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[ Abstract] Objective To explore the application value of applying deep learning (DL) algorithm in the grading
assessment of corneal fluorescein staining. Methods A cross-sectional study was carried out, covering 600 corneal
fluorescein staining photos acquired in the Contact Lens Clinic, West China Hospital, Sichuan University between 2020
and 2022. Out of the 600 photos, 500 were used to construct the algorithm and the remaining 100 were used for the
validation of the algorithm and a comparative analysis of the difference in grading accuracy (ACC) and the length of
diagnostic time between artificial intelligence (AI) and optometry students. One month after finishing the first grading
analysis, assessment by Al and optometry students was conducted for a second time and results from the two rounds of
assessment were compared to examine the intrarater agreement (kappa value) of the two analyses. The grading analysis
results of 3 experienced optometrists were used as the gold standard in the study. Results Findings of the cross
validation with the complete dataset, the training dataset, and the test dataset showed that ResNet34 had the highest
predictive accuracy among four DL models. ResNet34 DL model achieved an accuracy of 93.0%, sensitivity of 89.5%, and
specificity of 89.6% in the grading of corneal staining. In the comparison of the grading accuracy of Al and two optometry
students, AI showed better accuracy, with the respective grading accuracy being 87.0%, 78.0%, and 52.0% for Al, student
1, and student 2 (P,=0.001). In addition, the average diagnostic time of Al was shorter than that of optometry students
(ty=1.00 s, t,=11.86 s, t,=13.25 s, P=0.001). In the comparative analysis of the intrarater agreement between the two
assessments, Al (kappa,=0.658, P,=0.001) achieved better consistency than the two optometry students did
(kappay,=0.575, P,=0.001; kappas,=0.609, P;,=0.001). Conclusion Applying deep learning algorithms in the grading
assessment of corneal fluorescein staining has considerable feasibility and clinical value. In the performance comparison
between AI and optometry students, Al achieved higher accuracy and better consistency, which indicates that AI has

potential application value for assisting optometrists to make clinical decisions with speed and accuracy.
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Inclusion criteria:

+ 8-20 years old

+ Absence of ocular pathology

- Absence of binocular vision issues
- No history of ocular surgery

. Photos cover the entire corneal

Exclusion criteria:
- Corneal staining photos with missing
pixel dots or total pixels under
1920x1 080

Gold standard
The grading results of 3
experienced optometrists

Training Testing
870 photos 100 photos

Train dataset Valid dataset Al vs. students

743 photos 127 photos 100 photos
DL algorithms Training optimization

ResNet34 ResNet50 Resampling

DenseNet121 Focal loss
DenseNet169

B 1 SR EREE
Fig 1 Flowchart of the research method
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B 2 ResNet34tE B Hi R INAERETLE
Fig 2 ResNet34 model loss and accuracy graph for the training and valid

dataset

1 ResNet34iR EF SJRETN 5 REVBIR S o R AR
Table 1 Data distribution and accuracy in ResNet34 deep learning

model for predicted grading results

Zero deviation of grading

Dataset Number from estimated true Accuracy/%
Efron scale

Train dataset 870 815 93.7

Test dataset 100 87 87.0

Complete dataset 970 902 93.0

K2 AISHEFEESREHEFISHRHK AR
Table 2 Comparison of grading accuracy and diagnostic time among Al

and students

Variable Al Student 1 Student 2
Accuracy/% 87.0 78.0 520"
t/s 1.00 11.86" 13.25%

£ P<0.017, vs. AL

R3 AISHMFBRESRERBEFISHEHC ERIER (K FREE )
Table 3 Comparison of grading accuracy and diagnostic time among Al

and students (horizontally-rotated mirror photos)

Variable Al Student 1 Student 2
Accuracy/% 76.0 70.0 400"
t/s 1.00 9.91° 10.99"

£ P<0.017, vs. AL
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S2
S1
Al
Gold standard
0 50 100
Photos

3 AISYIZFEERRABTEMRNERSHER (FE)
Fig 3 Distribution of grading results for corneal staining assessment by
Al and students (original photos)
AL artificial intelligence; S1: student 1; S2: student 2.

S2
S1
Al
Gold standard
0 5.0 1(.)0
Photos

B 4 AISHFEERBELBITEHERSHERL (KEREE )
Fig 4 Distribution of grading results for corneal staining assessment
results by Al and students (horizontally-rotated mirror photos)
AL artificial intelligence; S1: student 1; S2: student 2.

R4 AISYMEEERBLEITHE B LHILE ( kappalE )

Table4 Comparison of intra-rater agreement between AI and students

(kappa value)
First gradingvs. ~ Second grading vs.  First grading vs.
Grader >
standard standard second grading
Al 0.726 0.517 0.658
Student 1 0.561 0.469 0.575
Student 2 0.230 0.110 0.609
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Fig 5 Examples of the photos that AI did not grade correctly

A, Uneven staining; B, staining fading; C, excessive slit lamp luminance; D,

tear film breakup.
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