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Age-related macular degeneration (AMD) is a major cause of blindness in developed countries, and the 
number of affected patients is increasing worldwide. Intravitreal injections of anti-vascular endothelial 
growth factor (VEGF) are the standard therapy for neovascular AMD (nAMD), and optical coherence 
tomography (OCT) is a crucial tool for evaluating the anatomical condition of the macula. However, 
OCT has limitations in accurately predicting the degree of functional and morphological improvement 
following intravitreal injections. Artificial intelligence (AI) has been proposed as a tool for predicting 
the treatment response of nAMD based on OCT biomarkers. Our study focuses on the development 
and assessment of an AI model utilizing the DenseNet201 algorithm. The model aims to predict 
anatomical improvement based on OCT images before, and during anti-VEGF therapy. The training 
process involves two scenarios: (1) using only preinjection OCT images and (2) utilizing both OCT 
images before and during anti-VEGF therapy for model training. The outcomes of our investigation, 
involving 2068 images from a cohort of 517 Korean patients diagnosed with nAMD, indicate that the AI 
model we introduced surpassed the predictive performance of ophthalmologists. The model exhibited 
a sensitivity of 0.915, specificity of 0.426, and accuracy of 0.820. Notably, its predictive capabilities 
were further enhanced with the inclusion of additional OCT images taken after the first and second 
injections during the loading phase. The treatment prediction performance of the model was the 
highest when using all input modalities (before injection, and after the first and second injections) and 
concatenation-based fusion layers. This study highlights the potential of AI in assisting individualized 
and tailored nAMD treatment.

Age-related macular degeneration (AMD) is a leading cause of blindness in developed countries. The number of 
patients with AMD is increasing worldwide, thus further intensifying the global treatment burden1,2. Intravitreal 
anti-vascular endothelial growth factor (VEGF) injections are administered on a monthly three-loading basis 
as the standard therapy for neovascular AMD (nAMD)3,4. Although optical coherence tomography (OCT) is 
one of the most important modalities for evaluating the anatomical condition of the macula in vivo, it cannot 
precisely predict the functional improvement in visual acuity following intravitreal injections and the degree of 
morphological improvement of the macula5.
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The treatment plan is predominantly determined based on the OCT findings. In the treat-and-extend method, 
which has been considered a standard treatment in recent years6, the presence of new or persistent intraretinal 
fluid (IRF), new or persistent subretinal fluid (SRF), enlargement of retinal pigment epithelial detachment (PED), 
or presence of subretinal hyperreflective material (SHRM) indicates that nAMD is in the active stage. The response 
to anti-VEGF therapy varies based on the location of the fluid on OCT. The persistence rate of PED following 
anti-VEGF injections is reportedly higher than that of IRF or SRF7. Furthermore, functional improvement varies 
depending on the location of the fluid, and IRF is particularly associated with poor visual prognosis8.

The investigation of these OCT biomarkers using artificial intelligence (AI) has been proposed as a method 
for predicting the treatment response to anti-VEGF therapy in nAMD. As the treatment response varies based on 
the location of the fluid on OCT, an attempt was made to acquire the SRF, IRF, and PED volumes by automated 
segmentation and predict the degree of vision improvement following anti-VEGF injection using each computed 
volume of the fluid9. In addition, a machine-learning algorithm was developed to assess the treatment burden 
associated with AMD using OCT images during the early treatment period (OCT images before treatment and 
at monthly loading times)10–12. A model that predicts the OCT status following anti-VEGF injection by learning 
pretreatment OCT images using a generative adversarial network (GAN) technique has been postulated as an 
alternative approach13,14. These trials indicate that implementation of AI could be useful in informing patients 
about their conditions after treatment.

