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A Study on the Educational Meaning of eXplainable Artificial
Intelligence for Elementary Artificial Intelligence Education
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Abstract

This study explored the concept of artificial intelligence and the problemrsolving process that can be explained through literature
research. Through this study, the educational meaning and application plan of artificial intelligence that can be explained were
presented. XAl education is a human—centered artificial intelligence education that deals with humen-related artificial intelligence prob—
lems, and students can cultivate problemrsolving skills. In addition, through algorithmic education, it is possible to understand the prin-
ciples of artificial intelligence, explain artificial intelligence models related to real-life problem situations, and expand to the field of ap—
plication of artificial intelligence. In order for such XAl education to be applied in elementary schools, exanples related to real world
must be used, and it is recommended to utilize those that the algorithm itself has interpretahility. In addition, various teaching and
leaming methods and tools should be used for understanding to nove toward explanation. Ahead of the introduction of artificial in—
telligence in the revised curriculum in 2022, we hope that this study will be meaningfully used as the basis for actual classes.

Keywords : Artificial Intelligence education, eXplainable Artificial Intelligence, Artificial Intelligence algorithm

education, artificial intelligence model, human-centered artificial intelligence
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- Recognizing and solving problems

- Computational thinking through objective

<Table 1> The role of Al education elements and contents[1]
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<Table 2> The contents of Al education in elementary

school[17]
Elementary school grade
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<Table 3> Research of eXplainable Al

Researcher Meaning of XAI

Given a certain audience, explainability

Arrieta, A. B. refrs to the details and reasons a nodel gives

et al(2020) fo make its functioning clear or easy to
understand/6].

Providing users with explanations that

enable them to understand the system's

Gélmzilag, ]I)) overall strengths and weaknesses, convey an
(201é) " understanding of how it will behave in fiture

or difierent situations, and perhaps permit

users to correct the system’s mistakes[4].

Combining their results with work

Derek doran et investigating factors influencing the human

al(2017) comprehensibility of representation formats
and reasoning approaches/5].

Gunning, D. et 7o make its behavior more intelligible to

al(2019)  Aumans by providing explanations/9].
Guidotti, R. et [nter.pretabdny s detﬁned as the ab{]]ty t.o
A(2018) explain or to provide the meaning In
understandable terms to a human/7].
Given a dataset of training decision records,
. how to develop a machine learning decision
Dino L. ;i .
. model together with its explanation. Given
Pedreschi et ..
A1(2019) the decision records produced by an obscure
black box decision model, how to reconstruct
an explanation or it/ 8].
Adadi, A, & XAI 1s not a monolithic concept, it reflects
Berrada, M. . .
(2018) several distinct related notions/2].
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<Table 4> XAl Problem solving process[3][4][5]

Researcher

XAI Problem solving process

- Al decision

Samek, W et al(2017) - Visualization : heatmap

- Understand

- Choose Explain methods(models) : SA, LRP

- Al Recommendation, Decision or Action

- Set up Explainable model
Gunning, D., & Aha, D(2019)
- User Decision

- Explanation interface (Visualization, language understanding and generation etc)

- Measure of Explanation Effectivenss( Mental model)

- Al decision

Derek Doran et al(2017)]

- Set up Comprehensible and Interpretable model

- Formulating Reasoning engine
- Combining symbol by a comprehensible machine and concepts by symbol
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<Table 5> Al algorithm in elementary
school[10][111[12][13][14][15](16]

Researcher TSK)H K-means Lmear Kf.l\kiit Nt;tl\h\::l;r
Tee Regression Neighl K moddl
Jang(2019) O 0 O
Ryu&Han 0
(2019)
Jang(2020) O
Kim&Moon
eep 9O
Lee&Moon 0
(2021)
Choi&Park 0
(2021)
Sim(2021) O
<Table 6> Criteria for classifying XAl models[6]
Criteria Meaning of criteria
Transparent - These models mean that have some
models interpretability by themselves.
- Post-hoc explainability is a method for
models that cannot be easily interpreted.
Post-hoc

explainability

- Text explanation, Visual explanation,
Local explanation, Example explanation,
Simplification explanation etc.

7F o= Axe o8-S AYes AL ujdit) 2dS
7IRko g AFA 5 AR It g|Ko] FRH R 7

sttt ALS A7 A (Post-hoe explainability) = 4
H }E HO

9la) agkd Aeltt. o]

R AW, dA] A,

12 (symhol) 2 AA43H= AL 9

3
R =

<3t Ay So] gty Bl~E AW (Text explanation)
= X

A= =
wet=d Ik Aoy 4 58 G AAA A
H(Visual explanation)o]#, Tdo] 35S Aoz
Asls AoR 7 W WHEY 34 AH8Eo

Avtel Bdw

(Simplification

A& FEt

L=
=
=
. o T
explanation)< &



2 AF 1% Z2agel ] AF g 43
5 RUS FEsel 4RT 5 Yt AL Py

<Table 7> Explainability methods by Al algorithm([6]

Al algorithm Explainability methods
Transparent model to fulfill every
constraint of transparency.

- Transparent model to takes the assumptions

of linear dependence between the predictors

Decision Tree

ReLlrr(leeszrion and the predicted variables.
g - Post-hoc explainability techniques(mainly,
visualization) also demanded.
K-NN
(K-Nearest Transparent model relying on the notion
Neighbors) of distance and similarity of data
( Cor(lJVI\oTJtion - Post-hoc explainability : Visualization that
al Nerual human cognitive skills favors the
Network) understanding of visual data.

o)A A E & (Decision Tree)= =& A7} 714 58
gk S ES 7HA glon & AE dldste 2ol
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FeE= Tjrﬂt’ko‘i A ES AdTH2][12]. o= FHE &
g2 FRERR A7 ARSI A A gl AR A 7
S 7GR, NS 7E)7E HaEolol Eakeeloi6].
K-NN(K-Nearest Neighbors)& Ho|EE 7} 7M7h&
AF &Adel wet BR3te] dolEE RFshe 7o nf
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Keywords of XAl

Human, System, Understand, Explanation, Data, Model, Decision

il

Problem solving of XAl

Al decision about humans
Extract Al model and understanding
Al model explanation
User understanding

. 4

XAl in edu
Al Black box
problem Al algorithm Explaining Al Problem
related to education model solving
humans

A 4

Develop problem-solving skills

| |
| Human-centered Al education ‘
| Education of Al principles & using ‘

(Fig. 3) Educational meaning of XAl
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