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[Abstract]

This paper proposes a system that utilizes ML-based eye-tracking analysis to quantitatively predict and enhance the literacy
skills of learners. For this, eye-tracking data from learners were collected, and key eye movement features, such as fixation,
saccades, and regressions, were extracted using Dispersion-Threshold Identification (I-DT) algorithm. These features were then
used as input variables in machine learning and deep learning models to predict literacy levels. The Random Forest model
achieved the best performance, with an average RMSE of 3.747 and a validation RMSE of 1.400. A personalized learning
platform with real-time feedback capabilities was implemented, incorporating training contents to enhance eye movement and
cognitive functions. This platform effectively supports literacy assessment and improvement, even in remote-learning environments,
and encourages the voluntary participation of learners through gamified interactions. This study demonstrates the potential of

Al-driven eye-tracking technology in personalized literacy education and quantitative assessment.
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Fig. 1. Experimental setup configuration diagram of the Tobii
4C eye tracker
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I 1. Tobii Eye Tracker 4C2| ZX| HZ|E AlM =8 I+ @2
Table 1. Gaze tracking range by detection distance of Tobii

Eye Tracker 4C
Distance (cm) | Horizontal Range (cm) | Vertical Range (cm)
50 34.4 cm 25.9 cm
60 41.3 cm 31.1 cm
70 48.2 cm 36.3 cm
80 55.1 cm 41.4 cm
90 62.0 cm 46.6 cm
95 65.4 cm 49.1 cm
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“Figure 2—(a) presents a reading passage and assessment items

from K-CELF-5, and Figure 2—(b) illustrates the definitions of

fixation, saccade, and regression using a Korean text. Therefore,

both figures must be presented in Korean.

a8 2. A =M Holg 8 2 2| 2Hd (a) Al 5 El[d)=]

T2 1M (b) AlM =& H|olH XMzl (c) §F FZ HlolH

Fig. 2. Process of Eye-tracking data acquisition and
processing (a) gaze data collection process (b) gaze
data processing (c) extracted feature data
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D =[max(X)-min(Y)]+[max(X)-min(Y)] (1)
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th I-DT gargjgeld 24E& Adsr] sl 4k A
(Dispersion threshold)®} A& AJIZF  AAIZ(Duration
threshold)®] & &3},
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A, Qs ow
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100ms~200ms & AR H}H 28],
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olE=® 100ms &<t oF 6719 A #HEE 7PAl "k
100ms Bt} S-& 2|4 A)ZS ARE8hA g e] obd wh]4]
Q1 A WshrE 230 TFsAdo] dvk ol wheh i At
M 71 ATtellA AR 7S FrAlshEA] el s
HA ol #* 100mse] A& ARE MARE skl
[-DT ¢ag]5s Saf s} =oks s &, & 29 ¢
o] 314, koF 3|7} AAgh thekst lolH & =
s,

2-3 TAI21d B Halg 7]ur 28 o)

oE A% dE2 g Maed o wa
(RandomForest, XGBoost, Support Vector Regression)
3} HJefyd 7]8k ZE(CNN, CNN-LSTM)S &-&-&13it). v
Aled EElo] - A vlolE oA &g A ARE ok

G AE AN SR B e A ALE B A
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Table 2. Features for fixation, saccade, and regression based
on eye-tracking data for machine learning

Category Feature Description
- Total number of fixations
Number of fixations . .
during reading
Total of fixation Sum of all fixation
o duration durations
Fixation — -
Mean of fixation Average duration per
duration fixation
Fixation rate Number of flxatlons per
unit time
Total number of saccades
Number of saccades ’ .
during reading
Total of saccade Sum of all saccade
duration durations
Total of saccade length Sum of all saccade
lengths
Saccade Mean of saccade Average length per
length saccade
Saccade rate Number ofA saccades per
unit time
Number of forward Number of rightward or
saccades downward saccades
Mean of forward Average length of forward
saccade length saccades
Number of regressive Number of leftward or
) saccades upward saccades
Regression -
Mean of regressive Average length of
saccade length regressive saccades
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2 %a folul@ 552 At ¢
 alEg mele] sjol s stepule] e