This study aimed to determine whether an AI model can predict anatomical improvement prediction using 
OCT images taken prior to anti-VEGF therapy. If complete remission forecasting of the fluid following three 
intravitreal anti-VEGF injections is possible, patients could receive a more thorough explanation of the post-
treatment status of the macula and a future treatment plan at the time of initial therapy. We also investigated 
whether the predictive performance of the model could be improved using OCT images after the first and 
second treatments, as well as pre-injection images. In addition, the performance of the ophthalmologists was 
investigated and compared with the performance of the model.

Results
We included 2068 images from 517 eyes of 517 patients with nAMD. The mean age was 71.4 ± 9.0 (range, 65–78; 
median 72) years. Table 1 summarizes the baseline characteristics of the enrolled patients. As the drug used for 
intravitreal injection, ranibizumab (Lucentis®; Novartis AG, Basel, Switzerland and Genentech Inc. San Francisco, 

Variables Neovascular AMD (N = 517)

Age, years (IQR) 71.4 (65–78, median 72)

Sex, n (%)

 Male 311 (60)

 Female 206 (40)

Eye treated, n (%)

 Right 272 (53)

 Left 245 (47)

Underlying disease, n (%)

 Hypertension 245 (46)

 Diabetes 107 (21)

Subtypes of wet AMD, n (%)

 PCV 167 (32)

 Type 1 MNV, except PCV 110 (22)

 Type 2 MNV 178 (34)

 RAP (type 3 MNV) 62 (12)

Treatment response, n (%)*

 Dry macula 409 (79)

 SRF remained 85 (16)

 IRF remained 23 (5)

Visual acuity (logMAR, IQR)†

 Pre-injection 0.43 (0.15–0.52, median 0.30)

 1-month after first injection 0.36 (0.10–0.52, median 0.30)

 1-month after second injection 0.31 (0.10–0.40, median 0.22)

 1-month after third injection 0.29 (0.10–0.40, median 0.22)

Table 1. Baseline characteristics. AMD age-related macular degeneration, IQR interquartile range, PCV 
polypoidal choroidal vasculopathy, MNV macular neovascularization, RAP retinal angiomatous proliferation, 
SRF subretinal fluid, IRF intraretinal fluid, logMAR logarithm of the minimum angle of resolution. *After 
administering injections three monthly injections, the evaluation was conducted one month after the last 
injection using OCT (optical coherence tomography). †Only the 203 individuals for whom visual acuity data 
could be obtained were listed.
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CA, USA) was used in 71% (365 eyes) of cases and aflibercept (Eylea®, Regeneron, Tarrytown, NY, USA and Bayer 
HealthCare, Berlin, Germany) in 29% (152 eyes) of cases.

Table 2 presents the performances of the different input modalities. A concatenation fusion layer was used 
for the baseline fusion method. The model with the A + B + C input modality exhibited the highest performance 
in terms of precision (0.7203), accuracy (0.8201), and specificity (0.4260). The proposed model demonstrates 
an ability to comprehend inter-sequence dependencies and utilize the full information in the input data to 
accurately predict treatment outcomes.

Table 3 lists the performance metrics for the fusion modalities. We used the same input modalities and fused 
each modality to concatenate the average, attention, and long-short term memory (LSTM)-based methods. 
Concatenation-based fusion demonstrated the highest precision (0.7203), accuracy (0.8201), and sensitivity 
(0.9148). As shown in Table 3, the concatenation fusion layer exhibited the highest performance compared to 
the other baselines. The average, attention, and LSTM models aggregated the feature vectors into small vector 
sizes to reduce the total number of parameters. However, the concatenated fusion layer does not reduce the 
vector size; moreover, it prevents information loss. Therefore, the concatenation fusion layer demonstrated an 
approximately 2% higher accuracy.

