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Combining functional and morphological @
retinal vascular characteristics achieves high-
precision diagnosis of mild non-proliferative
diabetic retinopathy

Jinze Zhang'", Ke Ma'?, Zhongzhou Luo', Gengyuan Wang', Ziging Feng', Yuancong Huang', Keyi Fei',
Yushuang Liu', Honghui Xia®, Jin Yuan'" and Peng Xiao'"

Abstract

Background To explore the functional and morphological variations of retinal vessels in diabetes with no clinically
detectable retinopathy (NDR) and mild non-proliferative diabetic retinopathy (NPDR) and to establish a high-
performance mild NPDR diagnostic model.

Methods Normal subjects and type 2 diabetes patients with NDR and mild NPDR were recruited. Oxygen-saturation-
related functional parameter (optical density ratio ODR) and morphological characteristics (fractal dimension Dy,
vessel area rate VAR, mean vascular diameter D, vessel tortuosity 1) of different vascular areas were extracted with
single fundus photography and comprehensively analyzed among groups. An interpretable model combining marine
predator algorithm (MPA) and support vector machine (SVM) based on characteristic selection was proposed for mild
NPDR diagnosis.

Results A total of 91 NDR subjects, 75 mild NPDR subjects, and 111 sex- and age-matched normal controls

were analyzed. Increased main vessels ODR, while lower VAR of all areas except outer ring macula, lower D, of all
vessels and decreased T of all areas were associate with NDR (e.g. main vessels ODR: OR [95%Cl] 1.42[1.07-1.89],
full macula 1:0.53[0.38-0.74]). Increased ODR of all areas, higher D, of all areas except inner ring macula, increased
inner ring macula T, while decreased Dy of full and inner ring macula, lower VAR of all areas were associate with
mild NPDR (e.g. main vessels ODR:5.68[3.03-10.65], inner ring macula VAR: 0.48[0.33-0.69]). The MPA-SVM model
with selected characteristics obtained the best diagnosis performance (AUC:0.940+0.014; Accuracy:90.4 + 3.9%;
Sensitivity:89.2 +£6.4%; Specificity:91.3 +6.4%).
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Conclusions More significant retinal vascular variations are associate with the incidence of mild NPDR than NDR.
High-precision mild NPDR diagnosis is achieved combining the morphological and functional vascular characteristics

based on characteristic selection.

Keywords Diabetic retinopathy, Retinal vascular characteristics, Diagnosis modelling, Fundus photography

Introduction

Based on data from the International Diabetes Federation
(IDF), approximately 540 million people of working age
worldwide have diabetes (DM) in 2021, and that number
will rise to 780 million by 2045 [1]. Diabetic Retinopa-
thy (DR) is the most common complication of diabetes,
affecting at least one-third of the population with DM,
and can lead to blindness [2]. DR is divided into mild
non-proliferative diabetic retinopathy (NPDR), which
only shows fundus microaneurysms in the early stage,
and progresses to moderate and severe NPDR with the
increase of microaneurysms and hemorrhage. Once neo-
vascularization or vitreous hemorrhage occurs, it is con-
sidered as proliferative diabetic retinopathy (PDR), and
fundus photographs are utilized as a standard imaging
modality for this grading [3, 4]. Thus, fundus screening
is among the vital measures in the health management
of millions of people with DM since early detection and
timely treatment of DR can potentially prevent approxi-
mately 95% of DR-induced blindness [5].

However, the large population of DM patients and the
uneven distribution of medical resources, especially the
lack of qualified image graders, have posed great chal-
lenges for large-scale DR screening. This situation started
to be ameliorated with the clinical application of artifi-
cial intelligence (AI) [6]. Nowadays, various groups have
adopted machine learning or deep learning algorithms
in fundus image analysis for automated DR diagnosis
and grading, some of which have already been officially
approved for commercial use (such as iDx-DR in the
USA, Airdoc in China, Retmarker DR in the EU, etc.) [7,
8]. While the published robust diagnostic performance of
these Al-assisted DR detection systems are comparable
to medical experts with claimed sensitivity up to 90%,
they are mostly limited to detecting moderate and severe
NPDR and diabetic maculopathy, but either fail or have
low sensitivity of less than 80% when diagnosing mild
NPDR [9]. This is mainly due to the fact that most of the
feature-based algorithms focus on detecting DR lesions,
while these changes are rarely apparent in mild NPDR
[10].

