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ABSTRACT

Dense measurements of visual-field, which is necessary to detect
glaucoma, is known as very costly and labor intensive. Recently,
measurement of retinal-thickness can be less costly than measure-
ment of visual-field. Thus, it is sincerely desired that the retinal-
thickness could be transformed into visual-sensitivity data some-
how. In this paper, we propose two novel methods to estimate
the sensitivity of the visual-field with SITA-Standard mode 10-2
resolution using retinal-thickness data measured with optical coher-
ence tomography (OCT). The first method called Affine-Structured
Non-negative Matrix Factorization (ASNMF) which is able to cope
with both the estimation of visual-field and the discovery of deep
glaucoma knowledge. While, the second is based on Convolutional
Neural Networks (CNNs) which demonstrates very high estima-
tion performance. These methods are kinds of multi-view learning
methods because they utilize visual-field and retinal thickness data
simultaneously. We experimentally tested the performance of our
methods from several perspectives. We found that ASNMF worked
better for relatively small data size while CNNs did for relatively
large data size. In addition, some clinical knowledge are discovered
via ASNMF. To the best of our knowledge, this is the first paper
to address the dense estimation of the visual-field based on the
retinal-thickness data.
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1 INTRODUCTION
1.1 Background of This Study

Glaucoma is an eye disease that is the second leading cause of
blindness globally [14]. As the disease progresses, the thickness of
the retinal layers is reduced, which eventually causes irreversible
damage to the visual-field. Early detection of glaucoma requires the
ability to precisely measure the visual-field. Studies have shown
that dense measurements within the central 10-degree visual-field
are effective at detecting glaucoma because the sensitivity of this
region is closely related to eyesight quality [2, 12]. However, such
dense measurements are typically conducted using a Humphrey
Field Analyzer (HFA), which is very costly and labor intensive.

Meanwhile, thickness of retinal layer can be measured with
Optical Coherence Tomography (OCT) [11]. This measurement is
much easier and less costly than that of visual-field using a HFA.
Hence it is sincerely desired that the retinal thickness data could
be transformed into visual sensitivity data somehow. In the area
of ophthalmology, it has turned out that retinal thickness and sen-
sitivity of the visual-field are related each other [5, 10, 13, 35], but
their quantitative relation has not yet been clarified. To the best of
our knowledge, it has been an open problem how we can estimate
visual sensitivity from retinal thickness. If this problem were solved,
it would give a strong impact to ophthalmology.
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In this paper, we present a methodology for estimating the cen-
tral 10-degree visual-field from the retinal-thickness data obtained
using OCT. Our proposed methodology is based on two data-mining
techniques: Affine Structured Non-negative Matrix Factorization (AS-
NMF), and Convolutional Neural Networks (CNNs), which are de-
scribed in detail later in this paper. We offer that the ASNMF or
CNNs should be employed depending on the purpose and data
size. That is, ASNMF works better for relatively small data size
while CNNs do for relatively large data size. Further, ASNMF is
suitable for extracting features of visual patterns on glaucomatous
eyes while CNNs are suitable for predicting visual sensitivity as
accurately as possible.

1.2 Novelty and Significance

The novelty and significance of this paper are as follows:

(1) A novel methodology for the dense estimation of the visual-field
from OCT data. The proposed methods estimate the visual-field
with the resolution of the SITA-Standard mode 10-2 from OCT data,
which is important for estimates that will be used at actual clini-
cal sites. To the best of our knowledge, this is the first work that
proposes a method to estimate visual filed with the resolution SITA-
Standard mode 10-2 from OCT-data. Thus, our proposed framework
will contribute to the improvement of visual-field prediction.

(2) The high estimation accuracy enables use in practice. To achieve
high accuracy for a single patient, both the methods leverage the
data from other patients to construct a model of the relationship
between the OCT data and visual field. For CNNs, this relationship
can be automatically detected through multilayers which are ini-
tialized with pre-learning. For larger data sets, the accuracy of the
CNN:ss is such that it can be used in practice.

(3) The reliability of estimations is controllable. In actual clinical
applications, performing an estimation with poor accuracy is much
worse than doing nothing at all. In the proposed methodology, we
established a criterion for determining whether the computed es-
timation is reliable based on classifying the data as predictable or
unpredictable using a support vector machine (SVM) model.

(4) The OCT-visual field patterns for glaucomatous eyes can be suc-
cessfully extracted. The ASNMF extracts the latent relationships be-
tween the visual-field and retinal-layer data from the decomposition
of the ASNMF matrices which agree with the clinical knowledge.

