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A Multimodal Glaucoma Diagnosis Model based on Fundus Image
and EMR Data
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Abstract

Glaucoma is a condition that can cause serious visual impairment and can even lead to blindness in severe cases.
Therefore, early detection of glaucoma is important. In this study, we propose a multimodal glaucoma diagnosis
model based on fundus photography, which is image data, and Electronic Medical Records(EMR) data, which is
numerical structured data. Multimodal refers to a model that operates by combining multiple data types or modalities.
In this study, image features were extracted by applying a technique to convert EMR data into images. Image
features were also extracted from fundus photographs after preprocessing. The two extracted feature vectors were
combined to produce the final result through ensemble learning. As a result of verifying the performance of this
model, a classification accuracy of approximately 93.31% was achieved. This is an improvement of about 1.21%
compared to single modal and about 0.44% compared to other multimodal models.
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Fig. 1. Fundus image for normal(lefr) and patient(right)

o

, A
(Optic disc)®] JEl 5 FIIFO2N, w9 1%
e tgst Ao EAE Hdsed B¢
Ht}[ls]

MRS U Zgky} #aEd ogokd HA 23
TXl(UrOL A, e, w5, o £
FHE Asta glom A JEHE ot
71 ARE &89

QAR S Fof B A dH o, A
5} O

I, &|oh L0 As] A
2.1 HlolE A

2 A7 20129 1€7H 20209 119744 3%
THWS(GNU) oA +HE 5HAd 2k
toleE &8st AES FYsiHth tolHA
+d dlo|E|(Train data)$} H|AE T|o]E|(Test data)
2 U™ 5-Fold Cross Validation 7| 2.2 7353}

STHE 1),

I 1. AEo| AFESH GNU HlolE| ME
Table 1. GNU dataset for proposed experiment

Type Normal Glaucoma Total
Train 437 474 911
Test 109 19 228
Total 546 593 1139
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Table 4. Proposed multimodal results according to EMR's
CNN model

Metric DenseNet201 | ResNet50 | ResNet101
ACC.(%) 93.31 92.87 92.65
Prec. 0.9429 0.9444 0.9457
Recall 0.9284 09179 09115
F1 score 0.9353 0.9307 0.9281
AUC 0.9746 09727 0.9647
Spec. 0.9382 0.9405 0.9428
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Table 5. Comparative performance study on GNU dataset

Single P. Mehta W. S.

Metric modal [13] Lim [14]

Proposed

ACC.
(%)
Prec. | 09353 0.9459 0.9537 0.9429
Recall | 09115 09157 0.9073 0.9284

Fi
score

AUC | 09662 0.9656 0.9663 09746
Spec. | 09313 0.9428 0.9519 0.9382

92.10 92.87 92.87 93.31

09232 0.9303 0.9298 0.9353
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