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Purpose: To develop a predictive model based on quantitative characteristics of geographic atrophy (GA) to
estimate future potential regions of GA growth.
Design: Progression study and predictive model.
Participants: One hundred eighteen spectral-domain (SD) optical coherence tomography (OCT) scans of 38
eyes in 29 patients.
Methods: Imaging features of GA quantifying its extent and location, as well as characteristics at each
topographic location related to individual retinal layer thickness and reﬂectivity, the presence of pathologic
features (like reticular pseudodrusen or loss of photoreceptors), and other known risk factors of GA growth, were
extracted automatically from 118 SD OCT scans of 38 eyes from 29 patients collected over a median follow-up of
2.25 years. We developed and evaluated a model to predict the magnitude and location of GA growth at given
future times using the quantitative features as predictors in 3 possible scenarios.
Main Outcome Measures: Potential regions of GA growth.
Results: In descending order of out-of-bag feature importance, the most predictive SD OCT biomarkers for
predicting the future regions of GA growth were thickness loss of bands 11 through 14 (5.66), reﬂectivity of bands
11 and 12 (5.37), thickness of reticular pseudodrusen (5.01), thickness of bands 5 through 11 (4.82), reﬂectivity of
bands 7 through 11 (4.78), GA projection image (4.73), increased minimum retinal intensity map (4.59), and GA
eccentricity (4.49). The predicted GA regions in the 3 tested scenarios resulted in a Dice index mean  standard
deviation of 0.810.12, 0.840.10, and 0.870.06, respectively, when compared with the observed ground truth.
Considering only the regions without evidence of GA at baseline, predicted regions of future GA growth showed
relatively high Dice indices of 0.720.18, 0.740.17, and 0.720.22, respectively. Predictions and actual values
of GA growth rate and future GA involvement in the central fovea showed high correlations.
Conclusions: Experimental results demonstrated the potential of our predictive model to predict future
regions where GA is likely to grow and to identify the most discriminant early indicator (thickness loss of bands 11
through 14) of regions susceptible to GA growth. Ophthalmology 2016;123:1737-1750 ª 2016 by the American
Academy of Ophthalmology.

Geographic atrophy (GA) is the principle cause of severe
central visual loss in individuals older than 75 years with
nonexudative age-related macular degeneration (AMD) in
developed countries.1e7 Geographic atrophy manifests in
the advanced stages of AMD.8 The appearance of GA is
characterized by the loss of photoreceptors, retinal
pigment epithelium (RPE), and choriocapillaris. In natural
history studies of GA, it ﬁrst appears in the parafoveal
location, progresses around the fovea, and then moves
through the fovea with concomitant loss of central visual
acuity,3,9 and these GA characteristics have been used for
the design of interventional trials.10e13 Although being able
to predict the locations of future GA involvement could be
important for emerging therapies and patient counseling, it
remains a challenging problem that is unsolved to date. The
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development of an algorithm to predict future areas of GA
involvement would allow for better understanding of the
pathogenesis and could affect the follow-up regimen of
AMD patients with GA. This technology also may help to
assess whether potential therapies can prevent or slow GA
progression by providing better biomarkers of GA and using
them to determine the risk of central vision loss.
Phenotypic factors used to describe GA size and
enlargement and that may be related to the appearance and
progression of GA have been studied previously from the
observation of fundus images acquired using diverse
imaging technology. Studies of infrared reﬂectance imaging
have identiﬁed the presence of drusen, hyperpigmentation,
and reticular pseudodrusen as risk factors for GA progression.3,14,15 Autoﬂuorescence imaging has identiﬁed different
http://dx.doi.org/10.1016/j.ophtha.2016.04.042
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hyperautoﬂuorescence patterns of the RPE and photoreceptors at the margins of GA that may be associated with
different growth characteristics of GA.16e19 Using spectraldomain (SD) optical coherence tomography (OCT) images,
studies have identiﬁed that subretinal drusenoid deposits and
abnormalities of the RPE and photoreceptors at the margins
of GA may be associated with the expansion of GA.16,20e25
However, none of these imaging strategies have predicted
reliably the speciﬁc areas in the macula where GA is likely
to appear or have been able to predict the speciﬁc pattern of
GA growth over a given interval.
Compared with fundus autoﬂuorescence and infrared
reﬂectance, SD OCT allows the axial differentiation of retinal
structures, generating 3-dimensional representations
composed of a set of 2-dimensional images (called B-scans)
and allowing an additional characterization of GA26 (Fig 1).
Spectral-domain OCT has become a key diagnostic technology in retinal diseases in recent years27e32 and is valuable
in providing detailed imaging characteristics of disease
phenotypes. Spectral-domain OCT enables accurate identiﬁcation of GA in a projection image (seen on the white
outline in Fig 1C), whereas anatomic alterations within areas
surrounding GA may allow for quantiﬁcation of features
associated with future GA growth. The ability of OCT
images to provide useful biomarkers predicting the
progression to the exudative form of AMD has been
reported previously,33 and previous studies indicate that
OCT minimum intensity within the retina25 and many other
characteristics quantiﬁed via SD OCT may be useful as