1.3 Related Works

Many studies have been conducted to improve the prediction accu-
racy of glaucoma progression [9, 26]; however, most suffered from
the shortage of relevant patient data due to the high cost of clinical
measurements. Recent analyses have overcome this problem by
leveraging similar data from other patients [8, 20, 23, 24, 32]. We
also utilize similarities between the data to improve the accuracy.
Studies have also been conducted to determine if an eye was glau-
comatous based on eye photographs and/or retinal-layer thickness
measurements [35, 36]. Very recently, the estimation of visual-fields
from the retina-layer thickness has been intensively studied. Hood
et al. [10] and Ajtony et al. [1] showed that there is a statistically-
significant correlation between the sensitivity of the visual-field
and the retinal-layer thickness, as measured by OCT. Eura et al. [5]
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Figure 1: (a) Visual-field distribution. Examples of (b) TH, (c)
GCIPL, (d) RNFL, and (e) RCL data.

employed multiple linear regressions to demonstrate that the aver-
aged thickness of the ganglion cell and inner plexiform layer (GCIPL)
on the macula is related to the average sensitivity of the visual field.
However, these previous works could not estimate the sensitivity at
a specific local visual-field point nor infer the interaction between
the visual-field and retinal-layer thickness. Our proposed method
overcomes these difficulties. To the best of our knowledge, this is
the first paper that shows how to estimate the visual-field with full
resolution of SITA-Standard mode 10-2. In developing our methods,
we simultaneously analyzed the data in different domains. For this
reason, our methodology can be considered as a type of multi-view
learning technique [34].

1.4 Organization of This Paper

The remainder of this paper is organized as follows. Section 2 intro-
duces the glaucoma dataset. We outline our proposed methods in
Sections 3 to 5. Section 6 discusses control of the prediction accu-
racy. Section 7 provides an overview of how to obtain knowledge of
glaucoma. In Section 8, the results of four numerical experiments
are presented. Finally, the paper is concluded in Section 9.

2 GLAUCOMA DATA
2.1 Data of Visual Field

In our dataset, the state of the visual-field is represented by an
integer value TH, which was measured using a Humphrey Field
Analyzer (HFA) and SITA-Standard mode 10-2. The range of TH
is within [0, 40]. When the photosensitivity of a local point in the
visual-field increases, the value of TH also increases. See [28] for
the details of the SITA-Standard.

Our TH dataset was measured at 68 points within the central 10-
degree visual-field region, and the points were located at 2-degree
intervals. Its distribution for the left eye is illustrated in Fig. 1(a).
Images of the right eye were horizontally flipped for analysis using
the same method as that for the left. This measurement is much
denser than that for the usual visual-field test settings, such as
24-2 (central 24-degree) and 30-2 (central 30-degree). Our dataset
is therefore a better representation of the fields that are critical
to eyesight. An example of real TH data is shown in Fig. 1(b):
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Figure 2: Comparison ASNMF with CNNs for prediction ac-
curacy and knowledge-discovery ability.

temporal and nasal area is located on the left- and right-hand sides,
respectively. In this figure, defects are present at the lower-right
visual field.

2.2 Data of the Retinal Layers

Our retina-thickness data references the Retinal Nerve Fiber Layer
(RNFL), Ganglion Cell-inner Plexiform Layer (GCIPL), and Rod and
Cone Layer (RCL). This data was measured using Optical Coherence
Tomography (OCT) [11] as pictures with 512 X 128 pixels. Our data
was focused around the macula because it is the central region
and dominates the function of the eyes. Examples of the GCIPL,
RNFL, and RCL figures are shown in Fig. 1. In glaucomatous eyes,
death of retinal cells causes the retinal-layers to be thinner. The
relationship between the retinal-layers thickness and the visual-
field photosensitivity was studied in [2, 10, 13].

3 OVERVIEW OF NOVEL METHODS

The proposed two methods are introduced in the following sections.
The comparison with ASNMF and CNNs is summarized in Fig. 2.
As in Sec. 4, the ASNMF has an elaborated structure consisting of
both common and private features and of parts to exclude biases.
Because of this elaborated framework, ASNMF can provide good
performance in cases where there is a relatively small amount of
data. As in Sec. 5, CNNs have a huge number of parameters to be
learned, which a huge number of data is required to learn. Thus,
pre-learning is essential for our glaucoma dataset. This is why
CNNs demonstrate good performance for cases in which there is a
relatively large dataset.

