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ABSTRACT  Objective: Diabetic macular edema (DME) and retinal vein occlusion (RVO) are the leading
causes of visual impairments across the world. Vascular endothelial growth factor (VEGF) stimulates
breakdown of blood-retinal barrier that causes accumulation of fluid within macula. Anti-VEGF therapy
is the first-line treatment for both the diseases; however, the degree of response varies for individual patients.
The main objective of this work was to identify the (i) texture-based radiomics features within individual fluid
and retinal tissue compartments of baseline spectral-domain optical coherence tomography (SD-OCT) images
and (ii) the specific spatial compartments that contribute most pertinent features for predicting therapeutic
response. Methods: A total of 962 texture-based radiomics features were extracted from each of the fluid
and retinal tissue compartments of OCT images, obtained from the PERMEATE study. Top-performing
features selected from the consensus of different feature selection methods were evaluated in conjunction
with four different machine learning classifiers: Linear Discriminant Analysis (LDA), Quadratic Discriminant
Analysis (QDA), Random Forest (RF), and Support Vector Machine (SVM) in a cross-validated approach
to distinguish eyes tolerating extended interval dosing (non-rebounders) and those requiring more frequent
dosing (rebounders). Results: Combination of fluid and retinal tissue features yielded a cross-validated
area under receiver operating characteristic curve (AUC) of 0.7840.08 in distinguishing rebounders from
non-rebounders. Conclusions: This study revealed that the texture-based radiomics features pertaining to
IRF subcompartment were most discriminating between rebounders and non-rebounders to anti-VEGF
therapy. Clinical Impact: With further validation, OCT-based imaging biomarkers could be used for treatment
management of DME patients.

INDEX TERMS Diabetic macular edema (DME), Intravitreal Aflibercept Injection (IAI), optical coherence
tomography (OCT), radiomics, vascular endothelial growth factor (VEGF).
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I. INTRODUCTION

Diabetic retinopathy (DR) is a progressive, chronic microvas-
cular disorder that may be accompanied with vision-
threatening complications, such as diabetic macular edema
(DME). The excessive retinal vascular permeability caused
by the damage to the blood-retinal barrier leads to retinal fluid
accumulation within the macular region [1], [2]. Retinal vein
occlusion (RVO) occurs typically due to intravascular throm-
bosis and may also result in macular edema secondary to
increased vascular permeability. Vascular endothelial growth
factor (VEGF) has been recognized as a critical cytokine that
induces retinal vascular hyperpermeability in both DME and
RVO [3] by stimulating the breakdown of the intercellular
junction of the blood-retinal barrier. This in turn causes the
accumulation of intraretinal fluid (IRF) and/or subretinal
fluid (SRF) within the retina. Elevated VEGF levels in eyes
with RVO and DME may also exacerbate microangiopathy
and ischemia [4].

Multiple studies have explored the effectiveness of
anti-VEGF therapy in improving vision and reducing mac-
ular edema in both DME and RVO, and it has become the
gold-standard first-line therapy for both conditions [5]-[9].
Aflibercept is an FDA-approved VEGF inhibitor that acts
as a decoy receptor, binding soluble VEGF and prevents
VEGF from binding to retinal cell receptors [10]. Intravitreal
aflibercept injection (IAI) results in substantially improved
visual acuity and anatomic outcomes for many patients
with DME and RVO [11]-[14]. However, there are sig-
nificant variations in visual outcomes and tolerance of
treatment interval extension. Quantification and feature anal-
ysis of different compartments of the retina is of the utmost
importance for understanding the heterogeneous response to
anti-VEGF therapy [15]- [18]. Classification of the response
to anti-VEGF in different categories may provide a better
understanding of the visual potential of a particular treatment
plan [4].

The revolution in ophthalmologic imaging techniques has
led to significant advancement in the assessment of clini-
cally silent abnormalities and their objective measurement.
It also results in a more precise diagnosis and understand-
ing of disease progression [19]. For the last two decades,
spectral-domain optical coherence tomography (SD-OCT)
has been shown to have a great impact on clinical man-
agement of ocular diseases through improved monitoring of
patients, earlier identification of pathology, and more-precise
treatment protocols [20]. It is a non-invasive and non-contact
imaging method with diverse clinical uses in ophthalmol-
ogy [21]. OCT images are largely used by ophthalmol-
ogists to determine the severity level of DME through
a quantitative assessment of retinal thickening and the
subjective interpretation of fluid presence [22]. However,
clinical interpretation and predictive value of these quan-
titative features is subject to variability based on the
impression of an individual ophthalmologist. Currently, there
are no well-established, non-invasive imaging biomarkers to
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predict response to anti-VEGF therapy. Developing predic-
tive biomarkers is, therefore, of high significance for the ther-
apeutic decision-making and better assessment of response to
anti-VEGF treatment.

Radiomics refers to the extraction and analysis of exten-
sive advanced quantitative imaging features from medical
images using computer vision and image processing tech-
niques [23]. In many cases, the goal of the radiomics-based
analysis is to identify the association between biologically
relevant features extracted from the clinical images to support
clinical decision-making [24]. Previous studies have demon-
strated the efficacy of textural-based radiomics features in
predicting therapeutic response from the ultra-widefield flu-
orescein angiography (UWFA) images [25], [26], inves-
tigating the role of FA-derived leakage morphology and
vessel tortuosity-based biomarkers to discriminate eyes that
required more frequent dosing from those who did not.
However, to the best of our knowledge, the implications
of the OCT-derived morphologic biomarkers in assessing
the anti-VEGF treatment response have not been rigorously
investigated.