biomarkers16,20e24 of progression in the advanced nonexudative form. Because of the above advantages of OCT
imaging, SD OCT seems to be an appropriate imaging
method for automatically characterizing size, location, and
progression of GA lesions. Given the laborious and challenging task of manually inspecting the large collection of
planar B-scans (typically hundreds of images) acquired for
each 3-dimensional SD OCT cube, automated34 and
semiautomated35,36 methods also have been developed for
the segmentation and quantiﬁcation of GA in SD OCT images. However, to our knowledge, there is no published
method that accurately identiﬁes potential regions where GA
is likely to grow using SD OCT features in a quantitative,
fully automated, and reproducible manner.
In this study, we segmented the GA-affected regions in
longitudinal SD OCT scans (collection of scans acquired at
successive time points) from a set of patients diagnosed
with advanced nonexudative AMD using an automated
method.34,37 A set of quantitative imaging features characterizing the size and shape of GA, as well as characteristics at each axial scan location related to retinal layer
thicknesses and reﬂectivity, the presence of pathologic
features (like reticular pseudodrusen or loss of photoreceptors), and other known risk factors of GA growth were
extracted automatically from SD OCT images. We identiﬁed which of these quantiﬁcations seemed promising to
predict GA progression and developed and evaluated a
computational model to predict the regions of future GA
growth in unseen data, which may yield a more accurate

Figure 1. A, Example of a spectral-domain (SD) optical coherence tomography (OCT) cube, with indications of the axial, horizontal, and vertical directions
and B-scan and A-scan nomenclature (dashed line). B, Automated geographic atrophy (GA) segmentation results with the INOCT consensus nomenclature39 from a representative OCT B-scan. The white dashed line indicates the segmented GA areas. C, En face projection image35 with GA outlined, where
the GA region has been segmented using our automated method.34,37 The dashed horizontal yellow line indicates the location of the B-scan shown in (A) and
(B). RPE ¼ retinal pigment epithelium.
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prediction of future GA growth than methods currently in
the literature.

Methods
Patient Characteristics
Longitudinal data from 38 eyes in 29 patients (61.2% women;
baseline median age, 78 years; interquartile range [IQR], 76e79
years) at the Byers Eye Institute of Stanford University, comprising
a total of 118 longitudinal SD OCT examinations over a mean of
2.5 years were included in the study. The examinations were obtained from consecutive patients diagnosed with GA and analyzed
by an SD OCT system (Cirrus OCT; Carl Zeiss Meditec, Inc.,
Dublin, CA). At baseline, GA median area and GA median square
spread rate were 2.67 mm2 (IQR, 0.81e6.55 mm2) and 0.86
mm/year (IQR, 0.61e1.31 mm/year), respectively. The intervals
between consecutive observations from each eye are shown in
Figure 2. Each rectangle represents a follow-up visit, with a
number indicating the time elapsed between baseline (ﬁrst visit)
and this follow-up visit. The size of the rectangles represents the
time elapsed between consecutive visits. The median interval
between visits was 13 months (IQR, 12e16 months), and the
median number of visits per eye was 3 (IQR, 2e3). The research
was approved by an institutional human subjects committee and
followed the tenets of the Declaration of Helsinki. All federal,
state, and local laws were abided by, and this study was conducted
with respect to all privacy regulations.
All the SD OCT scans were acquired using an instrument that
produced an imaging volume with dimensions of 6 (horizontal) 
6 (vertical)  2 (axial) mm (512, 128, and 1024 voxels in each
direction). The raw data produced by the SD OCT instrument were
imported into the vendor’s proprietary software for analysis and
reconstruction (Zeiss Research Browser, version 6.0.2.81; Carl
Zeiss Meditec, Inc.) and later were exported to ﬁles describing the
reﬂectivity measured at each voxel location with 8-bit precision

(this level of precision was imposed by the proprietary software).
All the data processing and methods were implemented later and
carried out using Matlab software (The MathWorks, Inc., Natick,
MA).

Inclusion Criteria
Eyes with GA deﬁned as 1 or more discrete regions were included.
Eyes with GA lesions extending beyond the image frame and
peripapillary atrophy that was not contiguous with GA also were
included in this study.

Exclusion Criteria
Eyes where GA areas were contiguous with peripapillary atrophy
were excluded from the study. Spectral-domain OCT examinations, where the interval between visits was less than 6 months,
were excluded from the study.