4 NMF-BASED PROPOSED METHOD

4.1 Background of Our Proposed Method

The first proposed method is a type of Non-negative Matrix Factor-
ization (NMF) in which a matrix X € R™ is decomposed into the
product of two matrices Y and Z by solving the following optimiza-
tion problem:

min [IX-YZ||? st. Y>0 and Z > O, (1)

where Y € R’;’ék and Z € ngéd, and the dimension k is a hyper pa-
rameter which should be appropriately determined. The elements
of the matrix O are all 0. This technique has been often used for
extracting knowledge from data because we can simultaneously
find the latent components of the data in Z and their contribution
ratio in Y. We can find knowledge from Y and Z because a vector
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of X can be seen as the weighted sum of vectors of Z. In addition,
the non-negative restriction means that the matrices are more re-
alistic, which enables users to easily understand the meaning of
the decomposition matrices. To more effectively extract knowledge,
many variants of NMF have been proposed [33].

One variant is called Structured NMF (SNMF). SNMF is a kind
of NMF with structured decomposition, e.g., [18]. This framework
is well suited to data composed of multiple domains, i.e., common
features among domains and private features of each domain are
described by embedding a structure into the matrices of Eq. (1), as
follows:

Z1

V4
X = (X1 X2),Y := (Yemm Ypri),Z = (221 12) . )

0]
We can see that Yy,; affects X7 but not Xz because O is embedded
in Z. Thus, SNMF can detect the common and private relationships
among multiple domains.

Another variant is Affine NMF (ANMF) [17], which is suited for
the analysis of data that includes biases. In ANMF, biases can be
excluded by modifying the matrices of Eq. (1) as follows:

Yi=(1 1),z (;)

where 1 is a vector whose components are all one. We find that X
can be approximated as 1b" + Y;Z;. Thus, ANMF can be used to
remove the bias effects from the decomposed matrices Y and Z.

Our proposed method is based on the above characteristics of
both SNMF and ANMF and is named the Affine Structured Non-
negative Matrix Factorization (ASNMF) in this paper. Our glaucoma
dataset is constructed of TH, RNFL, and GCIPL data, and is con-
sidered to be multi-domain data. In addition, the structures of the
eyes are similar between humans, so this dataset is considered to
include biases. To discover deep knowledge from the glaucoma
dataset, we embedded the SNMF and ANMF architectures directly
into the prediction model. However, from the viewpoint of predic-
tion accuracy, strongly-structural models can sometimes reduce
their power of expression. In the case of ASNMF, non-negativity
restricts the representability of the reconstruction. For example, the
method often predicts visual-field points with zero TH values as
positive TH values, because all the corresponding components of
decomposed matrices must be zero to estimate the zero TH value
correctly. So, the estimated TH values tend to be larger than the real
TH values in this case. The difficulty of estimation also happens
in the case of large TH values. These tendency can be observed
from training data, thus, we alleviate such defects by utilizing the
residual of the training data in this paper. See Fig. 3(a) for the flow
of ASNMF.

®)

4.2 Generating Low-dimensional Features

When the NMF-family of methods is applied to raw glaucoma data,
the decomposed matrices are difficult to understand because the
raw data is very high-dimensional. Before analyzing data, we must
convert the data into low-dimensional features in the three domains
(see Sec. 2).

As shown in Fig. 3(b), for each domain, we separately obtain low-
dimensional features using the normal NMF defined in Eq. (1). A
raw data matrix of TH-data is defined as X(TH) € RNm*dm whose
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(@) [Raw | NMEsec. 42, | Features N, == | Prediction |
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Figure 3: (a) The flow of ASNMF. Clinical knowledges are discovered in light-blue rectangles of (b) and (c). (b) Features F and
bases G are generated with NMF. (c) Matrices W and Z are generated with ASNMF. (d) Estimation error of training data E(q)
enhances the prediction accuracy of the target TH.

ith row vector x;'— is the TH-data of the ith eye. Note that Nty is the The matrix Z € R(l%’mH)XkS“m is also defined as:
number of eyes and dry is the dimension of the data. We decompose

XTH) jnto a product FTHGTH)  where FTH ¢ RggHXkTH and

b} bl b
Ge R/;TOHXdTH. A row vector of G™ provides the characteristic B Ziﬁi Z(é(c:lnlzt Z?:I ©
base of the data. The ith row vector of F(TH) denoted by fi(TH)T | VRarL o oI
indicates the contribution ratio of the bases for the ith eye. Because o Vocr, O
F(T™H) is low-dimensional compared to the raw data, we analyze
F(.TH‘) with ASNMF instead of the raw dat(zgff};\#e can obtain the where bpxpl € RkRNFL bocpL € RkGCIPL bryy € R TH’ ZrnpL €
original-dimensional data from the product f; G. For RNFL and e X KREL cmn>< KoL cmn>< k>’1‘ ?{
GCIPL, we regard these 2-dim. images as 1-dim. vectors. Therefore, R » ZocrL € RY » ZTH € R » VRNFL €
we can obtain the features of RNFL and GCIPL in the same manner. RIRI(‘)IFLXkRNFL and VgepL € RIGCIPLXkCC'PL After W and Z are ob-
Note that the index TH of the above variables is replaced by RNFL tained, we reconstruct the feature matrix F = WZ to obtain the
and GCIPL, respectively. We define ksum as kT + krNFL + KGCIPL- reconstructed data X = FG.