Vascular endothelial dysfunction and hyperglycemia
caused by DM are critical factors of diabetic vascular
complications, which can lead to the early and persistent
changes in the morphology and function of blood vessels
[11]. With the help of the self-developed retinal vascular
intelligent analysis system, our team proposed the optical
density ratio (ODR), a parameter related to blood oxygen

function [12], and a variety of quantitative vascular mor-
phological features, such as fractal dimension, tortuosity,
vessel diameter, etc. have been proposed [13, 14]. Our
previous results show that significant changes in blood
oxygen function and morphological characteristics have
occurred in DM patients without clinical retinopathy
[12, 13]. Other observational prospective cohort stud-
ies have also concluded that abnormal changes of retinal
vascular tortuosity and fractal dimension are significantly
related to the progression of DR [15, 16]. Meanwhile,
hyperglycemia of DM has been proven to affect retinal
autoregulatory with increased blood flow and substan-
tially increased retinal oxygen consumption [17]. Several
coherent studies have further evaluated the retinal blood
oxygen saturation, which can be measured with fundus
oximetry, as one of the main functional changes in DM
patients and during DR progression [18, 19]. Thus, jointly
characterizing the detailed functional and morphologi-
cal changes in retinal blood vessels, which take place in
diabetes long before detectable DR lesions exist, would
potentially offer an alternative approach for more precise
early DR detection compared to lesion-based Al-assisted
systems.

In this study, we used fundus images to fully explore
the functional and morphological changes of retinal ves-
sels in diabetic and mild NPDR, and to establish a high-
performance early DR diagnostic model combining
retinal vascular morphological and functional character-
istics. Solely based on one traditional fundus image, both
the structural and oxygen saturation-related functional
variations of the subject’s retinal vascular network were
quantified using a customized retinal vasculature analy-
sis system. The characteristics of retinal vessels in normal
control group and diabetic groups, including no-clini-
cally detectable retinopathy (NDR) and mild NPDR were
comprehensively analyzed. An interpretable mild NPDR
diagnosis method was further proposed combining the
marine predator algorithm (MPA) and a machine learn-
ing algorithm for optimal characteristic subset selec-
tion and diagnosis modeling among the retinal vascular
characteristics.

Methods

Participants

This is a retrospective multicenter study with participants
from Zhongshan Ophthalmic Center, Guangzhou, China,
and 13 community hospitals in Zhaoqing City, Guang-
dong, China between 1 Jan. 2019 and 15 May 2021. The
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study has been approved by the Ethics Committee of
Zhongshan Ophthalmic Center, Sun Yat-sen University
(protocol number: 2017KYPJ104) and all procedures
were in line with the Helsinki Declaration.

This study has included 166 diabetic participants (91
with NDR and 75 with mild NPDR) who met the diabe-
tes diagnostic criteria of the American Diabetes Asso-
ciation [20], and 111 healthy normal subjects matched
in age and sex. All participants have undergone stan-
dardized ophthalmological examinations and a detailed
medical history screening. A commercial fundus cam-
era (RetiCam 3100, SYSEYE, China) was used to capture
color fundus photography. The classification of NDR and
mild NPDR is derived from case system records. Images
with poor image quality due to refractive media turbidity
were excluded. Patients with more than moderate NPDR,
PDR, diabetic macular edema (DME), other ocular dis-
eases, infections or trauma were also ruled out. Systemic
diseases that may affect oxygen saturation, such as hyper-
tension and pulmonary disease, were also excluded. The
above exclusion criteria are also applicable to normal

group.

Measurement of retinal vascular morphological and
functional characteristics

To obtain the quantitative functional and morphologi-
cal characteristics of the retinal vascular network, the
acquired fundus photograph of each subject centered on
the macula was selected and analyzed by our self-devel-
oped semi-automatic retinal vascular analysis system.
Details of the image processing procedures and param-
eter extraction can be referred to our former publications
[12-14]. In brief, as shown in Fig. 1, the fundus photos
are first processed by the deep learning algorithm, multi-
path recurrent U-Net network [21], to extract the bina-
rized vascular network (Fig. 1B), and the morphological
characteristics in the ETDRS area (Fig. 1C) are analyzed.
Then, the oxygen-sensitive and oxygen-insensitive chan-
nels corresponding to the red and green channels of
fundus photography (Fig. 1D, E) are separated, and the
obtained binary retinal vascular network is then com-
bined for further analysis of the retinal vascular blood
oxygen function information.