Table  4 presents the performance metrics comparing our proposed AI model with six ophthalmologists 
(three ophthalmology residents and three retina specialists). The conditions A, B, and C correspond to different 
sets of spectral-domain (SD)-OCT images provided for the prediction tasks. For the resident group, the 
Fless’  kappa values were 0.0383 for Condition A, 0.1868 for Condition B, and 0.4086 for Condition C. For 
the specialists, the Fless’ kappa values were 0.3562 for Condition A, 0.4302 for Condition B, and 0.6649 for 
Condition C. These results demonstrate that as more images were provided (from Condition A to C), intergrader 
agreement improved, with retina specialists achieving higher consistency than residents. Importantly, the AI 
model consistently outperformed both resident and specialist groups, demonstrating approximately 7%, 2%, 
and 5% higher accuracy than the average ophthalmologist performance across each condition. This experiment 
highlights the robustness of the design, as increased image availability led to better human performance, yet the 
AI model maintained a superior level of accuracy, underscoring its potential clinical value.

Discussion
This study presents the development and evaluation of an AI model that predicts the outcome of intravitreal anti-
VEGF injections in nAMD based on the OCT images. This study also investigated whether the incorporation 
of OCT images acquired after the first and second anti-VEGF injections, as well as the images acquired prior 
to treatment, improved the predictive value of the model. The results revealed that the AI model outperformed 
ophthalmologists in treatment outcome prediction, which further improved with additional OCT images during 
the loading phase.

The application of AI in ophthalmology has demonstrated great potential for diagnosing diseases, predicting 
treatment outcomes, and developing treatment policies. Many studies have demonstrated the high accuracy 
of AI in aiding diagnosis15,16. However, few studies have predicted the treatment outcomes or recommended 
individualized and tailored treatment17,18.

In a study that predicted the treatment outcomes of patients with macular disease treated with anti-
VEGF injections using AI, Gallardo et al. attempted to predict the treatment burden using OCT images and 
demographic information, and developed an AI model that classified whether the average treatment interval 
between injections was low, high, or moderate11. Liu et al. constructed a model utilizing a GAN to predict the 
effects of a single treatment based on OCT images obtained before treatment in patients with typical nAMD. 

Fusion layer Inputs Precision Accuracy Specificity Sensitivity

Average A + B + C 0.6171 0.8083 0.1181 0.9839

Attention A + B + C 0.5809 0.7952 0.0767 0.9691

LSTM A + B + C 0.6979 0.8035 0.5498 0.8685

Concatenate A + B + C 0.7203 0.8201 0.4260 0.9148

Table 3. Model performance comparison between the fusion baselines. A, B, and C denote the patient’s 
spectral-domain optical coherence tomography captured before injection, after the first injection, and after the 
second injection, respectively. The baselines used all images (A, B, and C) as inputs. Significant values are in 
[bold].

 

Fusion layer Inputs Precision Accuracy Specificity Sensitivity

Concatenate A 0.4495 0.7786 0.0111 0.9704

Concatenate A + B 0.6383 0.7828 0.3029 0.8987

Concatenate A + B + C 0.7203 0.8201 0.4260 0.9148

Table 2. Model performance metrics between different modalities. A, B, and C denote the patient’s spectral-
domain optical coherence tomography images captured before injection, after the first injection, and after the 
second injection, respectively. Significant values are in [bold].
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The accuracy of predicting the wet or dry macular state by doctors assessing OCT images generated by AI 
following treatment has been examined13. To predict the outcome of AMD treatment, a study was conducted to 
estimate the prognosis of treatment based on OCT images obtained by a conditional GAN using OCT images 
prior to treatment and after three loading treatments14. A total of 90% of the synthetic OCT images produced 
by this model revealed pathological lesions similar to the actual post-treatment images. Based on these OCT 
images, clinicians assessed the treatment effect. The dry-up prediction sensitivity and specificity of IRF and SRF 
were 33.3% and 95.1%, and 21.2% and 95.1%, respectively. The addition of fluorescein angiography (FA) and 
indocyanine green angiography (ICGA) images improved the IRF and SRF to 33.3% and 98.4%, and 24.2% and 
99.0% in the SRF.

