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Purpose: The region of growth (ROG) of geographic atrophy (GA) throughout the macular area has an impact
on visual outcomes. Here, we developed multiple deep learning models to predict the 1-year ROG of GA lesions
using fundus autofluorescence (FAF) images.

Design: In this retrospective analysis, 3 types of models were developed using FAF images collected 6
months after baseline to predict the GA lesion area (segmented lesion mask) at 1.5 years, FAF images collected at
baseline and 6 months to predict the GA lesion at 1.5 years, and FAF images collected 6 months after baseline to
predict the GA lesion at 1 and 1.5 years. The 1-year ROG from the 6-month visit was derived by taking the
difference between the GA lesion area (segmented lesion mask) at the 1.5-year and 6-month visits.

Participants: Patients enrolled in the following lampalizumab clinical trials and prospective observational
studies: NCT02247479, NCT02247531, NCT02479386, and NCT02399072.

Methods: Datasets of study eyes from 597 patients were split into model training (310), validation (78), and
test sets (209), stratified by baseline or initial lesion area, lesion growth rate, foveal involvement, and focality.
Deep learning experiments were performed using the 2-dimensional U-Net; whole-lesion and multiclass models
were developed.

Main Outcome Measures: The performance of the models was evaluated by calculating the Dice score,
coefficient of determination (R2), and the squared Pearson correlation coefficient (r2) between the true and derived
GA lesion 1-year ROG.

Results: The model using baseline and 6-month FAF images to predict GA lesion enlargement at 1.5 years
had the best performance for the derived 1-year ROG. Mean Dice scores were 0.73, 0.68, and 0.70 in the training,
validation, and test sets, respectively. The R2 (0.77, 0.53, and 0.79) and r2 (0.83, 0.61, and 0.79) showed similar
trends across the 3 sets.

Conclusions: These findings show the potential of using baseline and/or 6-month visit FAF images to predict
1-year GA ROG using a deep learning approach. This work could potentially help support decision-making in
clinical trials and more informed treatment decisions in clinical practice.
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Geographic atrophy (GA) is an advanced form of age-
related macular degeneration (AMD) that leads to loss of
visual function.1 It is defined by the presence of sharply
demarcated atrophic lesions and is characterized by the
loss of photoreceptors, retinal pigment epithelium (RPE),
and choriocapillaris.1 Approximately 40% of eyes with
GA are considered legally blind,2e4 with 29% losing at
least 6 lines of vision on an Early Treatment Diabetic
Retinopathy Study chart by 4 years.5 Geographic atrophy
lesions can be visualized by multiple imaging modalities,
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including color fundus photography, fluorescein
angiography, fundus autofluorescence (FAF), near-infrared
reflectance, and OCT.6e10 Fundus autofluorescence is used
in clinical trials to quantify GA lesion area and is based on
topographic mapping of intrinsic fluorophores within lip-
ofuscin granules in the postmitotic RPE.8,9 The change in
GA lesion area (mm2) derived from FAF images over a
defined period of time (i.e., GA growth rate) has been
used as the primary anatomical endpoint for GA clinical
trials.10,11 As such, FAF remains an important noninvasive
1https://doi.org/10.1016/j.xops.2024.100635
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tool for identifying and tracking GA progression over time
and for assessing response to therapeutics.

Geographic atrophy is a slowly progressing disease, with
GA growth rates varying among individuals; consequently,
clinical trials in GA need to be relatively large to account for
disease heterogeneity.1,11 Accurate and personalized
prediction of GA growth can be used for covariate
adjustment, patient stratification, and potentially for patient
enrichment to increase the confidence in interpreting the
results of clinical trials.11 Accurate prediction of the
magnitude and direction of GA growth may also be
relevant for patient counseling in clinical practice. In
addition to predicting GA growth rate, predicting the
location of the GA region of growth (ROG) may also be
clinically relevant. This is because the topographic
location of the GA lesion has an impact on visual
function, especially when the central macular 1-mm sub-
field is affected by the lesion.12,13 Although some studies
have accurately predicted GA growth rates,14e16 studies
designed to predict the future GA ROG have been less
successful.17,18 In this study, we used data from
lampalizumab phase 3 trials19 and observational studies20

to develop multiple state-of-the-art deep learning convolu-
tion neural network (CNN) models to accurately predict the
future GA ROG using single or multiple visit FAF images.
The objective of the data strategy and modeling approaches
was to maximize the model’s performance for 1-year ROG.
Methods

Datasets

Multiple models were developed and tested on retrospective data
from study eyes of patients with GA enrolled in lampalizumab
phase 3 clinical trials (Chroma [NCT02247479]; Spectri
[NCT02247531]),19 and observational studies (Proxima A
[NCT02479386]; Proxima B [NCT02399072]).20 Study eye
inclusion criteria for these studies have been previously
described.19,20 Briefly, study eyes were required to have well-
demarcated area(s) of GA secondary to AMD with no evidence
of prior or active choroidal neovascularization and a total GA
lesion size of 2.54 to 17.78 mm2 (1e7 disc areas) residing
completely within the blue-light FAF imaging field (field 2, 30
degrees, image centered on the fovea), with perilesional banded or
diffuse hyperautofluorescence patterns on FAF images. If the GA
was multifocal, �1 focal lesion must have been �1.27 mm2 (�0.5
disc areas). The trials adhered to the Declaration of Helsinki and
were Health Insurance Portability and Accountability Act
compliant. Protocols were approved by the institutional review
board at each study site before the trials started. All patients pro-
vided written informed consent for future medical research and
analyses.