Quantiﬁcation and Predictive Modeling Pipeline
We developed a fully automated pipeline for the segmentation,
feature extraction, predictive modeling, and testing of our GA
growth methods (Fig 3). We followed a machine learning approach
where imaging features and ground truth information about regions
of GA growth are fed into the model in a training stage and the
model later is evaluated in separated data in a testing stage
where the ground truth information about GA growth is hidden
from the model. The input data comprised a series of SD OCT
scan data. The axial location of the layered structure within the
SD OCT scans (“Automated retinal layer segmentation” in Fig 3)
was estimated using an automated intraretinal segmentation
algorithm38 that automatically outlines the location of the
following boundaries (among others), with retinal layers
following the INOCT consensus nomenclature,39 as shown in
Figure 1B: inner border of band 11 (ellipsoid zone), inner
boundary of band 12 (outer segments of photoreceptors), outer
boundary of band 5 (inner plexiform layer), outer boundary of

Figure 2. Bar graph showing the intervals between consecutive visits for the same eye. Each rectangle represents a follow-up visit, with a number indicating
the time (months) elapsed between baseline (ﬁrst visit) and this follow-up visit. The size and color of the rectangles represent the time elapsed between
consecutive visits and the visit number, respectively.
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Figure 3. Diagram showing the processing pipeline of our automated geographic atrophy (GA) growth prediction method. SD OCT ¼ spectral-domain
optical coherence tomography.

band 6 (inner nuclear layer), outer boundary of band 7 (outer
plexiform layer), inner RPE boundary and Bruch’s membrane,
generated by ﬁtting a smooth function to the outer RPE
boundary.40 The results from this segmentation were used to
generate topographic projection images based on the restricted
summed voxel projection approach.35 Registration between visits
using a sift ﬂow method41 in topographic images of blood
vessels (“Blood vessel projection image”) was executed to map
the results obtained at different scan times into the same
coordinates. Geographic atrophy was detected automatically from
the SD OCT images following a previously proposed
approach34,37 and was quantiﬁed automatically by extracting a
series of 19 features. A prediction model to identify GA involvement at a given future time was built using the extracted features as
predictors and the known outcome in a set of patients considered
for training purposes and evaluated in a separated set of patients.

Alignment between Visits Based on Blood
Vessel Projection Images

subvolume to an upper limit indicated by a surface that was 39 mm
(20 pixels in the images used in this work) below the Bruch’s
membrane boundary (estimated by automated segmentation38) and
a lower limit that was 449 mm (230 pixels in the images used in
this work) below this upper-limit surface. Previous work indicates
that a projection of such subvolume from the SD OCT data
produces topographic images where GA regions can be identiﬁed
clearly.42 Geographic atrophy lesions were segmented
automatically from these GA projection images using an iterative
method developed previously,34,37 generating an initial coarse estimation from the image intensity proﬁles to act as a basis for a regionbased Chan-Vese model43 with improvements considering a local
similarity factor to reﬁne the segmentation results further. The
segmentation results for the images included in this work were
reviewed to guarantee their correctness characterizing GA area,
extent, and location, providing a quantitative, objective, and
reliable approach to measure and track GA growth.

Description of Quantitative Imaging Features

35

We used a previously described method to generate blood vessel
topographic images from the SD OCT data by averaging the voxel
values between the inner boundary of band 11 and the Bruch’s
membrane boundary in the axial direction (both boundaries
estimated by the automated 3-dimensional segmentation
method38). The result is a 2-dimensional projection image where
the blood vessel regions display a distinctively low intensity value,
a consequence of the low reﬂectivity registered between these 2
boundaries in the SD OCT data in such locations. The projection
images then were registered using a scale-invariant feature transform (SIFT) ﬂow method,41 the transform coefﬁcients of which
were used to align the automated GA segmentation results at
different scan times into the same coordinates. The alignment
results for all images were reviewed visually to ensure that no
errors were made in this registration process.

Segmentation of Geographic Atrophy in
Spectral-Domain Optical Coherence
Tomography Images
Regions of GA within the SD OCT data were segmented automatically following an approach similar to one described previously.34
The method formed projection images by restricting the averaged
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We investigated the inclusion of 19 comprehensive quantitative
imaging features as predictors of future GA growth, extracted for
each axial scan location (pixels in a projection image), as shown in
Table 1. Layer labeling in Table 1 follows the INOCT consensus
nomenclature.39 A set of 6 features (features 1e6) characterizing
the extent and shape of GA were extracted directly from the GA
segmentation results. An additional set of 3 feature maps
(features 7e9) also were considered from the automated drusen
segmentation and quantiﬁcation of the SD OCT images,
including a drusen segmentation map, drusen height in the axial
direction, and thickness of reticular pseudodrusen. Two features
(features 10 and 11) also were included to describe an increased
minimum retinal intensity map (as described previously25) and a
loss map of photoreceptor inner and outer segments. Five
additional features (features 12e16) account for the axial
thickness, and the remaining 3 features (features 17e19)
investigated are based on the mean axial reﬂectivity between
retinal boundaries. In this work, we normalized the reﬂectivity
values recorded in each OCT volume to take values between
0 and 1, normalized linearly within the low reﬂectivity values in
the vitreous region and the high reﬂectivity values in the RPE,
both regions recognized automatically by the segmentation
method used in work.38
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Table 1. List of Quantitative Imaging Features
No.