In our study, pre-injection OCT images were used to predict the inactive state after three anti-VEGF injections. 
In contrast to previous studies13,14, we utilized a convolutional neural network (CNN) instead of a GAN. The 
clinicians did not evaluate the pathological lesions in the GAN-generated images, and the rate of the inactive 
state was immediately depicted quantitatively. Specifically, the pre-injection images and the OCT image during 
the loading injection treatment were learned using the AI model in various ways (average, attention, LSTM, 
and concatenation), and the prediction value was enhanced. We chose fusion methods (concatenation, average, 
attention, LSTM) based on clinical considerations to enhance OCT image interpretability in nAMD treatment. 
Each method has a specific role: LSTM captures temporal information, attention focuses on critical regions, and 
average assesses overall disease severity. These choices ensure the model interprets temporal changes, highlights 
crucial areas, and assesses disease severity accurately. Most significantly, the concatenation fusion layer was 
selected to preserve detailed information without reducing the vector size, preventing potential information 
loss. This approach allows the model to capture and utilize a richer set of features for improved performance in 
predicting treatment outcomes for nAMD, demonstrating superior results.

Our study is the first study to attempt to compare the prediction results of AI with those of ophthalmologists 
and retinal specialists regarding whether the nAMD status would become inactive after treatment, as well as 
predict the results after three loading injections using not only images before treatment but also images taken 
during the treatment process. Upon predicting the treatment outcomes after three injections, retinal specialists 
demonstrated only approximately 80% accuracy in their predictions, as cases with slight SRF or IRF remain, 
rendering determination of treatment effectiveness challenging. The use of AI also did not demonstrate a 
significantly better performance than the experts in this complex task.

This study has many limitations. First, this was a retrospective study with a small number of patients and 
was conducted in only one hospital using only one OCT examination device. Second, the use of ranibizumab 
and aflibercept was not differentiated and the AMD subtypes were not categorized separately. Third, the study 
was conducted only in the Korean population, and the treatment response and performance of the patients of 
other races, especially in Western countries, should be investigated in future studies. Fourth, only anatomical 
responses were evaluated using OCT without assessing functional improvements such as visual acuity. Fifth, 
recently developed drugs such as brolucizumab and faricimab were not included in this study. Although the 
differences in these drugs could potentially lead to variations in anatomical outcomes, this study did not 
investigate differences between the drugs. Finally, the study did not investigate whether the performance of the 
model could be improved by using other modalities, such as FA or ICGA, in addition to OCT. Future directions 
such as functional improvement assessment, exploring other imaging modalities, and conducting multicenter 
trials with long-term follow-up would be invaluable in investigating the AI model’s predictive accuracy.

Accuracy A A + B A + B + C

Ophthalmology residents

 1 0.4897 0.5714 0.6530

 2 0.6734 0.7346 0.6938

 3 0.5306 0.5714 0.7142

 Intergrader Agreement (Kappa) 0.0383 0.1868 0.4086

Retina specialists

 1 0.6326 0.8163 0.8163

 2 0.7142 0.6938 0.8136

 3 0.7142 0.7551 0.8775

 Intergrader Agreement (Kappa) 0.3562 0.4302 0.6649

Ophthalmologists average 0.6257 0.6904 0.7614

Our proposed model 0.6939 0.7142 0.8163

Table 4. Model performance comparison between the ophthalmologists. The patients’ spectral-domain optical 
coherence tomography images captured before injection, after the first injection, and after the second injection 
are denoted as A, B, and C, respectively. Both ophthalmologists and our proposed model used these images as 
inputs to predict the results. Fleiss’ kappa scores were used to calculate intergrader agreement, revealing that 
agreement improved as more OCT images were provided. The AI model consistently demonstrated higher 
predictive accuracy compared to both resident and specialist groups across all conditions. Additionally, the 
p-value confirmed that the observed improvements in agreement were statistically significant, with a p-value of 
0.05 or lower for intergrader agreements exceeding 0.1. Significant values are in [bold].
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In conclusion, this study developed an AI model that predicts the dry-up status after three loading treatments 
using OCT images before treatment in patients with nAMD and compared the model’s performance with that of 
ophthalmologists. The model demonstrated a higher mean performance than ophthalmologists, and the model’s 
treatment prediction performance further improved with additional OCT images during the loading phase. 
Future studies should address the limitations of the present study to improve the generalizability and clinical 
applicability of this model.

