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ARTICLE INFO ABSTRACT

Background: Diabetic Retinopathy (DR) is considered a pathology of retinal vascular complications, which stays
in the top causes of vision impairment and blindness. Therefore, precisely inspecting its progression enables the
ophthalmologists to set up appropriate next-visit schedule and cost-effective treatment plans. In the literature,
existing work only makes use of numerical attributes in Electronic Medical Records (EMR) for acquiring such
kind of DR-oriented knowledge through conventional machine learning techniques, which require an exhaustive
job of engineering most impactful risk factors.

Objective: In this paper, an approach of deep bimodal learning is introduced to leverage the performance of DR
risk progression identification.

Methods: In particular, we further involve valuable clinical information of fundus photography in addition to the
aforementioned systemic attributes. Accordingly, a Trilogy of Skip-connection Deep Networks, namely Tri-SDN,
is proposed to exhaustively exploit underlying relationships between the baseline and follow-up information of
the fundus images and EMR-based attributes. Besides that, we adopt Skip-Connection Blocks as basis components
of the Tri-SDN for making the end-to-end flow of signals more efficient during feedforward and backpropagation
processes.

Results: Through a 10-fold cross validation strategy on a private dataset of 96 diabetic mellitus patients, the
proposed method attains superior performance over the conventional EMR-modality learning approach in terms
of Accuracy (90.6%), Sensitivity (96.5%), Precision (88.7%), Specificity (82.1%), and Area Under Receiver
Operating Characteristics (88.8%).

Conclusions: The experimental results show that the proposed Tri-SDN can combine features of different mod-
alities (i.e., fundus images and EMR-based numerical risk factors) smoothly and effectively during training and
testing processes, respectively. As a consequence, with impressive performance of DR risk progression re-
cognition, the proposed approach is able to help the ophthalmologists properly decide follow-up schedule and
subsequent treatment plans.
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1. Introduction

According to World Health Organization (WHO), Diabetic
Retinopathy (DR) is the top-five and -four causes of vision impairment
and blindness on earth, respectively. It is originated by the long-term
impact of diabetes mellitus (DM) which results in adverse changes of
nerves and blood vessels of the patients’ retina. In other words, DR is
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considered a pathology of retinal vascular complications. Therefore,
early and accurate detection of the DR symptoms can help the oph-
thalmologists easily form optimal treatment plans for DR progression
prevention and management.

Historically, the severity of DR has been graded by structural
changes within color fundus photography such as retinal hemorrhages,
microaneurysms, intraretinal microvascular abnormalities [1].
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Nowadays, recent advancements in imaging modalities have enabled us
to visualize retinal neurodegeneration and microvascular changes as
early events of clinically visible DR-related signs [2-4]. Those neuronal
and microvascular parameters extracted from retinal images have been
identified as indicators of DR risk progression. Additionally, count of
microaneurysms, caliber of retinal vessels, and inner retinal layer
thickness [5-7] were reported to be associated with early stage of DR
progression as well.

Moreover, a number of biochemical pathways has been proposed
that the pathogenesis of DR includes glucose-mediated microvascular
damage [8]. There are also emerging evidences suggesting that DR may
share common linkages with various systemic vascular complications
[9]. Thus, summarized from previous clinical studies [10-13], diabetes
duration, hemoglobin Alc (HbAlc), hypertension, age, cholesterol,
cardiovascular symptoms, and kidney functions are considered as in-
dependent risk factors for the progression of DR.

In short, DR-based complications and its progression can be de-
tected by different modalities, comprising (i) Fundus photography
taken by nonmydriatic fundus camera, where the representation of
retinal blood vessel, appearances of microaneurysms, exudates, he-
morrhages, etc. are concerned clinical signs, and (ii) Electronic Medical
Records (EMR) based attributes, where selective numerical measures
like diabetes duration, hypertension index, Body Mass Index (BMI),
HbAlc, Ganglion Cell-Inner Plexiform Layer (GC-IPL) thickness, to
name a few, are utilized for the pathogenesis identification or follow-up
planning. Subsequently, inspecting the changes of these multi-modal
factors by time enables the ophthalmologists to identify whether there
is any risk progression of DR for setting up proper next-visit schedule
and cost-effective treatment plans.

Lately, with the powerful advancement of GPUs and fast-paced
growth of numerical & visual data, deep learning has been empowered
in diverse fields, ranging from the image classification [14-17] and
segmentation [18-20] problems in computer vision area to systemic
attributes processing in medical data analysis domain [21-24]. In terms
of DR-oriented studies, two major machine learning based research
directions are currently of interest, i.e., identifying DR progression from
risk factors [25-29] and detecting severity scales of DR based on retinal
fundus images [30-36]. As for the former, a great number of risk factors
leads to difficulties in selecting properly impactful inputs as well as
making training progress of the built model converge. Regarding the
latter, for high accuracy of ranking the DR severity level on fundus
images of different screening time, large-scale dataset requirement and
expensive resource consumption are significant concerns.

Therefore, to our best knowledge, utilizing deep learning to effec-
tively incorporate meaningful information from various modalities (e.g.
EMR-based attributes and fundus photography) for certain objectives of
diagnosis, treatment or follow-up (e.g. DR risk progression identifica-
tion) remains an open research area. It is worth noting that such kind of
multimodal learning approach has been exploited in other fields such as
image-text matching [37], audio and visual signals joint representation
[38], multi-type medical image processing [39], to name a few, but not
thoroughly investigated on both fundus photography and EMR-based
attributes in studies about DR risk progression.

Remarkably, there are three considerable advantages of such ap-
proach as follows. Firstly, it is hypothesized that retinal fundus images
possess clinical features in terms of both explicit and implicit re-
presentation of blood vessel, microaneurysms, exudates, hemorrhages,
etc; which bring in extra valuable information of DR progression that
may not be explicitly reported in the EMR. Secondly, such multimodal
strategy can reduce the dependence of exhaustively determining which
EMR-based risk factors having strong effects on the progression of DR.
Thirdly, the proposed method lowers the necessity of expensively
constructing and training the designated deep learning model with
large-scale dataset of fundus photography.

Motivated by those observations, this paper proposes a Trilogy of
Skip-connection Deep Networks (Tri-SDN) which is capable of
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comprehensively extracting useful knowledge from bimodalities, i.e.,
retinal fundus images and EMR-based attributes, for identifying DR risk
progression effectively. In concrete, the proposed architecture consists
of: (i) a Convolutional Neural Network (CNN) followed by a global
average pooling (GAP) layer and a subsequent Deep Neural Network
(DNN) having Skip Connection Blocks (SCB), called SDN, for encoding
salient features of lesions existing in both baseline and follow-up fundus
images; (ii) a SDN extracts latent features which represent inter-re-
lationships between systemic attributes of interest (e.g. Hb1Ac, GC-IPL
thickness, BMI, HTN,...) as well as intra-relationships between baseline
and follow-up values of each attribute in the EMR; and (iii) another
SDN classifies DR risk progression by processing concatenated version
of fundus-based and EMR-based features.