Feature Name

1
2
3

GA area
GA maximum radius
GA eccentricity

4

GA segmentation map

5
6

Distance to GA boundary
GA ratio

7

Drusen segmentation map

8

Thickness of reticular
pseudodrusen

9

Drusen topographic height

10

12
13
14
15
16
17

Increased minimum retinal
intensity map
Thickness loss of bands 11
through 14
Thickness of band 11
Thickness of bands 6 through 11
Thickness of bands 5 through 11
Thickness of bands 7 through 11
Thickness of band 14
GA projection image

18

Reﬂectivity of band 11

19

Reﬂectivity of bands 7 through 11

11

Feature Description
The total en face area of the lesion region (GA) at baseline.
The maximum distance from centroid of GA region to the GA boundary
Eccentricity of an ellipse that has the same second moments as the GA region, measured as the ratio of the
distance between the foci of the ellipse and its major axis length
An en face GA segmentation mask (pixels where GA is present with a value of 1, background pixels with
a value of 0) obtained by a previously described method34,37
An en face map indicating the distance from each pixel location to the closest GA segmented boundary
The ratio of GA area to total area in each of 9 sectors deﬁned in the Early Treatment of Diabetic
Retinopathy Study macular map
A mask indicating the presence (1) or absence (0) of drusen at each en face location, segmented
automatically in SD OCT images using a method we described previously40
An en face map indicating the axial thickness of granular hyperreﬂective drusen situated in neighboring
locations to the baseline GA region and between the RPE layer and the ellipsoid zone; estimated by a
previously proposed method33
A map indicating drusen height (thickness) in the axial direction at each en face location, calculated
using a method we described previously33 and measured from Bruch’s membrane to the RPE outer
boundary
En face image generated by ﬁnding the minimum value in a speckle-reduced image along each A-scan
between the ILM and RPE, as previously described25
A thickness loss map of bands 11 through 14 was estimated by automatically calculating axial thickness
between the inner border of band 11 and the inner border of band 1444
Axial thickness measured between the inner border of band 11 and the outer border of band 12
Axial thickness measured between the outer border of band 6 and the inner border of band 11
Axial thickness measured between the outer border of band 5 and the inner border of band 11
Axial thickness measured between the outer border of band 7 and the inner border of band 11
Axial thickness measured between the inner border of band 14 and the outer border of band 14
GA projection image generated by restricting a region beneath the robust RPE ﬁt in the axial direction
(see previously described method35)
The mean axial reﬂectivity measured between the inner border of band 11 and the outer border of
band 11
The mean axial intensity measured between the inner border of band 7 and the inner border of band 11

GA ¼ geographic atrophy; ILM ¼ internal limiting membrane; OCT ¼ optical coherence tomography; RPE ¼ retinal pigment epithelium; SD ¼ spectral
domain.

Progression Model Characteristics
We generated a model to predict the future regions of GA growth at
a given time in the future by considering a machine-learning
2-class classiﬁcation problem, that is, distinguishing pixels in a
topographic image as future GA or non-GA regions. We used an
ensemble learning method called the random forest classiﬁer45 to
build the prediction model, using 100 decision trees (see later
results). The random forest method creates a single strong learner
resistant to data overﬁtting and relatively robust to noise from a
set of observations (pixel locations in a topographic map in this
case) characterized by a set of predictors and known output
(region of GA growth) that can be used later to make predictions
in unseen data. Because this classiﬁcation problem takes as input
predictors the 19 features extracted at each pixel location in a
topographic projection image to produce an output at each of
these locations, model building was extremely consuming in
terms of computing memory and time when all possible
observations were considered in a training set. In an effort to
alleviate this limitation, the number of observations considered in
the training set were reduced by considering only those
downsampled by a factor of 4 in both vertical and horizontal
directions from the topographic image locations (e.g., an SD
OCT image of 512512 A-scans would produce 128128
observations with 19 predictors each). The grown truth
considered as output during model training was the actual
knowledge whether an observation belongs to a location inside
or outside the registered GA segmentation map at a subsequent

follow-up visit from the same eye (the region where GA grew).
After a prediction model was built, and because testing in a large
number of observations does not impose such memory and time
limitations, all the possible observations from all the pixels in a test
topographic map were evaluated.

Progression Region Identiﬁcation
By considering elapsed time between baseline and prediction time
as a factor, the prediction result was identiﬁed as the binary image
(GA regions 1, non-GA regions 0) using a time-weight threshold to
segment the classiﬁcation probability map, where the weight
threshold was deﬁned as:

1
0
 t 1  t
2t C
B 2t
C  th0 ;
th ¼ expB
(1)
@
A
2
s


where t and t represent the interval between visits and the
average interval, respectively, th0 is an initial classiﬁcation
threshold (0.5), and s is a control factor. The effect of this control
factor parameter is analyzed in “Results.”

