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ABSTRACT

This study investigates the effectiveness of in-context learning (ICL) in enhancing the
agreement between human teachers and large language models (LLMs) in the context of
open-ended assessments. Using a dataset of 485 student responses to six open-ended
questions from Korean, Technology, and Social Studies subjects administered in 2024,
teacher-generated scores and feedback were collected alongside LLM-generated outputs
under varying ICL conditions. Specifically, we provided GPT-4.1 with 0 to 20 examples in
prompts to examine whether increasing example count improves agreement between
the model and human raters. Quadratic Weighted Kappa (QWK) was used to assess score
alignment, and BERTScore measured semantic similarity between teacher and model
feedback. Regression and mixed-effects analyses revealed that increasing the number
of examples generally improved alignment up to a certain threshold. The strongest
improvements occurred with fewer than six examples, beyond which the benefits plateaued
or even declined. Additionally, prompt length negatively moderated the effect of example
count, suggesting that longer prompts may reduce the model’s capacity to focus on relevant
information. These results provide practical guidance for teachers using LLMs in open-
ended assessments. Including teacher-generated examples in prompts helps models align
more closely with human scoring and feedback. However, the optimal number of examples
depends on the type of question and expected answer length: more examples benefit
shorter responses, while fewer examples (five or fewer) are more effective for longer or more
complex answers.

Keywords: In-context learning, few-shot learning, few-shot prompting, large language
models, automated scoring, feedback alignment, ai-assisted assessment,
reliability in educational assessment
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Introduction

2| 05 Aol A= saAke] At Akt 27| B 535S A 02 rlsly| et jeto g Al
=44 Hrko] FQAlo] A} 7% 1 IthBrookhart, 2010). Brookhart (2010)°]] W2 M, A- =43
st el Bt 2] Aed EolA 9] AR A 2|4 A& W 7ig Y 5HRE =5 EgollA]

E3Zo|| o|27|7H] thEZQl QIA] 58S ST 4+ h= A 4

7Fx7F Ak o Yot A= 7k s ERS BAIE s Zsta, vl o & g, o)A
O R AT £ Q= 5 E 7S 4 UL E e BRI H7E 2 A 7] 53t

Tefu} ol2fst H7 1 AR ksl A Q1 FEFe v|A|7] A= T A Fof & o], Y] A
TE EX6H S FE 4 e A m st A3k 7} 70| F7 Ala-s] ofok Shth(Hattie &
Timperley, 2007; Nicol & Macfarlane - Dick, 2006; Shute, 2008). L2{L} AA| W& Ao A= &4 T2 A
=£9 B7Hs A3 Z8sk= ol Qlo] oA SHAIZF AT, Narciss (2013)= AIZE RS, 337} oJ=ge] Zpo],
AN O] A 502 Il A- =& H7tol theh i sk ] =l 23] o fiths AFA-S EQIgh Bl 9l o,
Huang & Whipple (2023) A]-=%% 7ol thal] 7ixbatct 7)o Det o] Al met YidS 74
Sk ol of 2o Qlkal 2|5t

ol2|gt Mol A, 2| Q1FA] s 7|8ke] 2H5 A dl m =ul A AR o|2]gt SHAIE SESIAL A5
d H7PF A shael AE FIAZE 4 Qe Eh= FEREL QITH(Chiu et al.,, 2023; Huang et al., 2020). Dai
etal. (2023)= 2227] IANA] ChatGPTZF F-2Jn|3k o] TRl S 2| 3< 4= 123 &It B 91O, Shin et
al. (2024)2 Pack et al. 2024y LLM 7|8t 215 2§ Al Aglo] A WAL H7et fARH 220] 7} ZitE
Aeghs Aot e Jir

121} Henderson et al. (2025)°]] 2, SHYIE-2 o{%15] Al9] T| =¥l H T wARS] o] SHlS o] o] &
= A0 2 Q14511 Q1.0 ™, Baz & Hasirer (2025)= 712191 ¥4 of| A wAe] m| =rbo] ShEatol| Al o &
ARl FFS v|RIth= AMAS Eelsh7| = Jith st WAL} i 7te] aiehE 74 & o|slish= 7H A AR}
2 Tt AlZol| A 7] ARE A g 4= Qleiof HsH, LLMS DREA Q1 524 3t FR 95 AFg Ak
S A2 A= o] 9lo] £ 1 witol] dh= A weh 7 whrho|ut wARe] Y-S A USHA| B sk |
SHAIE EY 4=Hbof| 3ITHLundgren, 2025).

o|2|gt A& Eetal7] I3t thRhC 2 In-Context Leaming (ICL)] EA]SHT}, o] = B X=9] mHQIFd(fine-
tuning) $1°], ZZoJA| of|A] Ho|E] S ZEZLE Wol|A] A3 2 B} EXSE GFAl3t 7} 7] Fof g

J

=! = T8
cheFet dAke] 7} 9w ] P W 4 QIrks oA, 1L A9l ol2} & 4 STk Wei
etal,, 2022).

ojof] & A= ICLE 530 Al-=&3 W7ol A LLMO] wAke] 2 B m] =l 2Hg 3 & shgokal =)
o A FASIALA STk =, WAe] 7t oA S ZFZEC o] Fo] Z3HA|Z ol w2t wARe LLM 1
o 27 A3t 5l ml =ulo] Ael/do] dE S AR S = A stalAtjith

=
5 A= a Bl 2 2] S4o] nje} 275 G o] Bl 4

Sol 2 2t 4 9)
o} o2 Sol, 5 29 |2 $hHT 22 2 75H R ulma 32 Lol 2 Flo] /Hsht, T 2
Fo| 74 A A0 2 Ul B AS 27 Y BP0 B9 HrhHoR e 1 B B
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Q2 JH Levy etal. (2024)°]] 2 LLM 5 U35 A& 43} Qlo] Al gt ZEZ Eo] Zo|(Z &
T EV} 235 B2 oyt AoldeE A HEE Gk 0 7 2E51A] oA, o7t Bt
2 /350 Aot A Bt o]= LLMO] ICLE 53l 733} o] =l 235 eyl 3}

40] oA = Zﬂ*‘:‘*HE}E g EAol| w2 of| x| 9] Zo] Xpo| 2 Ql5f A5 2ko] 7Y 4= QLSS Al
A}OPE} wehr 2 Aol A Zh o Ale] EE £5 2 W4 135, oAl 27 A ol njAe
FFS 2t gk
ol/fel Mg 93l the F 71 AT-EAIE AAsISich AA, LS E851%1 S o ZEZEo) X3
£ oA9] = WARRFLLM 7 23 9l m] =eo] Zgghidof| folufgh G u x| =7k B4, ICLS &
£519S o ZEZET} mekehs EZ9| o= olAl] 27} aAket LLME] A3 goll o] x| F&FS 245t