Then, the proposed architecture is evaluated on an internal dataset
of 96 DM patients collected at Kyung Hee University Medical Center,
Seoul, South Korea. Through impressive performance in terms of ac-
curacy, sensitivity/recall, precision, specificity, and area under the re-
ceiver operating characteristics, the proposed Tri-SDN shows effec-
tiveness in assisting ophthalmologists the task of identifying DR
progression.

In brief, the main contributions delivered by this work are sum-
marized as follows

® We propose an approach of bimodal learning that exhaustively
utilizes both baseline and follow-up information of retinal fundus
images and EMR-based attributes for identifying the DR risk pro-
gression, from which the ophthalmologists can efficiently deploy
appropriate next-visit schedule and cost-effective treatment plan.

e We introduce the Trilogy of Skip-connection Deep Networks (Tri-
SDN) that combines latent features of different modalities (i.e., color
images and numerical risk factors) smoothly and effectively during
training and testing processes, respectively.

e The proposed bimodal learning method is able to suppress the ne-
cessity of large-scale fundus image dataset involvement and the
costly task of engineering most impactful EMR-based risk factors.

e We execute a 10-fold cross validation strategy to evaluate the pro-
posed model on an internal dataset of 96 DM patients, who may
suffer from DR development or vice versa, collected at Kyung Hee
University Medical Center, Seoul, South Korea. Accordingly, the
experimental results and corresponding ablation studies show the
effectiveness of the proposed Tri-SDN.

The remainder of this paper is distributed as follows. Related work
on EMR-based attributes and retinal fundus images utilization in the
domain of DR are given in Section 2. Then, Section 3 provides com-
prehensive description of the proposed Tri-SDN. Subsequently, a
benchmark dataset with corresponding implementation details and
experimental results are presented in Section 4. Finally, Section 5
summarizes the materials delivered by this work.

2. Related work

Recently, in order to deal with DR-related issues such as risk pro-
gression detection, follow-up scheduling, severity classification, most
existing work takes into account either EMR-based attributes or retinal
fundus photography as follows.

2.1. EMR-based attributes exploitation

Several works already reported typical predictive models for the risk
assessment of DR development by processing various systemic attri-
butes. Since there is a large amount of risk factors impacting on the
progression of DR for subsequently determining suitable treatment plan
and follow-up schedule, constructing an efficient clinical decision
support system (CDSS) with selective EMR-based attributes attracts
numerous researches [25-29].
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Table 1
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Highlighted differences between the proposed approach and several related work. The abbreviations are interpreted as follows: ‘cML’ means conventional machine
learning techniques; ‘DL’ means deep learning technique; ‘Fundus Img.” means fundus images; ‘EMR Att.” means EMR-based attributes; (.) in ‘Fundus Img.” and ‘EMR
Att.” columns indicates the number of fundus images and utilized risk factors, respectively.

Publication Approach Dataset size Input Output

cML DL Fundus Img. EMR Att.
Skevofilakas et al. [25] v 55 v ) DR progression
Bajestani et al. [26] v 200 v 4 Time-span DR
Piri et al. [27] v 1.4M v (5) DR detection
Eleuteri et al. [28] v 11,806 v (5) DR progression
Romero-Aroca et al. [29] v 2,323 v (8) DR screening interval
Choi et al. [30] v v 400 v Retinal disease
Yang et al. [31] v v 320 v Retinal disease
Gulshan et al. [32] v 128,175 v DR grade
Rahim et al. [33] v 600 v DR grade
Pratt et al. [34] v 85,000 v DR grade
Trivino et al. [35] v 88,000 v DR grade
Zhou et al. [36] v 35,126 v DR grade
Ours v 96 v (192) v (22) DR progression

For instance, in [25], a CDSS was proposed in which wavelet neural
network, decision trees, and Bayesian neural network are integrated to
predict the progression of DR on type 1 DM patients. The considered
EMR-based attributes include age, DM duration, HbAlc, total choles-
terol, triglycerides, hypertension, and treatment duration.

Moreover, the study in [26] aimed at assisting the ophthalmologists
to judiciously determine the time span between DM diagnosis and the
development of DR for further healthcare actions. In addition, the au-
thors showed the effectiveness of utilizing fuzzy regression model on a
small-scale dataset with the involvement of four attributes, i.e., blood
pressure, fasting blood sugar, HbAlc, and diagnosis age for their pre-
specified purpose.

Meanwhile, with a large amount of dataset, a hybrid strategy [27] of
logistic regression, decision tree, random forest, and neural network
was proposed to diagnose early DR signs from critical risk factors
(diabetic neuropathy, hematocrit, blood urea nitrogen, creatinine
serum, glucose serum plasma) and subsequently aid appropriate
screening intervals.

Besides that, the authors in [28] introduced a risk calculation engine
(RCE) for estimation of risk progression, which is then used to in-
dividualize proper screening intervals for each particular patient. The
RCE took into consideration of five risk factors (i.e., DM duration,
HbAlc, age, systolic BP, total cholesterol) from 11,806 diabetic patients
for the predefined continuous-time Markov process.

In recent times, another CDSS [29] utilized fuzzy random forest
consisting of 200 trees for personalizing follow-up schedule based on
such input risk factors as age, gender, DM duration, hypertension, BMI,
HbAlc, estimated glomerular filtration, and microalbuminuria. The
constructed system was trained by dataset of 2,323 type 2 DM patients
with expected outputs among four predefined classes, i.e., next visit of
six months, one year, two years, and three years.

2.2. Retinal fundus photography exploitation

Obviously, features extracted from fundus photography contribute
valuably clinical information for detecting various types of retinal
diseases. Since these can be grouped as a traditional image classifica-
tion problem, deep learning based models [30-36] can handle effec-
tively given a reasonable amount of training dataset.

Concretely, in the case of common retinal diseases recognition given
large quantity of supervised classes, the CNNs take charge of feature
extractor followed by a conventional classifier like random forest [30]
or principal component analysis plus support vector machine [31].

On the other hand, with respect to the DR domain, retinal fundus
images are mainly utilized for grading the severity of DR such as non-
DR, mild DR, moderate DR, severe DR, and proliferative DR according

to the International Clinical Diabetic Retinopathy Disease Severity
Scale. Regarding the utilization of conventional machine learning al-
gorithms, fuzzy-based techniques are of great interest in the domain.
For instance, Rahim et al. [33] introduced an ensemble of fuzzy fil-
tering, histogram equalization, and edge detection for effectively ex-
tracting useful features and classifying the DR grades in 600 fundus
images accordingly. In terms of more advanced deep learning tech-
nique, [34] and [35] employed 13-layer and 11-layer CNNs (which are
constructed from common stacks of convolution, rectified linear unit
(ReLU) activation, max pooling, fully connected (FC) layers), respec-
tively. Meanwhile, the authors in [32] fine-tuned the light-weight In-
ception-v3 architecture [16] for such kind of DR detection issue.