Finally, we obtain a feature matrix F € RN*ksun into which the However, as was mentioned in the last paragraph of Sec. 4.1,
ASNMEF is applied. The ith row vector of F is denoted by fl-T , which the reconstructed matrix X(T) is not sufficient for prediction. We
is defined as f[ := (f(RNFL)T £(GCPLT fETH)T) corresponding to now demonstrate a way for alleviating the defects of strong struc-
the ith eye-data. The ith row (i = 1,..., N — 1) corresponds to the tures coming from the above procedure by utilizing the residual of
training eye-data and the Nth row to the target eye. Because the this estimation fer the training data (see Fig. 3(d)). For the recon-
TH of the target eye is unknown, the corresponding part ng) Tis structed n.latrix X (T.H) and original data matrix X (TH)’ we obtain
left blank. the following function:

4.3 Proposed ASNMF Z de ( {(TH) _ (TH)} 5 {(TH) _ 9
Our ASNMF decomposes the feature matrix F into a product of W E(q) := (&) (l ﬁ{ (&) , (7)
and Z by solving the following optimization problem: Z de 5(X((1 J)) 9

min [|(F - WZ)o M|} s.t. W >0 and Z > O, (4)
w.z where §(-) is the Kronecker delta function. The value of E(q) pro-
where M is a mask matrix, which is defined as M;; = 0 if F;; is vides the averaged error of the matrix-reconstruction when the
blank and M;; = 1 otherwise. Note that (A ® B);; := A;;B;j. See o(TH)T

estimated value is g. Thus, the prediction target vector Xy,

Fig. 3(c) about this decomposition. FTH)T (TH) (TH)T
Based on the architecture of SNMF and ANMF, we define the f can be modified by E(g). The hth element ofx
N x(lsum+1) descrlbed as follows:
matrix W € R
W= [1 Wemn WeneL WocrpLl: ®) bru
where Wepy € RN chmn’ WRNFL € Rg(;(lRNFL, and Wocrp, € RJ;(TIGCIPL. ng)T ™| _ [W]\—] Z(’I;H G(™) , (8)
The ith row vector of W, denoted by w;'—, indicates the contribution h h

O
ratio for the ith eye. Note that sy, is defined as lemn + IRNFL + IGCIPL-
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where [a]; is the ith element of a vector a. The prediction of the
hth local visual-field point can then be written as:

A=)

We note that the basis matrix G was obtained by NMF described
in Sec. 4.1. For this NMF procedure, we use TH-data except for the
target eye. Our proposed ASNMF gives prediction of TH based on
the above procedure using the EM algorithm.

bru

wl ZBH G(TH) )A(S;II‘H)T

©

o

4.4 Selecting Training Data with PCA

Disease data, including glaucoma, is often widely heterogeneous.
This means that some training data is similar to the prediction-
target data, while other data is completely different. Thus, we se-
lected appropriate training data when applying ASNMF that would
enhance the prediction accuracy. This approach was used in glau-
coma studies [20, 23, 24, 32].

Our approach is based on a principal component analysis (PCA)
of the RNFL and GCIPL raw data, as shown in Fig. 3(a). By applying
PCA to the training and target data, we obtain Mg principal com-
ponents for the RNFL and Mg principal components for the GCIPL.
Note that these principal components are obtained from the top.
From the data for each eye, we obtain the sign of these principal
components and generate a label s € {+, —}*+MG whose element
is the sign of each principal component. This label indicates the sim-
ilarity of the data, and allows us to only use the training data whose
labels agree with those of the target data in subsequent procedures.
When Mg = Mg = 0, we use all the data without selection.