Morphological characteristics analysis module: First,
we used the multi-path recurrent U-Net network for vas-
cular network segmentation. Based on the segmented
vascular network and the ETDRS area, morphological
characteristics of the vessels were calculated, including
fractional dimension (Dy), vessel area ratio (VAR), mean
vessel diameter (D)) and tortuosity (1), more details of
which can be found in our previous publications [13,
14]. Dy is a statistic value of space-filling fractal degree
calculated with vessel skeletons, describing the vascular
network complexity. VAR is the area ratio of the vascular
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region in the region of interest (ROI). D, is the aver-
age diameter of all vessels in the ROIL. And 7 is a variable
used to describe the tortuosity of the segmented blood
vessels. The abovementioned morphological charac-
teristics were calculated for all vessels of the segmented
retinal vascular network, as well as for the full macula
area (6 mm diameter circle centered at the fovea center),
the outer ring (3—6 mm ring around the fovea) and the
inner ring (1-3 mm ring around the fovea) macula areas
respectively, referring to the ETDRS grid standard [22].
The innermost circle around the fovea is excluded for this
analysis as the central macular area has very few visible
vessels in fundus photographs.

Functional characteristics analysis module: Based
on the differences in absorption of light of different
wavelengths between oxygenated and deoxygenated
hemoglobin in blood [23], we calculated the oxygen-satu-
ration-related functional parameter, optical density ratio
(ODR), of retinal blood vessels with only one color fun-
dus image [12]. This is achieved by extracting the red and
green channels of the color fundus photograph, repre-
senting the oxygen-sensitive and oxygen-insensitive sig-
nals respectively. ODR is linearly correlated with blood
oxygen saturation [24, 25], defined as ODR=OD,4/
ODgcey where OD is the optical density of the reti-
nal vessels, calculated as the logarithm of the inner and
outer gray values of the segmented retinal vessels in the
extracted green and red image channels. Through the
superposition analysis of the binary retinal vascular net-
work with the morphological feature analysis module, the
ODR values of all blood vessels, main vessels and micro
vessels were extracted. Referring to the retinal oximetry,
the main vessels and micro vessels are distinguished by
the diameter of 6 pixels (1pixel=12.69 pm in this study)
[26].

Statistical analysis

To avoid the influence of binocular interaction, each
patient’s macula-centered fundus color photograph
from one eye was randomly selected for analysis. A
Kolmogorov-Smirnov test was conducted to assess the
normality of the data. Differences between groups were
compared using one-way analysis of variance (ANOVA)
or Kruskal-Wallis test or chi-square test. All p-values
were corrected using the Bonferroni’s post-hoc test. All
data were standardized. Univariate logistic regression
analysis was used for their association with NDR and
mild NPDR. The odds ratio (OR) and its 95% confidence
interval (CI) per 1-SD increase for each parameter were
calculated to measure the level of association. A p-value
of less than 0.05 was considered significant. Statistical
analysis was performed using SPSS 25.0 (SPSS Inc., Chi-
cago, IL, USA).
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Fig. 1 Image processing procedures. (A) Fundus photography (B) Binarized vascular network. C and D. Oxygen-sensitive and oxygen-insensitive signals.
E. ETDRS area of binary retinal vascular network. F. Retinal vessel segments map. G and H. Oxygen-sensitive and oxygen-insensitive channel of the vessel

segments map

Interpretable mild NPDR diagnosis modeling

The above calculated functional (3 characteristics) and
morphological (16 characteristics) characteristics of
the retinal vascular network were fused to form the all
characteristics group (19 characteristics in total) for
high-precision mild NPDR diagnosis modeling. For this
purpose, we applied an efficient method combining the

