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Background: To explore the application of neural network models in artificial intelligence (AI)-aided
devices fitting for low vision patients.

Methods: The data of 836 visually impaired people were collected in southwestern Fujian from May 2014
to May 2017. After a full eye examination, 629 low vision patients were selected from this group. Based on
the visual functions, rehabilitation needs, and living quality scores of the selected patients, the professionals
chose assistive devices that were the best fit for the patients. The data of these three factors were then
subjected to the quantitative analysis, and the results were digitized and labeled. The final datasets were used
to train a fully connected deep neural networks to obtain an Al-aided model for assistive device fitting.
Results: In this study, the main causes of low vision in southwestern Fujian were congenital diseases,
among which congenital cataract was the most common. During the low vision Al-aided devices fitting, we
found that the intermediate distance magnifier was suitable for the largest number of patients. Through
quantitative analysis of the research results, it was found that Al-aided devices fitting was closely related to
visual function, rehabilitation needs and quality of life. If this complex relationship can be mapped into the
neural network model, Al-aided device fitting can be realized. We built a fully connected neural network
model for Al-aided device fitting. The input of the model was the characteristic data of low vision patients,
and the output was the forecast of suitable devices. When the threshold of the model was 0.4, the accuracy
was about 80% and the F1 value was about 0.31. This threshold can be used as the classification judgment
threshold of the model.

Conclusions: Low vision Al-aided device fitting is closely related to visual function, rehabilitation needs,
and quality of life scores. The neural network model based on full connection can achieve high accuracy in

Al-aided devices fitting. It has a great impact on clinical application.

Keywords: Low vision; neural network model; artificial intelligence-aided assistive device fitting (Al-aided

assistive device fitting)
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Introduction

There are about 1.3 billion visually impaired people
worldwide; however, only 10% of countries can provide
vision rehabilitation services (1). With an aging population,
it is expected that the number of visually impaired people
will increase over the coming decades (2,3). Although
China is one of the countries that can provide rehabilitation
services, 80 million visually impaired people are not able
to enjoy equal rehabilitation services due to a lack of
professional care, uneven levels of diagnosis and treatment,
and regional differences in economic conditions.
Computer-aided diagnosis technology is developing
rapidly, and deep learning neural networks are being applied
in multiple aspects of healthcare. Deep learning is able to
automatically identify the more in-depth and discriminatory
characteristics from data, and it can provide a scientific
method for the screening, diagnosis, and evaluation of
the therapeutic effects of various diseases in the clinic. It
is cutting-edge technology in medical data analysis (4).
In recent years, deep learning has made great progress,
owing to the continuous improvement of computing power
and the increase of available data, as well as the steady
advancements in deep learning models and algorithms. The
core of applying this new technology is in building a multi-
hidden layer neural network model, using a large number
of sample data for training, learning more accurate features,
and improving the accuracy of model prediction (5).
‘Traditional statistical methods do not sufficiently solve
the problems of artificial intelligence (Al)-aided assistive
device fitting. At present, there is no standardized Al-
aided device fitting model for clinical use (6). The Second
Affiliated Hospital of Fujian Medical University Visual
Impairment Rehabilitation Instruction Center is one of
the few clinics which have conducted an in-depth study on
the rehabilitation of low vision patients in China. In recent
years, this rehabilitation instruction center has provided a
device fitting to 500 low vision patients each year. However,
due to the large geographic area and the different levels
of social development, low vision rehabilitation led by the
China Disabled Persons Federation is often adopted by
an out-call device fitting in the countryside. According
to the distribution of low vision patients in southwestern
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Fujian, we adopted the rehabilitation mode of out-call
device fitting under the request of the Fujian Disabled
Persons Federation. The characteristics of this model were
as follows: (I) the patients were referred from the Town
Disabled Persons Federation, and the low vision device
fitting and rehabilitation propaganda were carried out in
one town every day. (II) The patients were accompanied
by their families, so they could fully understand the
quality of life questionnaire, express the rehabilitation
needs, and understand the fitting process. Several studies
had also confirmed that after obtaining the support of
family members, patients had better cooperation in the
fitting process and were more likely to continue using the
devices (7,8). (IIT) All the staffs had 5 years of low vision
rehabilitation experience and could solve patients’ problems
and meet technical needs. (IV) Patients passed through
to our institution from the disability federations and rural
government. This embodied the characteristics of low vision
screening and rehabilitation mode under the guidance of
the government. Therefore, in order to enable more low
vision patients to receive accurate and rapid rehabilitation
services, we adopted the out-call device fitting, in hopes
of implementing low vision rehabilitation in the vast rural
areas in China (9).

