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[ TAECULIE 1), B0 E Be 5 R G Re R ir A 27
H R EEA AL B EA 3 M Y 5 2] PR

AU
A AT AR
N B
HEENE

) AR A

W 2 H S AR
e ) i e,
RN A% 51R

ITS 2%

EH1 BEREESFERFERIESLR
.14 -

KM RN, B el T R AR 22 S SOR
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P —— 1 285 B9 A S R 00 1 VP4 2 2T 2 s A
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TE I X, 2B 2l B SR O A 27 %)
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Decision Tree
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Relationships
between variables

l:wridtlﬁndof means? \
+

Asample mean &
2 population mean

¥
| tsaknown? |
¥ L

Paired (dyadic
. . o longitudi
S

Which kind
of variables?
g SRR

| Howarethe
" data structured? .

inal)

+ + ¥ + + +
- Correlation or 1 sample Paired-
Regression t-test samples t-test.

a
@ Sure, | can explain statistics to you! Ask away, and I'll
do my best to help you understand. '

Understanding if observations from different
conditions are related or independent is crucial
because it helps us determine whether the samples
are truly representing different populations or if
there is an underlying relationship. This knowledge
is essential for making accurate statistical inferences
and drawing meaningful conclusions.

Ask a question, or respond to my question.

|

2 REBESREEATMBESIBHZSIFR

nms'w

| whatis Central Tendency and why is it important in staistics?

& 165228

‘where the location of the scores and it is one of the most important characteristics in for a set of scores. 1

n 1652:30

I see you've mentioned that central tendency refers to the location of the scores. That's correct. Central tendency is a way to describe
the center of a data set, which s a single value that attempts to describe a set of data by identifying the central position within that set
of data

However, your explanation could be more complete. For instance, you could mention the three measures of central tendency: mean,
median, and mode. These are the most common ways to find the central tenden

Let's try to il in this missing information. Could you explain what the mean, median, and mode are?

& 16:53:12

| they are three measures of the central tendencies |

(ﬂ.m 3
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Gea i WAL~ E AR R BE T, R W ZIRA
BRI, 515927 > 5 PR M AR EHE IR LA 5

Review Your Tutor Configuration

t: Behavioral Research
* Leamer Name
* EnvironmentiResearch Design Statistics

[ Use the New C (if you changed any values) |

No Change and Move Forward
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B, SRR AR TR AR A BRI | B = 18 41
B R St 8 E THR BN ESAR . Xl
AFBEAAL 2R 2 B2 IR AN 55 40 T, 38 7T B
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Ry 2 20 AL TN X 20 1Y 2 e

X ik e Bk i, ORI TR R R, B
F AN G BRI R AR AL 1 7, A o A R
AL DA 9/ LV 7 1) 70 T 5% T, 0 DR AR 1 g FH A2
AR B E 2

(D) —RAZHFRBERIFOFTRTFT A
EABES

BN TR RRBAR, Jo IR KR 5 R R ok
(A6 T e, o S TR R AR G A A E Y
WF9E . TP & SITAHESR L K ST 5 B iy Sk .
R B S — BB 244 R, FoR A (AN K
X N2t 23 1 K R i aA R o8 4 B, R, ST
B BT A B EAG HIL ] S A5k A

HREF¥RGE N SHEAREHEL G W,
THAMLRR R A, FEAE N T8 Re B AR e H p 47
FAw mER MO, LI 0 2R CRE &I
HEE) MERE AT 20, = FH AL A (I
B 7): R 2EAR AR | S RS Dy T ) BB AE
HRRSIE B 7 s A0 B B = ) B R 10 BEAL
il THEALON TR ) £ AR T E 2 5 0 8
AP AL A RS HE SRV b, h TR A R L R
2 R G .