Additionally, previous works on radiomics [27], [28] in
oncology have evaluated the role of texture-based radiomics
features from different tumor subcompartments for pre-
dicting treatment response across a range of cancer types.
This therefore begs the question whether radiomic fea-
tures extracted from specific compartments in the eye as
identified on OCT scans (e.g., various fluid compartments
and/or tissue compartments) are with likelihood of treat-
ment response/durability. Remarkable variations in both mor-
phological characteristics as well as texture are observed
across the fluid and the retinal tissue compartments in the
OCT scans. We hypothesized that the heterogeneity within
the different retinal compartments may be well captured
by different texture-based radiomic descriptors, and these
features will have biologic relevance of underlying sensi-
tivity to anti-VEGF therapy. A key feature of this analysis
is the long-term predictive potential of this assessment in
that baseline images are assessed for the overall treatment
durability that is identified more than six months after this
initial assessment.

Consequently, in this preliminary study, we sought to eval-
uate the degree to which the radiomic features within the
individual fluid and the retinal tissue compartments are asso-
ciated with anti-VEGF treatment response and to identify the
specific spatial compartments that contribute the most perti-
nent features for predicting therapeutic response. Radiomic
features were extracted from each of the fluid compart-
ment (IRF and SRF) and various retinal tissue compartments
[i.e., Internal Limiting Membrane (ILM) to Retinal Pigment
Epithelium (RPE), ILM to Ellipsoid Zone (EZ), EZ to RPE]
on SD-OCT scans obtained from the PERMEATE [1] clinical
trial, a prospective open-label IRB-approved study investigat-
ing potential imaging biomarkers in eyes with DME and RVO
undergoing treatment TAL
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The organization of the rest of this paper is as follows.
A review of the previous works and novel contributions of
this study are presented in Section II. Section III describes
the spatial compartmental approach for assessment of the
predictive relevance of radiomic features from the OCT scans.
Experimental results are presented in Section IV, with a dis-
cussion of the findings in Section V. Concluding remarks are
presented in Section VI.

Il. PREVIOUS RELATED WORK AND NOVEL
CONTRIBUTIONS

Extensive previous research has demonstrated the utility of
radiomics analysis for diagnosis, prognosis, and treatment
of several diseases, including brain tumors [29], breast can-
cer [30], lung cancer [31], [32], prostate cancer [33], and
rectal cancer [34]. The majority of previous work in compu-
tational image analysis of OCT scans for DME and DR has
focused on automated multi-layer retinal segmentation, fluid
feature extraction, and targeted en face and zonal mapping
applications [15]-[18], [20], [21]. While there is an unmet
need of developing new computationally-derived imaging
biomarkers of outcome and anti-VEGF treatment response
to improve clinical management of the patients treated with
IAlIs, the role of radiomic features in predicting treatment
response for ocular diseases has not been extensively inves-
tigated. In a recent study [25], Prasanna et al. explored two
novel UWFA-derived radiomics biomarkers, leakage distri-
bution and vessel tortuosity to predict therapeutic durability
of TAls. The first biomarker identified captures the discrepan-
cies that exist in the spatial arrangement of leakage patterns
between the eyes that more likely tolerate extended interval
dosing as compared to those that do not. The second one
was related to the vessel tortuosity, which identifies greater
disorder and more complex tortuosity patterns in retinal vas-
culature for the eyes that had decreased tolerance to extended
interval dosing. In another attempt to distinguish the favor-
able response of anti-VEGF therapy based on the morpho-
logical and tortuosity features extracted from the baseline
UWEFA images, Moosavi et al. identified that the proximity of
leakage foci to the vessels have higher variance in eyes who
have more durable treatment response [26]. Also, the local
tortuosity of the vessels in the vicinity of the leakage foci
was found to be higher for the patients that do not tolerate
extended interval dosing.

The Phase III clinical trials established IAI as first-line
therapy in the management of macular edema retinal vascular
disease, showing an overall improvement in functional
(i.e., visual acuity) and anatomic (i.e., retinal thickness)
outcomes [12]-[14]. However, the optimal personalized
approach to predict which eyes will tolerate extended interval
dosing compared to high-frequency treatment (e.g., monthly)
remains elusive. In an effort to explore imaging biomarkers,
studies [18] have investigated retinal fluid features and EZ
integrity dynamics on SD-OCT in eyes with DME treated
with TAIs. Retinal fluid metrics have been analyzed quan-
titatively and a novel OCT biomarker, the “retinal fluid
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index (RFI)”, was introduced. Ehlers et al. demonstrated
that the volatility of RFI was associated with intolerance to
the treatment interval extension in eyes treated with IAI for
DME [16]. Given that OCT provides a very good visualiza-
tion of the intraretinal and subretinal cystoid fluid, a fast-
automated quantification of retinal fluid on OCT images
based on supervised learning was presented in [15].

The different fluid and retinal tissue compartments of the
OCT images contain valuable information in the form of vari-
ation of texture, gradient, and heterogeneity. Subtle variation
in morphological characteristics and alternation in texture
within the fluid and retinal tissue compartments as a result
of the underlying disease manifestation are well captured by
SD-OCT.

Recently deep learning (DL)-based models have been
evaluated for assessment of various ocular diseases, includ-
ing diabetic eye disease [35]-[38]. Rasti er al. utilized
a novel deep convolutional neural network (CNN) using
pre-treatment OCT scans as the input for predicting
differential retinal thickness following three consecutive
anti-VEGF injections with 5-fold cross-validation [35]. The
attention-based CNN model presented in [35] preserves and
highlights the global structures in OCT images and enhances
local features from fluid/exudate-affected regions to effi-
ciently use retinal thickness information for response predic-
tion. Beyond DME and DR, an additional study evaluated a
CNN-based model’s capacity for predicting effectiveness of
anti-VEGF therapy for choroidal neovascularization (CNV)
in 228 patients [36] using a modified ResNet-50 model.
Different DL models such as AlexNet, GoogleNet, VGG-16,
ResNet-50 were trained separately using OCT images and
were employed to segment lesion regions. The ResNet-50
model achieved an AUC of 0.91 to predict the effect of
anti-VEGF therapy for CNV response and demonstrated that
the full OCT images performed better than the lesion-specific
regions. Utilizing a dataset that included 183,402 OCT
B-scans, Prahs et al. [37] developed a DL algorithm to dis-
tinguish retinal OCT B-scans that require an intravitreal
injection from those that do not require an injection, achiev-
ing 95.5% accuracy on validation dataset. Importantly, this
approach did not evaluate treatment response but rather treat-
ment need (e.g., abnormal vs normal). Utilizing a combina-
tion of clinical feature variables and OCT image features from
304 eyes with 6,348 clinical variables, Liu et al. [38] devel-
oped an ensemble machine learning system consisting of four
DL models and five classical machine learning models to
predict the post treatment central foveal thickness (CFT) and
best corrected visual acuity (BCVA) after the initial 3 monthly
anti-VEGEF injections.