This paper conducted a quantitative analysis study
of the past 3 years on low vision patient device fitting in
southwestern Fujian. An Al-aided device fitting model
based on a neural network algorithm was constructed in
order to obtain a fitting model that is suitable for low vision
patients in all regions of the country.

Methods
Patients and data digitization

This study was approved by the Ethical Committee of the
Second Affiliated Hospital of Fujian Medical University.
After explaining the nature of the procedures fully, oral and
written informed consent was obtained from all patients.
The subjects were 836 visually impaired people (mean
age, 47.7+19.6 years; age range, 7-91 years) who had out-
call device fitting administered by the Second Affiliated
Hospital of Fujian Medical University Visual Impairment
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Table 1 Category of visual impartment

Presenting distance visual acuity

Category
Worse than Equal to or better than
0 - 0.3
1 0.3 0.1
2 0.1 0.05
3 0.05 0.02
4 0.02 Light perception
5 No light perception -
9 Undetermined or unspecified

Rehabilitation Instruction Center in southwestern Fujian
from May 2014 to May 2017. In total, 207 people were
excluded due to multiple disabilities, mental disorders, and
being beyond the low vision definition (Zzble 1). Finally, 629
patients (mean age, 46.1+19.92 years; age range, 8-72 years)
were selected.

The out-call device fitting described in this paper was
purchased by the government (welfare lottery project of
the Fujian Disabled Persons’ Federation); the examination
fees and application for all low vision devices were free.
According to the restrictions imposed by the project
requirements and funding, it was required that the
maximum subsidy for each low vision patient was less than
or equal to 2,000 RMB, and the number of devices obtained
by each patient totaled not more than five. We attempted
to provide device fitting based on the above premise and
also according to the patient’s visual function, rehabilitation
needs, and quality of life scores, so as to meet the needs of
low vision patients as much as possible.

The process of eye examination and device fitting
was as follows: the patients were accompanied by their
families to the out-call low vision device fitting clinic.
Ophthalmologists collected the personal medical history
and family history of the low vision patients in detail. Eye
position and eye movement were checked, and the anterior
and posterior segment of the eye was examined by slit-lamp
microscopy and direct retinoscope. The monocular and
binocular distant and near visual acuity were examined with
an Early Treatment Diabetic Retinopathy Study (ETDRS)
chart and standard logarithmic near visual acuity chart.
The visual acuity screener was used to check the refractive
status. The corrected visual acuity, central and peripheral
visual field, color vision, and contrast sensitivity were
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checked. The rehabilitation needs and quality of life scores
were collected by low vision therapists. Each patient was
fitted by two experienced ophthalmologists and low vision
therapists on the basis of the three factors of visual function,
rehabilitation needs and quality of life scores (10). The
results of each patient were recorded in detail.

The visual function (including the best-corrected visual
acuity in better eye, central and peripheral visual field, color
vision, contrast sensitivity), rehabilitation needs, and quality
of life scores were digitally labeled, and these data were
used in the training of the fully connected neural network
model to obtain an Al-aided assistive device fitting model.
According to the twelve o’clock position method, the one
o’clock position of the central visual field defect represented
a decrease of 1/12, the normal visual field value was defined
as 1, and the visual field damage was converted in order.
According to the visual field arc measurement method, the
ratio of the defect area to the total visual field was converted
into a specific value. Normal color vision was defined as 1,
weak color was 0.8, color blindness was 0.5, and complete
color blindness was 0. According to the results of contrast
sensitivity of the MARS chart, normal contrast sensitivity
(>1.5) was defined as 1, mild defect (1.04-1.48) as 2, severe
defect (0.52-1.0) as 3, and depth defect (<0.48) as 4. For
the rehabilitation needs factor, having distance needs were
defined as 1, having near needs were defined as 2, having
both distance and near needs was defined as 3, and having
no needs was defined as 0.

Visualizing the database

R (version 3.6.1) was used to call the “circlize” package to
visualize the database (Figure I).