The current study analyzed macular (field 2) 30 degree images
(768 � 768 pixels or 1536 � 1536 pixels) from study eyes
captured using the Spectralis HRA (Heidelberg Engineering, Inc).
Because no treatment effect was observed on lesion growth rates in
the phase 3 trials, data from all treatment arms were pooled for this
analysis. Geographic atrophy lesion areas were graded at a central
reading center by 2 trained graders (Grader 1 [G1] and Grader 2
2

[G2]), with an adjudicator in case of disagreements, on FAF im-
ages using RegionFinder softwarea (Heidelberg Engineering, Inc).9

Before starting the grading process for follow-up visit images, the
graders used automatic registration capability of RegionFinder
softwarea to longitudinally register the follow-up visit FAF images
to the screening visit FAF images.
Preprocessing

Training, Validation, and Test Sets. FAF images of study eyes
were obtained at 6-month intervals from screening (SCR) to 2
years, with a standard deviation of approximately 5 days. Even
though GA lesions were graded on all FAF images by 2 graders
(Table 1), annotations or correspondent segmentation masks from
both G1 (597 patients) and G2 (199 patients) (examples of
which can be found in Fig 1) were not always available in a
usable format. Consequently, this study used only G1
annotations for model development and testing. For each patient,
we looked for the availability of 4 longitudinal visit FAF images
and corresponding annotations for a 1.5-year period at 6-month
intervals corresponding to trial visits. As a strategy to maximize
the use of the limited expert annotations available, we looked at all
possible combinations of time points available over the study
duration. We encoded the time points (T) as T1 (SCR, week [W]
24 or W48/ baseline), T2 (W24, W48, or W72/ 6 months), T3
(W48, W72, or W96 / 1 year), and T4 (W72, W96, or W120 /
1.5 years) (Fig 2). In summary, T1 refers to the baseline visit, T2 to
the 6-month visit, T3 to the 1-year visit, and T4 to the 1.5-year
visit.

The performance of the CNN models is dependent on the
quality of the longitudinal registration of FAF images and corre-
sponding annotations. Consequently, additional curation steps
were taken to avoid longitudinal registration errors. Briefly, we
performed pairwise comparisons between annotations at 1) T1 and
T2, 2) T2 and T3, 3) T3 and T4, and 4) T2 and T4. For each of
these combinations, we obtained the Dice score coefficient (DSC),
the change in lesion area (%), and the lesion growth rate (mm2/
year). In addition, we determined whether the lesion was extending
beyond the FAF image field of view (true/false). To be included in
the analysis, each of the pairwise comparisons must have achieved
DSC > 0.7, �10% < change in lesion area (%) <100%, and all
lesions must have been located within the FAF image field. Cases
that achieved 0.7 < DSC < 0.9 were manually reviewed for
registration errors and peripapillary lesions (lesions around the
optic disc that may or may not be connected to the GA lesion and
extend beyond the field of view); if observed, the patient was
excluded from the study. The thresholds for the inclusion of an-
notations in the analysis were determined manually through visual
checks. Although there were limited annotations in a usable format,
some patients had annotations available at all visits from SCR to 2
years (SCR, W24, W48, W72, and W96). For these patients, there
were 2 possible combinations of time points T1 / T2 / T3 /
T4 over 1.5 years: SCR / W24 / W48 / W72 and W24 /
W48 / W72 / W96. In such cases, only one combination was
used so that no patients were duplicated across datasets. Also, in
the cases where 2 or more combinations of timepoints were
available, the “baseline” timepoint closest to SCR was chosen. All
FAF images and corresponding annotations were resized to 768 �
768 pixels via nearest neighbor interpolation. Each FAF image was
z-normalized21 (a process used to normalize every pixel in an
image so the mean of all values is 0 and the standard deviation
is 1).