These previous reports show promising results for the
potential for DL methods in larger datasets in the identifi-
cation of image features that predict the need for treatment
and for predicting initial treatment response. However, the
studies have not extensively evaluated specific retinal sub-
compartments and have also not evaluated treatment interval
tolerance following initial treatment induction. The ability to
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FIGURE 1. Workflow of the OCT-derived spatial radiomic features from the PERMEATE study and corresponding evaluation for each patient:
(a) Original OCT scans, Segmentation of (b) Fluid and (c) Retinal tissue compartment, feature extraction from (d) Fluid and (e) Retinal tissue
compartments, (f) Fusion of fluid and retinal tissue features, (g) Feature selection and classification, (h) Deep learning based visual CAM to

identify the region that contains the most distinctive features.

identify and predict which patients will respond to treatment
extension and long-term therapy is a critical component for
personalized therapeutic decision-making. The identification
of the spatial subcompartments that contribute the most perti-
nent features to discriminate between the rebounders and the
non-rebounders following treatment extension remain unex-
plored in the existing literature. The novel contribution of the
work in this report is to evaluate the ability of texture-based
radiomics features pertaining to individual OCT subcompart-
ments to characterize the response patterns of eyes treated
with anti-VEGF therapy, and to identify the specific fluid
and/or retinal tissue compartments that contribute the most
pertinent features for predicting therapeutic response. In addi-
tion, this radiomics-based assessment of imaging features
demonstrates the potential critical value of this technology
in smaller datasets where DL alone may not be optimal.

In addition to radiomics analysis, a DL model is used
to identify the key contributing regions that distinguish
the rebounders and the non-rebounders. The rationale for
using DL-based approach is to identify the key subcom-
partments that contain the most discriminating features and
to establish the relevance and importance of the spatial
compartment-based analysis characterized by the radiomics
features. The DL-based generated visual class activation map
(CAM) helps validate the importance of the regions from
where the engineered radiomic features were extracted.

The schematic diagram of the radiomics-based feature
extraction from the baseline OCT images obtained from the
1000113

PERMEATE study and their evaluation is illustrated in Fig. 1.
In the present study, baseline OCT scans (Fig. 1(a)) were seg-
mented utilizing an automated machine-learning augmented
segmentation platform with manual correction as needed,
(Fig. 1(b) and 1(c), respectively) as previously described [18],
[39]. This was followed by radiomics feature extraction
from the different fluid and the retinal tissue compartments
(Fig. 1(d) and 1(e)). The fluid and the retinal tissue features
were fused (Fig. 1(f)) and the top-performing features were
selected and fed to the machine learning classifier to distin-
guish the treatment response between the rebounders and the
non-rebounders (Fig. 1(g)). In addition, a DL-based visual
attention map was also generated (Fig. 1(h)) to corroborate
the regions identified by radiomics-based features that have
high prediction power. The detailed description of the indi-
vidual steps is presented below.

Ill. MATERIALS AND METHODS

A. DATASET DESCRIPTION

The PERMEATE study is an IRB-approved included 28 eyes
of 31 patients all of whom provided written informed consent
for participation in the study; three participants were excluded
due to poor image quality, insufficient follow-up, or patient
drop-out during the study. Patients of 18 years or older with
foveal-involving retinal edema secondary to DME or RVO
based on SD-OCT and Early Treatment Diabetic Retinopa-
thy Study (ETDRS)-based BCVA of 20/25 or worse were
qualified to include in the study [11]. IAI injections
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were applied to the patients in two phases over a period
of 12 months. Patients were given two milligrams of IAI
monthly [i.e., every four weeks (q4 doses)] for the first six
months followed by bimonthly dosing [i.e., for every eight
weeks (g8 dosing)] starting from month six. This interval
extension was the therapeutic challenge for individual toler-
ance treatment extension and the specific durability of TAIL
Patients were evaluated monthly with SD-OCT. Key end-
points of the PERMEATE study, including mean change in
ETDRS-based BCVA, mean change in total leakage index,
change in mean central subfield thickness, and mean change
in the ischemic index, were assessed. Eyes were categorized
into two groups based on the treatment response to the first
eight-week therapeutic challenge: rebounders (N = 11) and
non-rebounders (N = 17).

The dataset contains a volume of 128 baseline OCT scans
for each patient. The central 43-85 slices were utilized for
radiomics-based assessment of the central macular area.
The empty slices within the volume were excluded and the
remaining slices were used for extracting fluid features for
each patient. The mid central subfield slices (Slice 43-85)
were used for feature extraction from retinal tissue com-
partments. The rebounders showed loss of BCVA and fre-
quently associated increased macular edema during the first
eight-week challenge, whereas the non-rebounders main-
tained or improved in BCVA [26].