marine predator algorithm (MPA), a metaheuristic algo-
rithm with strong search performance for optimal char-
acteristics selection among the fused characteristic, and
a machine learning algorithm for distinguishing between
NDR and mild NPDR. Specifically, MPA was used for
searching characteristics subset and hyper characteristics
of the machine learning algorithm, while the machine
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learning algorithm was used for classification, and its cat-
egorization error is used to construct the fitness function
of MPA, thus simultaneously achieving the screening of
fused characteristics, optimization of hyper characteris-
tics and mild NPDR diagnosis. Details of the modeling
method implementation of MPA and machine learning
can be referred to our previous publication [27]. In this
manuscript, the support vector machine (SVM) with two
hyper characteristics (penalty factor and bandwidth of
radial basis function kernel) was applied as the machine
learning algorithm in the modeling process. A five-fold
cross-validation approach was applied to reliably assess
model performance, using accuracy, sensitivity, speci-
ficity and mean area under the receiver operating curve
(AUC) as model evaluation metrics. During the itera-
tion of feature selection and classification algorithms, the
diagnostic model was analyzed and automatically ranked
for 100 different feature combinations. The best model,
determined by the highest accuracy, was selected as the
final diagnostic performance. To validate the effective-
ness of combining functional and morphological char-
acteristics as well as the proposed algorithm of optimal
feature selection for mild NPDR diagnosis modeling, we
have compared the mild NPDR diagnosis model per-
formance based on the optimal selected characteristics
to that based on three different parameter groups, i.e.
functional, morphological and all characteristics without
feature selection. The modeling process of these three
parameter groups were set the same except that no char-
acteristic parameter selection procedure was performed.
Specifically, the hyper characteristics of the classifier with
better classification performance were optimized using
MPA, and then this classifier was used for mild NPDR
diagnosis with the same abovementioned performance
validation method and evaluation metrics. To investigate
the effect of the selected characteristics of the best mild
NPDR diagnosis model, a global interpretability investi-
gation was conducted by using SHapley Additive exPla-
nations (SHAP), a weighted explanatory method inspired
by Shapley values based on game theory [28], giving the

Table 1 Basic clinical information of participants

Normal DM p?
NDR mild NPDR
No, of subjects 111 91 75
Age, yrs. Mean (SD) 4838(7.71) 48.60(10.36) 50.64(859) 0.581
Median (Rang) 48.00 49.00 51.00
(35-65) (33-63) (30-70)
Sex, Male:; Female 55:56 48:43 43:32 0.579
Blood glucose, mmol/I. - 8.89(4.55) 9.56(4.17) NA
Mean (SD) 7.30 8.30
Median (Rang) (3.98-25.9) (3.50-31.60)

a: ANOVA or chi-square test between all groups. DM, diabetes mellitus; NDR,
no clinically detectable retinopathy; mild NPDR, non-proliferative diabetic
retinopathy; NA, not applicable
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feature importance and contribution ranking of all the
selected characteristics. Specifically, SHAP computes an
importance factor for each characteristic based on Shap-
ley values to quantify the influence of that characteristic
on a prediction, which is not model-specific and there-
fore can explain the results of any black-box model such
as the SVM. Hence, we used the SHAP library in Python
to achieve explainability of the mild NPDR diagnostic
model. Given that five models were built in the five-fold
cross-validation, we interpreted the classification model
with the best classification performance. The optimal
SVM model was explained using the kernel interpreter in
the SHAP library and using the summary plot of SHAP
to display the significance of all characteristics.

Software

Retinal vascular analysis system was implemented with
Pytorch. Image processing and analysis algorithm of the
system were developed based on Python 3.6 (Python
Software Foundation, Hampton, NH) with cv2 library.
The MPA-SVM algorithm for characteristic selection and
classification was run in Matlab 2022a (MathWorks Inc.,
Natick, MA, USA). Finally, the interpretable mild NPDR
diagnosis model was built on Python 3.6(Python Soft-
ware Foundation, Hampton, NH) with the SHAP library.
The image processor was a 2 18-core Intel Xeon Proces-
sor E5-2695 v4 2.10 GHz, 128 GB memory ECC REG
DDR4, 2400 MHz, 480 G 2.5-inch 6Gb enterprise-class
SSD; it supports heterogeneous accelerated parallel com-
puting and has a GPU computing power of 4x4.7 trillion
times per second.

Results

There was no significant difference in age and sex
between the NDR group (#=91, mean [SD] age 48.6
[10.4] years, 43 [47.3%] female) and mild NPDR group
(75, 50.6 [8.6], 32 [42.3%] female) and the healthy normal
group (111, 48.4 [7.7], 56 [50.5%] female). More details
about clinical information of participants are shown in
Table 1.

