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ABSTRACT

Choroid neovascularization (CNV) is a pathological manifestation of retinal-choroidal diseases such as
age-related macular degeneration and pathological myopia, which can cause permanent loss of central
vision. Prediction of its growth is important in treatment planning. In this paper, based on longitudinal
optical coherence tomography (OCT) volumes, a three-dimensional CNV growth prediction framework is
proposed. A hybrid model which combines the reaction-diffusion model and the hyperelastic biomechan-
ical model through mass effect is adopted to characterize the growth of CNV region and its reaction with
surround tissues. A treatment factor is also included so that the model can adjust to different treatment
plan each patient receives. Tested on a dataset with 6 subjects, each with 12 longitudinal 3D images, the
proposed method achieved average true positive rate (TPR), false positive rate (FPR) and Dice coefficient
(DC) of 80.0 + 7.62%, 23.4 &+ 8.36% and 78.9 4 7.54%, respectively, in predicting the future CNV regions,
and outperforms those achieved by the single reaction-diffusion model.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

Choroidal neovascularization (CNV) is a pathological manifes-
tation of retinal-choroidal diseases such as wet age-related macu-
lar degeneration, pathological myopia, and central serous retinopa-
thy, which can damage central vision and lead to blindness in se-
vere cases. The overexpression of vascular endothelial growth fac-
tor (VEGF) in retinal pigment epithelial cells is considered to be
crucial with the development of CNV [1,2]. Hence, currently, the
most effective treatment for CNV is repeated intravitreal anti-VEGF
injections. As this process is long-term and expensive, and compli-
cations may be caused by intraviteal injections, treatment planning
is important to maximize the efficacy while reduce the cost and
risks.

Optical coherence tomography (OCT) [3], as a non-invasive reti-
nal imaging technique which can show the 3D structure of CNV-
related pathologies, is ideal for CNV diagnosis and tracking of its

* Correponding author at: School of Electronics and Information Engineering,
Soochow University, Suzhou 215006, China, and State Key Laboratory of Radiation
Medicine and Protection, Soochow University, Suzhou 215123, China.

E-mail address: xjchen@suda.edu.cn (X. Chen).

! indicates these authors contributed equally

https://doi.org/10.1016/j.patrec.2021.03.006
0167-8655/© 2021 Elsevier B.V. All rights reserved.

progress. Qualitative or quantitative criteria obtained from OCT im-
ages have been used in clinical practice for treatment planning,
such as to determine the necessity of next injection [4,5]. If accu-
rate prediction of the CNV growth can be achieved based on mod-
eling the change of physiological structure shown in OCT images,
the patient’s response to the treatment can be analyzed and per-
sonalized anti-VEGF treatment plan can be made.

Many existing research on prediction of CNV progress or treat-
ment planning focused on simple indicators such as the retinal
thickness, choroidal thickness and volume of intra-retinal of sub-
retinal fluids [5,6]. The extensive information contained in the OCT
image was ignored by using these simple measurements as an in-
dicator of CNV growth. In [7], based on OCT quantifications of
retina and fluids, a machine learning based approach was proposed
to predict the retinal response at the end of a standardized 12-
week induction phase of anti-VEGF treatment. In [8] and [9], us-
ing similar biomarkers, the number of future anti-VEGF injections
and prognostic visual acuity were predicted. These methods didn’t
give the future status of the CNV. Methods for predicting the actual
position and range of the future CNV region are very limited. In-
spired by the tumor growth modeling methods in [10-12], we first
proposed a model-based CNV growth prediction method based on
the reaction-diffusion equation and finite-element-method (FEM)
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Fig. 1. Flowchart of the proposed method.

[13,14]. However, the performance may be limited by use of the
linear mechanical model, which is proper for small deformation
but not for large ones.