4.5 Combined Features

Instead of using the features proposed in Sec. 4.2, we can use other
features called combined-features. We first assemble a data vector
x;r in which the left part is from the RNFL, and the right part is from
the GCIPL. Then, we apply the NMF method to the resulting matrix
X and generate the features denoted by fl(cmb), which is referred to
as the combined-feature in this paper. Instead of separately using

f(RNFL) and fEGCIPL), we can use fl(cmb) as a feature of the OCT data.
When the combined-feature is used, we also apply the ASNMF in
a similar manner. The difference in Eq. (6) is that we use Z., €
RlemnXKemb) jngtead of (ZRNFL ZGCIPL): and V., € R Fomb X Kicanb)

instead of .
( o ZGCIPL)

5 CNNS-BASED PROPOSED METHOD

In this section, we describe the second proposed method based on
a Convolutional Neural Networks (CNN's) [16, 29, 31]. ACNN is a
type of deep neural network with a distinct structure of alternating
convolution and pooling layers. The convolution layers extract
features by convolving a set of filters over the input, while the
pooling layers spatially coarsen the input to make the output robust
against translation or distortion in the input. This method predicts
TH using CNNs that process RNFL, GCIPL, and RCL images as its
input. Figure 4 outlines the proposed method, which has two parts:
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The first extracts the key features of the images, while the second
predicts TH from the cross-channel mixing.

5.1 Extraction of Key Features

First, 512 images of 14 X 14 pixels were generated from the three
RNFL, GCIPL, and RCL images of 512 X 128 pixels. These im-
ages were flipped vertically because we need to adopt the visual-
functional relationships of these data to the physical-position rela-
tionships. We then employed VGG16 [29], which has already been
trained on 1.3 million images of the LSVRC14 dataset [27] for 1,000
categories of object classification. Our glaucoma dataset was too
small for proper training; however, we used transfer learning [6],
and initialized the network parameters based on a network that
had already been trained with LSVRC14 dataset, a large dataset
unrelated to the glaucoma dataset. The first part of the proposed
method had an identical structure to VGG16, except that the last
pooling layer, three fully connected layers, and the softmax layer
have been removed. Thus, our network had 13 convolution layers,
4 max pooling layers, and 1 output layer (see Fig. 4(c)). We also
used the initial network parameters from the corresponding part
of VGG16. Note that the three input-images were horizontally up-
sampled and vertically downsampled from 512 X 128 to 224 X 224
so that they fit the design of VGG16. Through the first convolu-
tion layer, 64 images of 224 X 224 pixels were generated from the
simultaneously-inputted three images of 224 X 224 pixels (RNFL,
GCIPL, and RCL). Such convolution and pooling procedures were
then proceeded. In addition, the value of all image pixels that were
greater than 255 were replaced with a constant 255.

5.2 Prediction of Eyesight

Second, the TH is predicted by linearly mixing the outputs of the
first part (dj,,,) = D € R>2X14X14 Thjs prediction bases on the
spatial correspondence of D because clinical knowledge suggests a
location-wise correlation between the retinal thickness and visual
field [10]. In other words, the predicted TH X, at retinal location
(m, n) is computed in a linear manner for mixing different channels
as:
512
Xmn = Z Amndimn + bmn,
=1

where (a,,,) = A € RIZXIXM and (b,,) = B € RI*¥14 The
initial parameters were determined according to Xavier’s rule [7].
This architecture allows the number of parameters to be reduced
compared to those of a prevalent fully connected layer, and thus in-
hibits the method from overfitting the small glaucomatous dataset.
Note that we only made a prediction based on the inner 68 locations
(see Fig. 4 for detail) out of 14 X 14 possible locations because the
target values of TH were only available at these locations, and the
values of dj,,,, at the other locations were discarded. The proposed
model can be trained on the glaucoma dataset by minimizing the
square regression 10ss Y}, n)einner [ Xmn — % RUE |12 through the
back propagation technique. Note that the network was trained on
centered target signals where the mean of the target signals in the
training set was subtracted. The prediction from the model was
acquired by adding the mean to the output of the model. The net-
work was trained using the momentum stochastic gradient descent

(10)
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Figure 4: (a) A convolution layer extracts multiple feature maps. (b) A max pooling layer downsizes images. (c) The flow of our

CNN:s.

(SGD) and L2 regularization. We stopped the training process early
to address overfitting, where the number of training epochs was
determined via cross validation.

6 GUARANTEE ON ACCURACY

In this paper, we introduced methods to predict eyesight quality
based on OCT data. It is important to consider the reliability of
the prediction because, if the prediction reliability is low or the
prediction error varies significantly, then the eyesight must be
re-measured.

In our framework, we can guarantee the prediction accuracy
by employing an SVM, which is a well-known classification model
[4]. The features of an eye are the principal components of the
RNFL and GCIPL data. The label of the eye indicates whether its
prediction error is higher or lower than 6. By using an SVM with
this data, we can determine whether the prediction error of the
target eye is above or below 6. Thus, we are able to control the
acceptable prediction error by changing a single parameter 6. To
enhance the prediction accuracy, we should not make a prediction
for eyes that have been deemed unpredictable. Instead, medical
doctors should manually perform these measurements.