Table 1. Distribution of Patients across Training, Validation, and Test Sets

Dataset Description Training Validation Test

Grader # (No. of Patients) G1 (310) G2 (128) G1 (78) G2 (28) G1 (209) G2 (43)

Foveal involvement
Nonsubfoveal 141 45.5% 55 43.0% 35 44.9% 17 60.7% 100 47.8% 17 39.5%
Subfoveal 169 54.5% 73 57.0% 43 55.1% 11 39.3% 109 52.2% 26 60.5%

Focal status
Multifocal 238 76.8% 96 75.0% 61 78.2% 20 71.4% 165 78.9% 34 79.1%
Unifocal 72 23.2% 32 25.0% 17 21.8% 8 28.6% 44 21.1% 9 20.9%

Initial lesion area
Large 155 50.0% 64 50.0% 39 50.0% 14 50.0% 104 49.8% 21 48.8%
Small 155 50.0% 64 50.0% 39 50.0% 14 50.0% 105 50.2% 22 51.2%

Lesion growth
Fast 156 50.3% 65 50.8% 38 48.7% 13 46.4% 104 49.8% 21 48.8%
Slow 154 49.7% 63 49.2% 40 51.3% 15 53.6% 105 50.2% 22 51.2%

Visits
SCReW24eW48eW72 77 24.8% 33 25.8% 18 23.1% 8 28.6% 11 5.3% 2 4.7%
W24eW48eW72eW96 209 67.4% 84 65.6% 58 74.4% 18 64.3% 198 94.7% 41 95.3%
W48eW72eW96eW120 24 7.7% 11 8.6% 2 2.6% 2 7.1% 0 0.0% 0 0.0%

Eye
OD 149 48.1% 57 44.5% 45 57.7% 18 64.3% 107 51.2% 22 51.2%
OS 161 51.9% 71 55.5% 33 42.3% 10 35.7% 102 48.8% 21 48.8%

Study
Spectri 124 40.0% 37 28.9% 33 42.3% 11 39.3% 114 54.5% 18 41.9%
Chroma 93 30.0% 34 26.6% 25 32.1% 6 21.4% 95 45.5% 25 58.1%
Proxima A 42 13.5% 33 25.8% 9 11.5% 5 17.9% 0 0.0% 0 0.0%
Proxima B 51 16.5% 24 18.8% 11 14.1% 6 21.4% 0 0.0% 0 0.0%

G1 ¼ Grader 1; G2 ¼ Grader 2; OD ¼ right eye; OS ¼ left eye; SCR ¼ screening; W ¼ week.
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Once we had the unique set of patients, we used the previously
generated splits at the patient level14 to divide the dataset (597
eyes) into development (388 eyes) and test sets (209 eyes). The
development set was further divided into training (310 eyes) and
validation (78 eyes). All the splits were stratified by baseline or
initial lesion area (median: 9.03 mm2), lesion growth rate
(median: 1.61 mm2), foveal involvement (subfoveal or
nonsubfoveal lesions), and focality (multifocal or unifocal
lesions), ensuring the distributions were similar across splits. The
number of eyes in the development and test sets were different
from those in our previous publication14 due to the limited
annotations available. The number of eyes included in the test
set was higher because, by random chance, a higher percentage
of the test set had annotations available. To increase the size of
the development set, we also included Proxima B annotations.
We made a conscious decision to use the previous splits14 to
Figure 1. An example (A) fundus autofluorescence image; (B) Grader 1 ann
atrophy.
have a fair comparison of the GA progression prediction
approaches used in this study with our previous work. Fig 3
shows the data flow from the clinical trial data to the training,
validation, and test sets. Table 1 shows the distribution of
patients across each set.

Model Development

Deep learning experiments were performed using the 2-
dimensional U-Net CNN.22 The U-Net consists of an encoder
(contracting path), which converts a medical image into feature
maps, and a decoder (expanding path), which converts the
feature maps into a probability map of equal size to the input
image. In other words, the encoder extracts image features of
different spatial resolutions, which are in turn used by the
decoder to derive an accurate segmentation mask.
otation; and (C) Grader 2 annotation from a study eye with geographic
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Figure 2. Fundus autofluorescence images showing geographic atrophy (GA) lesion progression at (A) baseline (time point [T] 1); (B) 6 months (T2); (C)
1 year (T3); and (D) 1.5 years (T4). (EeH) Corresponding GA lesion annotations.
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The same encoder and decoder specifications were used for all
the models developed in this study.23 The encoder used a 34-layer
residual neural network (ResNet)24 backbone to extract features at
different resolutions, an encoder depth of 4, and pretrained
ImageNet weights, where the encoder depth signifies the number
of stages and the feature size decreases with each additional
stage.25 The decoder uses batch normalization between the
convolutional and activation layers and has a depth of 4 with
decoder channels of (128, 64, 32, and 16). Training parameters
(data augmentation, scheduled learning rate reductions on loss
plateaus, batch size 4, maximum epochs 200 [with early
stopping], optimizer AdamW26) were trained on G1 annotations
exclusively, and similar parameters were used across
experiments. Data augmentation consisted of randomized
horizontal and vertical flipping, addition of noise, and minor
translation and scaling. Three different whole-lesion models and
3 multiclass models were developed using PyTorch.27

Hyperparameter optimization was conducted across learning rate
(1e-3, 1e-4, 5e-4, 1e-5), weight decay (1e-2, 1e-4), and loss
functions28 via a grid search, with 48 separate models being
developed for each model type (6 total types). The search was
designed to maximize the GA ROG DSC, which was calculated
during postprocessing.