B. REGION OF INTEREST/IMAGE SEGMENT
Macular cube scans with 512 x 128 A-scans covering a
nominal 6 x 6 millimeter scan area was imported to a machine
learning enhanced automated retinal layer segmentation and
feature extraction platform, OCT Viewer (Cleveland Clinic,
Cleveland, Ohio) as previously described [18], [39]. The tool
performed automated segmentation of ILM, EZ, RPE bands,
and IRF and SRF objects. The software-generated segmen-
tations were then manually reviewed for all the 128 slices of
each scan by trained readers who went through a standardized
training for OCT scan segmentation of higher order features.
The feature extraction platform enabled manual corrections
of segmentation errors by the readers when required. The
segmentation line for ILM was placed on top of the retina
at the vitreoretinal junction. EZ and RPE segmentation lines
were placed in the middle of the corresponding bands.
Hyporeflective space that increased the distance between
EZ and RPE bands were segmented as SRF. Hyporeflective
areas that contributed to retinal thickness between ILM and
EZ were segmented as IRF. To minimize variability, the
image analysis environment was standardized for monitor
settings, illumination, and computer configuration. After all
of the scans were reviewed and corrected by a trained reader,
a senior project lead reviewed all scans and segmentation for
segmentation accuracy and consistency between scans.

C. SPATIAL LOCALIZATION OF FLUID AND RETINAL
TISSUE COMPARTMENTS

We define an image I as a three-dimensional (3D) spatial
grid of voxels corresponding to the volume of OCT scans.
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Let Ir and Igrc represent a sub-volume of I corresponding to
the segmentation of fluid and the retinal tissue compartment
between ILM and RPE, respectively. From Ir we further
define intraretinal fluid (/ }RF ) and subretinal fluid (/ I‘ERF )
subcompartment volumes. Also, from Igrrc we define: ILM to
EZ (Igrc1) and EZ to RPE (Ig7¢2) subcompartment volumes.

D. RADIOMICS FEATURE EXTRACTION

A variety of three-dimensional (3D) texture-based radiomics
features were extracted from the Iz and Igryc sub-volumes at
on a MATLAB platform (version 2015b; Mathworks, Natick,
Mass). We considered 3D feature extraction from the vol-
ume of OCT scans for each patient, since extracting 3D
features from the Ir and Igrc sub-volumes would provide
better quantitative characterization of the heterogeneity than
corresponding two dimensional (2D) features from each of
the individual 128 OCT slices separately [18], [39].

1) FEATURE EXTRACTION FROM /¢ SUB-VOLUME

For every voxel within S; € {I}VRF , IERF }, a total of 962
texture-based radiomics features were extracted. These fea-
tures included 52 Haralick, 501 Laws energy, 383 Gabor,
and 26 co-occurrence of local anisotropic gradient orientation
(CoLIAGe) [40] features on a per-voxel basis. The features
extracted from / }RF and IERF (Firr and Fsgp, respectively)
were then combined to obtain the set of combined fluid
features (Fy).

2) FEATURE EXTRACTION FROM /g7c SUB-VOLUME
Similarly, 962 texture-based radiomics features were
extracted from every voxel within S € {Igrc1, IrTc2}. The
features obtained from Ig7c1 and Igrrcr (Frre1 and Frrea,
respectively) were then fused to encapsulate all the retinal
tissue features (Fgyc) from ILM to RPE.

3) COMBINATION OF Ff AND Fgrc
The Fy and Fryc were finally fused to have an insight into
the integrated response of the entire OCT features (Focr).
First-order statistics (median, variance, skewness, and kur-
tosis) from the feature responses of all the voxels within the
region of interest were then computed. All feature values were
normalized with a mean of zero and a standard deviation of
one. The detailed description of the features extracted are
presented in Supplementary Material Section I.

E. STATISTICAL EVALUATION

The features Fy, Frrc and Focr were fed to machine learn-
ing classifiers separately in a supervised way to determine
the features that best distinguish the responses between the
rebounders and the non-rebounders. The dataset was split into
training and test sets with a ratio of 80:20 [26]. We developed
our radiomic model on the training set and validated on the
test set. For feature and classifier selection, 1000 iterations of
three-fold cross-validation within the training set were used.
At each iteration of three-fold cross-validation, three feature
selection methods including t-test, Wilcoxon-rank-sum, and
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minimum Redundancy maximum Relevance (mRmR) were
used, each of which involved selecting the top 15 features.
Finally, the two-best performing features were obtained from
the intersection of these top 15 features (selected by each
of the feature selection methods). The selection of the most
discriminating two features from the consensus (intersec-
tion) of different feature selection methods, in turn, reduced
the dependency on any single strategy employed for feature
selection. The top two features in each fold and run were then
used to train four different classifiers: Linear Discriminant
Analysis (LDA), Quadratic Discriminant Analysis (QDA),
Random Forest (RF), and Support Vector Machine (SVM) in
a cross-validation setting. The best performing classifier was
selected based on the Area Under Receiver Operating Charac-
teristic Curve (AUC) value. For each classifier, different per-
formance metrics such as Accuracy (ACC), Sensitivity (true
positive rate), and Specificity (true negative rate) values were
calculated. In addition to supervised classification, an unsu-
pervised hierarchical clustering was also used to assess the
features in discriminating the two classes of patients through
clustergram analysis [41].

F. VISUAL CLASS ACTIVATION MAP

A DL-based visual class activation map (CAM) was gen-
erated to identify the regions that were seemed to be most
relevant for identifying the radiomic signal in order to predict
therapeutic response between the rebounders and the non-
rebounders. We sought to evaluate whether the most dis-
tinctive compartments identified by the supervised approach
corroborated to the principal regions identified by the DL
strategy. The DL model was implemented to validate the
relevance of individual retinal subcompartments from the
perspective of response to therapy.