Different from the aforementioned approaches wherein full-sized
retinal images are taken into account, the multiple instance learning
method [36] executed a two-stage patch-based training process. At the
first stage, numerous patches were initially generated from the raw
fundus images and then fed into the pretrained AlexNet [14] for pre-
dicting patch-wise DR grades, of which the results were aggregated to
form the final probability map. As for the second stage, the authors
utilized multi-scale versions of the original input, each of which passes
through the procedure of the first stage, for forming the globally
averaged probability map of final DR grade.

It should be noted that training with large-scale dataset (> 80,000
images) plays a critical role for the impressive performance in the ex-
isting fundus image-based work. To summarize, we highlight major
differences between the proposed approach and the aforementioned
related work in Table 1. Additionally, readers may refer to [40] for a
comprehensive survey of the DR related literature.

3. Methodology

In this section, we firstly deliver overall description of the proposed
architecture shown in Fig. 1, wherein the basis component called Skip-
Connection Block (SCB) is introduced. Then, the following sub-sections
sequentially provide details of deep neural networks applied for
handling retinal fundus images, EMR-based attributes, and the cross-
modal features concatenated from previously extracted ones, respec-
tively.

3.1. Basis component of Tri-SDN: skip-connection block

As illustrated in Fig. 1, the proposed Tri-SDN firstly exploits vital
information from retinal fundus images and EMR-based attributes by
using a pretrained CNN followed by a SDN and another SDN, respec-
tively, in parallel. Then, the extracted latent features across different
modalities are aggregated so that a third SDN effectively acquires high-
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level representation of the cross-modal features for DR risk progression
identification.

It is obvious that in order to recognize the progression of DR, both
baseline and follow-up measures of the concerned risk factors need to
be taken into account, which makes the number of considered inputs
increase significantly. Hence, the learning model should be designed to
be deep enough for efficiently capturing essential knowledge from the
given inputs. However, as remarked in [17,41], training DNNs using
large number of layers along with Sigmoid activation leads to the issue
of vanishing or exploding gradients, which makes the learning progress
not converge properly and lowers final performance accordingly.
Therefore, we adopt the mechanism of residual connections [17] along
with ReLU activation function in the proposed SDNs for overcoming the
above-mentioned problems.

Concretely, every SDN involves a predefined number of Skip-
Connection Blocks (SCB), each of which comprises two FC layers
(having trainable weights and biases of {W;, W € R4*%b,, b, € R¥*1},
respectively) with ReLU activation in the middle, and a subsequent
element-wise summation operator followed by another ReLU activation
layer. As illustrated in Fig. 2, let a d-length feature vector X = [x7, Xo,
oo, XglT, i.e., X€ R¥*Y, be input of a SCB, the final output Y is achieved
through following feedforward operations

H, = WX + b, (€9)
where Hy = [h11, hyg, ..., h14]" denotes the output of the first FC layer,
then the feature vector of ReLU-style activated neurons
H{ = [k}, h,,....h{4]" is obtained by

h{; = max(hy;, 0), Vi=1,..d @)
Afterwards, the feature extraction process continues with

HZ = ‘/VzHl, + b2 (3)

{Wy,b,} ReLU
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Fig. 2. Structure of a Skip-Connection Block (SCB), wherein an arbitrary feature
vector X € R**! is fed into two FC layers (having trainable weights and biases
{Wy, W,eR%by, bye R}, respectively) with ReLU activation in the
middle. Then, the final output Y € R¥*? of such SCB is inferred by the element-
wise summation between input feature vector X and output H, of the second
hidden layer followed by ReLU activation.

Probability of DR
risk progression
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Fig. 1. Overall architecture of the proposed method - Bimodal
learning via Trilogy of Skip-connection Deep Networks (Tri-SDN)
for DR risk progression identification. In the Tri-SDN, one pre-
trained convolutional neural network followed by a skip-connec-
tion deep network is used for encoding meaningful features of
baseline and follow-up fundus images; in parallel, another skip-
connection deep network is utilized for exploring interactions
between baseline and follow-up EMR-based attributes; finally, one
deep neural network also with skip-connection mechanism is
employed to learn the hybrid features concatenated from outputs
of the two previous networks for identifying the progression of
DR.

where Hy = [Ra1, hoa, ..., hogl” indicates the output feature vector of the
second FC layer. Notably, in conventional DNN, H, is continuously fed
into the next layer. Meanwhile, in the proposed network, the desired
output Y is acquired from the element-wise summation between this
vector and the original input X followed by a ReLU activation function
as follows

Y =ReLU(X + Hy)
= [max(x; + hy1, 0),...,max(xy + hyg, 0)]
= e di]” 4)

Clearly, such scheme of skip-connection as formulated in (4) offers two
advantages over the conventional structure in terms of both feedfor-
ward and backpropagation processes. With respect to the former, this
mechanism drives the output Y to acquire newly essential features
different from those existed in the input X. As for the latter, it avoids the
corresponding gradient signals flown through Y to X from being van-
ished thanks to the existence of direct stream to X.

In brief, due to taking into account the bimodal inputs, at least three
deep networks are needed for effectively acquiring valuable features
from each single modality and the aggregated ones. Thus, it is necessary
to define a strategy be able to ensure the smooth flow of signals be-
tween the three networks in both feedforward and backpropagation
stages for ease of feature encoding and optimization of the whole
model's parameters, respectively. As a consequence, we opt for taking
the described SCBs as the basis components of the proposed Tri-SDN in
this work for efficiently learning essential feature representation from a
large amount of risk factors existing in both fundus photography and
EMR.

3.2. Fundus image modality learning

In order to extract DR-based features from the baseline and follow-
up retinal fundus images, the detailed architecture demonstrated in
Fig. 3 is executed.

