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Abstract

This study focuses on using machine learning to distinguish early age-related macular degeneration
(AMD) from normal control groups. Given the high rate of blindness caused by AMD and its increas-
ing prevalence with aging, early detection is crucial. Using a public dataset containing thousands of
images, retinal OCT images of early AMD patients and normal controls were selected. These images
were segmented into 9 layers using a U-net based network. The first 13 Haralick texture features of
each layer were calculated using Python’s Mahotas package, and features were selected through
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Kolmogorov-Smirnov tests and corresponding t-tests or Mann-Whitney U tests. Statistical analysis
showed significant differences in texture features of the ONL, MEZ, and RPE layers between the two
groups, with smaller differences in the OS layer. In model classification, LightGBM and XGBoost out-
performed logistic regression and SVM, with the former two showing high AUC values in the MEZ
and ONL layers, while the latter two performed poorly in the OS layer. The study provides a refer-
ence for early AMD diagnosis, but issues with the OS layer require further research and improve-
ment.
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Figure 1. Schematic diagram of retinal layers

E 1 MRS EREE

2.3. BOEBEHE

=

INL - opL
RNFL  GCIPL

XFT o ENH A % =, IR Python 1) Mathotas £1, T K EEILAEFERETHE | Haralick RFAE AT
13 NGO, BAASCRRMER 1 R, b A XRE R 257,

Table 1. Texture features and their formulas
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Figure 2. Box plots of texture features of ONL, MEZ, OS and RPE layers
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Figure 3. ROC curves
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