Oll

Materials and Methods

Materials

= AolA= 2024 AFSFOAIA HAIE =01, 7171, Abe] alake] M-=E B7h 2
2232} ololl thek S8t 151 3HYo] Beke B85 3{ThAppendix A). & DTS 4
w2 73 6, 161, 5'39] wAR=A 2} 32 ol sl Aol A E 7t 7] Eo]| weh Ay
N | EH S 2SI,
2| zof et 2FE2 23709 B7HRAS VINRO R She A AV ES ZHAL QRO T A

= 2 73-¢ wate] AT LLme] A3 2E 2] B A 1 jlo] £ w7ke. o] 7]

SR 52 2.4 3HFT ARGl M B3 AUA| B2s] FE517] of2 APl oo £ Aol
M 24t 2PEE 7P Aol il A S A W7k 4 shubs Al7gste] 4] 24 & RSl
A 2 g7Ee 4] 7 o 7152 ATAF 3919 =) S 1A B Betsl itk Appendix B). £412] 2t
= st 2 B7tol= Okﬂa—r st 7159l =0l W7h= KR 1'% KR 2, 7171 7= ‘TH 1'%
TH2', AFe] ®7H='ss 13} 'ss 2' =2 g gsi3itt.

6712 7ol el 2+ % 7hotet 24 707goll M Zch 10178 9] 38 'etE 41510 5 4857H2] &
= Aol FESRATt. A7AF 3912 Aol A7 597} 7ol whek, 514 Eehs A4 A stal =)
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Alofl=3%10] A o= XS AAlsI e AS= 3l Fleiss’'s Kappas AF&o3lTh =4 27}
(Table 2), A 3710l thot =) 7+ ﬁﬂih 4‘7‘K 82Ei~ £ A= E ot 7L EEE

=8S1(c=.79),8S2 (k=.81), TH 1 (= .87), TH2 (k= .82), KR 1 (= .84), KR2(K= B0)E LE 23tollA 75
o|Ato] o AlE 2 stHsleitt A A AR Aot A Qoe 2 HG =ol2 Ax] By} 7=
o 7P Fedshs oE5 gelste] 23S A 2= FAgsielnt 2 o =2 g7 7| el ddS

TR A HE S A 2F 2SIt Appendix C).

Procedure
In-Context Learning

2 A= 1CL7 & 85It ICL2 AP Sk E Qlo] melo] mletn|e| & W 2 2 A5HA| gk, 25
IE Yof] £%F9] oA & ZFAA o] ol Aol FAlT =2 & IAH o E RSt e S f ok
Alo]ThBrown et al., 2020).

A= B7hollA LLM 7|7 207 o o =l
LLMO| WA} 7H7 Q1] 37} - o} w] = ul w4
o] AH=3t A Aol fAkx Bl mjsrEio] 7}
A 4 e i "okt

Mazzullo & Bulut (2025)y= 5}Q155d 2 3l w52 Wetof| ] LLMO| §-2|n|5t u] =ulg- )| 35k 4
Helup glovh, 7t i7h 73to] EA4dxt wAke] ¥ of] Bh5of njH Rl 2 miol R ohe 212 A7 H
4 A o] SHojlA] o v g&&o|nt. o|2{gk Aol A ICL2 WARS] YA E ZEILEO]| 2
cAtte g Bdlo] AAIA o2 wALY] H7F S WEESR R 4 Q7|0 wiol R o] a&4Q
o] = 4= 9] O™, Wan & Chen (2024)= 442 T =H] of A& %%OP ICLE 53l GPT:3.57} 820
3F o] S A2 4= Q18-S AlZ517]| & Bt} Brown et al. (2020)0]] T2 2 elo] nlaju|g| 47} Sof
£ ICLY] &h= FElo1A] sokA]7]oll, 2 Aol A= OpenAI°l A Algohs 2 5 7 o] € T7} =
2 A0 & oS5 GPT4.1S E-85t0] A =&3 H7lollA cllA|e] Algo] LLMat WAL 7 1A Axt 9l
il et gtiof n|x| = e A o2 FAsIITh

— 1 0oH

o] AR 1S FHol|A gt o2 -8 w7 QA=
L HFEE 4> Qlojof it ofof] £ iStof| A= AR LLM
T Y| =5 A3 (Agreement) 2 = 7 0| 51a1 o] & FF

(o]
(¢}

|

%9
ol:o‘:1
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m
£ oo
S
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Score & Feedback Generation

2 A= 67l 57 RapE R shy ek A m = vlo|el 22514 s, ol ¢7) 29
& Bt 7H P A2 sS 1280l 70719] HobE BR6lal e B R A5 g7te] Al=de FEsh] 9
sl oAl ElolEl= 2t 2071 2 A@tsaL, ol A] Blole] &2 AR EA] gb2 YA Hobe2 wAtek AlS] et
AZS o5t BA] glo]E| & 28519t}

L5 oA A HEAl o] ElgAS AZ5)7] 9ol ofd el AGLE APdo)| £35S kel A oA = 2
9] oA 417 413+ elolel A Lie) 4ech I 8 el 35 Smited) 22 AIS M 23i5ich B2

A1 AZ0l o 449 Ao 2 ofsision, i Aol u SRR 'Ol HARLLM 7 584

u:&,'l oE‘,
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A oA, 2] 1 Bpo) AA] SEe mR kg o). U ol2fdt ZEZES o2 1o
A 57 Atolo] 445 =R 2| Alotet o] ) Ak} 1 ellA] Hlo]ElS 0207} HslolA & A
2)7}n] LLme) A4 237} mAke) wlsulnt dnht gARI ]S AZsleih woue g ngxe
£ 2 AT, W7} 71E, mAke) A A g w e o), 123 shY SES BRI Fig. 1b). BES
o] = H}gto 2 SHAJo] Toto]| A A u] s HlS AATE & R A|ERQMC npRl7FA| 2 WAL m] =l of|A] O
o|E}E 0~207H HlollA g 74 5217k LLMO] 1w =Hjo] WARS] m]=ult Aupt FARIAEA1E Hs
skt

|0

{ "role": "system", "content":
{ "role": "system", "content": DO
A You are an assistant that provides feedback on students’ essay-style
You are an assistant that evaluates students’ essay-style responses. responses.
## The following is the question: ## The following is the question:
{question} {question}
## Scoring criteria : ## Scoring criteria :
{scoring criteria} {scoring_criteria}
## The following is the examples : ## The following is the examples :
{examples} {examples}
Please assign a score based on the criteria above. The score should be Please provide feedback based on the evaluation perspective, tone, and
an integer between 1 and 5. length of the example feedback above.
## Respond with only the score number: ## Student response has been scored {human_score}/5.
LILIL) ## Provide feedback in Korean:
} wiw
{ "role": "user", "content": "student response: {student_answer}" } To
{ "role": "user", "content": "student response: {student_answer}" }