Analysis of retinal vascular characteristics among groups

The statistical comparison of the retinal vascular net-
work characteristics of different analyzed vascular areas
among groups are shown in Fig. 2. The specific charac-
teristics and corrected pvalues can be referred to the
Supplementary Table 1. From Normal to NDR and then
to mild NPDR group, the functional parameter ODR of
all vessels, main and micro vessels showed an increas-
ing trend continuously. All ODR were significantly
greater (p<0.001, respectively) in mild NPDR compared
to Normal group as well as NDR group, while the main
vessels ODR was greater (p<0.05) in NDR group com-
pared to Normal group significantly. The morphological
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Fig. 2 Statistical comparison of retinal vascular characteristics among the Normal, NDR and mild NPDR groups. ODR histograms represent the median,
and error bars indicate the interquartile range (IQR), the other histograms represent the average and error bars indicate standard deviation (SD). NDR, no
clinically detectable retinopathy; mild NPDR, non-proliferative diabetic retinopathy; ODR, optical density ratio; Dy, fractal dimension; VAR, vessel area rate;

D, mean vascular diameter; T, vessel tortuosity

characteristics showed more diverse changes. D of both
the full macula and inner ring macula in mild NPDR
group were lower compared to that in Normal (p<0.05,
respectively) and NDR (p<0.05, respectively) group. VAR
showed a decline trend from Normal to NDR and then
to mild NPDR group. In the mild NPDR group, VAR of

all the vascular areas were significantly lower compared
to both Normal group (p<0.001, respectively) and NDR
group (p<0.05, respectively). In the NDR group, VAR of
all vessels and inner ring macula were significantly lower
(p<0.01, respectively) compared to the Normal group.
The difference of D, was mainly manifested in all vessels,



Zhang et al. Journal of Translational Medicine (2024) 22:798

Table 2 Association between retinal vascular characteristics and
the incidence of NDR and mild NPDR
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Table 3 The diagnosis performance of mild NPDR with different
parameter combinations

Modeling characteristics Accuracy  Sensitivity Specificity

Normal-NDR NDR-mild NPDR

OR (95% Cl) Pvalue OR(95% Cl) Pvalue
Optical density ratio, ODR
All vessels 1.24(0.93-163) 0.138 340(2.16-536)  <0.001*
Main vessels 142 (1.07-189) 0.016* 568 (3.03-10.65) <0.001*
Micro 1.13(0.85-1.49) 0405 2.51(1.69-3.74) <0.001*
vessels
Fractal dimension, D¢
All vessels 1.23(0.93-163) 0.156 1.12(0.82-152) 0470
Full macula  1.11(0.84-1.46) 0478 0.65 (0.47-0.90) 0.006*
Outer ring 1.23(093-1.63) 0.155 0.77 (0.56-1.05) 0.097
macula
Inner ring 0.82(0.62-1.08) 0.158 0.56 (0.40-0.79) 0.001*
macula
Vessel area rate, VAR
All vessels 0.57(042-0.78) <0.001* 0.57(0.41-0.80) 0.001*
Full macula  0.73(0.55-0.97) 0.032* 0.56 (040-0.78)  0.001*
Outer ring 0.79(0.60-1.05) 0.110 0.63 (0.45-0.88) 0.006%
macula
Inner ring 0.57 (040-0.81)  0.002* 048(033-0.69)  <0.001*
macula
Mean vascular diameter, D,,,
All vessels 0.66(0.49-0.89)  0.006* 149 (1.08-2.05)  0.016*
Full macula  0.77 (0.55-1.09)  0.145 1.52(1.09-2.12) 0.013*
Outer ring 0.78 (0.54-1.12) 0.178 1.57(1.12-2.21) 0.009*
macula
Inner ring 0.90 (0.68-1.19) 0464 0.79 (0.56-1.10) 0.154
macula
Vessel tortuosity, T
All vessels 0.58(0.43-0.80) 0.001* 0.96 (0.70-1.30) 0.774
Full macula  0.53(0.38-0.74) <0.001* 1.17(086-159) 0313
Outer ring 0.64 (047-0.88)  0.006* 1.16 (0.84-1.59) 0.373
macula
Inner ring 0.66 (0.47-0.91) 0.011* 149 (1.05-2.10)  0.024*
macula

Univariates logistic regression of the associations between the retinal vascular
characteristics and the incidence of NDR and mild NPDR with age and sex
adjusted.

*:p<0.05.

it was significantly lower (p<0.05) in NDR group com-
pared to Normal group, but significantly higher (p <0.05)
in mild NPDR compared to NDR group. T of all areas
were significantly lower (p<0.05, respectively) in NDR
group compared to Normal group, while it of the full
vessels and full macula were significant lower (p<0.05,
respectively) in mild NPDR group compared to Normal

group.