2046

7 DISCOVERING GLAUCOMA KNOWLEDGE

Here, we show how to discover deep knowledge from the glaucoma
data using ASNMF. The knowledge comes from the two matrices,
namely G and Z (see Fig. 3).

The first matrix G gives bases of the raw glaucoma data (see
Fig. 3(b)). These bases are obtained by NMF and shows the essential
information of the raw glaucoma dataset. However, this result lacks
information which describes the relationship among these pieces
of glaucoma knowledge.

We overcome this problem with Z, which reconstructs the origi-
nal matrix via ASNMF (see Fig. 3(c)). Our proposed model learns
Z about a latent relationships among three domains: TH, RNFL,
and GCIPL. Except biases b, each row vector in Z provides a latent
base of the feature matrix F. ZgpNrr, and VRNpL correspond to the
reconstruction of RNFL features; Zgcrpr and Vgcrpr correspond to
the reconstruction of GCIPL-features; and Zty corresponds to the
reconstruction of TH features. There is no private part of TH (so to
speak, V1) in Eq. (6) to avoid the case where the solution to the
optimization problem (4) does not converge. Therefore, we can find
deep knowledge by mining the matrix Z.

We note that the remaining matrix W also contains rich informa-
tion of individual eyes, although we did not utilize W in this paper.
The matrix W shows the contribution ratio of the latent-bases of Z.
The left part of W;'— corresponding to Wemp is commonly used for
the reconstruction of RNFL, GCIPL, and TH. The center and right
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parts of those corresponding to Wrnrr and WgcrpL are only used
for the reconstruction of RNFL and GCIPL, respectively. For the ith
eye, w;'— provides a connection between the view-field and OCT
data. Therefore, in future, it should be discussed the role of W in
discovering knowledge of glaucoma.

8 NUMERICAL EXPERIMENTS

In this section, we describe the experiments conducted to evaluate
the proposed methods.

8.1 Details of Dataset

The dataset used in this paper was provided by the Department of
Ophthalmology at The University of Tokyo. The dataset consisted
of (1) 591 examples of eye-data that included both TH and OCT
data; (2) 1,127 examples of eye-data that included only OCT data;
and (3) 644 examples of eye-data that included only TH data. Note
that the examples of eye-data that included either TH or OCT were
only used to obtain the features listed in Sec. 4.2. The TH data was
measured with a HFA using SITA-Standard mode 10-2. There TH
data had d = 68 dimensions, each datum was within the range
[0, 40], the average was 18.9, and the standard deviation was 14.2.
The RNFL, GCIPL, and RC data were measured using OCT within
a 9mm X 9mm region on the macula. These examples were in
R312X128 1n our dataset, for the GCIPL data, the value of each cell
was within the range [17.5, 68.8](um) and its average and standard
deviation were 41.9 ym and 8.72 um, respectively. For the RNFL
data, the range was [5.0, 63](um), the average was 32.8 ym, and the
standard deviation was 8.5 pym. For the RCL data, the range was
[47.85,75.52](um), the average was 67.12 (um), and the standard
deviation was 3.757 (pm).

8.2 Experimental Setting

Here, we summarize the experimental settings. When the predicted
TH was not within the defined range of TH, we modified it to be
within the range: If the predicted TH was greater than 40, we set it
to 40. If it was smaller than 0, we set it to 0. The prediction error
of TH was evaluated using the root mean squared error (RMSE),

which was defined as /||Xtrue — f(||§/ 68, where Xtrue and X were

the actual and predicted TH values for the target eye, respectively.
Our source codes are available at https://www.dropbox.com/sh/j
twzrns8t6l6fgx/AAAbhCéiecMJvMHqFaRfjWEoa?d]=0.

The hyper parameter we used in the following experiments were
the same for CNNs: We employ L2 penalty multiplier for weight
decay with 5 - 1073. We also set the learning rate, the batch size,
and the momentum as 3 - 1077, 40, and 0.9, respectively. See [29]
for details of these parameters.

8.3 Experiment 1: Visual-field Prediction

First, we evaluated the prediction accuracy of TH using RNFL,
GCIPL, and RCL data. We tested four cases: (1) ASNMF with the
low-dimensional features; (2) ASNMF with combined-features; (3)
CNNss; and the (4) Multiple regression (MR) method whose multiple

regression coeflicients are estimated between features £TH) 214
features (F(GCIPL) f(RNEL))
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Table 1: Predicted RMSE with whole data.