In this paper, we further improve the CNV growth model by
combining the reaction-diffusion model and hyperelastic biome-
chanical model, so that the interaction between CNV and its sur-
rounding physiological structures are more effectively described.
The reaction-diffusion model describes the CNV distribution in
space and its temporal development, while the hyperelastic me-
chanical model is used for simulating stress-strain nonlinear de-
formations of CNV. Different from the method for tumor growth
modeling in [12], which is a simple combination of the two mod-
els, the proposed method used the mass effect [15] to effectively
integrate them. A personalized treatment factor is also added in
the reaction-diffusion equation, allowing drug-induced treatment
to contribute to the growth modeling. This paper is an expansion
of [16], and more technical details are provided.

2. Method
2.1. Overview

The flow-chart of the proposed method is showed in Fig. 1,
including three steps: pre-processing, CNV growth modeling by
the hybrid model and prediction. Pre-processing includes registra-
tion, segmentation and meshing. In CNV growth modeling, a hy-
brid model is constructed and the parameters learned from OCT
images of the first n-1 time points. Optimization is done using the
genetic algorithm. At the prediction stage, the model parameter
of the last time point is obtained by curve fitting the optimized
parameters from the previous multiple time points. Then the pre-
dicted CNV region is constructed from the predicted model param-
eter. The prediction accuracy is evaluated by comparing the pre-
diction with the ground truth label of CNV region of the last time
point.
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Fig. 2. Registration of longitudinal OCT images. (a) Reference image. (b) Moving
image (c) Registration result. Yellow dots indicate manually selected feature points,
and green dots indicate feature points after transformation.

retinal soft
exudates
¥

Fig. 3. Image segmentation: (a) Original image. (b) Segmentation result.

(a) (b)

Fig. 4. Meshed OCT image: (a) Tetrahedral decomposition and meshing of CNV re-
gion.(c) The gridding frame of retinal area.

2.2. Pre-processing

Registration is first applied to deal with the displacement of
the longitudinal data. The OCT image at the 1st time point is used
as reference image, and images at all other time points are regis-
tered to it. The registration is conducted on 3D OCT images interac-
tively using a rigid transformation [14]. This simple transformation
is chosen so that the morphology of CNV is not distorted. Feature
points are manually marked on the reference image and the mov-
ing image. Bilinear interpolation is adopted to calculate pixel val-
ues in the registered images. Fig. 2 shows the registration results.

Segmentation is necessary for locating regions of interest
and separating regions with different physiological structures and
therefore different growing parameters. In this paper, graph based
methods [17,18] with local manual adjustments are used to seg-
ment the retina in each 3D image into four parts, as showed in
Fig. 3: CNV region (green), outer retinal layer (red), inner retinal
layer (cyan) and choroid layer (yellow). Other pathological regions
such as soft exudates are ignored and treated as part of the retina
tissues.

Next, meshing is conducted so that the model can be solved
using FEM. The ISO2Mesh method [19,20] is used to mesh CNV
volumes and retinal layers. ISO2Mesh is an open-source mesh gen-
eration based on volume and surface, suitable for creating high-
quality surfaces and tetrahedral meshes from 3D medical image.
Fig. 4 shows the results of meshing.
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Table 1
Important notations of the hybrid model.
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C CNV concentration F
D anisotropic diffusion tensor ]
] proliferate rate I
fin  therapy term K
A ratio for efficacy N
TFs final stability ratio o
& Green-Lagrange strain tensor  f

deformation gradient

determinant of F

first invariant of the right Cauchy-Green deformation tensor
bulk modulus

shear modulus

Cauchy stress tensor

gradient force

2.3. The hybrid model

The proposed model for CNV growth is a combination of
the reaction-diffusion model and the hyperelastic biomechanical
model. The former focuses on the distribution of CNV in space
over time, while the latter treats CNV as a hyper-viscoelastic ma-
terial that interacts with surrounding tissues. The two models
are linked through mass effect. COMSOL Multiphysics® Software
(COMSOL Inc.) is used to solve the partial differential equations by
FEM [21,22]. The multifrontal massively parallel solver (MUMPS)
is used. Important notations in this section are summarized in
Table 1.