Correlation of retinal vascular characteristics with the
incidence of NDR and mild NPDR

Table 2 presents the results of univariate logistic regres-
sion, indicating the relationships between retinal vascu-
lar characteristics and the incidence of NDR compared
to the Normal group, as well as mild NPDR compared to

703+14.0% 814+£12.8%
783£58% 80.9£148% 76.1+11.0%
855+13% 827+79% 88.1£64%

90.4+3.9% 89.2+6.4% 91.3+6.4%

Reliable evaluation of model performance by applying a five-fold cross-
validation approach

Morphological characteristics 76.5+3.1%
Functional characteristics
All characteristics
Selected characteristics

the NDR group. Generally, more retinal vascular charac-
teristics were found to be associated with the incidence
of mild NPDR compared to NDR. Increased main vessels
ODR (OR, 1.42; 95%CI, [1.07-1.89]; p=0.016), decreased
VAR of all areas except the outer ring macula (e.g. inner
ring macula: 0.57; [0.40—-0.81]; p<0.001), smaller all ves-
sels D,, (0.66; [0.49-0.89]; p=0.006), and decreased t of
all areas (e.g. full macula: 0.53; [0.38—0.74]; p<0.001)
were found to have significant associations with the inci-
dence of NDR. While increased ODR of all areas (e.g.
main vessels: 5.68; [3.03—-10.65]; p<0.001), larger D,
of all areas except the inner ring macula (e.g. outer ring
macula: 1.57; [1.12-2.21]; p=0.009), greater inner ring
macula T (1.49; [1.05-2.10]; 0=0.024), decreased Dy of full
macula (OR, 0.65; [0.47-0.90]; p=0.006) and inner ring
macula (0.56; [0.40-0.79]; p=0.001), lower VAR of all
areas (e.g. inner ring macula: 0.48; [0.33-0.69]; p<0.001)
were found significantly associated with the presence of
mild NPDR.

Performances of mild NPDR diagnosis models based on
retinal vascular characteristics

The classification results of 100 repeated runs of MPA-
SVM are shown in Supplementary Table 2. The model-
ing result with the highest average accuracy was selected
as the final diagnostic performance of the mild NPDR
diagnosis. As shown in Table 3; Fig. 3a, the MPA-SVM
modeling of mild NPDR diagnosis demonstrated bet-
ter performance based on the functional retinal vascu-
lar characteristics (3 parameters, AUC: 0.863+0.071;
accuracy: 78.31%5.8%; sensitivity: 80.9114.8%; speci-
ficity: 76.1£11.0%) than that based on the morpho-
logical retinal vascular characteristics (16 parameters,
AUC: 0.806%+0.030; accuracy: 76.5%+3.1%; sensitivity:
70.3%£14.0%; specificity: 81.4%£12.8%). Combining all
the morphological and functional characteristics, the
model achieved a diagnosis performance superior to
that solely based on either morphological or functional
characteristics (19 parameters, AUC: 0.904+0.034;
accuracy:85.5+1.3%; sensitivity:82.7+7.9%; specificity:
88.116.4%). By performing feature selection in the MPA-
SVM modeling using all the characteristics, the best
mild NPDR diagnosis performance (AUC: 0.940%0.014;
accuracy: 90.4+3.9%; sensitivity: 89.2+6.4%; specificity:
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Fig. 3 (a) ROC curves of mild NPDR diagnosis models based on different characteristic groups. (b) Interpretable importance plot of the selected charac-

teristics in the MPA-SVM model for mild NPDR diagnosis based on SHAP

91.3+6.4%) was obtained based on 13 selected functional
and morphological characteristics (Fig. 3b), in which the
top 5 characteristics in terms of importance were main
vessels ODR, all vessels ODR, inner ring macula VAR,
micro vessels ODR and all vessels VAR, containing all the
three extracted functional characteristics.

Discussion
In this study of DM patients with NDR and mild NPDR,
both the morphological and functional characteristics of
the retinal vascular network were thoroughly extracted
and quantified using a customized computational analy-
sis system solely based on a single traditional fundus
image. Retinal vascular changes were found to occur
already at the stage of NDR and more retinal vascular
characteristic variations, especially the oxygen-satura-
tion-related ODRs and VARs, were found to be signifi-
cantly associated with the incidence of mild NPDR rather
than NDR. On this basis, we demonstrated that combin-
ing both morphological and functional retinal vascular
characteristics showed improved discrimination ability of
mild NPDR from NDR compared to that based on either
morphological or functional characteristics. An interpre-
table high-performance mild NPDR diagnosis model was
further established based on the feature selection among
the morphological and functional retinal vascular char-
acteristics. Our findings offer a new path of precise early
DR screening with the concept of computational retinal
vascular network assessment in fundus photographs.