The Gradient-weighted Class Activation Mapping
(Grad-CAM) technique, as described in [42], was used to
create the CAM in Keras. The neurons in the last convolu-
tional layers of a CNN look for the semantic class-specific
information in the image. The gradient information flowing
into the last convolutional layer of the CNN was used by
Grad-CAM. First, the gradient of the score for a particular
class was computed with respect to feature map activations
of a convolutional layer. These gradients flowing back were
then global average pooled to obtain the neuron importance
weights. Next, a weighted combination of activation maps
followed by ReLU was executed to take into account the
features that have a positive influence on the class of interest,
assuming that the negative pixels likely belong to other
categories in the image. The CAM was generated in the form
of a course heatmap of the class activations over the input
images. It represents a 2D grid of scores corresponding to
a particular target (output) class. For every location of the
input image, the scores represent the attention paid by the
network to that particular location with respect to the output
class. The color coding scheme of the heatmap identifies
regions of importance for the network to perform the object
identification task.
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FIGURE 2. Semi-automated segmentation of foveal B-scan demonstrates
volumetric IRF and SRF segmentations in blue and green objects
respectively. Retinal layers were segmented for ILM, EZ and RPE layers
using blue, red and pink lines respectively. Retinal tissue compartment is
defined as the volume between ILM and RPE. The thickness of the retinal
compartment is represented by the orange line on the right in this scan
(305.0 xm). Subretinal compartment is defined as the volume between EZ
and RPE. The thickness of the subretinal compartment is demonstrated
by the orange line on the left (35.2 xm). EZ line segmentation was
dropped to RPE line in the presence of subretinal fluid. IRF, intraretinal
fluid; SRF, subretinal fluid; ILM, inner limiting membrane; EZ, ellipsoid
zone; RPE, retinal pigment epithelium.

In the present work, the dataset was split into training (S;,)
and test sets (S,) with a ratio of 80:20. A neural network with
ResNet-50 architecture was implemented in Keras. Training
and evaluation were performed using each of the slices.
Training was done with 50 epochs per S;- and a learning rate
of 0.0001.

G. TARGETED CLINICAL IMPLICATION ASSESSMENT

For targeted classification efficiency, we evaluated a thresh-
old predictor to direct the overall classifier towards increased
accuracy of identification of a specific group of interest
(e.g., rebounders). This approach effectively increases sen-
sitivity for identifying one of these groups while decreasing
specificity, which could optimize confidence in treatment
decision-making for a given group of primary interest.

IV. EXPERIMENTAL RESULTS

A. STUDY GROUPS

The PERMEATE study [11], [43] identified 17 subjects to
be non-rebounders following the eight-week challenge, while
11 subjects were classified as rebounders following the first
eight-week challenge. The ‘“rebounder” terminology refers
to the phenomenon of clinical worsening, specifically defined
by worsening BCVA, but also associated with increased
macular edema, following the extension of therapy from
four-week intervals to eight-week intervals.

B. EXPERIMENT 1: DISTINGUISHING EYES BASED ON
FEATURES EXTRACTED FROM FLUID COMPARTMENTS

1) SUPERVISED CLASSIFICATION

Of the classifiers considered (Table 1), the LDA classifier
resulted in the highest accuracy and AUC in distinguishing
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FIGURE 3. Feature analysis for fluid compartment: (a), (b) Feature map of laws E353S3 feature for one case of rebounder and non-rebounder,
respectively. (c) The box and whisker plot on the left corresponds to the median-laws E353S3 feature values from the rebounders (N = 11) and
that on the right corresponds to the median-laws E3S3S3 values from the non-rebounders (N = 17).

TABLE 1. Classification results of different classifiers on Fy.

Features Classifier | AUC ACC Specificity | Sensitivity
LDA 0.59+0.09 0.67+0.03 0.66+0.03 0.73+0.02
Firr QDA 0.58+0.06 0.66+0.06 0.58+0.03 0.72+0.04
RF 0.58+0.04 0.64+0.07 0.58+0.06 0.63+0.04
SVM 0.57+0.03 0.65+0.02 0.54+0.01 0.61+0.04
(Gaussian
Radial
basis
Kernel)
LDA 0.68+0.09 0.71+0.06 0.72+0.05 0.76+0.03
Fy QDA 0.64+0.09 0.69+0.06 0.68+0.06 0.70+0.11
(FIRF
+ Forr) RF 0.63+0.11 | 0.67+0.08 | 0.69+0.03 | 0.66+0.07
SVM 0.61+0.02 0.63+0.03 0.66+0.04 0.61+0.06
(Gaussian
Radial
basis
Kernel)

the rebounders and the non-rebounders. The LDA classi-
fier discriminated against the favorable rebounders from the
non-rebounders with an ACC of 0.71 & 0.06 from the Fy
feature pool.

Median-Laws E3S3S3 IRF feature (p value = 0.0048) was
identified as the most discriminating feature during the super-
vised classification of Fy. The 3D laws energy kernel E3S3S3
captures the textural patterns of edges (or E) in the horizontal
direction, spots (or S) in both the vertical and the diagonal
direction using a 3 x 3 x 3 convolution filter. The feature map
for the Laws E3S3S3 feature is shown in Fig. 3(a) and 3(b),
for one case of rebounder and non-rebounder, respectively.
The color-coding scheme competently captures the differ-
ences between the rebounders and the non-rebounders with
a higher expression of the Laws energy descriptor (E3S3S3)
evident for the rebounders. The box and whisker plot of the
top performing feature is presented in Fig. 3(c). The selection
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of the Laws E3S3S3 IRF textural feature as the topmost
feature ensures that there exist significant differences in
heterogeneity within the IRF subcompartments between the
rebounders and the non-rebounders.

2) UNSUPERVISED CLUSTERING ANALYSIS

Hierarchical clustering [41] is an unsupervised clustering
technique used to assess the strength of the identified fea-
tures in distinguishing the patients into different classes
through clustergram analysis. In addition to supervised clas-
sification, we also analyzed the patterns associated with the
radiomics features extracted from the fluid compartments
(IRF+SRF) and assessed their prediction capability using
hierarchical clustering [41]. The dimension of the entire Fy
feature pool was first reduced by Principal Component Anal-
ysis (PCA) and the top 10 features were selected followed
by unsupervised hierarchical clustering over the reduced
dimension, as shown in Fig. 4(a). The rebounder and the
non-rebounder classes were represented by red and green
clusters, respectively. The red clusters included 49 percent of
the rebounders and the green clusters included 62 percent of
the non-rebounders.