A. the reaction-diffusion equation

Define cas the CNV concentration, and the reaction-diffusion
equation depicts its change over time [23]:
ac
5t (1)
where D represents the anisotropic diffusion tensor with three
components Dy,Dy and D;,.p is the proliferate rate, which can take
different value at each time point. The first and second term stand
for CNV invasion and the logistic proliferation [24]. The third term
fin is the therapy term. 8 =1 only when anti-VEGF treatment is
applied at the current time point, and otherwise 8 = 0.

o
fn = W"‘rFS)‘C

where « is a constant for individualizing model, A stands for
the ratio for efficacy, and rgs represents the final stability ratio,
and rgs € [0, 1]. At the beginning of treatment (with small t), the
fin curve can be approximately linear [25], while at the post-
treatment stage, the curve tends to be flat. When t =0, /2 + rfs
is the initial concentration ratio, and this value is learned from the
data as |V — Vi,11/IVt|, where V; and Vi, qrepresents the size of CNV
volumes before and after anti-VEGF injection. Substituting (2) into
(1) gives (3):

ac

at

Without loss of generality, the initial value of ¢ can be set arbi-
trarily as long as this value is also used as the threshold to obtain
the binary prediction of CNV volume. In our experiments, it is set
as 4.0 x 103,

=V . (DVo)+ pc(1-c) - Bfm

(2)

V. (DVc) + pc(1-c) - (ﬁ + rFs) -C 3)

B. the hyperelastic biomechanical model

This model can be used for simulating stress-strain in large and
nonlinear deformations [26]. It adapts well to the characteristics of
biological tissues and can greatly help to simulate the growth of
biological tissues, cells or disease areas.

We assume that after the static equivalent transformation, only
the stress nearby the exerted location is significantly affected.
Therefore, we use modified Saint-Venant-Kirchhoff constitutive law
to model the slightly incompressible and isotropic material of CNV.

110

The strain energy density function and the constitutive equation
are given as

&= %(FTF -0 (4)

V() = k0~ 1?4 JuTr(h —3) (5)
where €is the Green-Lagrange strain tensor, and F is the defor-
mation gradient with J=det(F). F can be decomposed multi-
plicatively to a isochoric deformation componentFby F = (J1/3I)F =
JY3F and J'/3Iis the volumetric deformation tensor [27]. The first
and the second terms in (5) account for the volumetric and
isochoric elastic response, respectively. I; is the first invariant
of the right Cauchy-Green deformation tensor. Tr represents the
trace, kandp are the bulk modulus and shear modulus respec-
tively. The second Piola-Kirchhoff (PKII) stress tensor (S = 9 /d¢)
can provide the nonlinear stress-strain relation [26]. To char-
acterize the different compositions, in our CNV growth model,
the four retinal regions are assigned different mechanical pa-
rameters. The empirical values as follows:keny = 7kPa, Kchoroid =
6kPa, Kouter_layer = 6kPa, Kinner_layer = 0.7kPa, peny = Mchoroid = 5 X
103N/m?, and Mouter_layer = Minner_layer = 1 x 103N/m?.

C. mass effect

The invasion process of CNV leads to a gradual change in
blood vessel density between regions. In biology, this inhomoge-
neous distribution of substance move across the membrane leads
to gradient difference. Then, diffusion occurs when the neovascu-
larization performs a net movement from high concentration to
low. Equilibrium is reached when there is no longer any net move-
ment in the area. Since the growth of CNV is a slowly changing
process, whose rate is relatively small in a short period of time,
its deformation can be regarded as an internal equilibrium system.
According to Newton’s first law, in an internal equilibrium system,
there is a set of equilibrant (no net-forces) exerted on the object.
The general formula of the static equilibrium equation is as fol-
lows:

Y F=0 (6)