Whole-Lesion Model

The T used for whole-lesion model development were: T1 (base-
line), T2 (6 months), T3 (1 year), and T4 (1.5 years). The models
were trained on the T4 whole-lesion ground truth. The 3 whole-
lesion models are described as: 1) Model 1 or Simple U-Net,
which infers the T4 whole lesion from the T2 FAF; 2) Model 2 or
multichannel U-Net, which infers the T4 whole lesion from the
combination of T1 and T2 FAF images (T1 and T2 images are
incorporated as 2 channels of a single image); and 3) Model 3 or
Sequential Label U-Net, which infers the T3 and T4 whole lesions,
4

respectively, from the T2 FAF image (Table 2; Fig 4). T3 and T4
images are predicted as 2 channels of a single image. The loss
functions included the Dice, Dice cross-entropy, Tversky
(a ¼ 0.6, b ¼ 0.4), Tversky (a ¼ 0.4, b ¼ 0.6), and focal losses
(Supplementary Table S3, available at https://
www.ophthalmologyscience.org/).

Whole-Lesion Postprocessing

For model inference, we applied the sigmoid function to each pre-
diction and set the threshold at >0.5 to define the final resultant
prediction.We also experimentedwithOtsu threshold but did not see
any performance improvement.29 The 1-year ROG of GA was
derived by taking the difference between the predicted T4 lesion and
grader T2 lesion annotation (Supplementary Fig S5; Supplementary
Table S3, available at https://www.ophthalmologyscience.org/).
Thus, the 3 whole-lesion models are Models 1, 2, and 3.

Multiclass Model

The Ts used for the multiclass models were: T1 (baseline), T2 (6
months), T3 (1 year), and T4 (1.5 years). Thereby, T4eT2 would
be the 1-year ROG of GA, and T3eT2 would be the 6-month
ROG. The multiclass models were trained on a multiclass ground
truth. The 3 multiclass segmentation models are described as (1)
Model 4 or Simple U-Net, which infers the classes T2 whole lesion
and T4eT2 ROG from the T2 FAF; (2) Model 5 or Multichannel
U-Net, which infers the classes T2 whole lesion and T4eT2 ROG
from the combination of T1 and T2 FAF images (T1 and T2 im-
ages are incorporated as 2 channels of a single image); and (3)
Model 6 or Sequential U-Net, which infers the classes T2 whole
lesion, T4eT3 ROG, and T3eT2 ROG from the T2 FAF (Table 2;
Fig 6). The labels T4eT2 and T2 in the case of Model 4 and Model
5 and T4eT3, T3eT2, and T2 in the case of Model 6 are different
classes in the one channel of a single image. The loss functions
included the Dice, generalized Dice, generalized Dice focal, Dice
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Study eyes of patients enrolled in clinical 
trials NCT02247479, NCT02247531, 
NCT02479386, and NCT02399072

(n = 2379)

Patients with fundus autofluoresence (FAF) 
images and corresponding annotations 

of GA lesions available
(n = 1953) 

Patients with missing 
annotations of GA lesions

Exclude

Patients with FAF images and 
corresponding GA lesion annotations 

available at 4 consecutive longitudinal visits

SCR, W24, W48, and W72 (n = 135)

W24, W48, W72, and W96 (n = 637)

W48, W72, W96, and W120 (n = 34)

Patients with missing annotations 
of GA lesions at 4 consecutive 

longitudinal visits

Exclude

Patients with longitudinally registered 
FAF images and corresponding GA lesion 

annotations across visits

SCR, W24, W48, and W72 (n = 130)

W24, W48, W72, and W96 (n = 606)

W48, W72, W96, and W120 (n = 28)

Patients with misregistration of FAF 
images and corresponding annotations 
of GA lesions across longitudinal visits

Exclude

Unique patients across the different 
combinations of longitudinal visits

SCR, W24, W48, and W72 (n = 106)

W24, W48, W72, and W96 (n = 465)

W48, W72, W96, and W120 (n = 26)

Patients overlapping across different 
combinations of longitudinal visits

Exclude

Patients splits into training, 
validation, and test sets

Training (310)

Validation (78)

Test (209)

Figure 3. Data flow from clinical trials to training, validation, and test sets. FAF ¼ fundus autofluorescence; GA ¼ geographic atrophy; SCR ¼ screening;
W ¼ week.
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cross-entropy, Dice focal, and focal losses (Supplementary
Table S3, available at https://www.ophthalmologyscience.org/).
The rationale for using generalized losses as opposed to Tversky
was to explore whether class imbalance impacted the model’s
calibration because the ROGs were smaller than the whole lesions.