Method H Median ‘ Mean ‘ Max.

ASNMF with low-dim-features 7.864 7.320 | 22.32
ASNMF with combined-features 7.620 7.269 | 22.04
CNNs 6.749 6.786 | 23.22

MR with features 8.063 7.490 | 22.45

Table 2: Predicted RMSE without estimating training error.

Method “ Median [ Mean [ Max.
ASNMF with low-dim-features 8.462 7.758 | 26.00
ASNMF with combined-features 8.288 7.690 | 28.55

We performed leave-one-out cross validation for the ASNMF
and MR method, and performed a 5-fold cross validation for the
CNNs. We evaluated the prediction performance by varying hyper-
parameters of our methods to select best parameters. The best
parameters of the ASNMF were: For low-dimensional features,
kth = krnro = kel = 8, lemn = 14, ko = locr = 0,
Mg = 2, and Mg = 0; for combined features, k.mp = 14, kT =
6,lcmn = 13,lcmp = 0, MR = 2,Mg = 0. Those of MR were
kta = 7, krNFL = 6, kgerpL = 8, and Mg = 1, and Mg = 0.

In Table 1, we summarize the results of prediction. We show the
median, mean, and maximum values of the predicted TH values. We
found that the CNNs were the best. The ASNMF using combined-
features demonstrated better performance than the ASNMF with
simple features; thus, the usefulness of the combined-features is
evident. These results indicate the superiority of the CNNs from the
viewpoint of the prediction accuracy. In the next experiment, we de-
creased the size of the dataset to better understand the applicability
of the proposed methods.

Estimating training error based on E(q) (see Eq. (7)) improved
the prediction accuracy. Without applying E(g), the performance
of ASNMF with low-dimensional features and that of ASNMF with
combined features decreased as shown in Table 2. One can find that
the median of prediction error were largely decreased by applying
E(g). For combined-features, the best parameters used in the Table 2
experiments were kepp = 14, kT = 6, lemn = 14, ey, = 0, MR =
1, and Mg = 0. The best parameters of this ASNMF with low-
dimensional features were the same as those selected in the result
of Table 1.

8.4 Experiment 2: Data Size Dependency

This experiment was to evaluate the robustness of the methods
against the size of the glaucoma dataset. We generated random sub-
sets from the glaucoma dataset and then determined the prediction
accuracy for the subsets. The dataset sizes Ny were 450, 300, 200,
150, 75, and 50. The number of subsets was 12 for Ny = 450, 300,
and 200; and is 15 for Ns = 150, 75, and 50. Note that the param-
eters for each method, e.g. the bases’ dimension, intrinsic bases’
dimension, Mg, and Mg, were those which provided the best per-
formance. Appropriate parameter values may depend on individual
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Figure 5: Dependence of the prediction accuracy, mean
RMSE, on the data size.

data, therefore, it is challenging to investigate how we can choose
the parameters.

The averaged RMSE was shown in Fig. 5. One can see that the
performance of the CNNs was highly dependent on the data size.
As the size of the dataset decreased, the averaged RMSE increased
drastically. This is because CNNs often require large datasets to
learn effectively. In contrast, the performance of the ASNMF did
not depend on the data size so much. In the ASNMF procedure, we
generated low-dimensional features and then made a prediction.
Because these features can be obtained from small datasets, the
performance of the ASNMF was moderate.

8.5 Experiment 3: Guarantee of Accuracy

We discuss a method for controlling the prediction accuracy using
an SVM with a hyper parameter 6. In the SVM framework, the
data was composed of input-data and label-data. From the input-
data of our glaucoma dataset, we selected 200 of the top principal
components from each the GCIPL and RNFL data. For the label-data
of our glaucoma dataset, we determined whether the prediction
error was under or over the threshold 0. Initially, we generated
label-data by varying 0 using the final results of Experiment 1 for
both the ASNMF and CNNss for all 591 eye examples at once. Then,
the leave-one-out procedure was done: We selected eye-data for
the test data of the SVM; The rest of the data was used as training
data for the SVM. After the SVM learning process was complete,
we evaluated whether the test data was predictable. If it was judged
to be predictable, we applied the ASNMF or CNNs to obtain the
RMSE. We employed the 3rd-order polynomial kernel defined as
(x,y) := (yx"y + r)? with parameters being C = 1,y = 0.001,
and r = 0. Experiments with these parameters showed the best
performance among those we tested.