To measure the efficacy of the radiomics-based features
in distinguishing two groups, we also performed K-means
clustering. The top two principal components after perform-
ing PCA on the entire Fy feature set was used for K-means
clustering analysis. The optimum number of clusters were
obtained by plotting the elbow curve (Figure 4(b)), which
was found to be two. 54 percent rebounders and 64 percent
non-rebounders were included in cluster 2 and 1, respectively.

C. EXPERIMENT 2: DISTINGUISHING EYES BASED ON
FEATURES EXTRACTED FROM RETINAL TISSUE
COMPARTMENTS

1) SUPERVISED CLASSIFICATION

In the second experiment, we interrogated the entire retinal
tissue compartment within the total retinal area (ILM to RPE).
Features were extracted from two subcompartments (a) ILM
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FIGURE 4. Unsupervised clustering analysis on fluid features: (a) The clustergram of radiomics features extracted from the entire fluid compartments.
The X-axis represents the reduced-dimension features (10 features selected using PCA) and the Y-axis represents the number of patients. (b) Elbow curve
representing an optimum number of clusters formed using the top two principal components after performing PCA on the entire fluid feature set for
K-mean clustering analysis. The optimum number of clusters (k) were observed to be two. (c) Clusters after performing clustering using k = 2. Rebounders

and non-rebounders are included in cluster 2 and 1, respectively.
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FIGURE 5. Feature analysis for retinal tissue compartment: (a), (b) Feature map of laws E3L3S3 feature for one case of rebounder and non-rebounder.
(c). The box and whisker plot on the left corresponds to the skewness-laws E3L3S3 feature values from the rebounders (N = 11) and that on the right
corresponds to the skewness-laws E3L3S3 feature values from the non-rebounders (N = 17).

to EZ and (b) EZ to RPE. The fluid feature compartments
were subtracted and not included in the retinal tissue assess-
ment. Similar to Experiment 1, the Igrc1 and Igyc features
were classified separately using different machine learning
classifiers. Finally, the features were combined and classified
to evaluate the entire Fgryrc feature set between ILM to RPE.
The different performance metrics corresponding to differ-
ent classifiers are reported in Table 2. The LDA classifier
produced the best result over the other classifiers in terms
of AUC and ACC. The ACC values were 0.70 £ 0.02 and
0.65 £ 0.04 for classifying the Frrc1 and Fgryca, respectively.
The classification ACC was 0.75 & 0.07 for Frrc.

The most discriminating feature identified during classifi-
cation was Skewness-Laws E3L3S3 (from ILM to EZ) with
a p-value = 0.0026. The 3D laws energy kernel E3L.3S3
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captures the Laws energy-based textural patterns of edges
(or E) in the horizontal direction, levels (or L) in the vertical
direction and spots (or S) in the diagonal direction using
3x3x 3 convolutional kernel. The colors in Fig. 5(a) and 5(b)
reflect the significant differences in the feature expression
between the rebounder and the non-rebounders, respectively.
Thus, the heterogeneity captured within the ILM to EZ
appears to play an important role in distinguishing patients
into the rebounder and the non-rebounder categories. The box
and whisker plot of the feature Skewness-Laws E3L3S3 are
presented in Fig. 5(c).

2) UNSUPERVISED CLUSTERING ANALYSIS
The dimension of the entire Fryc features were reduced
using PCA and the top 10 features were selected for
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FIGURE 6. Unsupervised clustering analysis of retinal tissue features: (a) The clustergram of radiomics features extracted from the entire retinal tissue
compartment (ILM to RPE). The X-axis represents the reduced-dimension features (10 features selected using PCA) and the Y-axis represents the number
of patients. (b) The elbow curve represents an optimum number of clusters formed using the top two principal components after performing PCA on the
entire retinal tissue feature set for K-mean clustering analysis. The optimum number of clusters (k) were observed to be two. (c) Clusters after performing
clustering using k = 2. Rebounders and non-rebounders are included in clusters 1 and 2, respectively.

TABLE 2. Classification results of different classifiers on Fyc.

TABLE 3. Classification results of different classifiers on Fpcr.

Features Classifier AUC ACC Specificity Sensitivity
LDA 0.65+0.02 0.70+0.02 | 0.70+0.14 0.74+0.04
Frrea
QDA 0.58+0.10 0.65+0.08 | 0.65+0.21 0.65+0.22
RF 0.57+0.09 0.63+0.08 | 0.56+0.26 0.72+0.27
SVM 0.54+0.12 0.60+0.06 | 0.58+0.01 0.62+0.06
(Gaussian
Radial
basis
Kernel)
LDA 0.56+0.04 0.65+0.04 | 0.71+0.04 0.60+0.03
Frrez QDA 0.53+0.05 0.64+0.02 | 0.70+£0.22 0.55+0.01
RF 0.54+0.10 0.63+0.08 | 0.65+0.24 0.56+0.26
SVM 0.52+0.02 0.60+0.11 | 0.62+0.11 0.51+0.04
(Gaussian
Radial
basis
Kernel)
Frre LDA 0.73+0.09 0.75+0.07 | 0.73+0.06 0.72+0.06
(FRTC1+
Frrcz)
QDA 0.65+0.09 0.70+0.07 | 0.70+0.18 0.68+0.19
RF 0.68+0.09 0.73+0.08 | 0.76+0.16 0.60+0.20
SVM 0.66+0.05 0.73+0.01 | 0.71+0.04 0.63+0.03
(Gaussian
Radial
basis
Kernel)

unsupervised hierarchical clustering (Fig. 6(a)). The red clus-
ters included 54 percent of the rebounders and the green
clusters included 82 percent of the non-rebounders.
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Classifier AUC ACC Specificity Sensitivity
LDA 0.78+0.08 0.79+0.06 0.78+0.06 0.77+0.04
QDA 0.65+0.09 0.70+0.07 0.74+0.16 0.65+0.19

RF 0.69+0.09 0.72+0.08 0.73+0.20 0.70+0.19
SVM 0.62+0.02 0.69+0.04 0.70+0.07 0.69+0.02
(Gaussian
Radial basis
Kernel)

For K-means clustering, the optimum number of classes
obtained from the elbow curve (Fig. 6(b)) was two. K-means
clustering was done using the top two principal components
to classify the retinal tissue features into the rebounder and
the non-rebounder classes. Fifty percent of the rebound-
ers and 63 percent of the non-rebounders were included in
clusters 1 and 2, respectively.