(a) (b)
Fig. 1. Templates of prompts for LLM : (A) A scoring prompt, (B) A feedback prompt

LLMe] L2l T S fot7] Yol EE YA SEat wAlE stolmutetu]el S 17t 285
A} temperature’= 0.001 2 T WA A7A3lo] F2o] YA S BESIY oM, topp 0.92 5o Bl
o] 9] 4 &E 90% Woll AR EZS A5 $ho2a] QP ARl thHd S RAIGHE S SF3IL seed
S 92 1T RN U Yol sl Lot FS ANAT 4 YEE Sk 3 LLMo] BE A4
of #g5t TETEO| ED S5 3| 275}0] 2T BAo| Z8F 4 =2 53t

2|52 02 shAY ©@eh 4857l F ICLS 913t Gt 120707 HE 2075 A3t 365702 Hetol thal oAl

5 07l0llA1 20717HA] S7HA1718 LLMO| A7 o} =] =4 2Hg 2 4883t AakE 4234510 7,66571] To] €
£ 7K vlolElAlE &SI 7t vlolBl e W7H 27, W7t 71, S8 Eet, WA E =, LM B =
A Axk LM A A pje T2ETE B3 4 Y TRXE £ 42 T8k}

ll

Measurements
Agreement Between LL.M-Generated and Human Scores
LLMO| Aot A Axtel wAake] 2 Azt 2 S g4 o= vlwsty] ffsf 2 AtolA=
Quadratic Weighted Kappa (QWK) 4~ 85131t QWK A1 & Th2 7 2he] YA w5 E7dote &
Aol 2|2, Tt Ax| ok ] Afd 751,} 7+o] /\H:H?(q 713]% 7}Fxli F4 &t 4= QlTh(Cohen, 1968).
2 o9} 9 2ol IE%;PE 2t R
R AR B £ 0, AAE 28 B2 A A ) 4
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EFAQ 2| B2 Je] AFEE| o] 2SItk Doewes et al., 2023; Yoshida, 2024). ©]of] £ A= 21
£ 070114 20717FA] 24357 HA1710 LM AR 213 23 7 QWK 0] #ig} F0] 5

Agreement Between LL.M-Generated and Human Feedback

LLMo| A3 w2} Ak} 2bgst ml = 7ko] ofn| 7] @AM S Aekal 0 2 ulwsly] 93] B AT
= BERTScore S 285131}, BERTScore= A %Pg% BERT lojdlo] ol WE| S 7|gto &2 = 77
7o) oln|d Y A& ALbsh, tho] £20] AHukS 7lsh= 7|& BLEUY ROUGE 52 #|Eof H]
o HC} A8 8717} 7Stk zhang el 2020) 55 /H =2 mEule 53 uhalo] Tloksltehe 4]
7} Aol M}t SH ol AR 4 Sl BERTScore'= o] 2i3H ojnl o] A S oA
O &2 T} 4= Q=737 711tk thik, BERTScore= 9] 1|4 fAMollTE 24 & 57| whize] o] & 2A=
LLMo] 2A} ] Erho] W82 F8AJo|L} LA e A EA7LR] A6 A} B7|= ok 1
ol = E7tetal 24 1 ofn|d FALE S A o= 7k 4 Uk HollA, &2 17-e] F2of sigsh=
SASFLLM 7t 5 S8 3 2ol 325] f.on)shA| $8E 4 Aok BEsllt £ Aol s o
=u o] -2 07HollA] 2071712 "t Z7HA17]0 LMz AL A3 A3} 7F BERTScore] 13} 0] 2
Haioict

O

Data Analysis

2 Q704 = Pythone] sasmodels71 418 AL 5101 1012 2351918 1 oA 7147} LMz} TAte) A
A A3} 9 1w =) HatAof| n)x)= oJaku} ojo] et ZE T E o] EX o] 2 FulE B9

o| & 2ol A, 413 2]F +-A](Linear regression analysis)ye A AT HHHS: X= TEIE Ujof| 23+
1 o A]2] 010, B4 = 212t QWK 49 BERTScore 51Tk 2 37 G2 A el
HREARNE 94 23 5], ol2la B4 ZTfE Feetol 7} 1 W0l T MY EaTR &
A (Linear mixed-effects model analysis)= '/\] stk o] & Fol W7k 7iH EA49] IS SAISH il A]
A 4= S7tel mhE g Bk -2 Ik o] of @llf\l F7ell whg a7 1kl AX T
AP B =+ G 7S ALEisto] ol A] 4= 915 0-5,6-10,11-15,16-209] U] 7l F3to =
Lhro] R Ay Eta i yds A ol & SAIRF =M of|A] 429f Ft7tof| wet a7 st
SHAL 3t = 73] 9 “Z]%: ISR} SHAC.

EZZH 01]/\] 57} XH’é- 3l o =ul Aol /doll njx|= S ZEZE o7t 2As=A] ERlsh] Ll
o] 24 EM(Moderation analysisy= A5+
. & FXX2)Z Zobohe FHIZ, A =
Foz gt dgegdaitrdol i"eq i —?—7%}04 —_rL %} '3} o] wf, || et TFILE o] ZHe| thg-3-
e sl sl F s Bt S & 242 el e ol & B3l ZEZE Lot oA 4
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Results

Effect of Example Count on the agreement Between LLM-Generated and Human Scores
Effect of Example Count on QWK Scores

ZEILEO|| 3 of|A] £7FLLME] AR kel wate] Al At 2ke] ™ ol m 2l P &St
7] 913l 6712] H-=&% 37H 2t sl = AR 2] 242 XISkt

74 7t 7ol A A etol] ek aAke) 2 Aot ofof] cfeh LLMe) A ﬂr% 5l l*H RA
of et 7"%} e & ZF YHER QWK A4S AFESISIT: o] 2 53 =2 QWK A4S S5HE, o
Ao Ak SRR dAsto] 2)9] 245 st