Progression Model Evaluation
In clinical practice, one may desire to predict the growth of GA in a
new patient or the growth of GA in subsequent visits. Thus, we
analyzed 3 different scenarios when evaluating the accuracy of the
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Figure 4. A, Bar graph showing estimated feature importance as a predictor of geographic atrophy (GA) growth. B, Curve graph showing out-of-bag mean
squared error as the number of decision trees selected to build our models increases.

predictive model: (1) predicting GA growth at each patient’s ﬁrst
follow-up visit using a model trained with the features collected at
baseline and GA growth recorded at the ﬁrst follow-up scan from
the rest of the patients (labeled as testing I); (2) predicting the time
course of GA growth at each patient’s consecutive visits using a
model trained with the features collected at baseline and GA
growth recorded at the ﬁrst follow-up scan from the rest of the
patients (labeled as testing II); and (3) predicting the time course of
GA growth at each patient’s third and subsequent visits using a
model trained with the features collected at baseline and GA
growth recorded at the ﬁrst follow-up scan from that same patient
(labeled as testing III). The difference between scenarios 2 and 3
was considered to evaluate whether similar evaluated features were
associated to similar growth characteristics between patients or, on
the contrary, whether unknown characteristics made the prediction
model patient dependent.

We assessed the prediction accuracy obtained from the prediction
scores at each topographic location by analyzing sensitivity, speciﬁcity, positive predictive value, and negative predictive value (NPV)
using the stratiﬁcation of prediction scores produced by the random
forest method. Considering the predicted and actual GA topographic
maps at a follow-up visit, every pixel will either be a true-positive
(TP), false-positive (FP), true-negative (TN), or false-negative
(FN) result. Sensitivity is quantiﬁed as TP / (TP þ FN), which
measures the capability to detect the regions affected by GA in the
future. Speciﬁcity measures the capability of identifying regions that
will not be affected by GA and is deﬁned as TN / (TN þ FP). The
positive predictive value is computed as TP / (TP þ FP) and measures the correctly identiﬁed proportion of pixels that are predicted as
GA, whereas the NPV is measured as TN / (TN þ FN), which
quantiﬁes the correctly identiﬁed proportion of pixels that are
classiﬁed as future non-GA regions.

Figure 5. Graphs showing the Dice index for the parameter analysis: (A) Dice index (including the current geographic atrophy [GA] region) for different s,
and (B) Dice index (excluding the current GA region) for different s.
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We also computed the Dice index (DI) considering all topographic locations and considering only locations not previously
affected by GA to quantify the ability of our model to predict new
regions susceptible to being affected by GA. The DI is a measurement of overlap between predicted and observed GA regions,
quantiﬁed as 2jA X Bj / (jAj þ jBj), where A is the ground-truth
region of GA at the follow-up visit, B is the predicted GA
region, A X B represents the intersection of A and B, and A þ B
represents the union of A and B. All of the above metrics range
from 0 to 1, with 1 corresponding to the highest attainable accuracy. We also generated Bland-Altman plots and analyzed Pearson
correlation coefﬁcients (CCs) comparing the predicted and actual
GA enlargement rates (ERs), measured as the GA area difference
between the visits divided by the time elapsed between the visits.
Because the central fovea region is most responsible for sharp
central vision, we also evaluated the ability of our models to predict the degree of GA involvement in the central fovea at follow-up
visits. We measured degree of involvement as the ratio between the
GA area within a 1-mm-diameter circle centered at the center of the
fovea and the total area of such a circle. We compared the predicted
and actual central fovea involvement in Bland-Altman plots and
computed their CCs.

Results
Importance of Quantitative Imaging Features
We investigated the importance of each of the extracted predictors
by performing the out-of-bag estimates of a model trained with the
data at baseline and outcomes at the ﬁrst follow-up visit. The
random forest learning algorithm builds a number of decision trees
by bootstrapping the training data, where the data considered at
each bootstrap sample (called bag data) are considered to learn a
classiﬁer and the remaining training data are considered as out-ofbag data. This process can be used to estimate the predictive performance of the model and importance of each speciﬁc feature
considered as a predictor. Establishing the order of importance of
the extracted features may provide information about which characteristics observed in the SD OCT images are most indicative of
regions of future GA growth. Feature order of importance is
calculated by randomly perturbing each predictor in the out-of-bag
data for each bootstrap sample and comparing the performance in
out-of-bag predictions. When a predictor that highly contributes to
prediction accuracy is replaced with random noise, the accuracy
should degrade noticeably. However, if a predictor is irrelevant,
disrupting its value should have little effect on performance. Predictors that contributed more favorably to performance then are
labeled as more important.
Figure 4A displays a detailed bar graph of the importance of
each feature as a GA growth predictor. Larger values in the
graph indicate the higher predictive value of a particular feature.
Regions with loss of photoreceptors, lower reﬂectivity of band
11, and thinner reticular pseudodrusen were the most important
features in predicting the location of GA growth. Intensity of the
GA projection image, the increased minimum retinal intensity
feature,25 axial thickness between the outer boundary of band 5
and inner boundary of band 11, average axial intensity between
the outer boundary of band 7 and inner boundary of band 11,
and current GA region eccentricity also were selected as
important features. The drusen segmentation map resulted in the
feature with the least predictive value among those collected.
Increasing the number of decision trees used to build a random
forest model contributes to better model performance but comes
with a cost of higher training and processing times. Figure 4B
shows the out-of-bag mean square error as a function of the

number of decision trees grown by the random forest method. The
out-of-bag mean square error measures the error produced by the
set of built classiﬁers in the corresponding out-of-bag observations
and is an indication of performance in an independent data set,
with lower values indicating higher performance. We can observe
that the out-of-bag mean square error reaches a stable behavior
when selecting 100 grown trees, which was the number selected
by our methods to guarantee good performance while minimizing
computational cost.