Multiclass Postprocessing

Method 1 (Multiclass). For model inference, we applied the soft-
max function channel-wise to each prediction with the highest
probability defining the final prediction. The background was
considered a separate class as during training. For the first 2 mul-
ticlass models, the T4eT2 ROG of GA was predicted by the models,
and no further postprocessing was required (Supplementary Fig S7,
available at https://www.ophthalmologyscience.org/). For the third
multiclass model, the T4eT2 ROG was generated by adding the
T3eT2 ROG and the T4eT3 ROG (Supplementary Fig S7,
available at https://www.ophthalmologyscience.org/). Thus, the 3
multiclass models with this method of postprocessing were Model
4 multiclass, Model 5 multiclass, and Model 6 multiclass.
5
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Table 2. Summary of the Models Developed

Model # Type Description FAF Segmentation Motivation

1 Whole lesion Simple U-Net T2 T4 Standard approach
2 Multichannel U-Net T1 and T2 T4 Incorporating temporal information
3 Sequential growth U-Net T2 T3 þ T4 Introducing more targets
4 Multiclass Simple U-Net T2 T2 þ T4eT2 Standard approach
5 Multichannel U-Net T1 and T2 T2 þ T4eT2 Incorporating temporal information
6 Sequential growth U-Net T2 T2, T4eT3 þ T3eT2 Introducing more targets

FAF ¼ fundus autofluorescence; T ¼ time point; T1 ¼ baseline; T2 ¼ 6 months; T3 ¼ 1 year; T4 ¼ 1.5 years.
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Method 2 (Multiclass Whole Lesion). T4 whole lesion was
the sum of the T2 lesion prediction and the T4eT2 ROG of GA
prediction ([T3eT2] þ [T4eT3] for the third multiclass model)
(Supplementary Fig S8, available at https://www.ophthalmology
science.org/; Table 4). The ROG was determined based on the
difference between the derived T4 whole lesion and the G2 T2
lesion annotation. This method was implemented to reduce the
variability in the ROG prediction coming from the predicted T2
lesion. Thus, the 3 multiclass models with this method of
postprocessing were Model 4 multiclass whole lesion, Model 5
multiclass whole lesion, and Model 6 multiclass whole lesion.

The goal of the data strategy and modeling approaches used in
this work was to maximize the model’s performance for 1-year
ROG. Therefore, we report our best-performing models with the
corresponding hyperparameters across all postprocessing methods
according to the T4eT2 ROG DSC with respect to the annotations
of G1 (Supplementary Table S5, available at https://www.ophthal
mologyscience.org). We also provide the squared Pearson
correlation coefficient (r2) of the observed versus predicted ROG
(Table 4). Some of our models were miscalibrated, resulting in
lower coefficient of determination (R2) values. To fix this, we
estimated a linear calibration function (using population least
squares linear regression of observed versus predicted 1-year
ROG) from the validation set. We then transformed the
Figure 4. (A) Model 1 for time point (T) 4 (1.5 years) whole lesion segmentati
whole lesion segmentation from baseline (T1) and T2 FAF; (C) Model 3 for 1

6

predictions in the test set with this calibration function to obtain
recalibrated predictions. It is worth noting that the linear calibration
function was very similar to estimated calibration curves (fit either
with a generalized additive model or with the Pool-Adjacent-
Violators Algorithm) in the validation set, suggesting that
linear calibration was acceptable.30 When predictions are
transformed via the calibration line, R2 is equal to the squared
Pearson correlation between the predictions and the observed
outcomes. The calibration was performed only on the GA lesion
area (mm2) and quantified from the predicted ROG and not on
the pixel intensities.
Results

Table 4 shows uncalibrated and calibrated R2 values for all
models. The inter-grader agreement between G1 and G2
annotations are shown in Table 6. This can serve as an upper
limit of performance of the prediction models (i.e., a
prediction of the 1-year ROG of GA will not exceed the
agreement in the annotated 1-year ROG between graders).
According to Table 4, uncalibrated R2, calibrated R2, r2, and
Dice scores for validation (0.53, 0.61, 0.61, and 0.68) and
on from 6 months (T2) fundus autofluorescence (FAF); (B) Model 2 for T4
year (T3) and T4 whole lesion segmentation from T2 FAF.
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Figure 6. A) Model 4 for T2 whole lesion and T4eT2 ROG predictions from T2 FAF; (B) Model 5 for T2 whole lesion and T4eT2 ROG predictions from
T1 and T2 FAF; (C) Model 6 for T2 whole lesion, T3eT2 ROG, and T4eT3 ROG predictions from T2 FAF. FAF ¼ fundus autofluorescence;
ROG ¼ region of growth; T ¼ time point; T1 ¼ baseline; T2 ¼ 6 months; T3 ¼ 1 year; T4 ¼ 1.5 years; T4eT2 ROG ¼ 1 year ROG; T3eT2 ROG ¼ 6-
month ROG.
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test sets (0.79, 0.73, 0.79, and 0.70) for Model 2 using T1
and T2 FAF images to predict GA lesion at T4 had the
best performance for the derived 1-year ROG.
Supplementary Table S7 (available at www.ophthalmology
science.org) shows the precision and recall scores for all the
models. Supplementary Table S8 (available at www.ophthal
mologyscience.org) shows the r2 of the square root
transformed ROG between G1 and the models. The
performance of the models was consistent between the
treatment arms.
Table 4. Summary of Results for 1-Year Lesion Growth