Neural network construction

The main objective of the experiment was to construct a
neural network model using the characteristic data of low
vision patients (including visual function, rehabilitation
needs, and quality of life score) with the corresponding data
of device fitting, and to discover the relationship between
them (11). According to the patient’s characteristic data, the
model can predict the low vision device fitting information.
For each patient, there were one or more adaptive device
options, so the neural network model actually solved the
problem of multi-label classification (12).

In this experiment, we constructed a fully connected
neural network model with four hidden layers. The input of
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Figure 2 Model architecture.

the model was the feature data of the low vision patients (13).
Eight feature parameters were considered, so the input
dimension of the model for each patient was 8. There
were 11 types of low vision devices, and the model needed
to calculate the adaptation probability for each one, so
the output dimension of the model was 11. The concrete
structure of the model was described below (Figure 2):

A total of 629 samples were used in this experiment, 529
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Hidden layers

.——>Y10
.——>y11

Output layers

samples were used for model training, 50 samples were used
for validation of the model, and 50 samples were used for
performance testing. Based on the predicted results of the
model, we classified the result by setting the threshold. The

judgment formula was as follows:

0, yi <threshold
y, = [1]

1, yi > threshold
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Table 2 The proportion of devices Table 4 The leading causes of visual impairment
Devices The number of Percentage Cause The number of Percentage
devices patients

4X monocular telescope 80 6.7 Congenital cataract 121 19.2

6X monocular telescope 37 3.1 Nystagmus 87 13.8

Intermediate distance magnifier 238 19.8 Congenital glaucoma 72 11.4

'P-EVES 167 13.9 Corneal degeneration 68 10.8

Stand magnifier 48 4.0 Retinopathy of prematurity 59 9.4

Hand magnifier 142 11.8 Optic atrophy 54 8.6

Spectacle magnifier 37 3.1 High myopia 49 7.8

Chest magnifier 61 5.1 TAMD 40 6.4

Filter 137 114 Leber congenital amaurosis 23 3.7

Listening machine 181 15.1 Retin pigmentosa 13 21

Cane 73 6.1 Albinism 13 2.1

Total 1,201 100 Congenital aniridia 10 1.6

T, P-EVES: portable electronic vision enhancement systems. Congenital microphthalmia 8 1.3
Cone dystrophy 7 1.1

Table 3 The number of devices obtained by patients Lens subluxation 5 0.8

Number of devices ~ Number of patients Percentage Total 629 100

< 447 711 T, AMD: age-related macular degeneration.

=3 182 28.9

Total 629 100 two low vision devices, other 182 (28.9%) patients obtained

where y; was the classified value from the output vector,
and the threshold was the given threshold value. It can be
found from the above formula that Yi was derived from
any element in the model output vector of 11 dimensions
(low vision device type), the element less than the threshold
value was assigned as 0 (indicating that the corresponding
device was not suitable), and the element greater than or
equal to the threshold value was assigned as 1 (indicating
that the corresponding device was suitable) (14).

Results

Data distribution

Among the 629 patients, 400 (63.59%) were male. The age
range of the study population was between 8 and 72 years,
with a mean of 46.1+19.92 years. The proportion of various
low vision devices was shown in 7iable 2. Four hundred and
forty-seven (71.1%) patients received less than or equal to
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greater than or equal to three low vision devices, and less
than or equal to five low vision devices, as shown in Table 3.
43.21% of participants had moderate visual impairment,
26.54% had severe visual impairment, and 19.75% were
blind. The leading causes of visual impairment were shown
in Table 4. The frequently prescribed low vision devices
were shown in Figure 1. The leading causes of visual
impairment was consistent with some Chinese surveys (15).
The relationship between vision category and low vision
quality of life was shown in Zable 5.

Statistical analysis

To keep the model from overfitting, we set validation
samples to compare with training samples for the
performance of model loss and accuracy. There were 15
epochs during the model training. The average loss value
on validation samples was 0.44, while it was 0.31 on training
samples in the last epoch. The accuracy value on validation
samples was 0.81, while it was 0.85 on training samples in
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Table 5 The relationship between level of visual impairment and
quality of life scores

Level of visual The number of  Quality of life scores

impairment patients

5 7 48.8
4 78 51.9
3 106 65.4
2 143 721

1 148 85.62
0 147 92.15

T, Level of visual impairment: based on Table 1.