At first, we utilize the 50-layer ResNet [17] pretrained with lma-
geNet dataset [42] as a fixed feature extractor thanks to its powerful
representation. Generally, the ResNet architecture consists of one initial
convolutional block (named Conv-1 in Fig. 3) followed by four residual
blocks (named Res-block 1, Res-block 2, Res-block 3, Res-block 4, re-
spectively), each of which includes multiple convolution layers orga-
nized in terms of residual/skip connections manner. Note that Res-
block 3 and Res-block 1 hold the greatest and least number of layers,
respectively. Along the feedforward process of such pretrained CNN as
shown in Fig. 3, there are two observations, i.e., (i) spatial size of final
outputs of the residual blocks constantly decreases by two times while
the corresponding channel dimension numerously rises, and (ii) more
distinctive and abstract features representing key information in the
original images are encoded in depth-wise manner. However, it is clear
that such kind of retinal images is beyond the scope of pretrained ca-
tegories in ImageNet dataset, thus, taking into account feature maps
learned from high-level layers (such as those in Res-block 4) certainly
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Fig. 3. Detailed workflow of the deep network learning baseline & follow-up retinal fundus images. Given these two images, a pretrained ResNet-50 [17] plays as a
fixed feature extractor, in which the corresponding final outputs of the third residual block (Res-block 3) are considered for DR-oriented characteristics exploitation.
Concretely, those feature maps are converted into vector formats in depth-wise manner using Global Average Pooling. Then, the concatenated version of the resulting
feature vectors passes through a deep network having two Skip-Connection Blocks to infer the DR-oriented fundus based feature vector for further processes.

leads to unexpected biases and/or losses in terms of encoded in-
formative responses. Consequently, we opt for picking up feature maps
containing reasonable contextual information, of which spatial resolu-
tion has stride of 16 compared to that of the input images, finalized
from the Res-block 3 (as illustrated in Fig. 3) for next stage.

Afterwards, the extracted baseline and follow-up feature maps are
converted into corresponding vectors so that the subsequent SDN can
selectively learn latent fundus-based risk factors that exhibit the de-
velopment of DR. It should be noted that the reason for this conversion
is to ensure the smooth aggregation with feature vectors learned from
EMR-based attributes for the third SDN. As aforementioned, since every
channel of the feature maps of interest performs specific depiction of
essential characteristics with respect to the original inputs, GAP is ap-
plied to convert the two considered feature maps (i.e., the baseline f,
and the follow-up f;r feature maps) into vector formats (i.e., gp and g,
respectively) by spatially averaging in depth-wise manner as following
operation

fd
1 ®)

M=

Gi=—1 i
H><Wh:1

w:

where f is either f or fig f? specifies the d™ channel of the processed
feature maps f having spatial resolution of H x W; G¢ denotes the re-
presentative response for corresponding channel of the feature map f.
Then, the resulting vector is formed as follows

g=16"%..6%..6"I" (6)

where geRP*! is either gy or gy, D stands for the depth size of the

processed feature map. Notably, D = 1024 in this work since the chosen
features are outputs of the Res-block 3 of the ResNet-50. Next, the
newly decoded vectors g and gi are concatenated in order to exploit
the interactions between baseline and follow-up input images as below

G = Clgy, 8¢l = [gilbv",gi]ljy Gitr-n GHIT @

where C[.] signifies the concatenation operator.

Finally, a deep network having two SCBs is employed to thoroughly
learn fundus-based essential characteristics in terms of DR risk pro-
gression. In details, input of this network is the fundus-based feature
vector G € R??*! firstly fed into a single FC layer with trainable para-
meters of {W;, € R??*%:b,. e R?°*1} followed by a ReLU layer. Then,
the freshly inferred feature vector of dilength passes through two
successive SCBs before being finalized by another FC layer (also at-
tached with a ReLU layer behind) having setting of
{W;,eR%¥*d:b, e R%*1} As a ultimate result of such 2-SCB deep
network, the DR-oriented fundus based feature vector with dimension
of dp;, namely fi4, is then involved in the third SDN mentioned in
Section 3.4.

3.3. EMR-based attributes modality learning

Generally, numerical attributes in the EMR carry a critical role in
determining the severity and/or progression of DR, which accordingly
leads to the importance of identifying risk factors majorly associated
with the DR-based diagnosis results. By referring to existing work and
our own assessment, the proposed approach of learning EMR-based
attributes modality involves 22 risk factors including Gender, Insulin,
HTN, baseline DR grade, Age, Duration, GC-IPL thickness, GC-IPL
thinning rate, CAN score, Mean velocity, HbAlc, BUN, Cr, Chole, TG,
HDL, LDL, SBP, DBP, BMI, Microalbu, eGFR, of which several inter-
pretations are enumerated in Table 2, for structuring the input vector. It
is worth noting that regarding HbAlc, BUN, Cr, Chole, TG, HDL, LDL,
SBP, DBP, BMI, Microalbu, eGFR, both baseline and follow-up values
are taken into account for obtaining higher-fidelity information of DR
risk progression. Eventually, a vector having dimension of 34, namely
f.eR**! is fed into a predefined SDN for gaining latent inter-re-
lationships between all elements of the input as well as intra-relation-
ships between baseline and follow-up values of each clinical attribute of
interest (i.e., HbAlc,..., eGFR).

Identical to the above-mentioned 2-SCB deep network, the one used
in this phase as presented in Fig. 4 also consists of one FC layer with
trainable parameters of {W,€R3>**%b, cR3**1} followed by two
SCBs and finally one FC layer having trainable parameters of
{W,, € R%*%zp,, e R%*1}, Accordingly, the retrieved DR-oriented EMR
based feature vector with length of dj,, namely f.q4,, is utilized for the

Table 2
Interpretations of several concerned EMR-based attributes.

EMR-based Attributes Interpretations

Insulin Added hormone to balance blood sugar level
HTN Hypertension

baseline DR grade Diabetic Retinopathy severity

Duration Period of suffering from diabetes mellitus
GC-IPL Ganglion Cell-Inner Plexiform Layer

CAN score Cardiac Autonomic Neuropathy score

Mean Velocity Mean conduction Velocity of peripheral nerves
HbAlc Glycated Hemoglobin

BUN Blood Urea Nitrogen

Cr Creatinine

Chole Cholesterol

TG Triglyceride levels

HDL High-Density Lipoprotein

LDL Low-Density Lipoprotein

SBP Systolic Blood Pressure

DBP Diastolic Blood Pressure

BMI Body Mass Index

Microalbu Urine Microalbuminuria

eGFR Estimated Glomerular Filtration Rate




C.-H. Hua, et al.

: | 10 |IV\I8|Nﬂ‘a|N_I.H|

| 2-SCB Deep Network

Fig. 4. Workflow of the deep network learning baseline & follow-up EMR-based
attributes. The values of interest are organized in form of vector and then fed
into a 2-SCB deep network for extraction of DR-oriented EMR based feature
vector.

third SDN described in next section.

3.4. Concatenated features learning

To this end, two fundus images and EMR attributes based feature
vectors, which represent meaningful DR-oriented information, are ag-
gregated for cross-modal learning in order to attain optimal perfor-
mance of DR risk progression recognition. As depicted in Fig. 5, these
two features are firstly concatenated as follows

ﬁldr = C[ﬁdr ’ fedr] (8)

where the output vector fi,g- € R %2> 1 subsequently goes through a

4-SCB deep network (which is constructed from two FC layers centered
by four successive SCBs and a final classification layer at the end) to
yield probability of the DR progression. According to the retrieved
certainty degree, the ophthalmologists can easily establish appropriate
next-visit schedule and treatment plans. It should be noted that the two
FC layers at the beginning and end of this network are set up with
(Wj, € RO+ dxdvp o pUn+d X1y anq (W, e RD¥dup, c RHX1},
respectively, and together followed by the ReLU activation. About the
final binary classification layer, a dropout layer [43] with dropping rate
of 50% along with a FC layer with parameters of
{W, eR®2%b, e R™*1} are utilized for combating overfitting issue
and identifying the risk of DR progression, respectively. Remarkably, all
the notations defined in this section are summarized in Table 10 for
more convenience of following-up.