Table 1°f] E}E‘_ Az ] 7}01] ol oA 7HO] Al =4 IS thAFO & o|A] 47} QWK 4o mlx| &=

V= 7NEA =2 BARH A, S 29 TH 15 All@feh B 7ol A = ol A ol w2t QWK 47} V3
= 73Ol HERT S8 29}TH1 A A oM AR 2 fojn]g S S 4 itk Fig 200 o}
2Rl Al 0 2 Boke ul, S 2 oflA] 47} Bobol whet ol QWK H47H A5l A4ste] oA

[—0— QWK  --- Linear Regression }

(A)SS1 (B)SS 2 (C)TH1
0.775

0.750

0.725

0.700

0.675

0.650

0.625

0.600

(F)KR 2

0.9

QWK Score

0.8
0.7
064 "
05
0.4

0.31

0.2+

Example count

Fig. 2. Effect of example count on qwk score across six datasets (with linear regression trend)

Table 1. Regression results for example count on qwk score across six datasets

Datasets Coef(B) SE t p Lower95%  upper 95% AR?
SS1 0.002 0.000 2.658 <0.001 0.005 0.004 0.232
SS2 -0.001 0.001 -0.68 0.504 -0.003 0.001 -0.027
TH1 -0.001 0.001 -0.952 0.352 -0.002 0.001 -0.004
TH?2 0.013 0.004 2.743 <0.001 0.003 0.023 0.246
KR1 0.007 0.002 3479 <0.001 0.003 0.012 0.357
KR 2 0.007 0.001 4.130 <0.001 0.003 0.010 0.445

Note. SE = Standard error, p = significance
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£ 3700 7HE =2 A4S

2 EXSH o] 2Astci B ofHYich
o|e} Zro] i7tof mhel AR oh2 Z o] Il MAZQ] HF/dS BTl Qlo] 7t 7t A

o]& MeotA] g T I ARYP 2 BA 9 el S AalE 4= ok AA 2 f-2H] 4

o] gvE xSt Eetartr o] et PHTF EA K02 ojulsHA 4ot A E B thye =

114.866, df=2,p <0.001). o]l w2t 7+ H7HE e} w42 A5t 7P Haj= ‘QQLT}E‘:‘J%@—E

Fantee S 55 A 1 2ol 2 EASH ol A Elo]elo] Agke HAI5}

(0]

A

TR, of|A] = QWK Aol SAIH 22 fFojulet A4 = mlA|aL Ak
SHRIA oAl 27t S7FE S QWK e, S LLME| A Aoty da Al dsate 94 ol OJEP.

Table 2. Mixed effects regression results for example count on qwk score across six datasets

Coef(B) SE t p Lower 95% upper 95%
Intercept 0.626 0.051 12218 <0.001 0.005 0.004
example count 0.004 0.001 4.505 <0.001 0.002 0.006
Random effect(SD) 0.136

Note. SE = Standard error, SE = Standard Deviation, p = significance

ShAIk ollA] 4ol aFE B71E QWK H40] % el E(Fig 3014 EHRIZ 4 Aol o)Al 2] Z7lel
T}E QWK A40) sk A el Al A Aoz AYE] ofele FAS Both Uk i
7H RSS2, TH DoIAE AT 27 4% o] 3 43} SHshe Wl Basinl, o Byt 27
3 A% S Bol7|w Yok ol e HAG Aol L TR Aold AL B MY BYoR L FHs
n5]7] ofefe ZHo] 9ict. ofol] & Aol A o A] 42 vl Zjo] TTHQL: 0-5, Q2: 6-10, Q3: 11-15, Q4
162002 Lo 47he] EE} maS A5k o] % 22 BAO 2K olA] 49 WskE QWK 4
of mlA|= G2 KTk LA A sk

o
o

QWK Score
o
w

0.4
0.3
S51 S52 TH1 - = Mixed Effects Regression
0.2 1 TH 2 KR 1 KR 2
0 3 6 9 12 15 18 21

Example count

Fig. 3. Effect of example count on qwk score across six datasets (with mixed effects regression)
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Table 3. Mixed effects regression results for the effect of example count on qwk score across binned
example ranges
Bin Coef(B) SE p lower 95% upper 95%
Ql Intercept 0.529 0.066 <0.001 0.399 0.658
©0-5) example count 0.039 0.008 <0.001 0.022 0.057
Random effect(SD) 0.174
Q2 Intercept 0.666 0.059 <0.001 0.549 0.783
(6-10) example count 0.003 0.004 0.439 -0.004 0.011
Random effect(SD) 0.318
Q3 Intercept 0711 0.067 <0.001 0.581 0.843
(11-15) example count -0.001 0.003 0.621 -0.008 0.005
Random effect(SD) 0.368
4 Intercept 0.758 0.071 <0.001 0.620 0.895
(16-20) example count -0.003 0.003 0.245 -0.009 0.002
Random effect(SD) 0.378

Note. SE = Standard error, SE = Standard Deviation, p = significance
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Moderation Analysis of the Effect of Example Count on QWK Scores
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Table 4. Results of the moderation analysis for the effect of example count on QWK score by prompt

length

Variables Coef(B) SE t p lower-95% upper-95%
Con 0.694 0.052 13.196 <0.001 0.591 0.797
example count 0.001 0.003 0.528 0.598 -0.004 0.008
prompt length 1.7x10° 1.6x10° 1.044 0.029 -1.5x10° 4.8x10°
example count x 2.9x10° 9.0x107 -3.1897 0.002 4.7x10° -1.1x10°
prompt length

Random effect(SD) 0.157

Note. SE = Standard error, SE = Standard Deviation, p = significance
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Table 5. Results of the conditional analysis for the effect of example count on QWK score by prompt

length

Length of tokens Coef(3) SE t p lower-95% upper-95%
706 0.006 0.002 2414 0.017 0.001 0.011
2264 0.001 0.003 0.528 0.598 -0.004 0.007
3822 -0.002 0.004 -0.659 0.511 -0.011 0.005

Note. SE = Standard error, p = significance

Effect of Example Count on the agreement Between Al-Generated and Human Feedback

Effect of Example Count on BERTScore
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37 Mg A 23t B(Table 6)0l] W=, A 17kl sl oA 71e] A =53 H7HE tid o=
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A EQPGet A E Hol= 5 HAF A o] dF BaE = 5 EAT AFo] ARt 7] ojH %l
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Table 6. Regression results for example count on bertscore across six datasets

Datasets Coef(B) SE t p Lower 95% upper 95% AR?
SS1 0.001 0.0000 77172 <0.001 0.0004 0.0006 0.0539
SS2 0.001 0.001 10.8404 <0.001 0.001 0.001 0.101
TH1 0.002 0.001 18.1816 <0.001 0.001 0.002 0.17
TH2 0.003 0.001 26.1227 <0.001 0.003 0.004 0.34
KR 1 0.001 0.001 4.5435 <0.001 0.0002 0.001 0.018
KR 2 0.001 0.001 0.6536 0.5135 -0.0001 0.001 -0.001