Model loss
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Figure 3 Model loss curve comparison.
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Figure 4 Model accuracy curve comparison.

the last epoch. The loss comparison curve and accuracy
comparison curve of the training samples and validation
samples in each training epoch were as follows (Figures 3,4):

The accuracy, precision, recall and F1 value of the model
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model.

performance in the test dataset with different threshold
values were shown in Figure 5.

The meanings of the above curves (Figure 5) were as
follows:

Assume that N_tt was the number of positive results both
in the test data and predicted data, N_tf was the number
of positive results in the test data while they were negative
in predicted data, N_ff was the number of negative results
both in the test data and predicted data, and N_ft was the
number of negative results in the test data while they were
positive in the predicted data.

P value (precision) was the proportion of positive
identifications which was actually correct. In our paper, it
represented the proportion of the patients that need for
assistant adaptation predicted by the model were actually
correct, but it did not mean that the higher the P value was,
the better the result. We still need to consider about the R
value. The value P was defined as follows:

N,

123

:Ntt+Nﬁ [2]

R value (recall rate) was the proportion of actual positives
that were identified correctly among all the actual positives.
In our paper, it represented the proportion of the patients
that actually need for assistant adaptation were predicted
correctly by the model, but it did not mean that the higher
the R value was, the better the result. We still needed to
consider about the P value. The value R was defined as
follows:

N,

— it

N,+N, (3]
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The F1 value was calculated from the P value and R
value by the following formula:

_ PR
P+R

F1 (4]

Value A (accuracy) was considered the comprehensive
performance of the model in a positive result and negative
result, and was defined as follows:

4 N,+N,
N, +N,+N,+N, [5]

In the real fitting scene, we focused on the model
performance in the positive result, but the model
performance on the negative result was also very important.
Therefore, we selected accuracy as the main evaluation
criterion for model performance and F1 value as the
auxiliary evaluation criterion (16).

By constructing a fully connected neural network model
with four hidden layers, the input of the model was the
characteristic data of low vision patients, and the output was
the prediction of suitable devices. When the classification
threshold of the model was 0.4, the accuracy was about
80%, and the F1 value was about 0.31. This threshold
could be used as the classification judgment threshold of the
model.

Discussion

There are about 1.3 billion visually impaired people in the
world (1). Limited by the number of professionals and the
uneven level of diagnosis and treatment, about 80 million
people with visual impairment cannot enjoy rehabilitation
services. The out-call method which is led by the China
Disabled Persons Federation, can help more low vision
patients receive professional device fitting. The main
causes of low vision in southwestern Fujian are congenital
diseases, the most common of which is congenital cataract.
Other common causes include nystagmus, optic nerve
atrophy, corneal degeneration, retinopathy of prematurity,
etc. The causes are consistent with the relevant Chinese
report (17) but are different from a few other developing
countries, which shows that the level of ophthalmology and
the prevention of congenital eye diseases are improving in
China (18).

Like in the rehabilitation of disabilities, low vision
rehabilitation is designed to improve patients’ self-care
ability and quality of life, with device fitting being one of
the most common forms of rehabilitation (19). Compared
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with other study’s which studied mostly young, visually
impaired people, our study concentrated on middle-aged
and elderly people from rural areas who had low education
level and reading ability (20). Throughout the entire low
vision device fitting process (including intermediate distance
magnifier, portable electronic vision enhancement
systems, 4x and 6x monocular telescope, hand magnifier,
chest magnifier, stand magnifier, spectacle magnifier,
filters, listening machine, cane), we found that the
intermediate distance magnifier was suitable for the largest
number of patients, while listening machine was the second
most common. In contrast, the studies from other countries
showed the highest acceptance for closed-circuit television
(CCTV), and that telescope had low acceptance (21).
The possible reason for this was that the majority of low
vision patients from economically developing rural areas
have no strong demand for reading and learning, but
mainly for watching TV and listening. Therefore, it was
necessary to further improve the quality of low vision
patients in rural areas of China. Due to the low price and
high popularity of smartphones in China, the electronic
devices can be replaced by the magnifying function of
smartphones™ applications; thus, the fitting rate of electronic
devices was not as high as before. Detailed visual function
examination and the assessment of patients’ rehabilitation
needs are critical for fitting the device. The selection of
devices should proceed from simple to complex and from
cheap to expensive (22). Therefore, the age, educational
and economic level of patients should be considered as
influencing factors of devices fitting (23).