B 3. Hildd 2ol sto|mHui2iolE 74
Table 3. Hyperparameter configuration of machine learning

models
Model Hyperparameter Value
Random Forest n_estimators 500
max_depth 15
min_samples_split 4
random_state 42
XGBoost n_estimators 500
learning_rate 0.05
max_depth 6
subsample 0.8
colsample_bytree 0.8
SVR kernel linear
C 1.0
epsilon 0.1

RandomForest?] Eg] 4= 50002 dA3to] # =3}
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Table 4. Layer-wise design of CNN model for literacy

prediction
Layer Name Output Shape Parameters
Input 12,000 X 3
Conv1 12,000 X 3 X 64 256
BatchNorm1 12,000 X 3 X 64 256
Conv2 12,000 X 3 X 64 12,352
BatchNorm2 12,000 X 3 X 64 256
Conv3 60 X 3 X 64 819,264
BatchNorm3 60 X 3 X 64 256
Conv4 1 X3 X 64 204,864
BatchNorm4 1 X3 X 64 256
Flatten 192
Densel 64 12,352
Dense2 1 65

L

LSTM®] #E =45 12 9El(1,888)= Wgksh &, ¢kd
AZAZ(Dense layers)S AA HE L3l9 A5E oSehh
Densel 754 120,896719] IHreE &-83to] 64
Mol FHoZ FAH SHAAASS B3 5 HEE A4
3, Dense2 AlZolA 54 HEIE VWMo g HF HAGFE

=it}
%, CNN-LSTM R&e FH-A12H4 sjelS
2 858 g UAEE AAY
.

B} QDA vk e 5= Q)

B 5. 2oz & 052 218 CNN-LSTM 22 o] AISE MA
Table 5. Layer-wise design of CNN-LSTM model for literacy

prediction
Layer Name Output Shape Parameters
Input 12,000 X 3
Conv1 12,000 X 3 X 64 640
BatchNorm1 12,000 X 3 X 64 256
Conv2 11,998 X 1 X 64 36,928
BatchNorm2 11,998 X 1 X 64 256
Conv3 59 X 1 X 64 819,264
BatchNorm3 59 X 1 X 64 256
Reshape 59 X 64
LSTM1 59 X 32 12,416
LSTM2 59 X 32 8,320
Flatten 1,888
Denset 64 120,896
Dense2 1 65
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Table 6. Correlation analysis between literacy scores and
eye-tracking features

Correlation with
literacy scores

Correlation with
reading passage

Feature
Correlation Correlation
p-value p-value
(r) ()
Nﬁ‘gﬁg;;’f 0.091 0.864 | 0.594 | 0.042

Total fixation

) 0.077 0.885 0.496 0.101
duration

Mean fixation

an Il 0012 | 0982 | —oo0s8 | 0.881
Fixation rate 0.321 053 | 0053 | 0870
Number of 0.091 0864 | 0.594 | 0.042
saccades — —

Total saccade

) 0.072 0.892 0.594 0.042
duration —

Total saccade
length —0.022 0.967 0.612 0.035

Mean saccade —0.451 0.369 0.108 0.739

length
Saccade rate 0.254 0.627 0.066 0.838
Number of 0.090 0.864 0.601 0.039
forward saccades
Mean forward
saccade length 0.422 0.404 0.262 0.410
Number of
regressive 0.090 0.865 0.554 0.061
saccades
Mean regressive o
saccade length 0.378 0.460 0.111 0.731
ATl A 3 69 o] Tl el Al Hlely 7|9k
B4 ke AHAlE EA%E A, AR s
o2 froju|gt §4o] WAEA] EYTHp > 0.05). W,
Al dlolg 719k S Fall 8 A 1ke] dAlA DA
o) gk 43 AAE Balck FalE Haot frofnlsh g 4
HHAE Bl A dlolge] 545 143 7, =0k 3l
T, & EoF AR, T o Ae], AWEF wof Sl Folt
°|5 5% p-value7} 0.05 mlRto|m =2 Fale] 47}
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do] AMs H7I= Leave-One-Out Cross—Validation
(LOOCV) ¥2ls A8}, Fga) 1399 diojg & &8
sto] o HhEnlch 1S AFgo s FEstal, v A| 127
o dlo|e & 5ol AHE-S3lT) o] B A 139 whest
of, 7} wHgollA A melol] tiE] AF I@Ae] Root
Mean Square Error(RMSE)E AAFs3 T}