Methods
Ethics statement
This study adhered to the principles of the Declaration of Helsinki and was approved by the Institutional Review 
Board of Kong Eye Hospital (KIRB-202202-HR-001-01). The Institutional Review Board of Kong Eye Hospital 
waived the requirement for obtaining informed consent given that this was a retrospective observational study 
of medical records and was retrospectively registered.

Data collection and labelling
We conducted a thorough examination of the medical documents of individuals who were diagnosed with 
nAMD at the Kong Eye Hospital from January 2015 to June 202119. Only patients who had not had any previous 
treatment for nAMD were included in the study. All participants were given three monthly injections of either 
ranibizumab or aflibercept. If both eyes were treated, a single eye was chosen at random. The exclusion criteria 
for this study included the following: patients with extrafoveal nAMD or non-exudative AMD; those who had 
more than a 6-week interval between three loading injections; individuals who had received prior treatment 
in the study eye with photodynamic therapy, subfoveal focal laser photocoagulation, or vitrectomy; patients 
who had received anti-VEGF injections other than ranibizumab and aflibercept; individuals with macular 
degeneration such as epiretinal membrane and macular hole; those with retinal vascular diseases such as 
retinal vein occlusion, retinal artery occlusion, and diabetic retinopathy; patients who had missed the OCT 
examination, and individuals who had undergone cataract surgery within 3 months.

All patients were assessed for their age, sex, presence of underlying diseases such as hypertension and diabetes, 
and any history of ocular surgery. Visual acuity, intraocular pressure, and fundus examinations were conducted, 
and the presence of neovascularization in the macula was verified using FA and ICGA. Optical coherence 
tomography (OCT) was conducted during each visit to assess changes in the macula. FA was conducted using 
the Heidelberg Retina Angiograph (HRA; Heidelberg Engineering, Heidelberg, Germany), whereas OCT was 
conducted using the Heidelberg Spectralis (Heidelberg Engineering, Heidelberg, Germany).

OCT scans were conducted prior to injection therapy and at every 4-week visit during injection therapy; 
treatment response was evaluated using OCT scans 4 weeks after the third injection. The procedure was 
conducted only for wet age-related macular degeneration located in the macula. Therefore, a 6 × 6 mm raster 
scan was performed four times around the macula. Among the 25 images obtained, one image where the lesion 
was centered was selected. The OCT images taken before the injection treatments were used as references to 
evaluate the response to subsequent treatments, utilizing the same areas in the OCT. A single picture was taken 
from a 25-volume scan that contained the AMD lesions. OCT images of the identical area were then acquired 
after the first, second, and third injections, utilizing a reference image to assure consistent scanning of the same 
area during each visit. The macular fluids were identified as IRF, SRF, and PED. A dry macula is characterized 
by the absence of IRF and SRF. Fluid located under the RPE was not taken into account for determining the 
presence of a dry macula, unless there was an observable increase in the volume of the PED since the previous 
visit. Regarding the treatment outcomes, a good response was assessed when both the IRF and SRF totally 
disappeared, indicating a successful dry-up. Conversely, a poor response was determined when the SRF and 
IRF persisted, with residual fluid still visible. When just the PED remained and no additional fluid was detected, 
it was determined to be completely dried. A dry macula was not taken into consideration when there were 
instances of new macular hemorrhage or increased macular edema shown on OCT.

