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Abstract: Dyslexia is a specific learning disability (SLD) associated with word-level reading difficulties and often
manifests in childhood handwriting through irregular spacing and inconsistent letter sizing, due to shared phonological
and orthographic processing. Early identification is critical; however, traditional diagnostic procedures are
time-consuming and unsuitable for large-scale screening. This study aimed to develop a handwriting analysis at the
paragraph-level using a DenseNet121 convolutional neural network (CNN) model as a low-cost dyslexia screening tool
for resource-constrained educational settings. One hundred English handwriting images were preprocessed and
standardized into two hundred samples, with 70% of the dataset evaluated using 4-fold cross-validation and the
remaining 30% used for testing. The model achieved 90% test accuracy and 92.86% training accuracy, significantly
outperforming a random forest baseline that reached 83.57% train accuracy and 63.33% test accuracy, with statistical

significance confirmed by McNemar's test. The main contribution of this study is the demonstration that a lightweight,
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single-architecture DenseNet121 using paragraph-level analysis can achieve competitive performance compared to prior
studies that relied on more complex hybrid models and character-level analysis, while requiring substantially lower
computational resources and a simplified pipeline. These findings indicate that DenseNetl21 provides a robust and
low-cost solution for preliminary dyslexia screening in resource-limited educational environments.
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Figure 1 Research Workflow
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Figure 2 Dataset Samples
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Table 1 Confusion Matrix Values for Binary Classification
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Figure 3 Training and Validation History on Each Fold
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(<5%) KRB R, WA IBZMEN 92.86%+3.19%, UESL T HEBLLE A [A B4 &l 47 T AR iR IH .

AUC-ROC 7y 98.44%, Ut FIRALAE T A7 73 A T #BATIR SR ISR A A A GE Fy . T EL S B b o [
DOT: https://doi.org/10.61784/mea2021 62 P TR S R H]




B, AT
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BLAG B A iR 1 B OR ST (0 70 SRAT 9 B e 5 56 MRS I R —— ISR RE A% 1 5 U0 DY e P g e 5, (EDG et
] REEL AT A SR 2 RVRFAE F) A B 152 RS A AR A7 AE AN SE 1

Table 2 Overall DenseNet Metrics Performances

%% 2 DenseNet [F AR FRHR R I

=07y BE
AL 2 90%
R 2 100%
R Bl 80%
A F1 A 88.89%
VI ZRHER 92.86%
T RES 89.01%
PUESRENEIES 98.33%
Wk F1{H 93.13%
95%E 15 X [] [79.85%, 95.34%]
AUC-ROC 98.44%
A SR UEAR 7 23 3.44%
BARE B (R ERFES) 8%—49%
BAREH (AP B AS) 42%—64%

2GR MR LU

#3457 T4 DenseNet 534 RF A & AR R I,  Hrh 22 H 5 RSB IRl O FR AR 25 5. 7E
IZEBTBL, DenseNet fE & flbr EXRIE: AEMIR S 9.29%, HEIZF S 19.28%, F1 A 10.40%,
K51 26 0% 51 0.32%. DenseNet i& R I H B8 4 (A2 M, & FaAm (K br il 22 394K T2 4 RF (BRif 22 : 3.19%% 8.42%),
VB HL 2 ST AR T — B AR BE, PR 22 PE 2 357K : DenseNet [RIVER 2 5 HH 26.67% 5% = tH 33.33%.
AR EH 26.67%. F1EEH 29.63%, BE—5RBITREES: ) INEANCE: SRR, %R AW Mz a8 )
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Table 3 Metrics Performances Comparison of DenseNet and Baseline Model
7 3 DenseNet 5 HE SRR I FE bR P RE L AL

DenseNet RF (il DenseNet RF izt 2 G DenseNet RF (Jll

i QIE:)) %) e = % QD -9) B QR
T2 92.86% 83.57% 3.19% 8.42% +9.29% 90% 63.33% +26.67%
K2 89.01% 88.69% 8.01% 7.93% +0.32% 100% 66.67% +33.33%
A el 98.33% 79.05% 2.89% 14.24%  +19.28% 80% 53.33% +26.67%

F1 14 93.13% 82.73% 3.49% 8.97% +10.40% 88.89% 59.26% +29.63%
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Table 4 McNemar's Test Summary (DenseNet121 vs RF)
%% 4 McNemar £ 545 I8 (DenseNet121 5 RF Xt L)

Gt & BE
PSR 1 IE 36
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pfE 0.000796
a CRFEEKF) 0.05

() g

1. JHmbo b
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Gi— N, DenseNet AEWE SR AT 4 M A LU HEEE R = TR N & . 6.67%HERI RS2 THS
360% I FaE Pk, A2 LAIE BH FAL BT 4 X T30 2 — B =
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