4. Experiments

This section initially provides characterization of the dataset used to
benchmark the proposed approach in this study. Subsequently, eva-
luation metrics to validate the final classification performance are
mentioned and then the enumeration of implementation details is
given. Finally, we present experimental results in order to show the
effectiveness and potentiality of the proposed methodology in terms of

Fundusimages based
feature vector

C
i
EMR attributes based H
feature vector 1
_ | 1
LT LT |
Concatenation-. B 4-SCB Deep Network

Fig. 5. Workflow of the deep network learning features concatenated from
fundus and EMR based feature vectors. The hybrid features are then fed into a
4-SCB deep network for DR risk progression identification.
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(a)

TG TG(fu) HDL HDL(fu) LDL LDL(fu) SBP SBP(fu) DBP DBP(fu) BMI BMI(fu)
92 8 39 43 76 68 128 123 81 78 275 275
277 99 44 53 216 74 130 116 80 60 231 215
105 115 41 35 78 83 115 121 73 66 21.6 227
140 139 39 28 106 64 151 125 82 70 28 28.68
188 139 28 33 110 82 120 134 70 60 305 30.95
61 65 66 69 102 103 131 121 75 66 228 21.63
130 128 41 39 45 53 113 100 73 58 212 20.42
108 218 32 36 8 107 142 137 77 79 226 23.95
122 142 51 43 119 109 137 114 96 63 242 23.81
55 48 48 2 8 68 132 127 72 70 26 24.68

(b)

Fig. 6. Several fundus- and EMR-based samples of the benchmark dataset. (a)
Top: baseline samples; Bottom: corresponding follow-up samples. (b) Example
values of baseline and follow-up TG, HDL, LDL, SBP, DBP, BMI of 10 DM pa-
tients.

DR risk progression identification, which assists the ophthalmologists to
decide suitable treatment and follow-up schedule for each individual
DM patient.

4.1. Dataset

The historical record of DM patients used in this study is collected
from Kyung Hee University Medical Center, Seoul, South Korea. There
are totally 96 patients with full records of baseline and follow-up EMR-
based attributes of interest (totally 22 risk factors) and retinal fundus
images. Correspondingly, the ground-truth classification labels of DR
progression for model training are determined and agreed by heuristics
of five experienced ophthalmologists in the Department of
Ophthalmology. Fig. 6 respectively presents several baseline and cor-
responding follow-up samples of fundus images (Fig. 6a) as well as
EMR-based attributes’ values (Fig. 6b) in the benchmark dataset. Note
that the period for collecting follow-up data with respect to the baseline
ones arbitrarily ranges from 6 to 40 months. Also, the number of raw
fundus images with respect to DR grades as well as resolution is further
enumerated in Table 3, which shows the challenging DR severity pro-
gression issue and resolution difference.

Moreover, it is usual that the DM patients may be screened by dif-
ferent nonmydriatic fundus cameras and conditions at each time of
checking-up, which leads to the dissimilarity of inherent properties
between taken fundus images of the same person. As a consequence, the
dataset evaluated in this paper is challenging due to the diverse re-
presentation of numerical factors as well as varied luminance and
chrominance in the considered fundus photography.

Regarding the considered 22 EMR-based attributes, their values can
be split into three different types, i.e., nominal (Gender, Insulin, HTN),
categorical (baseline DR grade), and numerical (the others) data.
Accordingly, corresponding normalization approaches as presented in
Table 4 are executed to make the model training converge smoothly.
Specifically, values of Gender, Insulin, HTN are normalized into either
—1 or 1 due to their nominal property. About baseline DR grade, we
categorize its severity as 0, 1, 2, 3, 4 corresponding to None, Mild,
Moderate, Severe, and Proliferative DR. Meanwhile, Gaussian normal-
ization with mean of zero and standard deviation of one is applied onto
the remaining numerical risk factors.

With respect to the input fundus images, we firstly implement
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Table 3
The number of raw fundus images with respect to DR grades as well as resolution in the dataset.
Property DR grade Resolution
None Mild Moderate Severe Proliferative 1326 x 1594 2656 x 3192 3608 x 3608
Baseline 28 26 42 0 0 56 54 82
Follow-up 13 27 25 27 4
Table 4 utilized to evaluate the proposed method. In specific, for each fold, we

Different data types of the considered EMR-based attributes and corresponding
normalization values.

Data Type EMR-based Attributes Normalization Value
Nominal data Gender, Insulin, HTN -1,1

Categorical data baseline DR grade 0,1,2,3,4
Numerical data Others Gaussian~ N (0, 1)

channel-wise mean subtraction for color normalization, then down-
sample the resolution and finally implement center-cropping to the size
of 224 x 224, of which the results are delivered to the pretrained
ResNet-50 for the extraction of fundus-based information beside the
aforementioned EMR-based ones.

4.2. Evaluation metrics

In order to assess the effectiveness of the proposed Tri-SDN on the
above-mentioned dataset, we utilize common evaluation metrics such
as accuracy (Acc), sensitivity/recall (Sen), precision (Pre), specificity
(Spe), and Area Under the Receiver Operating Characteristics (AUROC).
Given rates of true negative (TN), false positive (FP), false negative
(FN), and true positive (TP) calculated from the retrieved confusion
matrix, the corresponding formulas of those measures are as follows

TN + TP

Acc =

TN + FP + FN + TP
Sen =P

TP + FN
Pre = 1P

TP + FP

TN

Spe = ———

TN + FP

4.3. Implementation details

In this work, Pytorch [44] and Scikit-learn [45] are taken into ac-
count for training and evaluating the proposed deep architecture on one
NVIDIA 1080TI GPU, respectively. Each batch of eight patients’ data is
fed into the proposed network sequentially. It should be noted that
parameters of the constructed architecture are initialized by He's ap-
proach [46]. Then, for each training sample, the compatibility between
the resulting prediction scores (s) of DR progression and corresponding
ground-truth labels (g) is measured by a predefined cross-entropy loss
function as follows

L = —[olog(s) + (1 — o)log(1 — s)] 9

where o = 1 if the predicted class of the considered sample is identical
to its actual label g, otherwise o = 0. Based on the loss averaged from
all training samples, Adam optimizer [47] (with learning rate, decay
rate of moving average of gradient's first and second moment assigned
at 0.001, 0.9, and 0.999, respectively) is adopted for the purpose of
optimizing the initialized parameters of the proposed model in an end-
to-end manner. In addition to the aforementioned dropout tactic, the
weight decay of 0.0001 is involved to boost the generalization cap-
ability of the Tri-SDN. Finally, the 10-fold cross validation strategy is

train the constructed model in 20 epochs and then execute the testing
phase with predefined evaluation metrics. The reported results are
mean and standard deviation values of the corresponding fold-wise
metrics.