1-Year Lesion Growth

Training (310)(G1 ROG, T4eT2) (No. of Patients)

Model # Method DSC R2 Pearson r2 D

1 Whole lesion 0.68 � 0.10 0.27 0.61 0.65 �
2 0.73 � 0.08 0.77 0.83 0.68 �
3 0.68 � 0.09 0.03 0.53 0.65 �
4 Multiclass 0.54 � 0.10 <0 0.46 0.52 �
5 0.57 � 0.10 0.03 0.62 0.55 �
6 0.56 � 0.11 <0 0.52 0.52 �
4 Multiclass whole lesion 0.69 � 0.09 0.44 0.59 0.65 �
5 0.70 � 0.10 <0 0.62 0.68 �
6 0.67 � 0.11 0.08 0.55 0.64 �

DSC ¼ Dice score coefficient; G1 ¼ Grader 1; r2 ¼ correlation coefficient; &R2

determination; ROG ¼ region of growth; T ¼ time point; T1 ¼ baseline; T2
Figure 9 shows overlays of ground truth and predicted
1-year ROG over T2 FAF images for the best-performing
model of each type. For all models, the 1-year ROG
ground truth was 2.38 mm2, and 1-year predicted ROG
was 2.18 mm2 for Model 2 (Dice 0.72), 3.24 mm2 for
Model 5 multiclass (Dice 0.58), and 3.09 mm2 for Model
5 multiclass whole lesion (Dice 0.69). The scatter plots of
the predicted 1-year ROG area versus ground truth 1-year
ROG area of the best-performing model of each type
(Model 2, Model 5 multiclass, Model 5 multiclass whole
(T4eT2 ROG) with Respect to G1 Annotations

Validation (78) Test (209)

SC *R2 &R2 Pearson r2 DSC *R2 &R2 Pearson r2

0.10 0.22 0.56 0.56 0.66 � 0.10 0.32 0.43 0.46
0.09 0.53 0.61 0.61 0.70 � 0.09 0.79 0.73 0.79
0.11 <0 0.49 0.49 0.66 � 0.10 <0 0.35 0.37
0.11 <0 0.54 0.54 0.53 � 0.11 0.12 0.39 0.42
0.12 <0 0.58 0.58 0.57 � 0.11 0.37 0.54 0.61
0.12 <0 0.54 0.54 0.54 � 0.11 0.001 0.42 0.46
0.10 0.37 0.56 0.56 0.67 � 0.10 0.38 0.43 0.45
0.10 0.08 0.62 0.62 0.70 � 0.10 0.34 0.62 0.65
0.11 0.08 0.56 0.56 0.66 � 0.11 0.11 0.37 0.39

¼ calibrated coefficient of determination; *R2 ¼ uncalibrated coefficient of
¼ 6 months; T3 ¼ 1 year; T4 ¼ 1.5 years.
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Table 6. Summary of Grader Agreement

1-Year Lesion Growth

Training (128) Validation (28) Test (43)(T4eT2 ROG) (No. of Patients)

G1 and G2 DSC R2 Pearson r2 DSC R2 Pearson r2 DSC R2 Pearson r2

Grader agreement 0.71 � 0.12 0.88 0.88 0.72 � 0.14 0.8 0.85 0.73 � 0.10 0.9 0.90

DSC ¼ Dice score coefficient; G1 ¼ Grader 1; G2 ¼ Grader 2; r2 ¼ correlation coefficient; R2 ¼ coefficient of determination; ROG ¼ region of growth;
T ¼ time point; T1 ¼ baseline; T2 ¼ 6 months; T3 ¼ 1 year; T4 ¼ 1.5 years.
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lesion) can be found in Supplementary Fig S10 (available
at https://www.ophthalmologyscience.org/).
Discussion

This study demonstrates the feasibility of using standardized
FAF images to predict the 1-year GA ROG using a deep
learning approach. Prediction of GA growth could be used
Figure 9. Overlays of ground truth (Grader 1 [G1] annotations) and predicted
multiclass; and (C) Model 5 multiclass whole lesion. DSC ¼ Dice score coeffic
point; T1 ¼ baseline; T2 ¼ 6 months; T3 ¼ 1 year; T4 ¼ 1.5 years; T4eT2 ¼

8

in clinical trials for enrichment, stratification, or covariate
adjustment and in clinical practice for patient counseling. In
addition to GA growth, the location of GA lesions has an
impact on vision.12 Consequently, predicting the future
ROG of GA lesions may be useful for identifying patients
with a higher risk of vision loss. All the CNN models
developed in this study were able to predict the 1-year
ROG (with and without postprocessing) of GA lesions,
although with somewhat variable performance, and the
1-year ROG on an example from test set of (A) Model 2; (B) Model 5
ient; FAF ¼ fundus autofluorescence; ROG ¼ region of growth; T ¼ time
1-year ROG.

https://www.ophthalmologyscience.org/
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incorporation of temporal information in a channel-wise
fashion was more successful at predicting 1-year ROG
than other models. On comparing the 1-year ROG across the
manual annotations of 2 expert graders (G1 and G2) in a
subset of study eyes (Table 6), the DSC was comparable to
the CNN models. However, because graders did not predict
the ROG, r2 was better across graders than the CNN models
and G1 were.