Furthermore, CNV growing is not merely the diffusion process
that solutes spread along a concentration gradient. It is often ac-
companied by changes in the total mass and volume of substances.
Therefore, as deformation rate of CNV growth is slow enough to
remain in internal equilibrium, the static equilibrium equation is
used to simulate mass and volume changes during the process.
This relates the gradient force f, generated by the normalized
anisotropic concentration c in reaction-diffusion equation and the
Cauchy stress tensor o in hyperelastic biomechanical model [23]:

div(c) + f=0; f=—-EVc, o =] 'FSFT (7)

where&is a constant that depends on the biological property.
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Table 2
Results of CNV prediction in TPR(%), FPR(%), DC(%) and RVD(%).
Patient-Label Mean=+Std
T-group 1 2 3 Hybrid Model R-D Model[14] DNN Model Cubic Fitting
TPR 86.0 641 83.0 77.7+9.7 732 £3.1 65.3 + 4.9 N/A
FPR 120 390 264 258+ 11.1 275 + 4.6 485 + 7.8 N/A
DC 86.1 628 80.8 76,5 +9.9 73.0 £ 3.6 60.1 £ 8.1 N/A
RVD 2.3 4.2 5.6 33+23 18.4 + 14.7 232 +£203 178 £15.2
R-group 4 5 6 Hybrid Model ~ R-D Model[14] = DNN Model Cubic Fitting
TPR 79.7 871 802 824+34 77.6 £ 2.6 73.6 £ 4.0 N/A
FPR 182 249 205 211 +27 242 +2.1 458 +£221 NJA
DC 80.6 836 800 814+16 76.8 + 2.4 71.1 £ 8.9 N/A
RVD 2.2 8.7 0.5 38+35 9.7 £ 10.5 17.6 £19.0 40.7 £ 38.7

2.4. Parameter optimization

For longitudinal OCT images from each subject, we construct

a personalized hybrid model from the first N-1 time points.
Specifically, we find the optimal values of parameter set 6 =
{Dx, Dy, Dz, p1, 02 - - - pn—2} from the ground truth of CNV regions.
The following objective function, combining the true-positive vol-
ume fraction (TPVF) and false-positive volume fraction (FPVF) over
all time points i is minimized:

N-2
Obj(0) = > [wy - (1 — TPVE) + w; - FPVF]

i=1

|oVii10]
|Ii+1,9 |

|7i+1,9| - |0vi+1,9|

TPVF =
L1

, FPVF =

)

(8)

where [; qrepresents the set of voxels labeled as CNV in ground
truth, and I, ; g represents the set of CNV voxels predicted based
on parameter set 6. w; and w, represent the weights for 1-
TPVF and FPVF, respectively, and w; + w, = 1. Higher w; results in
higher TPVF and higher FPVF, and vice versa. The weights are set
equally as 0.5 in this paper to achieve balanced true positive and
false positive rates in prediction results.

The genetic algorithm [28,29] is adopted for optimization. The
population size, iteration times/generations and tolerance were
set as 20, 200 and 1 x 10190 respectively. The CNV concentra-
tion computed by COSMOL is iteratively output to MATLAB® (The
Mathworks Inc.) for optimization through LiveLink.

V10 = liy1.0 Nl

2.5. Prediction

In parameter prediction part, allometric regression [30] and B-
spline fitting is used to estimate the proliferate rate py_; for the
last time period from the optimal proliferate rates pi, o2 - -+ PN_2-
The results of both curve fitting methods are averaged to get the fi-
nal estimate. Based on py_1, the prediction image of the last time
point Iy is calculated using the hybrid model. Finally, the predic-
tion accuracy is evaluated by comparing Iy with the ground truth
label Iy.

