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[Abstract]

This study explores how three attributes of artificial intelligence—based real-time feedback—immediacy, specificity, and adaptivity
—are associated with the cognitive load and flow experience of learners in mobile language learning contexts. An online survey was
conducted with 209 users of two artificial intelligence—based language learning applications, Speak and Sayvoca, and the
relationships among variables were analyzed using regression analysis and bootstrapped mediation analysis (5,000 resamples). The
results indicated that immediacy and adaptivity were significantly associated with levels of perceived cognitive load and flow, and
specificity showed a tendency to reduce perceived learning burden by clarifying error sources. The mediating effect of cognitive load
was not statistically significant, and the relationships between feedback attributes and flow were primarily interpreted through direct
effects. By examining the conditions under which real-time feedback operated and how learners experienced feedback in practice, this
study derived implications for the design of artificial intelligence—based feedback systems in language learning environments.
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Table 1. Comparative analysis of Al-based real-time feedback
attributes in previous studies

Study Immediacy Specificity Adaptivity
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[11] and lexical at the point of on learner
performance occurrence proficiency
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execution
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X fluency)
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Park & eye—trackmg feedback
Kang data to provide _ frequency ahd
(2024) synchronous, form accqrdmg
[13] moment-to—-mo to fluctuations in
ment feedback learner attention
Facilitates Specifies error
Shin & Shin prompt error loci and
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[15] supports explicit revision
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Table 2. Summary of research procedure Table 3. Summary of representative items by construct
FEsEEEn Method Tool Outcome el ) Item
Stage order Construct Representative Item Corle
- 209 valid DeimER
Quantitative responses The feedback appears
data Survey Google Forms ) . ; pp
. (115 SayVoca, Immediacy immediately after | respond or | A1-1
collection
94 Speak) speak.
Descriptive Feedback . The feedback clearly tells me _
o statistics Basic Specificity what | did wrong. A2
Quantitative Python e
; (mean, SD), statistical ) -
analysis . (pandas) o The feedback is adjusted to
demographic results Adaptivity ) A3-1
; my skill level.
analysis
Explorato Factor Cognitive | feel overwhelmed by too
Factor & p ryl Python (factor_ Cognitive Load much information during B1-1
e Factor Analysis structure and Load ;
Reliability analyzer, A learning.
Analysis (EFA), ingouin) reliability
Y Cronbach’s a pIng coefficients Challenge=Skill | The tasks are neither too easy C1-1
; Balance nor too difficult
Regression Path
Hypothess anallyslls, Python S|gn|f|c§nge Clear Goals | know whalt toldo when a task Co-1
Testing mediation (statsmodels) | and mediation is given.
analysis effects Immediate | can see the results
) X ; . C3-1
- . Google Meet, Feedback immediately while learning.
Qualitative | Semi-structured X ) Flow
Data interviews audio Interview Sense of
. L recording & transcripts | choose how | want to learn. | C4-1
Collection (8 participants) o Control
transcription
. . . | can concentrate well durin
. Thematic Manual coding Codes and Concentration ) w uring C5-2
Qualitative ysis. insigh NVi h ) learning.
Analysis analysis, insight / NVivo / thematic : — :
clustering Taguette categories Autotelic Learning is enjoyable even C6-1
; Experience without external rewards.
) Integration of
Mixed— L .
method quantltgtlvg and Comparaltlve . Integrateld ) i
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Table 4. Demographic characteristics of overall participants (N

=209)
' Frequency | Percentage

Variable Category ) (%)
Female 128 61.2

Gender
Male 81 38.8
Teens 10 4.8
20s 77 36.8
Age group 30s 53 25.4
40s 40 19.1
50+ 29 13.9
Daily 18 8.6

Usage -

frequency 4-5 times/week 28 13.4
(last 4 2-3 times/week 93 44.5

weeks)
Once a week 70 33.5
Mobile 157 751
Mobile + Tablet 29 3.9
Primary Tablet 12 5.7
learning Mobile + PC 4 1.9
device PC 3 14
Tablet + PC 2 1.0
Mobile + Tablet + PC 2 1.0
Used SayVoca 115 55.0
service Speak 94 45.0

vl AdE 2007} 36.8% % 7P =S HlE-S A4AE
o 30t0(25.4%), 40tH(19.1%), 50t ©]:H13.9%), 10tH
(4.8%) o2 FXSGTE olF &2 AT ozl T2
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0.65), 3.847(SD 0.72)2 BRI ALE 484 A el
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Table 5. Factor-level descriptive statistics (SayVoca vs. Speak)
) SayVoca Speak
Higher—order
Domain Construct ltems Mean Standard Mean Standard
(M) Deviation(SD) (M) Deviation(SD)
Immediacy 3 3.62 0.62 3.77 0.71
Feedback Specificity 3 3.68 0.65 3.84 0.72
Adaptivity 3 3.70 0.63 3.65 0.70
Cognitive Load Cognitive Load 4 2.77 0.69 2.63 0.75
Challenge—Skill Balance 2 3.49 0.68 3.63 0.68
Clear Goals 2 3.64 0.61 3.83 0.69
I Immediate Feedback 2 3.75 0.61 3.75 0.66
Sense of Control 2 2.22 0.71 2.19 0.66
Concentration 3 3.54 0.67 3.57 0.68
Autotelic Experience 4 3.55 0.65 3.77 0.71
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Table 7. Exploratory factor analysis results for SayVoca