Note. SE = Standard error, p = significance
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Fig. 4. Effect of example count on qwk score at different prompt lengths

Table 7. Examples of changes in Im-generated feedback and corresponding bertscore by example count

Code Human feedback Example count LLM generated feedback BERTScore
TH1 It is necessary to clearly 0 This response mentions reducing single-use products and carbon 0.896
explain how this challenge dioxide emissions as ways to protect the environment, but it lacks
contributes to reducing specific explanations or examples. It needs further elaboration
carbon dioxide emissions. on why each method is important and how it can be put into
Additionally, it should be practice. For example, suggesting concrete actions like using a
explained how reducing tumbler or a reusable shopping bag to reduce single-use items
CO; emissions helps support would strengthen the answer. Additionally, including specific
a sustainable Earth system. behaviors to reduce CO, emissions—such as using public
transportation or conserving energy—would make the response
more comprehensive.
5 It is necessary to explain how reducing single-use products 0.958

is connected to the reduction of carbon dioxide emissions.
Additionally, it should be explained how such changes impact
the sustainability of the Earth’s systems.
15 It is necessary to clearly explain which specific activities of 0.958
the challenge lead to a reduction in carbon dioxide emissions.
Additionally, it should be described how these changes contribute
to the sustainability of the Earth's systems
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Table 7. Examples of changes in llm-generated feedback and corresponding bertscore by example

count{continued)
Code Human feedback Example count LLM generated feedback BERTScore
KR 1 There is no clear statement 0 This response does not clearly state the purpose of the writing, 0.886
of the creative intention or nor does it provide sufficient reasons or supporting evidence.
the reasons behind it, so the While the reason for choosing the creative experience and the
response could be improved intention behind the piece should be explained separately, the two
by clearly stating the are mixed together, making it unclear what the actual creative
intention at the beginning intention is. Although symbolic expressions based on personal
and supporting it with a experience are mentioned, there is a lack of specific explanation
specific reason. or justification for why such expressions were used or what

message they were meant to convey. According to the evaluation
criteria, both the statement of creative intention and its supporting
reasons are insufficient, corresponding to a score of 1.
5 The creative intention and the reason for choosing the experience 0.946
are not clearly presented. To strengthen the response, the writer
should clearly express the purpose at the start and provide a
concrete reason to support it.
15 The creative intention and the reason for selecting the experience 0.887
are not clearly presented. The intention behind the writing—what
message the student aimed to convey through this experience—
was not explained separately, and the reason for selection is
limited to merely listing the experience itself. In addition, there is
a lack of supporting reasons or evidence to reinforce the creative
intention. In future writing, please clearly distinguish between
the creative intention and the reason for selection, and provide
specific explanations or justifications that support the intended
message.
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Fig. 5. Effect of example count on bertscore across six datasets (with linear regression trend)
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Table 8. Mixed effects regression results for example count on bertscore across six datasets

Coef(B) SE t p Lower 95% upper 95%
Intercept 0.897 0.01 88.227 <0.001 0.877 0.917
example count 0.001 0.0001 27.899 <0.001 0.001 0.001
Random effect(SD) 0.016

Note. SE = Standard error, SE = Standard Deviation, p = significance
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Fig. 6. Effect of example count on bertscore across six datasets (with mixed effects regression)
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Table 9. Mixed effects regression results for the effect of example count on bertscore across binned

example ranges
Bin Coef(B) SE p lower 95% upper 95%
Ql Intercept 0.882 0.006 <0.001 0.87 0.894
(0-5) example count 0.006 0.001 <0.001 0.005 0.006
Random effect(SD) 0.008
Q2 Intercept 0914 0.012 <0.001 0.891 0.938
(6-10) example count -0.0001 0.001 0.89 -0.001 0.001
Random effect(SD) 0.023
Q3 Intercept 0912 0.013 <0.001 0.886 0.937
(11-15) example count 0.0003 0.001 0.505 -0.001 0.001
Random effect(SD) 0.023
Q4 Intercept 0915 0014 <0.001 0.886 0.944
(16 -20) example count 0.0001 0.001 0.886 -0.001 0.001
Random effect(SD) 0.028

Note. SE = Standard error, SE = Standard Deviation, p = significance

Moderation Analysis of the Effect of Example Count on BERTScore
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Table 10. Results of the moderation analysis for the effect of example count on BERTScore by prompt

length

Variables Coef(B) SE t p lower-95% upper-95%
Con 0915 0.007 125.181 <0.001 0.901 0.929
example count 0.003 0.0001 21.186 <0.001 0.002 0.003
prompt length -82x10° 64x107 -12.8795 <0.001 9.5x10° 27.0x10°
example count x prompt length 4.9x107 3.3x10° -14.6189 <0.001 -5.5x107 42x107
Random effect(SD) 0.009

Note. SE = Standard error, SE = Standard Deviation, p = significance

Table 11. Effect of example count on BERTScore at different prompt lengths

Length of tokens Coef(B) SE t p lower-95% upper-95%
754 0.003 0.0001 31.886 <0.001 0.003 0.004
2447 0.003 0.0001 21.188 <0.001 0.002 0.003
4139 0.002 0.0001 12.335 <0.001 0.001 0.002

Note. SE = Standard error, p = significance
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Fig. 7. Effect of example count on bertscore at different prompt lengths
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Appendix

Appendix A.

Code Assessment item

SS1 Evaluate the effectiveness of the government’s proposed measures to solve the problem described in the case you studied.
In your answer, explain both the strengths and weaknesses of the measures, and suggest possible improvements if needed.

SS2 Choose one travel destination you would like to visit and describe its landscape characteristics, climate, and geographical

features based on how its landforms were created.
THI Clearly describe how your group’s challenge activity affects the sustainable Earth system, demonstrating a thorough
understanding of its impact.

- Identify the main aspects of the Earth system that are influenced.

- Summarize both the positive and negative impacts.
TH2 Compare the social system in reality with the one shown in the movie where the nature of time as a resource is different.
In your answer, analyze the differences in economy, social structure, jobs, and life system, explain what is considered
valuable in the movie’s social system and why, and reflect on what this comparison tells us about our own society.

Write a piece explaining your own creative work.

<Conditions>

- You must clearly state your creative intent and support it with appropriate and well-justified reasons or evidence.
KR2 Read the two texts, (A) and (B), which present opposing viewpoints.
Then, logically express your own opinion by maintaining coherence and providing appropriate supporting reasons.

