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Abstract : Keratoconus causes the central cornea to bulge forward during the disease process, giving the
cornea a conical shape,and leading to highly irregular myopia and astigmatism,causing damage of vision
with different degrees. The disease generally occurs in the adolescent period,in order to timely treat and
to avoid serious lesions, it is of great significance to screen and distinguish keratoconus. In addition, clini-
cal diagnosis of keratoconus is usually detected by corneal topography, which can obtain morphological
changes of the cornea, but there is a certain misdiagnosis rate. At present,it has been found that the
change of mechanical properties of cornea is prior to morphology. Therefore,from the perspective of cor-
neal biomechanics.,this paper proposed a model to distinguish keratoconus based on multi-layer percep-
tron (MLP) neural network. Firstly,corneal visualization scheimpflug technology (Corvis-ST) was used
to measure the biomechanical video of cornea,and corneal biomechanical parameters were obtained as a
data set,including normal cornea and keratoconus. Then, MLP neural network model was constructed for
corneal biomechanical parameter data sets,in which 70% data sets were used as training sets and 30 %
as test sets. The results of training and testing on the datasets showed that the accuracy of keratoconus

differentiation was 97. 6 %.
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Tab.1 Parameter list

Category ni‘;lljclr MCD  CMD  AVMD  MCT cCcT 0P bIOP
Kerato conus 1 72 163.029 4.30037 20 454 13.5 15.8
2 65  145.962 4.16774 29 455 14 16. 1
3 71 153.066  4.552 46 18 424 13 15.2
4 71 169.648  4.6204 21 408 13.5 16.1

5 70 150.237  4.48834 26 466 14 15
6 70 134.66  3.96373 24 504 14 15. 4
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Category nii;il?ir MCD CMD AVMD MCT cCcT IOP bIOP

Normal cornea 1 56 114, 237 3.21271 23 564 18.5 17.7

2 55 105. 327 3.19741 23 563 19 18.1

3 55 97.693 3.33063 26 569 21 19. 8

4 64 119.763 3.7709 25 538 15 14.9

5 69 120. 982 3.95851 22 535 14 14.1

6 53 104. 878  3.16555 27 580 19 17.7
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Tab.2 Confusion Matrix

Predicted class
Real category

Positive example

Counter-example

Positive example
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Counter-example FP
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Tab.3 Performance index results of each model

Serial number Machine learning algorithm

Accuracy/ Y%  Specificity/ % Sensitivity/%  Precision/%

1 Gaussian 95.2 95 90. 4
naive Bayes
2 SVM 95.2 92.5 90. 2
3 K-nearest 97 93 91
neighbor
algorithm
4 MLP 95.4 98.4 98.4
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