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1. INTRODUCTION

While cataract surgery is routine, accurately predicting post-surgery visual acuity (BCVA) remains elusive. Conventional single-modal methods often disappoint. Our pioneering
framework integrates preoperative images and patient demographics for a deeper multimodal understanding. Furthermore, we address incomplete data scenarios with a robust
masked self-attention mechanism. Our approach outperforms state-of-the-art methods on the collected dataset, achieving a remarkable mean absolute error of 0.122 logMAR,
with 94.3% of prediction errors within +0.10 logMAR.

/ r}'[l]-[lﬂl.itj'—s ecific encoder /~ S pa— \\ - E]‘.IS (M - 1)
2. METHOD e =T = (k]
— 3 A : D @] |B o
‘ é _F%_F % llcia;:;g’ % -I |:| . éﬂ > g » Predicted Diseases
2.1 Framework — s T8 IE] B
. . . . . g | ) )] BN —
Our framework (shown in Figure 1) consists of three parts: modality-specific \_ \_ ) -Q/
encoder, multimodal fusion network, and BCVA prediction head. We use pre- e /_ — S\ ——
trained Transformers—ViT for images and CLIP for text. A cross-modal 3 g 2o ||| |&
. . . . . : : O_ 8L )8l predicean:
Transformer combines features from different modalities with an attentional — = —EEE—- = | MO0 T3 g [ Bredicted Diseases
mask for missing data. BCVA prediction is performed using a fully connected (FC) : 3 05| R]|E
— L — /) ) A —
layer. N S22
. = = 5 | = B
2.2 Text-Encoder : § 2 ||| w3 (B
:':-F_ g S‘ -‘ . : - % » g » Predicted Diseases
. 8. G a N = g 5
We employ a pre-trained CLIP model as our text encoder. To enhance 8 5 g u (2
e eqe . . . . . = g g | I I bl
compatibility, physiological data is transformed into standardized sentences. For . = =) @ = ]
example, "male, 67 years old, preoperative visual acuity 0.52 logMAR" becomes ' — — =N | -'/,/'—~ . Mlimodal Fusion Network )
" . . . . . " = = = 7] 5 = ¥
A 67-year-old male patient with preoperative visual acuity of 0.52 logMAR. 2 ] : o 2 : E
. . . . o [ « e . A 63-year-old male ‘ Ej_h — 5 5‘ -I [] -‘ = 6 Lavers, = — E — - g — Predicted BCVA
This approach improves data consistency and simplifies semantic information patient with .. > d : = 5| s |8 s >
extraction for the model. | et & \E—~ 3] ] = ,\E i/ | .
\ \ =7 i | J

2.3 Image-Encoder | o | B 5
Figure 1. Pipeline of the proposed framework. The modality-specific encoders utilize

ViT is used as the image encoder. Since each image in our dataset is associated vanilla multi-head self-attention. In contrast, the mu/timoda/fusion network employs
with diagnostic keywords provided by ophthalmologists, we introduce an masked multi-head self-attention.

auxiliary classification loss within the image encoder. For each input image, a 3 EVALUATION
multi-label classification network is integrated after the image encoder to )

predict the diseases present in the image. 3.1 Quantitative Performance
Leps = XWiLlpeg Dataset Methods MAE ({) SMAPE (J) | Accuracy (1)
L = Lysg + alLcys CTT-Net [15] (OCT+Text)| 0.168 4+ 0.014 | 85.236 + 3.277 | 0.887 £+ 0.022
CTT-Net [15] (OCT) 0.174 + 0.013 | 89.635 £+ 2.881 | 0.872 £+ 0.016
Here, W; equals 1 if the i-th modality is available and 0 otherwise, « is a Complete | -y o, 1 16] (OCT) | 0.237 £ 0.093 | 93.587 £ 3.236 | 0.723 & 0.056
hyperparameter set to 0.5, L is training loss of the whole model. Ours (OCT) 0.153+ 0.012 | 65.615 + 1.690 | 0.901 + 0.018
Ours (OCT + Text) 0.142 + 0.009 | 62.550 £+ 1.668 | 0.923 £+ 0.014
2.4 Masked Self-Attention Huang et al. [6] 0.176 £ 0.054 | 88.672 £ 3.051 | 0.854 £ 0.017
Incomplete Ma et al. |7 0.139 4+ 0.013 | 61.722 £2.007 | 0.917 £ 0.015
Not all cases provide complete modalities (OCT, SLO, and Ultrasound). Zhao et al. [19] 0.133 4+ 0.021 | 59.673 +£2.362 | 0.921 + 0.021
Representing missing modalities as O values can introduce noise to the model. Ours 0.122 + 0.007|57.165 +1.610(0.943 + 0.012

To prevent this, we employ attentional masks within vanilla self-attention to
exclude interactions between missing and available modalities. Note that the 3.2 Quantitative Performance
masked self-attention can be applied to both complete and incomplete

. . Figure 4 shows that the predicted and
multimodal fusion.

actual visual acuity means are quite

Text OCT B-Scan SLO Text OCT B-Sean SLO cl.ose, with sub§tantlal overlap in the
histograms. This suggests that the
Text Text proposed method accurately predicts
the majority of test samples. With the e
roposed method, the model can pa m
OCT OCT PTop cthod, , Pay
more attention to the most important
. (a) El_lips.u:rid band missing | (b) Normal (c) M;cular degeneration
foveal area in the fundus structures as Predict: 0.17 LogMAR. Predict: 0.00 LogMAR. Predict: 0.16 LogMAR
B-Scan B-Scan . . GT: 0.10 LogMAR GT: 0.04 LogMAR GT: 0.10 LogMAR
shown in Figure 5.
SLO SLO Histogram of actual and predicted vision
" i "
1500 - & : prediicted Vision
(a) (b) X | T2 mamean
1250 1 : : : = = Predicted Mean
11 |
EIDUU- : : :
Figure 2. An example of the attentional mask. (a) means only SLO is missing; £ ol i i |
(b) represents both OCT and SLO are missing. 0| | IO |
11 |
~| [
: ireti 1 7 g) Pathological myopia changes
2.5 COI IECtEd Data set " o 0s 10 15 2.0 2.5 {P?egiﬁeéﬁliﬁiﬁ P:Ecﬁﬁliggﬁﬂ_ = ;Jt;el:iift:i,ﬁ}fggmiﬂf
GT: 022 LogMAR GT: 1.70 LogM AR GT: 0.40 LogMAR
Figure 4. Distribution o . C. .
3000 2685 2635 s 2000 e g o f Figure 5. Class activation maps (CAM) of different
~ 1800 predictions and labels.
2500 1600 OCT samples.
5000 1960 1400
4. CONCLUSION
922 . . . . . L.
100 lggg Our novel framework capitalizes on multimodal data, bolstering BCVA prediction. The
988 . L. . . . . e
1000 600 synergistic combination of textual and image data enhances predictive accuracy. Our
500 400 approach simplifies the handling of incomplete multi-modal datasets, with potential
200 . . .
0 0 17 applications beyond our domain.
Patients Eyes OCT Ultrasound SLO one image two images  three images

(a) Numbers of each category in the collected dataset. (b) Numbers of eyes with different numbers of images. 5 . AC k n OW I e d ge m e nt S

Figure 3. Statistics for the collected dataset. (a) Number of patients, eyes, | | . | |
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