Zatior || e Key Item EeEmele Variance | Cumulative
Codes e (%) (%)
Factor €51, C5-2,
] 6 C5-3, C6-1, 3.76 15.0 15.0
C6-2, C6-4
Factor A2-2, A2-3,
5 6 A3-1, A3-2, 3.67 14.7 29.7
A3-3, C3-2
Factor A1-1, C1-1,
3 3 Cl 2.54 10.1 39.8
Factor B1-1, B1-2,
4 3 B1-4 2.05 8.2 48.0

23 2t720| M= F 671 T3] AlAE o] 1971 3] 670
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) 6 B1 A9 Fa02 ool 914 Hat aelow sl
H9lh, ~7e] 89] T2 ol E 8ol ANSATE

Q9] F2& FE ¥ (principal axis factoring) S A&
shlow, 2]l 7t Al WEAGS Fol7] fJ3] Au I
w-A19] varimax 3428 2435190} E 8. AT EHAIE QOIS A|(EFA) ZI}
Table 8. Exploratory factor analysis results for Speak
¥ 6. W27 AT KMO & Bartlett 44 Z 1} Factor | ltems | @Y Item Eigenvalue Variance | Cumulative
Table 6. KMO and Bartlett’s test results for SayVoca and Codes (%) (%)
Speak Factor 4 %66:13’ %%’_i’ 3.07 12.3 12.3
App KMO Bartlett’s Test(p) ’
Al-1, A2-1,
Al 818 <001 Faglor| 5 | A2-2, A2-3, | 2.97 11.9 24.2
Speak .820 < .001 A3-1
Factor A3-2, A3-3
3 ’ ’ 2.36 9.4 33.6
A 287 B3 F G837 Aol AAgE 5, 2570 3 573
TS A FYsiglct 89l Fx9 S F1HE) Fajtor 2 | co-1,co-2 | 2.29 9.2 42.8
A8 LAXAFE .40 |, T 7)) o] de] 8]lol waf A A5
. - Factor| 5 | c1-1,c1-2 | 2.23 8.9 51.7
T T, A 40 v B8 7Fo R WAH R AA 5 ’ ' ' '
Stk olelRt Ak Fe] RS gHsh] S Factor | o |B1-1,B1-2,| , o 8.0 50,7
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-1 A

ol 27 kS 24 919 el

G 17F Aol A= 77H %}Ol XME]O* on, A
FHEAT 8]l 12
C5~C6 Fo] T AAUS EO# J%°* A o 2%
& ek =9 a9l S EITh 8]l 2= A2:A3
o —E—f‘f}ﬂi TH o] EAte] e el ulel v)=uo]
2= 484 aloR Yebhth 891 32 C1 AL &3

2
i,

4-5 ME|E 24

2 Al

= 58 HE =59 89
o] WA dads

=317 ¢ ‘H Cronbach s a AI5E A&

le] .70 o2 715ste] AlE =

TE Q9
715S 2535190 59 221(Concentration on the Task)

http://www.dcs.or.kr



C|X|H 2El = &t5[=&X|(J. DCS) Vol. 27, No. 2, pp. 405-417, Feb. 2026

2 o = 8312 7P =2 FAE HGlon, S 8
(Adaptivity) B3t a = .821% 433 =539 WA daA
Bk <lx] ¥3KCognitive Load)$} =d-—7|& i
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Table 9. Reliability analysis results for SayVoca and Speak
(EFA structure)

App Factor Cronbach's a

Challenge—Skill Balance .706

Concentration on the Task .831

SayVoca

Cognitive Load .815

Adaptivity .821

Autotelic Experience .836

Immediacy .878

Adaptivity .805

Speak

Clear Goals .780

Challenge—Skill Balance .705
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Cognitive Load .832
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o] A€ wf E¢o] F7iske 2oz IRIHAKB =
269, p = .007). Q1A F3h= ol B4 wakS Ho
v EAA R FofakA] ekt = .319)

F7F B o= Al HE AR HIEE SANTR 23S
BT RAL BT 1A A3, R EyR feli
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491 Q157 2918 BAIT ol FAE FABE AAtar)
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Table 10. Regression analysis results for SayVoca

) Beta > Adj.