4.4. Experimental results

To this end, we deliver ablation studies of bimodal learning, skip-
connection mechanism, and the chosen set of EMR-based attributes
respectively to express power of the proposed architecture for DR risk
progression recognition through experimental results. Specifically, such
ablation studies enable us to move toward the objective of making deep
learning better interpretable to the domain expert for increasing
trustfulness of artificial intelligence in biomedical area [48]. Finally,
performance comparison with the state-of-the-art methods and sub-
sequent discussion are presented respectively.

4.4.1. Ablation study for bimodal learning

In specific, we perform three different network architectures to
show the effectiveness of fundus images involvement in addition to
conventional EMR-based attributes for the DR risk progression predic-
tion by the retrieved experimental results. Firstly, a network of five
hidden layers with 256 units at each layer, namely EMR-DN, is taken
into account to only exploit the EMR-based attributes for the binary
classification of DR progression. Then, a trilogy of conventional deep
networks involving both baseline and follow-up fundus images as well
as EMR-based attributes, which is called Tri-DN, is considered. Notably,
in this architecture, both sub-networks learning fundus photography
and EMR-based risk factors have same setting of five 256-node layers
while the third one, which extracts concatenated features, is constituted
by 10 layers of 128 units. Finally, the similar version with additional
embedding of skip-connection mechanism, a.k.a. the proposed Tri-SDN
described in Section 3, is validated.

As quantitatively presented in Table 5, the Tri-DN reaches higher
mean Acc, Pre, Spe, and AUROC of 3.2%, 3.6%, 7.7%, and 2.8%, re-
spectively, while keeping same Sen compared to those of the EMR-DN.
This implies that the aforementioned hypothesis, in which the latent
correlations between baseline and follow-up fundus images can pow-
erfully contribute to the prediction of DR progression for further ap-
propriate follow-up scheduling, works effectively. However, as noted
before, such kind of bimodal learning leads to the increase in (i) the
complication of network structure (which consists of three sub-net-
works for learning image-based, numerical, and hybrid feature vectors,

Table 5

Experiment 1 - Quantitative results of different strategies for DR risk progres-
sion identification on the benchmark dataset. EMR-DN means conventional
deep network only learning EMR-based attributes for the prediction; Tri-DN
means conventional deep networks with bimodal learning; Tri-SDN means skip-
connection deep networks with bimodal learning. Note that boldface numbers
indicate the best performance of corresponding metrics.

Strategy  Acc (%) Sen (%) Pre (%) Spe (%) AUROC (%)
EMR-DN 83.3 = 1.1 96.5 = 0.7 79.7 £ 1.3 641 = 35 836 = 2.0
Tri-DN 865+ 0.9 965+ 15 833+ 12 718+ 3.0 864 =15
Tri-SDN  90.6 = 0.7 96.5 + 1.2 887 = 1.0 82.1 = 3.0 88.8 + 1.4
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respectively) and (ii) the total number of hidden layers for better
learning capacity, which requires an exhaustive job of hyperparameters
tuning for ensuring the training stage to converge smoothly and opti-
mally. Therefore, we opt for applying the proposed SCB in the sub-
networks, which turns Tri-DN into Tri-SDN, in order to resolve the issue
of training convergence and accordingly leverage the final classification
performance. Apparently, the experimental results in Table 5 show the
effectiveness of skip-connection mechanism in deep and complicated
networks. In specific, except for Sen, the mean performance of other
metrics increases significantly, i.e., 2.4-10.3%. Moreover, it can be
observed from the results that average standard deviation values of Acc,
Sen, Pre, and AUROC are approximately 1.0-1.5% while that of Spe
fluctuates around 3.0%. Correspondingly, the reasons are twofold: (i)
the misclassification of no progression into having progression class is
dominant in a couple of validation folds, and (ii) the dataset size is kind
of small (96 patients) while the involved attributes are diverse, which
can be considered as an indirect affect. In addition, it should be noted
that the performance of mean values is mainly discussed for further
ablation studies.

Especially, it is known that the Receiver Operating Characteristic
(ROC) and the associated AUROC metric are the highest-fidelity mea-
sures showing how well a model differentiates a patient experiencing
the DR development from those who do not undergo such progression.
Thus, corresponding plots of the three encountered strategies, i.e.,
EMR-DN, Tri-DN, and Tri-SDN, are further presented in Fig. 7a.

Obviously, comparison of mean ROC between the three strategies
illustrated in Fig. 7a proves the superior performance of the Tri-SDN
over the remaining two networks. From such observation, it can be
stated that the proposed Tri-SDN offers two advantages to leverage the
task of DR risk progression prediction, i.e., (i) taking into consideration
of meaningful depth-wise features extracted from fundus images, and
(ii) associating with SCBs for ease of training plus performance opti-
mization.

4.4.2. Ablation study for in-depth role of skip-connection mechanism

Previous experiment has shown the robustness of SDNs in co-
ordination with the cross-modal learning manner compared to the
conventional approaches. This sub-section further provides an in-depth
analysis of the contribution of particular SDNs at fundus image mod-
ality, EMR-based attributes modality, and concatenated features
learning stages to the final performance. Concretely, we deploy dif-
ferent strategies in three learning phases as follows

e SDD: one 2-SCB SDN is used to acquire features of fundus images,
the EMR-based and concatenated features learning phases are taken
over by two conventional DNNs of 5 and 10 layers, respectively.

e DSD: one 2-SCB SDN at the phase of learning EMR-based features,
the fundus-based and concatenated features learning phases are
taken over by two conventional DNNs of 5 and 10 layers, respec-
tively.

e DDS: one 4-SCB SDN at the phase of learning concatenated features,
the remainders are learned by conventional 5-layer DNNs.

e DSS: one conventional 5-layer DNN at the phase of learning fundus-
based features, the EMR-based and concatenated features learning
phases are taken over by 2-SCB and 4-SCB SDNs, respectively.

e SDS: one conventional 5-layer DNN at the phase of learning EMR-
based features, the fundus-based and concatenated features learning
phases are taken over by 2-SCB and 4-SCB SDNs, respectively.

e SSD: one conventional 10-layer DNN at the phase of learning con-
catenated features, the remainders are learned by 2-SCB SDNs.

Note that there are 256 and 128 hidden nodes in the 5-layer and 10-
layer DNNs, respectively, as default settings.