Ground truth labels for treatment outcomes were established by two retinal specialists (DDH, JMH) with 
over 15 years of clinical experience, who determined whether the patients’ conditions improved following anti-
VEGF injections. Another retinal specialist (JSH) evaluated the discrepancy in cases where the two specialists 
had different opinions. Any discrepancies were resolved by consensus. They did not participate in the evaluation 
of the physicians’ accuracy, ensuring the fairness of the performance comparison.

We utilized several data augmentation techniques to enhance the robustness of our model, including 
horizontal flipping, 20-degree rotation, and translation with width and height adjustments (width = 0.2, 
height = 0.2).

Model architecture
We proposed a deep learning-based model for predicting the nAMD treatment outcomes. The model architecture 
consisted of an OCT record encoder (ORE), sequence fusion layer, and treatment predictor. The ORE analyzes 
the SD-OCT image and extracts an image representation vector with 2,048 values from a single record of the 
SD-OCT image. We used a CNN-based model for ORE. At this stage, we did not apply any segmentation 
techniques, and the raw OCT images were directly processed by the CNN model. The sequence fusion layer 
fuses the representation vectors. Four baseline fusion methods are employed for the sequence fusion layer. If our 
model received a single record of an SD-OCT image, the fusion layer was eliminated. Figure 1 shows the details 
of the fusion architecture. The treatment predictor predicted the result after triple injections. The predictor is a 
multilayer perceptron (MLP).
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In this study, we utilize original OCT images with a resolution of 764 × 490 pixels. To address GPU memory 
limitations and ensure robustness in our model, these images are resized to 224 × 224 pixels before being input 
into the network. For each input SD-OCT image, the ORE generates zk from the input SD-OCT xk. We adopted 
the DenseNet20 architecture with 201 layers for ORE, which consists of four dense blocks and three transition 
layers. The decision to utilize DenseNet is driven by its unique feature reuse mechanism, which involves 
concatenating feature-maps learned from all previous layers with the feature-map learned from the current 
layer18. This approach significantly reduces the number of parameters and enhances parameter utilization. The 
adoption of DenseNet is grounded in its potential to capture richer hierarchical features from OCT images, 
thereby improving interpretability and predictive performance in predicting anatomical improvement during 
anti-VEGF therapy for nAMD. The dense block F (xinput) has 6–48 convolution blocks with 1 × 1 and 3 × 3 
convolution layers. The bottleneck architecture was applied to a single dense block, in which the input of layer 
xinput was concatenated as follows: y = [xinput, F (xinput)]. To improve information flow, dense connectivity is 
utilized where the layer xl is calculated following xl = Hl ([x0, x1, . . . , xl−1]). The transition block is referred to 
as that between the dense blocks. It consists of a 1 × 1 convolution layer and a 2 × 2 average pooling layer with 
a stride of 2. The purpose of the layer is to reduce the size of the feature map and number of channels to avoid 
overfitting. ORE used 18,321,984 trainable parameters. To process the entire SD-OCT record after injection, we 
utilized a triple ORE without sharing model parameters. Figure 2 illustrates the details of ORE.

The sequence fusion layer combines the description vectors from ORE according to the sequence of the 
records. We investigated four fusion baselines as sequence fusion layers: concat, average, attention, and long-short 
term memory (LSTM). The concat method combines the description vector of SD-OCT by concatenating it as 
follows: Zconcat = [Z1, Z2, . . . Zk]. The average method aggregates all the description vectors by averaging as: 
Zaverage =

Z1+Z2+···+Zk
k . The attention method summarizes all the description vectors, considering the importance 

of each vector. It stacks the k instance vectors Z ∈ R(k×2048) from ORE and attention score A ∈ R(k×1) after linear 
projection and softmax activation. LSTM is a deep-learning-based fusion layer that captures the features of a time 
sequence. In the sequence fusion layer, the LSTM considers.