The comprehensive analysis results of retinal vascu-
lar changes in NDR and mild NPDR revealed that the
functional parameter ODRs mainly showed a sustained

increase with a more significant increase observed in
mild NPDR compared to NDR, indicating an exacerbated
oxygen saturation abnormality in retinal vessels as the
disease progressed. In DM patients, glycated hemoglobin
has a higher oxygen binding capacity [29], which could
explain the increased oxygen saturation levels in the NDR
group. In addition, in patients with DR, capillary nonper-
fusion and shunting may lead to uneven blood flow dis-
tribution, and impaired oxygen delivery from blood to
retinal tissue would further lead to additional increases
in oxygen saturation [30]. The subsequent compensatory
mechanisms of the body resulting from tissue hypoxia
increase the oxygen supply to the retinal vessels lead-
ing to even higher oxygen saturation levels in DR. While
higher retinal oxygen saturation has also been found in
former studies in more severe DR stages [18, 19, 31], our
results demonstrated that this alteration was already sig-
nificant in mild NPDR, which might be a potential influ-
ence mechanism of early DR development, and this was
supported by the more significant association between
oxygen-saturation-related retinal vascular characteristics
and the incidence of mild NPDR compare to NDR.

The changes of the retinal vascular morphology in
NDR and mild NPDR are diversified. More alterations
of vascular morphological characteristics, except ves-
sel tortuosity, were found to be associated with the inci-
dence of mild NPDR compared to NDR. The decrease
in macular fractal dimension in mild NPDR indicates a
reduced two-dimensional space-filling vascular complex-
ity that occurs in the microvascular area already during
early DR, which correlates with previous findings in DR
patients with type 2 diabetes as well as type 1 diabetes
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[16, 32, 33]. The direct mechanism associated with fractal
dimension alteration is complex due to there are cumula-
tive effects during the disease progression [16]. In other
words, the change of fractal dimension in different stages
of DR may be discontinuous, and the fractal dimension
of proliferative DR characterized by neovasculariza-
tion may increase. This may be the potential reason why
some studies have shown contradictory results [34, 35],
which requires more in-depth studies to explain. VAR
showed a sustained decrease in all VARs and was more
significant in mild NPDR compared to NDR. These
reductions in vascular density may result from the ves-
sel loss and the capillary non-perfusion due to the vas-
cular hemodynamics alterations in DM patients [30].
Lee et al. demonstrated that an increased capillary non-
perfusion area was associated with the occurrence of
DR by fluorescein angiography [36], and the same find-
ings were confirmed in an OCTA-based study [37]. It is
worth mentioning that the changes of the vascular fractal
dimension and vascular density in the inner macular ring
are more obvious and significant than those in the outer
macular ring, which indicates that the early morpho-
logical changes occur from microcapillaries. Significant
changes in blood vessel diameter are mainly observed in
all vessels in our study. Vascular endothelial dysfunction
in diabetes is mainly characterized by decreased endo-
thelium-dependent relaxation and/or enhanced endo-
thelium-dependent contractile function, so it will lead to
vasoconstriction throughout course of diabetes [38], and
the vessel diameter showed a decreasing trend in NDR.
However, in mild NPDR, the further increase in vascu-
lar diameter may be due to the damage of endothelium-
dependent vasodilation associated with the decrease of
endothelium-derived nitric oxide and/or the increase of
reactive oxygen species production [39, 40]. In addition,
increased retinal blood flow [41] and hyperglycemia-
mediated overactivation of protein kinase Cs [42] in DR
may also lead to vasodilation. The alterations of blood
vessel diameter in the macula area could also occur since
larger macular vessel diameter was found to be associ-
ated with the incidence of mild NPDR, but the observed
differences between groups were not obvious, which may
be due to the low image resolution of fundus photogra-
phy. The lower vessel tortuosity observed in NDR in our
study could be related to the straightening of blood ves-
sels caused also by vasoconstriction and vascular hypo-
perfusion [43, 44], which is weakened in the DR stage.
The increase of tortuosity in mild NPDR is related to tis-
sue hypoxia, endothelial dysfunction and the increase of
vascular endothelial growth factor [34, 45].