Parameter Analysis
The prediction results were governed by 1 parameter (s) controlling the contribution of the weight threshold. The parameter mainly
controlled the size of the weight threshold. We tested the model
performance in a varying size of s from 1 to 14, with the predictive
accuracy in terms of DI (including or excluding the current GA)
shown in Figure 5. We can observe that the DI including the
current GA increased as s increased, whereas the DI excluding
the current GA decreased as s increased. To obtain better
predictive accuracy, we chose s ¼ 7 because it showed a
relatively higher DI including and excluding the current GA
region.

Testing I: Prediction of Geographic Atrophy
Growth at First Follow-up Visit
We evaluated the accuracy of our predictive model in identifying
locations of GA growth at the ﬁrst follow-up visit for each patient.
A total of 38 SD OCT scans from 38 eyes of 29 patients at baseline
were used to train and evaluate the predictions via leave-one-out
cross-validation, where n  1 (in our study, n ¼ 38) scans were
used to train the model and the remaining 1 scan was used to test
the predictions. Table 2 summarizes the prediction results with the
different evaluation metrics used, displayed in the column labeled
“Testing I.” The paired U test between GA predicted and observed
areas at follow-up was not statistically signiﬁcant (P ¼ 0.98; CC ¼
0.99). The DI mean  standard deviation between GA predicted
and observed regions at follow-up was 0.810.12 when
Table 2. Prediction Results in 3 Evaluation Scenarios*
Performance metrics

Testing I

Testing II

Testing III

DI, including the current
GA region
DI, excluding the current
GA region
Sensitivity
Speciﬁcity
PPV
NPV
P value (U test) in future GA
affected areas
CC of future GA affected areas
CC of enlargement rate
CC of future fovea center
involvement

0.810.12

0.840.10

0.870.06

0.720.18

0.740.17

0.720.22

0.810.16
0.970.02
0.830.12
0.970.02
0.98

0.860.13
0.960.04
0.840.11
0.970.04
0.80

0.900.09
0.950.05
0.860.09
0.960.05
0.78

0.99
0.87
0.95

0.98
0.74
0.95

0.97
0.72
0.94

CC ¼ correlation coefﬁcient; DI ¼ Dice index; GA ¼ geographic atrophy;
NPV ¼ negative predictive value; PPV ¼ positive predictive value.
*Testing I: prediction of GA growth at the ﬁrst follow-up visit. Testing II:
prediction of GA growth in subsequent visits from independent patients.
Testing III: prediction of GA growth in subsequent visits with known prior
observation from the same patient. Performance is quantiﬁed by DI,
sensitivity, speciﬁcity, PPV, NPV, P value, and CC.
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Figure 6. Evaluation of geographic atrophy (GA) growth predictions. A, C, E, Bland-Altman plots showing the predicted and observed GA involvement in
the central macula region in testing I, testing II, and testing III, respectively. B, D, F, Bland-Altman plots showing the predicted and observed GA
enlargement rate (ER) in testing I, testing II, and testing III, respectively. SD ¼ standard deviation.

considering all topographic locations and 0.720.18 when
considering only regions not previously affected by GA.
Figure 6A, B displays the Bland-Altman plots for GA involvement
in the central fovea region and GA ER, respectively, indicating a
stable agreement between predicted and observed values. The CC
between predicted and observed GA ER (Fig 7A) and GA
involvement in the central macula region were 0.87 and 0.95,
respectively. Figure 8 displays the predicted GA growth results
from a baseline scan in an example eye, where the ability of the
model estimating the locations where GA is likely to appear can
be observed.

Testing II: Prediction of Geographic Atrophy
Growth in Subsequent Visits from Independent
Patients
We evaluated the accuracy of our predictive model in identifying
locations of GA growth at multiple subsequent follow-up visits,
using the known outcome in the ﬁrst follow-up visit from separate
patients as training data. The evaluation comprised a total of 118
observations from 38 eyes of 29 patients, where the observations
from n  1 (n ¼ 38) eyes at ﬁrst visit were used to build the model
and all observations in the remaining 1 eye were used to test it. We
used the same assessment criteria as described in the previous
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section to evaluate the prediction accuracy, with results summarized
in the column labeled “Testing II” in Table 2. The CC between
observed and predicted overall GA areas was 0.98 (with P ¼
0.80, U test). We can observe that the prediction results presented
a high DI (0.840.10 and 0.740.17 for overall GA regions and
regions of GA growth, respectively). Positive predictive value,
NPV, sensitivity, and speciﬁcity also were high. The model
predictions present relatively low and stable differences when
compared with the actual values of ER and future fovea
involvement, as observed in the Bland-Altman plots in Figure 6C,
D and in the high CCs of 0.74 (Fig 7B) and 0.95, respectively.
Figure 9 displays the prediction results for an example eye
followed up at 20, 33, 40 months, obtained by using the model
built by the known outcome in the remaining n  1 (n ¼ 38) eyes
at the ﬁrst follow-up visit.