Model Predictor ®) t P R R

Hi Adaptivit -.008 | -.800 | .936 | .030 | .013
Feedback aptivity . . . . .
N
Cognitive | Challenge | _ 450 | 4 500 | 112 | 030 | 013
Load Skill ; ’ ’ ’ ’
H2
Cognitive | - Cognitive | _ 455 | 4 547 | 102 | .023 | .015
Load — Load
Flow
H3 Adaptivity 226 | 2.340 | .021 | .200 | .179
Feedback Challenge
+ o 9 269 | 2.758 | .007 | .200 | .179
" ill
Cognitive

Load = | Cognitive | _ o6 | 4 001 | 319 | 200 | 179

Flow Load

2ol e ZA 3 FA0] Bl freldk A TS
mch SAES S A Aol eSS BY 470
ol e HAB = 320, p = .002), TALL OF
7 -e] WaEsA dgE w F9S Fole 8%low &
OlFATHB = .310, p = .002). ANA] F-ol= EYS W5
ko 2 f-oIgt S YEPICHB = 174, p = .023).

E 1. 2" 57EN 4ot
Table 11. Regression analysis results for Speak
) Beta > Adj.
Model Predictor ®) t p R R
H1 Immediacy | .019 | .130 | .897 | .036 | .004
Feedback
= Specificity | —.192 | -1.435| .155 | .036 | .004
Cognitive .
Load Adaptivity | —.016 | —.112 | .911 | .036 | .004
H2
Cognitive | Cognitive | _ »g5 | 5 819 | 006 | .079 | .069
Load — Load
Flow
H3 Immediacy .320 | 3.127 | .002 | .512 | .490
Feedback | gpecificity | .310 | 3.210 | .002 | .512 | .490
+
Cognitive | Adaptivity 145 | 1.464 | 147 | 512 | .490

Load — Cognitive

Flow L oad -174 |-2.310| .023 | .512 | .490
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Table 12. Mediation analysis results for SayVoca
: ' 95% Cl | 95% Cl '
Predictor | Effect Type | Estimate E0ET Ligmer Sig.
Direct Effect
(X—Y) .386 .195 577 Yes
- Indirect
Adaptivity | grect o012 | -ot2 | 094 | No
(X—>M—Y)
Total Effect .398 .207 .589 Yes
Direct Effect
(X—Y) .394 212 576 Yes
Challenge Indirect
Skill Effect .016 -.015 .098 No
(X—>M-Y)
Total Effect 410 231 .590 Yes
23ol iz SA, A, A8Ade] wE Bl el #
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o] 05 x3tall frelahA] sken, A4 (Effect = 0.026,
CI[-0.024, 0.106]D), TA/d(Effect = 0.041, CI[-0.012,
0.1391), 854 (Effect = 0.024, CI[-0.021, 0.103]) =F
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Table 13. Mediation analysis results for Speak

: ' 95% Cl | 95% ClI :
Predictor | Effect Type | Estimate ppenched Upper Sig.
Direct Effect
(X—Y) .657 479 .836 Yes
Immediac Indirect
Y| Effect .026 -.024 106 No
(X—>M—Y)
Total Effect .683 .500 .866 Yes
Direct Effect
(X—Y) .684 .490 .878 Yes
Specificity Indirect
Effect .041 -.012 .139 No
(X—>M-Y)
Total Effect 724 .536 912 Yes
Direct Effect
(X>Y) .503 .335 .670 Yes
. Indirect
Adaptivity |~ ggre ot 024 | -.021 103 | No
(X—=M=Y)
Total Effect .527 .358 .695 Yes
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Table 14. Characteristics of interview participants

ID Gender | Age group | Used service Usage frequency

P1 Female 20s SayVoca Once a week

p2 Male 30s SayVoca Daily

P3 | Female 30s SayVoca 2-3 times/week

P4 Male 40s SayVoca 4-5 times/week

P5 Male 20s Speak 4-5 times/week

P6 Male 30s Speak 2-3 times/week

P7 | Female 40s Speak Once a week

P8 | Female 30s Speak Daily
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Table 15. Thematic analysis of in-depth interviews

Theme Description Example Quote

“It corrected me
immediately when |
made a mistake.”

Real-time feedback supports
engagement and reduces
interruption in learning flow.

Immediacy

Lack of
Personaliza
tion

Feedback does not reflect
user proficiency or recurring
error patterns.

“It didn’t adapt to my
pronunciation
habits.”

“The pace made the
entire process feel
tiring.”

Fast—paced or repetitive
feedback increases mental
effort and fatigue.

Cognitive
Load

Clear goals and seamless
repetition facilitate
immersion.

“I lost track of time
while practicing.”

Flow
Conditions
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Table 16. Insight clustering results

MY olAjo|= SeiAelg 2t

oo

Cluster Insight Summary Explanation
Immediacy as | Immediate correction encourages
Learning a motivator repeated practice.
Facilitators Clarity of Clear error cues build trust in Al
feedback evaluation.
Disruption of | Irregular pacing breaks continuity
) learning flow and focus.
Experience R 3 .

Barriers Recognition _ epeatlel atltempts ue tol ‘
O misrecognition increase cognitive
limitations

load.
Adaptive Users request feedback aligned
Improvement difficulty with personal proficiency.

Needs Feedback Excessively fast feedback may

speed tuning produce cognitive fatigue.
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