HEHoE, 1399 BHgoA dojzl RMSE #k& B+t W
o] mdlo] %S Hristal vlawskgith ¥ 7S CNN %
CNN-LSTM == Hi Z= RMSE(Average fold
RMSE)¢} 7% dlelee] digk RMSE(Validation RMSE) 2
= Yehdity. CNN-LSTM 2492 CNN 2alu o) zdk4
o= ve 9akE VIESH, Wk £= RMSE 6.442, A5
dolee] RMSEE 9.1712 CNN E2(Hy+ 2= RMSE
8.617, A< RMSE 11.433) 5t} 43+ 55 HSTh

#7. Hold 2o M Z2AHRMSE) 2t
Table 7. RMSE results of deep learning models

Model CNN CNN-LSTM
Average fold RMSE 8.617 6.442
Validation RMSE 11.433 9.171

=, A1 dlolE o] A7 5AE 1L
S o adHolgl= AL ov]gtt
+ Support Vector Regression, Random Forest,
XGBoostE &-83sl9or, ¥ 82 7} BHe| Hy F=
RMSES}H 75 dlojgol] tidt RMSE Axks Yepdch 2E
waled Rdlo] Hed Rkt v gyt £ RMSES

7153150, £3] Random Forest Edlo] Hf ZX
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I 8. Hleld 2ol kS 2AHRMSE) 2ot
Table 8. RMSE results of machine learning models

Model SVR RF XGBoost
Average fold RMSE 5.428 3.747 4.24
Validation RMSE 6.312 1.400 5.664

RMSE(3.747)9} % RMSE(1.400) Z5FolA 718 sk <
g 2o 958 5 S UER

o|2]3t A¥+= Random Forest7} A4 dolg & &-&
allE A oS avA] WHY JhsAdel o, &
|14 2k dlolE Al oA Held Rt il
o] o eHg A o|aL 948 AeSs B 2

7k 2dlo] RMSE H|al AW vlgo 2, oSy 3l A
ot AA F3E He ke IAE AH o FAET
a¥ 32 (@ XGBoost, (b) Support Vector
Regression(SVR), (c¢) Random Forest =& Z}Zko] ol
A7) Fallg A4(Actual Scores)$} dl=% H=(Predicted
Scores)E Hlug APHEE YERATE WE 442 st

d|=(Perfect Prediction, y = x)& 9n|ahy, 78 dlo]g]

=9
ol Ol o

Support Vector Regression: XGBoost:
Actual vs Predicted Literacy Scores Actual vs Predicted Literacy Scores
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Random Forest:
Actual vs Predicted Literacy Scores
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T8 3. HAleld 2EE A 2o et o E Eedn
(a) SVR 2o Mx| Zsi= Fetof S M4t

(b) XGBoost 22| MK 25 M2l o = F4-d|u
(c) RF 22| AX| Zaljd F42t oS Hd|u

Fig. 3. Comparison of actual vs. predicted literacy scores for
machine learning models
(a) comparison of actual and predicted literacy scores
using SVR model
(b) comparison of actual and predicted literacy scores
using XGBoost model
(c) comparison of actual and predicted literacy scores
using RF model
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"The reading passage from K-CELF-5 is designed to assess literacy
skills in Korean—speaking individuals, and thus must be written in
Korean.
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Fig. 4. K-CLEF-5 based reading passage content
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improvement (a) fixation training content (b) smooth
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== question mark? 5
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= ° i ° J Please remember the correct color @ EL i

and name of each fruit!

a (b) (c)
“In Figure 6-(c), the presented words and answers are part of a
visual span task intended to measure the ability to process multiple
Korean characters at once; therefore, they must be presented in
Korean.

a8 6. 2IX|7|s 22 28 Unity 7|2k 281X (a) word color
stroop test(WCST) (b) stroop fruit test (c) visual span

Fig. 6. Unity-based training content for cognitive function
improvement (a) word color stroop test(WCST) (b)
stroop fruit test (c) visual span
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Fig. 7. Visualization of gaze-based feature metrics and
content performance results (a) visualization of feature
metrics based on gaze data (b) visualization of
performance results from the content
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