Few groups so far have attempted to predict the future
ROG of GA lesions. One study used a random forest classifier
to determine future ROG ofGA lesions fromOCT scans of 38
eyes/29 patients using leave-1-out cross-validation to eval-
uate 3 different scenarios.18 Considering only the regions
without evidence of GA at baseline, predicted ROG showed
relatively high Dice scores, ranging from 0.72 to 0.74.
Another study developed an integrated time adaptive
prediction model for identifying the location of future GA
growth using OCTs from 25 patients with a minimum of 3
visits per patient.31 The average Dice indexes of the
predicted whole GA lesions in 10 scenarios ranged from
0.86 to 0.92. By integrating time factors into the
bidirectional long short-term memory (LSTM) models, the
prediction accuracy was improved by almost 10%. More
recently, longitudinal OCT data from 129 eyes of 119 patients
was used to develop and validate an automatic RPE and outer
retinal atrophy (RORA) progression prediction model in
GA.17 The average Dice score for segmentations at baseline
was 0.85. When predicting progression from baseline
OCTs, Dice scores ranged from 0.73 to 0.80 for total
RORA area and from 0.46 to 0.72 for RORA growth
region. It is important to note that all these studies were
performed using OCT scans, whereas our models were
developed using FAF images. FAF is a 2-dimensional im-
aging modality, whereas OCT can capture 3-dimensional
images of the retina, allowing better structural identification
of the lesion. This structural information can help characterize
GA precursors, onset, and progression,32 and the
Classification of Atrophy Meetings group recommends
OCT as the reference method for defining different atrophy
subphenotypes.33 However, multiple publications show that
lesion shape-descriptive features and surrounding abnormal
autofluorescence patterns in FAF are prognostic of GA pro-
gression.16,34 In addition, FAF is the imaging modality of
choice to measure the primary endpoint in GA clinical
trials. The performance of the models described in our study
using FAF is similar to that observed in previous studies
using OCT.

We used multiple approaches to predict the 1-year ROG
of GA lesions on FAF. The Ts used for modeling were: T1
(baseline), T2 (6 months), T3 (1 year), and T4 (1.5 years).
Thus, T4�T2 is the 1-year ROG and T3�T2 is the 6-month
ROG. The first 3 models (also called whole-lesion models as
they predicted the whole GA lesion) predicted T4 (1.5
years) whole lesion using T2 (6 months) FAF only (Model
1); T4 (1.5 years) whole lesion using T1 (baseline) and T2
(6 months) FAF images (Model 2); and T3 (1 year) and T4
(1.5 years) whole lesions using T2 (6 months) FAF only
(Model 3). The aim of Model 2 was to provide temporal
information to the model in a channel-wise fashion to help
the model learn the rate and pattern of GA lesion growth
across 2 visits. The aim of Model 3 was to provide longi-
tudinal labels to the model to help with the training process,
with the thought that it will be easier for the model to learn
to predict T3 (a nearer timepoint), which in turn will help
with the T4 prediction. The 1-year ROG for these models
was calculated by subtracting the T2 annotation by the
grader from the predicted T4 whole lesions. The reason for
using T2 as input for Models 1 and 3 was to provide a fair
comparison with Model 2 on predicting 1-year ROG in the
future (T4).

We were also interested in directly predicting the 1-year
ROG instead of deriving it by subtracting the grader anno-
tation. Consequently, we developed 3 multiclass models that
predicted T2 whole lesion and T4eT2 ROG from T2 FAF
only (Model 4); T2 whole lesion and T4eT2 ROG from T1
and T2 FAF images (Model 5); and T2 whole lesion,
T3eT2 ROG, and T4eT3 ROG using T2 FAF only (Model
6). On comparing the predicted 1-year ROG (T4eT2) with
the ground truth, we found that the performance was worse
for this model than for the whole-lesion models that used T2
grader annotation to derive the ROG. We speculate that the
reduced performance was due to variability in the predicted
T2 lesion. To remove this variability, we derived the T4
lesion for the 3 multiclass models from the predictions and
then generated the 1-year ROG using the T2 grader anno-
tation. However, we did not see any advantage for multi-
class models over whole-lesion models and found that the
performance was similar in terms of DSC and other metrics.
In all cases (whole lesion and multiclass/multiclass whole
lesion), the model using T1 and T2 FAF images as input had
the best performance, indicating that the temporal informa-
tion has added value. We chose to predict T4 and not T3
because our initial explorations demonstrated that it was
much easier to predict a nearer timepoint compared with a
farther timepoint; e.g., predicting T2 (6 months) from T1
was easier than predicting T3 (1 year) from T1. Our goal
was to have all models predict 1-year ROG from the given
input. The multichannel U-Net required 2 timepoints
(T1 þ T2), whereas the simple and sequential U-Net models
required just 1 input; therefore, to keep the comparison fair
across all the models, we used T4 as the label/output. It
follows that if we used T3 as output and T1 as input for
simple and sequential U-Nets and T1 and T2 as inputs for
multichannel U-Net, then it would have been easier for
multichannel U-Net to predict T3.