Consequently, the corresponding performance in terms of pre-
defined evaluation metrics and ROC is reported in Table 6 and Fig. 7b,
respectively. Regarding the in-depth role of skip-connection mechanism
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Fig. 7. Comparisons of Mean ROC between different strategies. (a) EMR-DN,
Tri-DN, and Tri-SDN. (b) SDD, DSD, DDS, DSS, SDS, SSD, and Tri-SDN. (c) using
EMR-based inputs having dimension of 34 and 24.

Table 6

Experiment 2 - Quantitative results of different strategies (i.e., SDD, DSD, DDS,
DSS, SDS, SSD, and Tri-SDN) for DR risk progression identification on the
benchmark dataset. Note that boldface numbers indicate the best performance
of corresponding metrics.

Strategy  Acc (%) Sen (%) Pre (%) Spe (%) AUROC (%)
SDD 86.5 + 08 912+ 13 867 =12 795+ 3.0 827 * 22
DSD 875+ 09 912 13 881 +13 821 +18 880 =*1.1
DDS 89.6 + 0.7 96.5 + 0.9 873 10 795+ 29 827 %29
DSS 885 + 0.8 912 13 897 £1.0 846 3.0 847 =15
SDS 875 + 0.7 91.2 =13 881 *10 821 +30 816 * 21
SSD 854 + 09 947 =10 831 +13 718 +31 860 =19
Tri-SDN  90.6 = 0.7 96.5 + 1.2 887 = 1.0 821 = 3.0 88.8 + 1.4
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Table 7

Experiment 3 - Quantitative results of different number of involved EMR-based
attributes for DR risk progression identification on the benchmark dataset. Note
that the proposed Tri-SDN is utilized in this experiment and boldface numbers
indicate the best performance of corresponding metrics.

Input Dim.  Acc (%) Sen (%) Pre (%) Spe (%) AUROC (%)
24 865+ 1.1 947 =11 844 +£15 744 £3.0 861 =14
34 90.6 +0.7 96.5+1.2 887 +1.0 821+3.0 88814

at the learning phases, it is noticeable that using SDN to acquire
meaningful features from EMR-based attributes is crucial for the high
recognition performance in terms of AUROC despite different number
of SDNs used in the proposed architecture. Particularly, the corre-
sponding strategies (i.e., DSD, DSS, and SSD) yield average AUROC of
86.2%, which is much higher than the value of 82.3% averaged from
AUROGC: of the remaining ones (i.e., SDD, DDS, and SDS). We argue that
the massive involvement of 22 risk factors makes the gradient signals
difficult to reach globally optimal target, which is then effectively
managed by the usage of SDN at this learning phase.

Furthermore, since a large number of layers should be used for
maximizing learning capability of concatenated features, additionally
utilizing SDN (i.e., DSS) results in impressive Pre (89.7%) and Spe
(84.6%). Finally, for an optimal all-round performance, we opt for
using SDNs in all learning phases of interest, a.k.a. Tri-SDN, and attain
best performance with higher Acc of 1.0-5.2%, Sen of up to 5.3%, and
especially AUROC of 0.8-7.2% in comparison with those of the six
strategies discussed in this experiment. Note that AUROC is the best
indicator of overall performance as mentioned before. Moreover, it can
be realized that the ROC of Tri-SDN represented in Fig. 7b mostly lies
on top of the rest.

4.4.3. Ablation study for different number of involved EMR-based attributes

The importance of SDN in particular and Tri-SDN in common has
been comprehensively studied in aforementioned experiments. To this
end, we further investigate how performance of the proposed deep
model is affected by fewer number of input EMR-based attributes. As
previously mentioned, the considered systemic risk factors can be di-
vided into two groups, i.e., (i) those with standalone values like Gender,
Insulin, HTN, baseline DR grade, Age, Duration, GC-IPL thickness, GC-
IPL thinning rate, CAN score, Mean velocity, and (ii) those having
baseline and follow-up values such as HbAlc, BUN, Cr, Chole, TG, HDL,
LDL, SBP, DBP, BMI, Microalbu, eGFR. Subsequently, we target to
compare the performance when using full set of chosen systemic at-
tributes (as done in earlier experiments) and only the latter group as
EMR-modality inputs of the proposed Tri-SDN. In other words, these
EMR-related inputs have dimensions of 34 and 24, respectively, while
the corresponding fundus-based ones remain unchanged.

From the obtained results exhibited in Table 7 and Fig. 7c, it is
undeniable that the utilization of all chosen systemic attributes, i.e., 34-
d EMR-based input vector, totally dominates the approach only using
the specified 12 risk factors in all measurements. This leads to the fact
that although the concerned attributes with standalone values seem to
be meaningless with respect to the risk progression of DR, its

Table 8
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Fig. 8. Comparisons of Mean ROC between the proposed Tri-SDN and the Fuzzy
Random Forest-based approach [29] that uses EMR-based attributes only. Note
that color print is recommended for fully visual representation of strategies’
ROC.

combination with the ones having both baseline and follow-up mea-
sures plays a critical role in the proposed architecture for achieving
optimal prediction performance. In short, it can be implied that the
standalone attributes and basis profile information of the DM patients
hold a significant importance besides the meaningful features under-
lying the fundus photography for efficiently identifying the risk pro-
gression of DR.

4.4.4. Performance comparison with state-of-the-art methods

Previously tested strategies have shown the effectiveness of the
proposed Tri-SDN. Accordingly, we further compare our bimodal
learning mechanism with the state-of-the-art methods exploiting single
modality for DR-related problems (i.e., using EMR-based attributes only
[29] and fundus photography only [35]) on our benchmark dataset.
Particularly, we apply fuzzy random forest (FRF) introduced in [29]
into the 34-d EMR-based input vector for predicting DR risk progres-
sion. Meanwhile, the 11-layer CNN proposed in [35] is adopted to
classify DR grades of the baseline and associated follow-up fundus
images, which can then be manually utilized for inferring the corre-
sponding DR progression status. Hence, the mean ROC and AUROC
metrics are not reported for this case. Finally, it is worth noting that the
compared methods in this sub-section are realized by our own im-
plementation with the same 10-fold cross validation procedure.

It can be perceived from Table 8 that the proposed method outper-
forms the compared ones by a large margin for all the evaluation metrics.
Furthermore, a significant difference between our Tri-SDN's mean ROC
and that of the FRF-based approach is demonstrated in Fig. 8. Obviously,
since the benchmark dataset size is quite small, the re-implemented ones,
especially the 11-layer CNN model, cannot optimally generalize useful
DR-related information. Moreover, it is also quite difficult for FRF to
handle such large number of EMR-based risk factors in our dataset. On the
other hand, by the bimodal-learning oriented approach, the proposed Tri-
SDN can effectively suppress the necessity of large-scale dataset con-
sideration while being able to seamlessly acquire comprehensive in-
formation from numerous systemic features.