3. Experimental results

OCT images of AMD patients with CNV were collected by
ZEISS 4000 OCT scanner monthly over a year, resulting in lon-
gitudinal data with 12 OCT volumes (N 12). The actual
size of the sampling area for 3D-image was 6 x 6 x 2mm?3,
with 512 x 128 x 1024 voxels (widthxBscansxheight) of
11.72 x 46.88 x 1.95 um3 voxel size. In the study, subjects were
randomly put into two groups: treatment group (T-group) and ref-
erence group (R-group) as in Fig. 5. They had different treatment

m

Treatment Group

:Ml M2 MB“MJ M5 M6 | M7 M8 M9 |MI10 Mil Mi2

Drugs Injection (Conbercept)

Months

Reference Group

Drugs Injection (Conbercept)

Months

Fig. 5. Two different therapy groups during the same interval: M1 to M12 mean
Month1 to Month12. Monthly treatment is illustrated in purple. In months not
marked, placebo was injected. The orange arrow means the last month, which is
the time of assessment.
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Fig. 6. Curves showing CNV voxels change of different patients.

plans of repeated anti-VEGF injection. This study was approved
by the ethical review committee of Joint Shantou International
Eye Center and conducted in accordance with the tenets of the
Helsinki Declaration. Written informed consent was obtained from
each subject.

Our test dataset includes three subjects (P1-P3) from the T-
group and three (P4-P6) from the R-group. The curves showing
the change of CNV size are plotted in Fig. 6. The curves are very
different, probably affected by many factors such as the stage of
the pathology and the response to anti-VEGF injections. This shows
that it is crucial to have a flexible model that is individualized to
each single subject.
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Fig. 7. CNV growth modeling results: (a) Isosurfaces of CNV concentration (left) and
the concentration sectional view of all segmented blocks (right). (b) sectional plane
of CNV stress distribution. Yellow arrows show the increase of stress toward the
boundary of CNV region. (c) The Mises stress distribution pattern. Warmer color
represents higher values.

An example of the concentration image is illustrated in Fig. 7(a),
where warmer color in the center represents area with higher
density, and the concentration decrease towards surrounding ar-
eas, colored by orange to blue. The double-headed arrow across
the image indicates that corresponding positions share the same
concentration. Stress distribution is shown in Fig. 7(b) and (c). It
can be found that near the boundary of CNV region the stress is
much larger than inside the CNV region, while almost no forces
are transmitted to the outside.

The 3D CNV growth results depicted in 3D and 2D are showed
in Fig. 8, where each row corresponds to one subject. It be seen
that the overlapping of the prediction and ground truth (blue) ac-
counts for a large proportion of the total volume, indicates high ac-
curacy. The proposed method can well predict the location, shape,
size of the CNV.

Table 2 shows the performance indices in terms of TPR, FPR,
Dice coefficient (DC), and relative volume difference (RVD), calcu-
lated as follows:

|Tio—Thana |
[RI—[h2]

TPR = |i‘2.”’i2| FPR —
hy|

2|hanky |

[ha[+lhal’

(9)

RVD = |2 |~ Ihal|

DC= ]

where Ijpand Ippare the set of CNV voxels in predicted results and
the ground truth for the 12th time point, respectively, and R is the
set of voxels inside the retina. | - [represents the number of pixels
in the set.

Results of the proposed method are compared with those
achieved by reaction-diffusion (R-D) model [14], a deep neural net-
work (DNN) model, and a curve fitting model. The DNN model ex-
tracts features from 3D OCT data of previous time points, and com-
bine them to predict the future CNV. More details can be found
in Appendix. The curve fitting model serves as a baseline. A cu-
bic function is fitted to the total CNV volume of the first 11 time
points and the CNV volume at 12th time point is obtained by ex-
trapolation. With this baseline, only the size of CNV is predicted,
and therefore only RVD can be calculated.

For both T-group and R-group, the proposed hybrid model out-
performs all other methods in accuracy. The total average TPR, FPR,
DC, and RVD over the six subjects are 80.0 + 7.62%, 23.4 + 8.36%,
78.9 + 7.54% and 3.58 + 2.68%, respectively.