Fig. 1. Model Architecture consisting of optical coherence tomography (OCT) record encoder, sequence 
fusion layer, and treatment predictor. The OCT record encoder generates an image representation vector for 
each slice of the SD-OCT images. The sequence fusion layer is chosen from four different types of layers, 
namely, average fusion, concatenation fusion, attention fusion, and long-short term memory (LSTM), which 
is responsible for aggregating the image representation vectors from each slice that is generated by the OCT 
record encoder. Finally, the last fully connected layer predicts the treatment for each patient based on the 
aggregated image representation vectors.
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The treatment predictor predicted the results after three injection trials using latent vector records. The 
predictor consists of a dropout layer with 0.3 ratio and an output linear layer. The logit of the treatment predictor 
can be computed as ŷ = sigmoid (F (Dropout0.3 (Z))). The F (·) is traditional MLP, which can be computed 
as: F (x) =

∑
iwi · xi + b. The dropout layer prevented overfitting of our model. Sigmoid activation changes 

the output value according to the Bernoulli distribution, which ranges from zero to one where ŷ denotes the 
probability of treatment after three injections.

Experiment setup
Ten-fold cross-validation was performed to train and evaluate the proposed model. We split the entire dataset 
into ten different folds, trained the model with nine folds, and tested it with the remaining folds. Each fold had 
a distribution similar to that of the original dataset. We split the nine-fold dataset into training and validation 
datasets: eight folds are used for training the model and the remaining one-fold is for validation. We trained the 
model using 30 epochs with binary cross-entropy loss and selected the best epoch based on the validation set. 
An Adam optimizer with a learning rate of 0.0003 and batch size of four was utilized to optimize the proposed 
model. Data augmentation was applied to all the baseline models to avoid overfitting and build a robust model 
applicable to a variety of input images. We employed python3 and kerasAPI to train and evaluate the model. 
To evaluate our model from a clinical perspective, the prediction results for the test set were compared with 
those obtained by six ophthalmologists, including three ophthalmology residents and three experts, each with 
more than 10 years of clinical experience at an academic ophthalmology center. The conditions A, B, and C 
correspond to different sets of SD-OCT images provided for the prediction tasks. Specifically, Condition A 
provides only the OCT image taken before the first injection, Condition B provides the OCT images taken 
before the first injection and after the first injection, and Condition C provides all three OCT images, before the 
first injection, after the first injection, and after the second injection. This stepwise image masking allowed us to 
assess the impact of additional image data on both physician and model performance. To evaluate the model’s 
clinical relevance, we selected the best-performing fold from the ten-fold cross-validation and provided the data 
to the ophthalmologists for binary classification of treatment outcomes.

Fig. 2. Optical coherence tomography (OCT) record encoder. The architecture of the proposed model, which 
comprises several dense blocks that contain multiple convolutional layers with dense connectivity, is illustrated. 
Specifically, each layer within the same dense block is connected to every other layer, resulting in a highly 
connected network. Following each dense block, a transition layer performs spatial compression of the feature 
maps by applying batch normalization, ReLU activation, a 1 × 1 convolution layer, and a 2 × 2 average pooling 
layer. The output of the last dense block is fed into a global average pooling layer, which aggregates the feature 
maps and produces a fixed-size representation of the input data. This representation serves as a latent variable 
Z for next layer.
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Statistical analysis
All the statistical analyses were performed using the Scikit-learn modules. True positives, true negatives, false 
positives, and false negatives were calculated and compared with the predictions of the proposed model and 
true labels. We set the good responder classes as positive classes and the bad responder classes as false cases. The 
accuracy, precision, specificity, and sensitivity are defined as follows:

 

Accuracy =
TP + TN

TP + TN + FN + FP
,

Precision =
TP

TP + FP
,

Specificity =
TN

TN + FP
,

Sensitivity =
TP

TP + FN
.

TP, TN, FN, and FP denote true positives, true negatives, false negatives, and false positives, respectively. 
Additionally, agreement between ophthalmologists was measured using Fleiss’ kappa21 scores.

Data availability
The data are not available for public access because of patient privacy concerns, but are available from the corre-
sponding author on reasonable request.
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