-of-thought
reasoning (Kojima et al., 2022) and in-context learning
(Brown et al., 2020).

However, LLMs still struggle with factual knowledge con-
sidering issues like completeness, timeliness, faithfulness,
and adaptability (Kandpal et al., 2023). First, LLMs demon-
strate limitations in terms of timely updates and expertise in
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specific domains and LLM can hardly incorporate new
knowledge via continued training, which hampers the ability
to tailor these models to accommodate specific knowledge
demands. Therefore, these knowledge demands encourage
comprehensive research efforts toward integrating LLMs
with external sources of knowledge.

The existing research has demonstrated that enhancing
LLMs with external knowledge can improve their perform-
ance in specific domains, like Chatlaw (Cui et al., 2023) and
KnowledGPT (Wang et al.,, 2023). Therefore, the knowledge
graph CEKG that we designed is meaningful. Our CEKG
can be applied as a knowledge supplement for large lan-
guage models in the field of chess, using structured top-level
expert knowledge to enhance the model’s performance. In
the future, we also plan to integrate generative language
models with knowledge graphs, incorporating the knowledge
graph with expert insights into the generative language
model to generate explanations for current moves and sum-
maries of chess positions.

6.4. Limitations and future work

This study presents several limitations within its system
design and evaluation. First, the user interface is character-
ized by a fundamental simplicity, which might challenge the
user-friendliness, particularly for younger demographics.
Second, there is a discernible need to augment the know-
ledge graph. Presently, it is predominantly oriented toward
King and Pawn endgames, suggesting a narrowed focus in
the content spectrum. Third, the methodological rigor in
experimental design warrants enhancement, especially in the
formulation of test questions. It is crucial to ensure a dis-
tinct separation between the test questions and the learning
scenarios to maintain validity. Fourth, while the system is
designed for beginner-level users of diverse ages, the evalu-
ation phase was limited solely to children, which may not
fully represent the intended user base. Lastly, the difficulty
of the questionnaire we designed relied too much on certain
quantitative criteria without considering students’ subjective
perceptions, and we did not conduct a pilot test resulting in
higher accuracy rates for high-difficulty questions than for
medium-difficulty questions.

In the future, we plan to make several improvements to
the EK-Chess system. We will focus on the following main
areas: interface design, knowledge graph design, user study,
and generative language model design. In terms of interface
design, we aim to optimize the interaction mechanisms,
enhance system stability, and create endgame scenarios. In
user study, we will pilot test the difficulty classification in
the questionnaire and fully consider users’ subjective percep-
tions of difficulty. We aim to develop more referenceable
quantitative criteria and more accurate questionnaires
accordingly. For knowledge graph design, we plan to expand
the knowledge graph by adding more nodes to deepen and
broaden the scope of expert knowledge included in the
graph. We will also further evaluate our system with a
broader demographic or design more specific interaction/

interface for children. Additionally, in future experiments,
we hope to establish standards or frameworks for evaluating
the learning effectiveness of the system. In data analysis
work, we will adopt the method of panel data study due to
its unique advantages in understanding temporal dynamics,
individual behavior, and causal relationships.

7. Conclusion

We propose a chess teaching system, EK-Chess, based on a
knowledge graph, was designed using expertise from profes-
sional chess experts, emphasizing the explanation of expert
knowledge while guiding users in their moves. Through user
experiments and data analysis of ability assessments, learn-
ing time, and response times, we found that the EK-Chess
system is effective in helping users learn chess knowledge by
incorporating expert knowledge into the teaching process
through the knowledge graph. Knowledge graphs as a form
of structured human knowledge, combined with our
designed learning record mechanism, the system achieves
educational goals for different moves within the same chess
scenario, allowing users to understand the evolution of chess
endgame positions from multiple perspectives.
Our work has made several contributions:

e CEKG: We constructed a knowledge graph for chess
endgames based on expert knowledge. This knowledge
graph was created by extracting chess game information
from professional books, combining game, and move
information. It was stored using the graph database
Neo4j (Miller, 2013).

e Development of EK-Chess: EK-Chess, a chess teaching
system, was developed to read and utilize the constructed
chess knowledge graph. It also integrated the chess
engine Stockfish, combining the chess engine with a
knowledge graph-based teaching system to provide high-
quality instructional feedback.

e Comprehensive User Evaluation: We conducted a quanti-
tative analysis of user data, providing a comprehensive
assessment. EK-Chess was found to be user-friendly for
children due to its simple operation and convenient
interaction. The system deduced various move sugges-
tions from the knowledge graph, offering users a more
comprehensive learning experience. Our research also
explored the learning effectiveness of the system in dif-
ferent chess scenarios.
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