D. EXPERIMENT 3: COMBINATION OF FLUID AND
RETINAL TISSUE FEATURES PREDICT RESPONSE TO
ANTI-VEGF THERAPY
1) SUPERVISED CLASSIFICATION
In our third experiment, a fusion of Fy and Fgrrc were used
to assess their efficacy in distinguishing the two groups of
patients. The ACC value achieved by the LDA classifier was
0.79 £ 0.06. The AUC, Sensitivity, and Specificity values
were 0.781+0.08, 0.77£0.04, and 0.78 £ 0.06. The outcomes
of the other classifiers are reported in Table 3.

The top-performing feature selected during classifica-
tion from the Focr feature pool was the Skewness-Laws
S3S3L3 IRF feature (p-value = 0.0012). The S3S3L3 feature
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FIGURE 7. Feature analysis for fluid and retinal tissue compartments: (a), (b) Feature map of laws S3S3L3 feature for one case of rebounder and
non-rebounder, respectively. (c). The left and the right box and whisker plot represent the feature values of Skewness-Laws S3S3L3 for the

rebounders (N = 11) and non-rebounders (N = 17), respectively.
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FIGURE 8. Unsupervised clustering analysis on fluid and retinal tissue feature combination: (a) The clustergram of the combination of fluid and
retinal tissue features. The X-axis represents the reduced-dimension features (10 features selected using PCA) and the Y-axis represents the
number of patients. (b) The Elbow curve represents an optimum number of clusters formed using the top two principal components after
performing PCA on the entire retinal tissue feature set for K-mean clustering analysis. The optimum number of clusters (k) were observed to be
two. (c) Clusters after performing clustering using k = 2. Rebounders and non-rebounders are included in cluster 2 and 1, respectively.

represents the Laws energy-based textural patterns of spots
(or S) in horizontal and vertical direction and levels (or L)
in diagonal direction using a 3 x 3 x 3 convolution filter.
The selection of the topmost feature from the IRF subcom-
partment suggests that the IRF features are able to distin-
guish treatment response between the rebounders and the
non-rebounders. The feature map of the Laws S3S3L3 fea-
ture, as presented in Fig. 7(a) and 7(b) shows significant
discrepancies in texture between the rebounders and the
non-rebounders, with the rebounder having higher feature
expression.

2) UNSUPERVISED CLUSTERING ANALYSIS

The hierarchical clustering performed on the top 10 features
from the Focr feature pool produced two clusters: the
red cluster included 66 percent of the rebounders and the
green cluster that included 64 percent of the non-rebounders
(Fig. 8 (a)). K-means clustering, with an optimum num-
ber of clusters = 2, obtained from the elbow curve,
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included 64 percent rebounders within cluster 2 and
52 percent non-rebounders within cluster 1.

E. VISUAL CLASS ACTIVATION MAP RESULTS

The Visual Class Activation Map as discussed in
Section III E) was generated using the Grad-CAM tech-
nique in Keras. The performance of the ResNet-50 model in
classifying the rebounders and non-rebounders is presented
in Table 4 and the corresponding ROC curve is shown in
Fig. 9. The visual CAMs are presented in Fig. 10 for two
cases of rebounders (Fig. 10(a), 10(b)) and two cases of
non-rebounders (Fig. 10(c), 10(d)) with the corresponding
CAMs generated by the ReLU modifier overlaid on the OCT
scans presented in Fig. 10(e)-10(h). The regions highlighted
in red represent the high attention areas with strong predictive
power. It may be observed from Fig. 10(e)-10(h) that the
attention area is localized between ILM to EZ, more specif-
ically around the IRF subcompartment which corroborates
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FIGURE 9. Receiver operating chracteristics curve for ResNet50.

TABLE 4. DL-based classification result on PERMEATE dataset.

Model AUC ACC
ResNet-50 | 0.53+0.05 | 0.58+0.08

Sensitivity
0.83+0.05

Specificity
0.30+0.08

TABLE 5. Sensitivity and Specificity values for different thresholds on
classification prediction score.

Threshold Sensitivity (%) Specificity (%)
0.46 88.24 54.55
0.73 94.12 27.27

with the region with strong discrimination ability as obtained
through radiomics analysis.

F. CLINICAL IMPLICATION ASSESSMENT

In addition to discriminating between eyes that need more
frequent dosing compared to those eyes that may tolerate
extended dosing intervals, the radiomic features must be
capable of identifying a specific group of patients with high
accuracy (>90% rebounders or >90% non-rebounders). This
is important in order to be able to identify those patients who
might need to maintain higher frequency dosing or extended
slower dosing. One way of doing so is through the balance
between sensitivity and specificity corresponding to different
threshold values, as illustrated in Table 5.

At a threshold of 0.46 on the classification prediction
score, we could identify 88.24 percent of the non-rebounders
(54.55 percent of the rebounders) correctly. As the threshold
value is increased, the percentage of the correctly classified
non-rebounder group is also increased to the detriment of the
percentage of the rebounder group. This approach provides
a potential way to gate therapeutic decision-making in a
safe, but nonetheless personalized way. This type of approach
could also be potentially utilized in clinical trial enrichment
based on patient selection.