112

(a)

Fig. 8. Comparison of prediction result (red) and ground truth label (green) of CNV
region, where blue represents the overlapping. (a) 3D rendering. (b) 2D projection.
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

The analysis of the trained model accuracy over time is shown
in Fig. 9, representing how well the model fitted to the training
data. Each point in the chart represents the respective index (DC,
TPVF or FPVF) obtained by the optimized model for one patient
at a particular time point. It is found that although most points
are within the range of meanssd, the values of P2 deviate a lot
from the average, as showed by blue diamond shapes. This corre-
sponds to the worst performance indices of P2 showed in Table 2.
By further inspection at the OCT images, we find that the low per-
formance may be caused by the following reasons. First, the qual-
ity of image acquisition is the poorest among all data. There are
big differences between adjacent slices, probably caused by unsta-
ble fixation. This leads to weak correlation both spatially and tem-
porally, which makes registration difficult and eventually hampers
the model fitting. In addition, the CNV region of this subject is rel-
atively small-sized (Fig. 6) during whole treatment period, which
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Fig. 9. Model fitting accuracy over time (a) Dice coefficient. (b) TPVF. (c) FPVE. Each
point in the chart represents the respective index obtained by the optimized model
for one patient at a particular time point. The blue diamonds represent data for
Patient 2, which has the worst performance. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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makes the false positive relatively big. Nevertheless, the RVD for
P2 is still low, indicating that the total CNV volume is predicted
quite precisely.

4. Conclusions

In this paper, we have proposed a novel 3D CNV growth pre-
diction approach with a hybrid model, based on longitudinal volu-
metric OCT scans. In CNV growth modeling stage, the mass effect
in slow deformation is used to combine a bio-mechanical model
of hyper viscoelastic material with reaction diffusion equation. The
reaction-diffusion equation provides proliferation and spread infor-
mation of the pathological region, while biomechanical model in-
cludes the information of different structures and functions of the
hyper-viscoelastic materials inside the retina. This makes the pro-
posed hybrid model fit better to the longitudinal data than a sin-
gle reaction-diffusion model. In addition, in the reaction-diffusion
equation, a personalized treatment factor is added, making the
model applicable to patients with different treatment plans.

Compared with the deep learning method, the proposed
method achieves much better results based on the small training
dataset, while less intensive training is needed. What’s more, the
proposed method, based on physical models, is highly explainable
and can be further explored to investigate the physiopathology of
CNV.

There are some limitations in this work. First, currently the per-
formance of the proposed method has some dependency on the
image quality. In the future, to make the method more robust, we’ll
invest on better pre-processing methods, especially automatic reg-
istration and segmentation methods. Secondly, the size of dataset
is small. We'll test and improve the method in a bigger dataset in
future works. As the CNV progress is also affected by some random
factors, with more data, we’ll consider integrating methods such as
probabilistic modelling [31] in the current framework.

Experiments on clinical data reached promising prediction per-
formance. It is expected that the predicted CNV size, location and
shape can help ophthalmologists in prognosis, and making person-
alized treatment plans. In the future, we’ll also investigate predic-
tion with data from less and earlier time points, so that the clini-
cians can find non-responders to anti-VEGF treatments at an early
stage, switch to other treatments and avoid the costs and possible
complications caused by repeated injections.
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Appendix: The DNN model for comparison

Fig. 10 shows the structure of time series 3D U-Net used for
comparison in Section 3. This network uses 3D U-Nets to extract
features from each time point, and the features are concatenated
over time. Then CNV prediction is output at the last 3D U-Net
structure.

The first 11 OCT volumes and the CNV ground truth from all
6 patients are used to train the network, and CNV prediction for
the 12th time point is the test output. Due to limitations of GPU
memory, each time in training, only 3 OCT volumes consecutive in
time are fed in the DNN to predict the CNV in the next time point.
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The network was trained for 500 epochs, with Adam optimizer
with initial value learning rate of 0.0001.
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