Appendix B.
Code Criterion Level
SS1 Critical analysis of social issues 5 Critically examines the issue and evaluates the validity and limitations of the
with logical reasoning and government’s measures in a balanced way. The reasoning is clear, logical, and
evidence expressed with strong clarity.
4 Provides a logical evaluation of the government’s measures, but the critical
perspective is somewhat limited or the analysis is partially superficial.
3 Mentions the government’s measures but offers only a shallow critical
analysis, with simple or underdeveloped reasoning.
2 Provides little to no validity analysis, and the reasoning is unclear or weakly
structured.
1 Shows no critical perspective and remains at the level of simple description.
SS2 Comprehensive explanation 5 Accurately analyzes landform formation processes and clearly explains causal
of geographical characteristics relationships between landscape, climate, and geographical features with
through analysis of landform specific evidence.
formation processes
4 Generally explains landform formation and connects most geographical
characteristics, but some relationships lack clarity or detail.
3 Mentions landform formation but geographical explanations are superficial, or
connections between elements are limited.
2 Simple listing without no analytical approach.
1 Does not meet any of the above levels.
THI Explanation of the causal 5 Clearly explains the causal relationship between the group’s challenge
relationship between the activity and its impacts on the sustainable Earth system. The explanation
challenge activity and Earth demonstrates clarity, logical coherence, and a thorough understanding of the
system sustainability interconnections.
4 Describes the impacts of the group’s challenge activity on the sustainable
Earth system, but the causal relationship or interconnections are not clearly
articulated.
3 Provides a description of the impacts of the group's challenge activity on the
sustainable Earth system, but without further elaboration of causal links.
2 Mentions only the results of the group’s challenge activity or only the impacts
on the sustainable Earth system, without connecting the two
1 Does not meet any of the above levels.
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Appendix B. (continued)

Code Criterion

Level

TH2 Analysis of differences
between real-world and film
social systems from multiple

perspectives

Writes about the differences between real-world and film social systems from
two or more diverse perspectives (economic, social structure, occupational,
biological systems, etc.) and writes about the value criteria of the social system
within the film.

Writes about the differences between real-world and film systems from two or
more diverse perspectives (economic, social structure, occupational, biological
systems, etc.), OR writes about the differences between real-world and film
systems from one perspective and the value criteria of the social system within
the film.

Writes about the differences between real-world and film systems from one
perspective.

Fails to clearly write about the differences between real-world and film
systems.

Does not meet any of the above levels.

KR1 Explanation and justification of
creative intent

Clearly states the creative intent and supports it with appropriate and well-
justified reasons or evidence.

States the creative intent and supports it with appropriate and well-justified

reasons or evidence.
States the creative intent and provides reasons or evidence,but some parts are
not well-justified.
States the creative intent of their work but provides little to no supporting
reason or evidence.
Does not meet any of the above levels.

KR2 Development and coherence of
argumentative essay

Presents a clear stance and develops an argumentative essay with logical
coherence and consistency throughout.
Presents a clear stance and develops an essay, but the logical flow or
consistency of the argument is somewhat lacking.
Presents a stance and attempts an argumentative essay, but poor logic and
coherence make the argument difficult to understand.
Attempts an argumentative essay from a chosen stance but fails to complete it.

Does not meet any of the above levels.
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Appendix C.

Code

Students’ response

Score

Feedback

SS1

Since teenagers are people with immature personalities who haven't become adults
yet and need adult protection, I couldn't support teenage part-time jobs. But now my
thinking has changed. The government used various laws like the Labor Standards
Act, Youth Protection Act, and Industrial Accident Protection Act to make laws
that protect teenagers in all areas including working hours, minimum working age,
and how to deal with unfair labor and unfair dismissal. Because of this, teenagers
can work fairly by writing work contracts and can solve problems even if they

get hurt at work, which means they can work in a better environment. In this way,
the government's policy worked well. But still quite many teenagers aren't getting
protection from these laws. The sad reality is that not only the above case but over
50% of Incheon teenagers experienced violations of teenage labor rights, and work
contracts often aren't signed either. This means we can't ignore that there are laws
for teenage labor but they're not being followed. For this, the government should
regularly and carefully investigate businesses that use teenage workers, and we
should also consider having teenagers complete one hour of related education per
month so they can know the Labor Standards Act better and make fair demands. If
we pay more attention and monitor more thoroughly and also provide education,
this law will shine even brighter.

1 think the government's policies about teenage part-time jobs have both good points
and lacking points. The good point is that they try to protect us with laws like the
Labor Standards Act and Youth Protection Act. For example, they decided we can't
work night shifts and employers must follow minimum wage rules. Actually, when
my older brother worked at a convenience store in high school and the boss treated
him unfairly, he reported it to the Ministry of Employment and Labor and solved it.
But the problem is that many places still don't follow these laws. Especially small
stores and restaurants often don't write work contracts and make people work too
many hours. So I think the government should check these places more often, and
they should teach us teenagers more about our rights.

I'was also shocked when I saw this news article. Because I thought school is a place
for learning and teachers would naturally respect students' human rights, but I was
really surprised that they do sexual harassment beyond swearing and insulting. But
1 think the victim student was really cool and handled it well by being brave in that
scary and frightening situation to tell the world about the human rights violation.
After telling the world, the school admitted how serious the problem was and said
they would prepare education and monitoring systems to prevent it from happening
again, so [ think that's really good. After this situation, I think not just teachers but
everyone should respect everyone's human rights and not violate them.

I also think Coupang is responsible. Because Coupang said "there’s no direct
connection between the job and death" but then admitted it and apologized when
the media got stronger, I think that's a problem. Also, I thought they were too
irresponsible thinking this problem would never happen. I thought it was bad from
the beginning that this incident happened when it shouldn't have. Also, I really hated
that Coupang tried to hide this incident. So I think the government should focus
more and pay more attention to this problem from now on. And I hope they pay
attention once a year to see if there are any problems like this.

‘When unfair things like this happen, the court should manage so that part-time
workers get fair wages and proper weekly holiday pay. If not, unfair things like this
can happen again.

1

Clearly presents both policy
achievements and limitations while
providing concrete improvement
suggestions like regular inspections
and monthly education programs.

Evaluates government policies

using specific laws like Labor
Standards Act and Youth Protection
Act with concrete examples, but
some arguments lack depth. Shows
logical flow but has limited critical
perspective regarding comprehensive
policy analysis.