LEE2EAN
O FE A

E7 ES¥REMESHEMES (Nwana, 1990)

R T AR — AN TR R AR 0 1R b 4 s A
PEAL A > 03 W) Er B B, A SCHR T ASSP AE 42 (AP
ZHESR PUAS P9 IR 19 28 — A s 9 B 8/, Lidg

BHE S 2= R A RN G BRI R & A S OH
b N T e H AR, A 5 00 BT 4 APk 2= 2 I .
ZREZR BN IR AN T

1) 81 56 i 19 2~ > 318 (adhering to advanced
learning thoeries) , B[V ¥R & @il -G R0 w7 FH 53 I8 38 7 74
AVEACFINE 5| 07 By Sk A 2 e . ORI DR R g
FERGI R T BOR B BIE, T 2 2R
2 2] WS TR K

2) fifi FH #5087 2 K (state-of-the-art-enabling tech-
nologies) , B R FI >4 Hif S B v Y HE AR, A AR T
B, R R T Bt | 3G9 B 3 AT ) AT
R TE A RN TR RE R R R e 19> T, A
TR B R R AR g 2 # R g ny W T .

3) 1E #ff N FH 2 W& (strategic appropriet applica-
tions) , RV 7% 8075 ) st vh i B iR AR it
Wo XEWE B GENE PG Y TR
7k, Ui KA 2 )AL, IR s R G iy H
b I B 25 1Y o 3X— A TR ) DG SEETE T3 b
ARAFHBE B, SR AR F R R B EF LA IE
(R 2R Ao

4)UE 5227 2 A 34 Pk (proven efficiency learning),
R AR 0 S e b R 2 TR 1 k. X
58 0T JUT A7 P 014 2 2 SR e I R EA T RS2 0 DAL N
Bk, Ao OR B T B IR R T AR 2 I RO . AR AR]
AR SE RE R 2E RGN R, AU B R AN,
A B Ry 2 2 BCR AN ROR 1 SRR S Y S

g Bk

NI e

TE 21 20 19 HOR AT U, AR ) B E
W AR O — AR PR BGE . B AT I A H R
R PR, 3 97 B NSO L BRI 5 18 BT Y
L X—HAR DR, AN B TR R S R G
A e A, B B A O, RO R B 9 B 1
Al 5 ] USE A TR Sl 0y o X B B 3R A
A H G, RN T X EE A PSS
Ji&: AR IR R AR T, R TR E A 4
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Next-Generation Personalized Learning: Enhancing
Intelligent Tutoring Systems with Generative
Artificial Intelligence

XU Sheng', TONG Ricard? & HU Xiangen'

(1. Department of Psychology, Central China Normal University Wuhan 430079 China; 2.IEEE
Artificial Intelligence Standards Committee, IEEE, Piscataway, NJ 08854, USA)

Abstract: For a long time, researchers in the field of educational technology have been dedicated
to achieving personalized adaptive learning by leveraging the power of computers. Despite significant
efforts and achievements in this field over the past thirty years, there are still many challenges to be
addressed. The development of generative artificial intelligence with large language models (LLMs) has
brought breakthrough opportunities to intelligent tutoring systems and opened up new paths for
personalized learning. This paper reviews the efforts, outcomes as well as their limitations of
researchers in achieving personalized learning. It also discusses the potential and impact of LLMs in
personalized learning. In particular, this paper introduces "Socratic Playground," an example of a
dialogue-based intelligent tutoring system that utilizes LLMs to execute Socratic teaching,
demonstrating how generative Al innovates personalized learning. To address the potential misuse of
LLMs, the article proposes corresponding strategic recommendations and constructs a framework to
guide developers in developing efficient intelligent educational applications under the paradigm of
generative Al and LLMs.

Key words: personalized learning; intelligent tutoring Systems; ChatGPT; conversational based
ITS

(_EF% 58 71)
improvement of the community. Through an in-depth study of Dewey's works, this paper proposes
the T4C model, which builds upon the traditional five-step teaching method while incorporating other
essential elements found in Dewey's works. The T4C model emphasizes inquiry-based learning between
the individual and the world (i.e., C, representing critical thinking and problem-solving, what Dewey
refers to as reflective thought or practice), utilizing tools (such as concepts, techniques, etc.) within a
community through cooperation (C,) and communication (C;). C, refers to the anticipated outcome of
this inquiry-based learning, which is the acquisition of creative new experiences. The T4C model is a
framework for cultivating higher-order skills urgently needed in modern society, including the use of
tools, critical thinking, communication, cooperation, and creativity skills. The essence of this model is to
cultivate higher-order skills by higher-order skills, which can contribute to promote the essential

connection of democracy with education in Dewey ‘s social political philosophy.

Key words: Dewey's Five-Step Instructional Model; higher-order skills; 4C Skills; reflective
thinking; inquiry; T4C Model
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