Testing III: Prediction of Geographic Atrophy
Growth in Subsequent Visits with Known Prior
Outcome from the Same Patient
We evaluated the accuracy of a predictive model trained with the
known outcome at the ﬁrst follow-up visit from a particular eye to
predict regions of GA growth in subsequent visits from the same
eye. Only those eyes with more than 1 follow-up visit were
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Figure 7. Scatterplots showing observed enlargement rate (ER) versus predicted ER in (A) testing I, (B) testing II, and (C) testing III. cc ¼ correlation
coefﬁcient.

considered in this evaluation (Fig 2), comprising a total of 64
observations from 22 eyes of 22 patients. Table 2 summarizes
the prediction results (in the column labeled “Testing III”),
presenting a high DI (0.870.06 and 0.720.22 for overall GA
regions and regions of GA growth, respectively). The CC
between observed and predicted GA overall areas was 0.97 (with
P ¼ 0.78, U test). Positive predictive value, NPV, sensitivity,
and speciﬁcity also were high. The model predictions present
relatively low and stable differences when compared with the
actual values of ER and future fovea involvement, as observed in
the Bland-Altman plots in Figure 6E, F and in the high CCs of
0.72 (Fig 7C) and 0.94, respectively. Figure 10 shows example
results of this evaluation in an eye at the 25-, 37-, and 48-month
follow-up intervals, obtained by training the model using his or
her known SD OCT scan at baseline and the known outcome at a
13-month follow-up observation.

Discussion
In this study, we developed a novel approach to predict
the GA progression areas at a given future time (median
follow-up, 2.25 years; IQR, 1.33e3.58 years) based on
extracting a set of quantitative features that characterize the
GA-related phenotypes in SD OCT images and using them
to build a predictive model. Although previous work studied
different phenotypes as predictors of geographic atrophy
enlargement in SD OCT images,23,25,26,46 these studies did
not predict in a fully automatic fashion the locations of
future GA progression nor characterize the importance of a
larger set of quantitative imaging features in predicting GA

growth. Additionally, our work seems to be original in using
quantitative image features in SD OCT images automatically to create a predictive model for predicting GA progression. Different evaluations demonstrated a relatively
high level of performance for identifying the regions where
GA will appear in the future, which may aid in GA management, treatment, and clinical trials.
Analysis of relevance of individual imaging features in
predicting GA progression (summarized in Fig 4A)
conﬁrmed that photoreceptor loss, as measured in SD
OCT images, is the most important predictor for GA
progression. The photoreceptors become abnormal before
GA develops, and their loss can precede the appearance
and progression of GA in affected eyes, as also suggested
in previous work.41,46 Although loss of thickness and
reﬂectivity of retinal layers near the RPE complex presented
the highest importance in estimating regions of GA growth,
we observed that most of the quantitative features contributed favorably to the progression prediction. Increased
minimum retinal intensity, a feature that has shown significant correlation with GA growth in previous work,25 also
showed high importance predicting the locations of GA
growth at the baseline GA margins and may aid in
identifying the regions where existing GA likely will
progress. We also found that the morphologic features of
existing GA are important in estimating the GA ER.
Although it had a constant value in all pixels throughout
the topographic map and therefore was not a predictor of
future GA location, the eccentricity of existing GA
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Figure 8. Examples of the predicted geographic atrophy (GA) growth at ﬁrst follow-up examination from a baseline observation. A, Geographic atrophy
projection image obtained at baseline with segmented GA outline in white. B, Geographic atrophy projection image obtained at the ﬁrst follow-up
examination (12 months from baseline). The GA region at baseline is shown in white (same as in panel A), the observed GA region at follow-up is
shown in red, and the predicted region of GA growth is shown in blue. C, Comparison of prediction results and observed growth. The red and white regions
depict the correctly predicted (true-positive) and incorrectly predicted (false-positive) growth regions, respectively. The black regions correspond to missed
growth regions in the predictions (false-negative results). D, Classiﬁcation probability obtained from the evaluation of the baseline scan.