Mentions the school's preventive
education and monitoring system

as government measures, but lacks
sufficient evidence or deeper analysis.
The evaluation of policy validity is
superficial and needs more discussion
of limitations and alternatives.

Mentions the need for more
government attention and annual
monitoring, but fails to clearly present
specific government policies. The
analysis lacks concrete evidence and
logical development regarding policy
effectiveness.

No specific government policy is
presented and the content is just a
simple statement. Need to identify
concrete government measures and
provide analysis of their effectiveness
with supporting evidence.
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Appendix C. (continued)

Code

Students’ response

Score

Feedback

SS2

Dokdo - Dokdo is two volcanic islands created by underwater volcanic
activity about 4.6 million years ago. Lava kept erupting from the sea floor
and piled up to form today's Dongdo and Seodo, and 89 small rock islands
were also created around them. Geographically, it is located in the East
Sea, 87km southeast of Ulleungdo. The average temperature in winter is 1
degree and in summer is about 23 degrees. For landscape features, Seodo
is 168m above sea level and has high cliffs, while Dongdo is relatively
flat so a lighthouse is installed there. The cliffs created by volcanic
activity show unique coastal scenery. Because of this volcanic terrain and
oceanic climate, seabirds like black-tailed gulls and storm petrels live
there, and various fish like pollack and squid live in the surrounding sea.
In the past, many sea lions lived there too, but they can't be seen now
because of overhunting during Japanese colonial period. Like this, Dokdo
is our precious land where volcanic terrain and oceanic climate combine
to create a unique ecosystem.

Rio de Janeiro - Rio de Janeiro has lakes formed because of sand dunes created by
sand carried by waves. This place is in a tropical climate region, but it's relatively
cool even in summer. White sandy beaches and mountains covered with thick
tropical rainforests come together to create world-famous beautiful scenery. Because
of these geographical features, it became a popular destination that many tourists
Visit.

Yonggul - Gyeongju Yonggul is a sea cave made by waves eroding rocks. So it has
passages that look like a dragon went in, which is its special feature. In this area, the
highest temperature in winter is less than 18 degrees and in summer it goes above
30 degrees. The cave creates beautiful coastal scenery in Gyeongju.

Dokdo - Dokdo is two islands. Seodo has steep slopes and Dongdo is flat, so the
Dokdo guards are there. Dokdo has strong waves and lots of wind.

Himalayas - It is the highest place on Earth. Mount Everest is there.

Accurately analyzes volcanic
landform formation and
systematically explains causal
relationships between landscape,
climate, and ecosystem with
specific evidence.

Explains sand dune formation
and connects most geographical
features, but lacks specific
explanation for why it's cool
despite tropical climate. Need
clearer details about trade winds
or ocean influences on climate.

Mentions wave erosion forming
caves but limited connections
between landform formation,
climate, and landscape. Need
more specific analysis of how
erosion and climate interact to
create the current scenery.

Missing landform formation
processes and only lists
individual elements separately.
Need to explain how volcanic
activity created Dokdo's terrain
and connect this to climate and
landscape features.

No analysis of landform
formation processes. Need to
explain how the Himalayas
were formed and connect this
to climate and geographical
features.
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Appendix C. (continued)

Code

Students’ response

Score

Feedback

THI1

Soil plays a very important role on Earth, but we don't know much about
it. Through the Soil Photo Challenge, people learn how precious soil is.
When people take pictures of soil and post them, they learn that soil helps
plants grow, cleans rainwater, and becomes home to many living things.
When people learn these things, they try to buy eco-friendly products or
use less chemical fertilizer. When other people see the photos and posts
that individuals share, they also become interested and try to protect soil.
This way, small actions by individuals spread to the whole society, and
policies and activities to protect soil increase. In the end, this leads to a
better Earth environment.

Our Challenge has a good effect on the environment. When we spend less money,
we buy fewer things. When we buy fewer things, factories make fewer products
too. When factories make fewer products, they use less resources and energy, and
less trash is made. Even though one person saving money might seem small, if
many people do it together, it can really help protect the environment.

The 'Go-min-hae' Challenge is an activity that protects the environment by reducing
unnecessary shopping. People post items they want to buy in group chats, and
others give opinions about whether they really need it. This way, we can reduce
impulse buying and make less trash, which helps the environment.

Our Challenge is to reduce carbon dioxide. It can support a sustainable Earth
system.

Good influence

4

Clearly explains the causal
relationship between the soil
photo challenge and Earth
system impacts, showing how
individual awareness leads to
behavioral changes and broader
environmental protection.

Describes how saving money
impacts the Earth system
through reduced consumption
and production, but the

causal relationships could be
explained more clearly. Consider
strengthening the explanation of
how individual actions connect
to larger environmental systems.

Describes the challenge activity
and mentions environmental
impacts like reducing trash,

but lacks explanation of causal
connections. Need to explain
how reduced consumption
leads to specific environmental
improvements.

Necessary to clearly explain
how this challenge contributes

to reducing carbon dioxide
emissions. Additionally, it should
be explained how reducing

CO; emissions helps support a
sustainable Earth system.

Need to describe what the
challenge is and explain its
environmental effects.
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Appendix C. (continued)

Code

Students’ response

Score

Feedback

TH2

Real life and the movie show different systems from many perspectives
like economics, social structure, jobs, and legal systems. Economically,
money is used for exchange in real life, but time acts as currency in the
movie. In terms of social structure, rich and poor people in real life are
divided by wealth, but in the movie, social classes are divided by how
much time people have. For jobs, the movie has time-related jobs like
Timekeepers and Minutemen that don't exist in real life. In the legal
system, robbers who steal money and police who stop them in real life
correspond to Minutemen who steal time and Timekeepers who catch
them in the movie. The value system in the movie's society is not based
on effort or popularity like in real life, but on how much something is
related to time. Since time is directly connected to life, everything's value
is judged based on time, creating a unique value system.

Real life and the movie show big differences in economic systems and job
structures. Economically, money is used for exchange in real life, but time acts as
currency in the movie. In terms of jobs, real life doesn't have special time-related
jobs, but the movie has jobs like Timekeepers who manage and maintain time. Also,
the movie's society has a class structure where people with lots of time live rich and
comfortable lives, while people without enough time must live poor and rushed
lives.

In real life, we use money to buy things, but in the movie, time is used as money. In
real life, people work and get paid with money, but in the movie, people work and
get paid with time. This shows how the economic system is completely different in
terms of what we use as currency.

Things in real life like daily life and living seem like.....they would become more
comfortable than before, but in the movie, there doesn't seem to be much change.

I don't know.