With the aggravation of visual impairment, the mean
score of quality of life decreases, indicating that the severity
of visual impairment affects the quality of life (15). This is
consistent with Gao ez al.’s research. The aim of low vision
rehabilitation is to improve the ability of low vision patients
to use their residual visual function by fitting devices and
carrying out appropriate visual rehabilitation training, so as
to improve their ability to overcome difficulties in daily life
and work. Given this, device fitting plays an important role
in low vision rehabilitation (24). In contrast, with traditional
low vision rehabilitation, Shuttleworth ez /. (25) reported
that it was worthwhile to implement comprehensive low
vision rehabilitation, which focuses on the training of using
devices for low vision patients. Shuttleworth et 4.’s study
indicated that the patients with lower quality of life, lower
rehabilitation needs, and worse visual acuity have fewer
types of devices to choose from. This result is consistent
with the research by Dougherty e /. (26) and Rosenbloom
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et al. (27), they assert that the device fitting outcomes are
determined by patients’ visual function, rehabilitation
needs, and quality of life. Therefore, the usage of devices
and comprehensive rehabilitation training can improve the
quality of the patients’ lives (28). Additionally, the score of
the Low Vision Quality of Life Questionnaire can also be
used as a supplement to the visual function examination and
rehabilitation needs (29) of patients, and, with psychological
factors also greatly affecting the score, we should therefore
also fully consider the mental health of patients (30).

Thus far, the research related to Al-aided device fitting
for low vision patients has only used statistical models and
to predict fitting results, but its reliability for clinical use
has been negatively perceived (6). Most of the research on
the low vision device fitting in China has focused on the
rehabilitation work in big cities, so there is a lack of research
on the larger rural areas. The working method of low vision
rehabilitation is not mature in China, and our out-call
device fitting model is conducive to the development of low
vision rehabilitation in the vast rural areas of China (26).
The research on the prediction model of Al-aided device
fitting is helpful to explore the implementation of low vision
rehabilitation programs in China. The out-call low vision
device fitting program of the Second Affiliated Hospital of
Fujian Medical University Visual Impairment Rehabilitation
Instruction Center_is in line with the policies of the
Disabled Persons’ Federation of China and the cultural
characteristics of China, and can thus lay a foundation for
exploring of big data analysis in the Al-aided device fitting.

We constructed an Al-aided device fitting prediction
model for low vision patients and used the neural network
model to mine the associations between the attributes
of the dataset, especially the correlation between the
visual function, rehabilitation needs and device fitting.
The prescription is a customized process; however,
ophthalmologists can accurately prescribe prescriptions
through the characteristics of patients, which is very
important for the fitting (7). Devices fitting is thus actually
an approximation problem. The individual’s fitting data
gives the value of the function at some point, and the
neural network can approximate the function by learning,
which provides theoretical support for the Al-aided device
fitting (8). At the same time, the parameters which defined
the neural network will be determined by the dataset. We
collected considerable patient data from previous fittings
that can be used to train this neural network model for
finding the appropriate parameters (31). By constructing
a fully connected neural network model, the 629 collected
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samples were iteratively trained, validated and tested.
The training experiments showed that about 80% of the
prediction accuracy and F1 value (about 0.31) were obtained
on the test dataset when we set the classification threshold
to be 0.4. The model had preliminary clinical application
value.

The prediction accuracy of the model can be improved
by increasing the amount of training dataset and consider
more influencing factors for input into the model. The
limitation of our research is that the validation of the model
was based on a small sample rather than a prospective
cohort study in the clinic.

Series studies (32) have shown the influencing factors
related to the International Classification of Functioning
(ICF) evaluation: the factors related to ICF affected low
vision device fitting (33). Therefore, in terms of model
input values, ICF assessment (34) should be regarded as the
best match between person and devices (35). To improve
the model in the future, we will take the ICF evaluation
report as the input value of the model while expanding the
sample quantity. In the future, our model can be applied
to Al-aided devices fitting through comprehensive and
scientific visual function examination and combined with
patients’ private rehabilitation needs. This model can
solve the problems of regional disequilibrium and uneven
technological development in Chinese low vision device
fitting.

Conclusions

In conclusion, based on the correlation between visual
function, rehabilitation needs, quality of life scores and
device fitting, we initially constructed a neural network
model that can be used for Al-aided device fitting in low
vision patients. In the future, as the number of patients’
data increases, the accuracy of this model and the clinic
application value will be further improved.
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