There were some limitations with this study. Firstly, we
observed that it was possible for the grader to annotate a few
lesion-associated pixels present in a previous annotation that
were not present in the follow-up annotation, assuming ac-
curate registration. The percentage of such pixels was very
small (w2%). In other words, there was a small discrepancy
between annotations from the same grader over time.
However, because we were only interested in lesion growth,
not potential areas of lesion shrinkage, we defined our ROG
algorithm to ignore these areas when generating our labels
or predictions. The timepoint combination W24-W48-W72-
W96 was most available, which could have biased the
models toward baseline GA area observed at the W24
timepoint as compared to SCR or other timepoints. We
observed that the GA growth was very linear over the period
9
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of 2 years, which gave us the confidence to pool data from
different timepoints and treat them as equivalent; however,
this could be a potential limitation for future evaluations in
nonlinear datasets. In the current study, we could not
quantify the location of future ROG because we did not
have the fovea annotations available. Also, we did not
perform any experiments to evaluate the impact of misreg-
istration of images across different timepoints on the model
performance. Next, the images included in this study were
captured using the same vendor’s devices (Heidelberg En-
gineering, Inc) had similar automatic real-time function
values, and had clear enough media and sufficient image
quality, as required for clinical trial eligibility screening
determined by a central reading center. Further, patient
distribution outside of the clinical trial data used for model
development (e.g., race, FAF pattern, focality, etc) limits the
generalizability of these models. Therefore, any use case for
these models outside of the image vendor, image quality,
and patient distribution of the lampalizumab clinical trial
data needs additional assessment.

Several steps can potentially be taken to improve these
models. For example, using multimodal data (e.g., near-
infrared data) in addition to FAF images could help the
models distinguish between the fovea and surrounding le-
sions. In addition, OCT images could be added to the model
to see if the structural information provided by OCT can
improve model performance. We currently have human
grader annotations for FAF images only because FAF is the
standard endpoint for clinical trials. However, we are
developing in-house OCT segmentation algorithms that
would enable the use of OCT images for these approaches.
For the multiclass and multiclass whole-lesion models
(Table 4), the (uncalibrated) R2 value is much lower than the
r2, which indicates that the models are miscalibrated. The
reason for this could be the use of the Dice coefficient to
train and tune the models. The miscalibration was fixed
by estimating a calibration function using the validation
set, which can then be assessed together with the model in
the test set. Table 4 shows that R2 improves after
recalibration because the miscalibration has decreased
(discrimination remains unchanged by the calibration).
Because Model 2 was already calibrated in the validation
and test sets, R2 is a little smaller in the test set after
recalibration. Future segmentation has often been applied
for marking objects within complex urban scenes. For
example, authors described an autoregressive network,35

which predicts semantic segmentation maps of unobserved
future frames from past sequences of videos. Researchers
10
reported a temporal encoder-decoder network architec-
ture,36 which derives features from past frames and later
constructs the future semantic segmentation. A separate
encoder-decoder architecture37 was leveraged to identify
future trajectory points of pedestrians in these urban
scenes. These models often contain an LSTM component.
Despite adopting a simpler modeling approach, in the
future, we could build our own autoregressive
segmentation model underpinned on LSTMs to predict
future, and potentially concurrent, lesion growth across
patients’ visits. Further, we are also interested in
implementing a “maximal” model with all possible input
and output combinations using LSTM. As a next step to
the prediction of region of growth, we are looking into
identifying patterns or features in FAF images that could
be predictive of GA future ROG or progression. We used
the same data splitting strategy14 as prior work because
our next step is to compare the results of the models
developed in this study with our previous progression
prediction models.

In summary, we demonstrated the feasibility of using
FAF images to predict the 1-year ROG of GA lesions. The
performance of the CNN models was similar across the
training, validation, and test sets and was comparable to the
intergrader reproducibility in terms of DSC. This is a proof-
of-concept study, and validation on independent and
external datasets is required to determine whether the per-
formance is clinically meaningful or if there is a need for
improvement. This work can potentially enable model use in
clinical research, for example, to increase the efficacy of
clinical trials through covariate adjustment, stratification,
and, potentially, enrichment.11 In the future, this work can
also be used to inform the development of a useful tool to
support patient counseling in clinical practice.
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