4

Comprehensively addresses
differences from multiple diverse
perspectives and clearly explains
the value criteria within the film's
social system

Successfully writes about
differences from multiple
perspectives including economic
systems and occupational
structures. Shows clear
understanding of how the

two worlds differ in various
aspects, though could benefit
from discussing the film's value
criteria more explicitly.

Clearly writes about the
differences from one perspective
- the economic system where
money Vvs. time serves as
currency. Well-focused
comparison of the economic
differences between real life and
the movie.

Mentions some changes but fails
to clearly explain the differences
between real-world and film
systems. Need to specifically
compare how the systems work
differently in each setting.

No comparison between real-
world and film systems is
provided. Need to identify and
explain at least one difference
between the two systems.
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Appendix C. (continued)

Code Students’ response

Score

Feedback

If I had to pick the three most painful memories, I would definitely
choose this as number one. It was the most emotionally painful memory
and also an opportunity for me to reflect on myself. I used metaphors
like: the teacher as a witch, the teacher's words as poison, my feelings
when being scolded as a prisoner on death row, the sky I looked at during
hard times, the emerald-colored Jeju sea I first saw during happy times

as a beautiful healing sea, the opportunity for reflection as a key, my past
reflection as going into the ocean, and praise as sweet rain falling on dry
land. My creative intention was to let many people know that many things
changed after I looked up at the sky and emptied my mind. As described
in the writing, in the past [ was lazy, didn't do my best, and postponed
many things. Of course, I didn't notice this about myself, so whenever [
got in trouble for vocabulary tests, I only blamed the teacher. It's really
pathetic when I think about it. Actually, people around me had told me
not to postpone things so much. The price for ignoring their advice was
the teacher saying "If you can't even do this much, you should leave the
academy." This is the part about the witch and the witch's poison in my
writing. After hearing this three days a week, my personality became
very timid and I walked looking down at the ground a lot. Then one day

I looked up at the sky, and my mind felt refreshed and my head became
clear, so I reflected on my past. The change from this reflection was huge.
I received a lot of praise from people around me and became diligent.
Like the title of this piece, I looked at the sky often and reflected on
myself every day. As I reflected on myself, I gradually began to notice
others in my memories too, and I realized there are quite a few people
like me - people who can't look back at themselves and just blame others.
I wrote this piece hoping that people who still don't reflect on themselves
will read this and start reflecting on themselves.

KR1

I chose this event because among the things I experienced recently, I think it was
something that made me reflect on myself, grow, and change my behavior. The
metaphorical expression I used was in the part where [ wrote "Why didn't [ know
that life is like snow that suddenly falls and melts in an instant, and that I should
enjoy this moment?" I compared snow to life because I thought snow and life have
many things in common. Snow is limited and falls suddenly but melts quickly, and
people enjoy those moments. This is similar to how new life is born and dies as time
passes. Also, snow is usually white, but it quickly becomes dirty and turns black.
This is also similar to life, which changes color as it faces different situations. That's
why I compared snow and life. My creative intention in writing this was to show the
reflection and growth I gained through the upcoming farewell with my grandfather.
Through this event, I realized that I should be kind not only to my grandfather but
also to people around me, and I learned how precious life is. Because it was an
event that gave me so many realizations, I decided to write this piece.

4

I chose studying because it's something all of us students can relate to, and studying

is difficult right now. The metaphorical expressions are "like mountain ranges"

and "like a mountain range" - that's a simile. The symbol is mountain ranges. 3
My creative intention was to create empathy, because when people can relate to
something, they can read it better.

Clearly presents the creative
intent about self-reflection

and fully supports it with
detailed personal experience
and well-justified metaphorical
expressions.

Clearly states the creative
intent and provides appropriate
reasoning through the snow-
life metaphor, though some
connections could be stronger.
Consider strengthening the link
between your metaphors and
your overall creative purpose.

Presents the intent to create
empathy but lacks adequate
explanation of how the mountain
range metaphor achieves this
goal. Need to explain more
specifically why this metaphor
effectively creates relatability
among students.
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Appendix C. (continued)

Code

Students’ response

Score

Feedback

I used to have many conflicts with my friends and it was really hard. But
I looked back at myself and reflected on my actions, and my relationships
with my friends got better. That's why I wrote this poem - to tell people

There is no clear statement of the
creative intention or the reasons
behind it, so the response could

that if you want to stop conflicts, you need to reflect on yourself first. I 2 be 1mp rox_/ed by clearly. stqtmg
. \ the intention at the beginning
described my past self, who couldn't reflect properly, as a baby. I also L .
. . and supporting it with a specific
showed specifically what I realized.
reason.

KR1 No creative intent is stated. Only
describes the choice of subject
and literary devices without

I chose the experience of enlightenment because this experience changed me, even 1 explaining the purpose of the
if just a little. The metaphor is about awakening myself. writing. Need to clearly state
what message or meaning you
want to convey through this
piece.
Internet is useful in modern life. We can get information and talk with
people by using websites, blogs, and cafes. Internet info is fast. If we go
to a website and search what we want to know, it comes out right away.
. Clearly presents a stance and
Internet also tells us new things that happened. If we search news .
. . . 5 develops the argument logically
in websites, we can see famous news nowadays. There is a lot of
. . ) throughout.
information. Many articles and ads go up every day.
If we use internet info well, we can get useful and fast information, and
our life can be better.
In modem society, the internet is like an ocean of information. Using information is
. Presents a clear stance, but the
very useful in many ways. logical flow between arguments
First, the internet is a convenient tool. If there was no internet, we would have to go 08 gun
L . . is somewhat uneven. Consider
to libraries or research centers to get information. 4 improvine the connections
Second, the internet has a lot of information. Books have a limited amount of betr\)veen gara canhs to enhance
information, but the internet has tons of information. coherencg £rap
Let's use information efficiently and beneficially to improve our quality of life. '
KR2 Attempts an argumentative
Internet is needed in today's society. Because it already became our tool, and people essay, but the reasoning is
" . . . difficult to follow due to poor
say it's dangerous but they still use it. They even made block functions for the 3 .
, . . logic and weak coherence. Focus
dangers, so I don't get why they still talk about bad things now. s .
on clarifying how each point
supports the main stance.
Shows an attempt at an
Internet is useful. I like to use internet for many things. It helps me find information. izgtrugﬁntg::::lzssgl}; ]:rlt Sr(;eesm
But sometimes it's bad too. Internet has good things and bad things. I think we 2 Y ~op & .
. Need to provide clear supporting
should use internet. L .
reasons and maintain consistency
throughout.
Does not present a clear stance
I think we should use the internet a little more carefully. T coherent argument. Need to

state a position and organize
supporting points logically.
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