As a typical vascular complication of DM, the devel-
opment of DR is inevitably accompanied by abnormal
changes in retinal vascular functions [19, 31, 46], some
of which are actually direct causes of retinal vascular
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morphological variations. During the process of building
the diagnostic model of mild NPDR, the diagnosis per-
formance of the model using only 3 oxygen-saturation-
related functional characteristics was superior to that of
the model consisting of 16 morphological characteristics,
which further illustrates the irreplaceable role of oxygen-
related retinal vascular functional changes in the develop-
ment of mild NPDR. Combining both the morphological
and functional retinal vascular characteristics resulted in
improved discrimination ability of mild NPDR from NDR
as compared to that based on either characteristic group.
By incorporating the MPA and SVM algorithms, model-
ing features were selected and reduced to improve system
efficiency while obtaining the best mild NPDR diagnostic
performance (AUC: 0.94010.014, accuracy: 90.413.9%,
sensitivity: 89.2+6.4% and specificity: 91.3+6.4%). Com-
pared with other lesion-based Al-assisted DR diagnostic
methods [7, 9, 47-49], our diagnostic model is specifi-
cally designed for early DR diagnosis and achieves con-
siderable diagnostic efficiency, while our diagnostic
model uses well-defined retinal vascular characteristics,
which are more interpretable and solves the “black box”
problem of Al algorithms to a certain extent. Despite
this, the dataset included in this study is relatively small,
which may lead to overfitting and consequently affect the
model’s generalization capabilities. To address this limi-
tation, a five-fold cross-validation method was employed
to reduce the impact of the small dataset [50]. In future
work, we plan to incorporate more data to train the sys-
tem, thereby enhancing the model’s generalizability.

The limitations of this study include the use of a semi-
automatic analysis system with manual operation of the
functional and morphological parameter modules, and
the absence of differentiation between arterioles and
venules in retinal vessels, which could potentially offer
more detailed retinal vascular information and enable
more in-depth comparisons with external sources. Fully
automatic processing of retinal vascular characteristics
with arteriovenous differentiation is expected in our
future work. As the both the morphological character-
istics and functional ODRs are extracted based on tradi-
tional color fundus photograph, they are affected by the
fundus camera hardware limitations of two-dimensional
imaging with insufficient depth and relative low imag-
ing resolution. Only the larger retinal vessels in the inner
retina can be resolved in fundus images and subjected
to quantitative analysis, which limits the comprehen-
sive evaluation of the retinal vascular morphological and
oxygen-saturation-related functional characteristics in
three-dimensions, including the macular retinal capil-
laries. Since OCTA provides higher imaging resolution
and deeper imaging depth in three-dimensions, enabling
the observation and morphological analysis of smaller
and deeper layers of vascular structures, incorporating
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OCTA morphological parameters along with the oxy-
gen-saturation-related functional characteristics might
achieve more sensitive and effective diagnostic perfor-
mance. While consistent observation of retinal vascular
changes has been confirmed across imaging modalities
like fluorescein angiography and OCTA [36, 37], it might
worth further exploring the correlation between retinal
vascular parameters based on fundus color photography
and OCTA, which may support the feasibility of using
fundus color photography instead of OCTA examina-
tions in economically underdeveloped areas to help
improving the accessibility of early screening and evalu-
ation of mild NPDR and other retinal assessment in the
target population. Moreover, conducting a longitudinal
study to evaluate retinal vascular characteristic variations
over time would further strengthen the potential value
of our methods in the early detection of DR. The analy-
sis method proposed in this study also has a wide appli-
cation prospects in other retinal vascular-related ocular
and systemic diseases.

In conclusion, retinal vascular functional and mor-
phological characteristics are thoroughly characterized
solely based on one fundus photography. Retinal vascular
changes are found occurred already at the stage of NDR.
More significant vascular variations, especially the oxy-
gen-saturation-related ODRs and VARs, are found asso-
ciated with the incidence of mild NPDR than NDR. Joint
functional and morphological retinal vascular character-
istics modeling achieves better discrimination ability of
mild NPDR from NDR than either characteristic group.
High-precision diagnosis model is established with fea-
ture selection among all the vascular characteristics,
offering a robust tool for efficient early DR diagnosis that
can be used in clinical practice.
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