V. DISCUSSION
The main objective of this work was to evaluate (i) the
role of the texture-based radiomics features to capture
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the morphological characteristics of the anatomic subcom-
partments visualized with SD-OCT to predict response
to anti-VEGF therapy and (ii) the relative importance of
the radiomic features extracted from the different fluid
[e.g., Intraretinal Fluid (IRF) and Subretinal Fluid (SRF)]
and the retinal tissue compartments [e.g., Inner Limiting
Membrane (ILM) to Retinal Pigment Epithelium (RPE),
Ellipsoid Zone (EZ) to RPE, ILM to EZ] for thera-
peutic response assessment. The rationale behind look-
ing for the OCT-derived texture features for predicting
anti-VEGF treatment response was that the unique and dis-
tinct morphological characteristics of the rebounders and the
non-rebounders on their respective OCT scans can be cap-
tured and quantified by the texture-based radiomics descrip-
tors. To address this, we performed a preliminary study to
evaluate multi-compartment spatially derived radiomic fea-
tures on the baseline OCT images of the PERMEATE clinical
trial to predict the degree of response to anti-VEGF therapy.

In this study, we performed three experiments to evaluate
our hypotheses with respect to the role of radiomic texture
features and the individual spatial compartments on the OCT
scans. In our first experiment, we found that the significant
textural differences that exist within the retinal fluid sub-
compartments (IRF and SRF) between the rebounders and
the non-rebounders are well captured by the texture-based
radiomics descriptors. We identified that the IRF subcom-
partment is the most important fluid subcompartment that
contains the distinct features that favorably distinguished
between rebounders and non-rebounders. On evaluating the
features, we observed that the Laws energy features were
over-expressed for the rebounders.

The goal of the second experiment was to capture the
textural discrepancies within the retinal tissue compartments
(e.g., ILM-EZ, ILM-RPE, EZ-RPE) that exists among the
rebounders and the non-rebounders. The retinal tissue com-
partment between ILM and EZ was found to contain the
most discriminative features that successfully distinguished
the two treatment response groups with the Laws energy
descriptors differentially expressing in the rebounders.

Finally, our third experiment aimed to evaluate the over-
all specific subcompartments that are most relevant for the
purpose of predicting response to therapy. We observed
that the IRF subcompartment appeared to be the most
important spatial compartment, and the features pertain-
ing to this subcompartment were mostly associated with
anti-VEGF treatment response. Higher expression of Laws
energy descriptors was found for the rebounders. The exper-
imental results suggest the potential of the texture-based
radiomics descriptors in discriminating patients based on
therapeutic treatment response. Laws texture-based features
may be used to develop imaging biomarkers in future that
could help the clinicians in therapeutic decision making and
more personalized treatment planning.

Furthermore, the visual class activation maps (CAMs)
obtained by the convolutional neural network (CNN) high-
lighted the region between ILM to EZ, explicitly the region
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FIGURE 10. Deep learning based class activation map (CAM) for visualization of the most discriminating region of interest corroborating the
region identified by supervised machine learning on the PERMEATE study. The train to test ratio of images was 80:20. The CAM was generated in
Keras using the Gradient-weighted class activation mapping (Grad-CAM) technique. Original OCT scans for (a), (b) Rebounders and (c),

(d) Non-rebounders. (e), (f), (g), (h) Corresponding CAMs generated by the ReLU modifier overlaid on the OCT scans. The gradients of the last layer

are shown with respect to the previous convolutional layer.

around the IRF subcompartment, to be the most important
region of interest. This finding implicitly corroborates the
findings of the supervised machine classifier in Experiment 3.
For practical implementation, we also presented a threshold
predictor where by increasing the threshold we could iden-
tify a particular patient group that can be treated with high
confidence.

Although these preliminary results are promising,
we acknowledge that the study did have a number of lim-
itations that should be discussed. The major limitation lies
with the small sample size (N = 28). The complexity of
the clinical question that was addressed in the present study
(i.e., tolerance of treatment extension after six months of ini-
tial therapy) may not be as amenable to isolated DL methods.
This therefore potentially accounts for the lower AUC and
ACC values yielded by the DL models on PERMEATE study
compared to the state-of-the-art methods in the literature.
In recent work from our group [44], we showed that in the
context of problems with small sample sizes, DL models
tend to perform marginally better than random guessing.
This may result in the lack of a consistent identification of
regions in the visual CAMs that was learned by the DL model.
A larger and homogeneous dataset may provide more con-
sistent and robust features that can emphasize our findings.
Also, a separate independent validation dataset needs to be
considered to validate the experiment outcomes. Based on
these two limitations, we are currently planning to evaluate
these predictors in a much larger dataset, the VISTA phase I1I
clinical trial. Additionally, in this study, we only considered
OCT imaging. The other imaging modalities such as UWFA
fundus images were not considered in this study but is clearly
a venue for future work. Incorporation of anatomical and
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morphological features from other imaging modalities with
radiomics may provide a better assessment of the disease
prognosis. Furthermore, the compartmental analysis and
evaluation of the radiomics features in the present study
depend on the accurate segmentation of fluid and retinal
tissue subcompartments. Although these images underwent
extensive quality controls for segmentation (automated initial
segmentation with sequential expert confirmation) subtle
variations in segmentation are likely to occur particularly in
scans of lower quality or very high pathology. This may need
to be evaluated in a more rigorous future study.

VI. CONCLUSION

The present study evaluates the relevance of radiomics fea-
tures extracted from different spatial compartments of the
retina on OCT scans to identify those patients who toler-
ate treatment interval extension with anti-VEGF treatment.
The major findings of the present study are that texture
based radiomics features are most associated with response
to anti-VEGF therapy and that the texture features pertain-
ing to the IRF subcompartment are most implicated in dis-
criminating the rebounders from the non-rebounders, and
therefore have the greatest discriminative power in predicting
response to anti-VEGF treatment. These results have major
implications for potential personalized decision-making in
therapeutic selection and optimized identification of eyes that
might benefit from combination therapeutics or emerging
therapeutic strategies.
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