Figure 6(a) shows the average RMSE versus 6. Both the averaged
RMSE of the ASNMF and CNNs are below the diagonal purple
line RMSE = 0. This indicates that the averaged accuracy of the
predictions can be controlled within the desired 6. Figure 6(b) shows
the averaged RMSE versus the size of the predicted dataset. Note
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Figure 7: Bases of RNFL, GCIPL, and TH.

that the symbols were obtained by varying the hyper parameter 6.
The CNNs were shown to have better performance for large data
sizes, and the ASNMF had better performance for smaller data sizes.
This result is similar to that obtained in Experiment 2. These results
suggest possibility to detect the prediction reliability.

8.6 Experiment 4: Knowledge Discovery

Finally, we show the two types of deep knowledge obtained by
mining the glaucoma dataset with ASNMF (see Sec. 7). Note that
all of the data was used for ASNMF in this section, because the
purpose was to mine knowledge from the complete dataset.
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(1) Bases of glaucoma data. We show the figures of the nor-
malized bases of G obtained by NMF shown in Sec. 4.2 in Fig. 7.
The dimensions of the bases were: kT = knT = kgT = 7. For the
RNFL and GCIPL bases, red indicates thick and blue indicates thin.
For the TH bases, red indicates good sensitivity of visual-field and
blue indicates bad one. Original images were described as weighted
average of these bases. These bases showed the characteristic dam-
age patterns on visual-field and retinal-layers because defects were
expressed by small coefficients of the bases. We describe examples
of clinical correspondence of these patterns. For the RNFL bases,
the arcuate scotoma in Bjerrum area were found in (b), (f), and
(g); damages on nasal step in (e); the arcuate scotoma in Bjerrum
area and in the nasal step in (c). For the GCIPL bases, the arcuate
scotoma in Bjerrum area were found in (a) and (e); damages on
nasal step in (b); the arcuate scotoma in Bjerrum area and in the
nasal step in (c), (d), (), and (g). For the TH bases, damages were
found in superior hemifield in (a), (b), and (d); those in inferior
hemifield in (c), (e), (f), and (g); the arcuate scotoma in Bjerrum area
were found in (a), (b), (c), (), and (g), whereas those in Bjerrum
area and nasal step were connected in (d) and (f).

(2) Relationship between domains. Then, we focused on the
biases and the latent bases of Z obtained by ASNMF in Sec. 4.3. The
bases indicated the co-occurrence relationships among three do-
mains RNFL, GCIPL, and TH. That is, the bases demonstrate how the
damages of retinal-layers affected the visual-field. We show some
characteristic examples whose clinical suggestion was present in
Fig. 8.In (a), we show biases of ASNMF, which reflected the terminal
stage of glaucomatous eyes. They were obtained by bENFLG(RNFL),

bgCIPLG(GCIPL), and b-TrHG(TH), respectively. As described above,
the biases was always included in reconstruction for every data. In
other words, even if weights of the latent bases were all zero, the
biases still remained in the reconstructed images. Thus, it is reason-
able that the biases corresponded to the terminal stage. From (b) to
(d), the figures show clinical knowledge that damages in lower-half
(upper-half) of the retinal-layers affected the superior (inferior)
hemifield of the visual-field. The figures corresponding to RNFL

were obtained by Z&LG(RNFL), where ZI(QIIEI-FFL is the transposed ith
row vector of Zrnrr. The figures corresponding to GCIPL and TH
were also obtained by Zgg G(GCIPL) and 7 (l)TG(TH>, respectively.
These examples suggest that the latent bases of our proposed AS-
NMF includes deep knowledge of glaucoma. In addition, the matrix
W contains characteristics of individual eyes. Therefore, to discover
deeper knowledge of glaucoma, it should be focused on the matrix
W in future.

9 CONCLUSION

In this paper, we proposed two methods for estimating the state of
the visual-field based on the thickness of the retinal-layers: Affine
Structured Non-negative Matrix Factorization, which is able to cope
with both the estimation of the visual-field and detection of deep
knowledge of glaucoma, a method based on a Convolutional Neural
Network, which demonstrated very high estimation performance
for large datasets. During the four experiments that were conducted,
we evaluated the prediction performance of the proposed meth-
ods, the dependence of the prediction accuracy on the data size,
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the possibility of controlling the prediction errors, and how deep
knowledge of glaucoma can be found.

To the best of our knowledge, this paper is the first approach to
estimate eye-sight damage with the full resolution of SITA-Standard
mode 10-2. Because the measurements of the visual-field is a heavy
burden on clinical sites, a method, such as the one proposed in this
paper, is strongly desired to estimate the state of the visual-field
from retinal-layer data measured with OCT. Based on our analysis,
our proposed methods have the potential to positively impact the
field of ophthalmology.
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