showed usefulness in estimating GA ER, adjusting the
probability of growth in individual pixels. The location of
drusen-affected regions was one of the predictors with the
least importance in our model. However, a topographic map
of drusen height proved to be of relatively high importance.
This fact may highlight the importance of drusen height, and
not only their location, when estimating regions of GA
growth. Although drusen height and presence were factors
showing correlation (height in regions where drusen was not
present was assumed to be 0), the higher performance increase of the model when drusen height was considered
indicates that it provides important information for the
prediction. This may be because small drusen may not be an
indicator of GA growth within the intervals used in our
analysis, but as some of these drusen increase, they eventually may start to severely disrupt the photoreceptor and
RPE layers, eventually resulting in GA.47
Our model presented good overall performance estimating
future GA-affected areas in follow-up observations, evaluated in single or subsequent follow-up predictions in independent patients, or in subsequent follow-up predictions
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using only prior information from the same eye (DIs of
0.810.12, 0.840.10, and 0.870.06, respectively) and
also good overall performance estimating which regions with
no previous sign of GA will be affected in the future (DIs of
0.720.18, 0.740.17, and 0.720.22, respectively). All
these experiments demonstrated the potential ability of our
predictive model to identify the regions where GA will
appear. We hypothesize that a model trained with multiple
observations from a large set of patients together with the
most up-to-date prior information from the eye to be evaluated will produce accurate predictions that may be viable to
guide ophthalmologists in regular GA management.
Our work nevertheless bears a number of limitations. For
some cases, the model failed to predict substantial regions of
observed GA growth (e.g., the black regions in the ﬁrst row,
second column of Fig 9), which we believe was probably the
result of a longer time elapsed between baseline and follow-up
examinations (20 months in this particular example) than in
the scans used to train the prediction model (median time
between visits, 13 months). However, we observed that in our
limited data set because the GA area at the ﬁrst follow-up visit
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Figure 9. Examples of the predicted geographic atrophy (GA) regions at 20, 33, and 40 months of follow-up (second, third, and fourth visits in the ﬁrst,
second, and third rows, respectively) based on a model trained with the known outcome at the ﬁrst follow-up visit from the remaining patients. The ﬁrst
column displays the GA projection images at each follow-up visit, with the GA region at the previous visit shown in white, the observed GA region at this
follow-up visit shown in red, and the predicted region of GA growth shown in blue. The second column shows a comparison of prediction results and
observed GA growth. The red and white regions depict the correctly predicted (true-positive) and incorrectly predicted (false-positive) growth regions,
respectively. The black regions correspond to missed growth regions in the predictions (false-negative results). The third column displays the classiﬁcation
probability maps.

normally becomes substantially larger than at baseline.
Therefore, a high weight was given to GA-related phenotypes
corresponding to the areas of rapidly growing GA. Consequently, larger areas of nonprogression were identiﬁed by the
model as progression areas (e.g., white regions in the third
row, second column of Fig 10). These miscalculations may
have stemmed from the fact that the training model included
a larger number of GA growth cases in substantially
different follow-up periods than for some of the individual
eyes that were tested. Although the performance of our model
still is limited, we believe this is mainly the result of the limited
data that were available for our study and follow-up time

inconsistencies in our data set. Including more training data
that are more regular in intervals between SD OCT scans in a
prospective clinical trial would aid in validating our results.
Additional consideration of time elapsed between SD OCT
scans in the prediction model also could improve its accuracy.
This consideration may be implemented by using pixel-based
ER maps (measuring GA involvement per month) as ground
truth when training and testing our methods, refocusing the
random forest method from a classiﬁcation to a regression
approach.
Other limitations of the presented prediction model are the
possible inaccuracies that resulted from the automated

1747

Ophthalmology Volume 123, Number 8, August 2016

Figure 10. Examples of the predicted geographic atrophy (GA) regions at 25, 37, and 48 months of follow-up (third, fourth, and ﬁfth visits in the ﬁrst,
second, and third rows, respectively) based on a model trained with features obtained at baseline (ﬁrst visit) and the known outcome at the ﬁrst follow-up
visit (second visit, at 13 months). The ﬁrst column displays the GA projection images at each follow-up visit, with the GA region at the previous visit shown
in white, the observed GA region at this follow-up visit shown in red, and the predicted region of GA growth shown in blue. The second column shows a
comparison of prediction results and observed GA growth. The red and white regions depict the correctly predicted (true-positive) and incorrectly predicted
(false-positive) growth regions, respectively. The black regions correspond to missed growth regions in the predictions (false-negative results). The third
column displays the classiﬁcation probability maps.

segmentation of GA regions and the automated registration
between follow-up scans. Although the segmentation
methods used here have been tested previously for sufﬁcient
accuracy, and all segmentation and registration results for the
images included in this work were reviewed visually and
were considered adequate for this analysis, a margin of error
in the characterization of GA in the baseline and follow-up
scans is expected. This results in inexact GA-related features, which may decrease their predictive ability, and inexact
registered ground truth, which may produce a lower evaluation performance than the actual predictive power of the
model. Interestingly, the GA segmentation map was one of
the lowest-ranked features of the prediction model (although
one expects current regions of GA always to be present in the
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follow-up scan), and more importance was given to intensity
and thickness properties derived directly from the SD OCT
scan, highlighting possible inaccuracies produced by the
automated methods. In any case, we believe that the extracted
features and properties derived here are important factors to
be considered when estimating GA growth and future regions
of expansion.
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