Experiment 4 - Performance comparison with the state-of-the-art techniques on the benchmark dataset. Note that the boldface numbers indicate the best performance

of corresponding metrics in terms of DR risk progression identification.

Approach Acc (%) Sen (%) Pre (%) Spe (%) AUROC (%)
Fuzzy Random Forest [29] 781 = 1.6 84.2 = 2.1 80.0 = 1.2 69.2 = 3.0 80.3 = 1.8
11-layer CNN [35] 729 + 2.1 81.1 + 3.8 729 + 2.2 62.8 + 4.4 -

Tri-SDN 90.6 + 0.7 96.5 + 1.2 88.7 + 1.0 82.1 + 3.0 88.8 + 1.4
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Table 9
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Statistics of recognition performance in terms of different progression rates on specific baseline and follow-up DR grades. Note that baseline and follow-up categories
are linked by ‘-’ (dash) in ‘DR grades’ columns; ‘Correct Pred. Ratio’ stands for correct prediction ratio of a/b, where a and b are the number of correct and total

predictions, respectively.

No Progression

With Progression

One-level Progression

Two-level Progression

DR grades Correct Pred. Ratio DR grades Correct Pred. Ratio DR grades Correct Pred. Ratio
None-None 10/13 None-Mild 11/12 None-Moderate 3/3
Mild-Mild 13/ 15 Mild-Moderate 7/7 Mild-Severe 4/4
Moderate-Moderate 13/15 Moderate-Severe 22/23 Moderate-Proliferative 4/4

4.4.5. Discussion on the recognition performance in terms of different
progression rates on specific baseline and follow-up DR grades

In this section, we examine how well the proposed Tri-SDN per-
forms in terms of different progression rates on specific baseline and
follow-up DR grades by summarizing statistics of interest in Table 9.
Since all the baseline DR grades are either None, Mild, or Moderate as
shown in Table 3, the benchmark dataset introduces three scenarios of
baseline - follow-up DR progression levels: no progression (None-None,
Mild-Mild, and Moderate-Moderate); one-level progression (None-Mild,
Mild-Moderate, and Moderate-Severe); and two-level progression
(None-Moderate, Mild-Severe, and Moderate-Proliferative).

Obviously, the proposed approach can perfectly handle the cases of
two-level progression thanks to the distinctive difference of character-
istics between both baseline and follow-up fundus images as well as
EMR-based attributes. Meanwhile, the failures mainly occur in the re-
maining cases, especially the no-progression ones. It is argued that the
proposed Tri-SDN seems to be sensitive to some unexpectedly latent
properties which are unnecessary for the consideration of DR risk

Table 10
List of notations defined in Section 3.
Notation Meaning
Skip-Connection Block (SCB)

XeR! Input of SCB

{W, eR™4 b, e R} Parameters of 1° FC layer

H{ € R%X1 Activated features after 1° FC layer

{W,eR¥9, b,e R} Parameters of 2" FC layer

H,eR¥*! Output of 2™ FC layer

yeR¥! Output of SCB

Fundus Image Modality Learning

fv € RwWXxhxD Baseline feature map

fir € RwWXhxD Follow-up feature map

e Average response of d™" channel of fiv
or fi

&b € RP*1 Baseline feature vector

&€ RP*1 Follow-up feature vector

GeR*P*1 Concatenation feature vector

{W,eR?*’*d p, e R?P*1} Parameters of 1* FC layer in 2-SCB
network

{W,, € R%*d; b, e R%*1} Parameters of last FC layer in 2-SCB
network

fiar € R <1 DR-oriented fundus based feature
vector

EMR-based Attributes Modality Learning

f.€ R34x1 EMR-based feature vector

{W, € R®**%; b, e R¥*1} Parameters of 1% FC layer in 2-SCB
network

{W,. € R%*%2 b, Rdex1} Parameters of last FC layer in 2-SCB
network

foar € RI2X1 DR-oriented EMR based feature vector
Concatenated Features Learning

Concatenated feature vector
Parameters of 1% FC layer in 4-SCB
network

Parameters of last FC layer in 4-SCB
network

Parameters of the classification layer

frar € RUR1+dR2)x1
{Whs € Rn1+dn2)xdp;p, e R(dn1+dp2)x1}

{Whe e R9*dhx1;phe € RIn¥1}

{Wq R\ %bg € R <1}

10

progression. Thus, in order to alleviate such biases learning issue, it is
potential to additionally involve other retinal-based materials such as
Fluorescein Angiography (FA) and Optical Coherence Tomography
Angiography (OCTA) with the proposed combination mechanism,
which can generate a more stable bound of underlying conditions dis-
criminating between none and one-level progression.

5. Conclusion

This study introduced a bimodal learning approach using Trilogy of
Skip-connection Deep Networks for DR risk progression prediction.
Specifically, the proposed technique performed an efficient combina-
tion of two different modalities, i.e., fundus photography and EMR-
based numerical attributes, for thoroughly exploiting vital DR-oriented
information since it is hypothesized that fundus images carry latent
clinical representations of retinal vessel, microaneurysms, exudates,
hemorrhages, etc, which are not explicitly addressed in EMR. According
to the experimental results of various strategies, the involvement of
features extracted from color fundus images, the selective consideration
of typical EMR-based attributes along with the utilization of skip-con-
nection mechanism in the Tri-SDN improved the performance of DR
risk progression recognition significantly (in terms of well-known eva-
luation metrics like Acc, Sen, Pre, Spe, and AUROC). However, in order
to operate effectively, the proposed model requires full set of pre-spe-
cified fundus images and EMR-based attributes as desired inputs, which
heavily depends on affordability of a particular patient with respect to
all of the necessary clinical experiments.

In the future, we aim to additionally take into account underlying
context in other modalities of retinal image such as FA and OCTA by
using deep learning for enabling the DR-oriented computer-aided sys-
tems to assist the ophthalmologists more efficiently in terms of follow-
up scheduling and corresponding treatment plans decision.
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Summary table

Wh

What was already known on the topic:

Diabetic Retinopathy (DR) based complications and its progression
can be detected by either fundus photography or Electronic Medical
Records (EMR) based attributes.

Inspecting the changes of these multi-modal factors by time enables
the ophthalmologists to identify whether there is any risk progres-
sion of DR for setting up proper next-visit schedule and cost-effec-
tive treatment plans.

at this study added to our knowledge:

® An approach of bimodal learning that exhaustively utilizes both

baseline and follow-up information of retinal fundus images and
EMR-based attributes for identifying the DR risk progression.

e The Trilogy of Skip-connection Deep Networks that combines fea-

tures of different modalities (i.e., color images and numerical risk
factors) smoothly and effectively during training and testing pro-
cesses, respectively.

® The proposed bimodal learning method is able to suppress the ne-

cessity of large-scale fundus image dataset involvement and the
costly task of engineering most impactful EMR-based risk factors.
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