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Purpose: We predict the likelihood of a future motor vehicle collision (MVC) from
visual function data, attitudes to driving, and past MVC history using the penalized
support vector machine (pSVM) in subjects with primary open-angle glaucoma
(POAG).

Methods: Patients with POAG were screened prospectively for eligibility and 185
were analyzed in this study. Self-reported MVCs of all participants were recorded for 3
years from the baseline using a survey questionnaire every 12 months. A binocular
integrated visual field (IVF) was calculated for each patient by merging a patient’s
monocular Humphrey Field Analyzer (HFA) visual fields (VFs). The IVF was divided into
six regions, based on eccentricity and the right or left hemifield, and the average of
the total deviation (TD) values in each of these six areas was calculated. Then, the
future MVCs were predicted using various variables, including age, sex, 63 variables of
52 TD values, mean of the TD values, visual acuities (VAs), six sector average TDs with
(predpenSVM_all) and without (predpenSVM_basic) the attitudes in driving, and also past
MVC history, using the pSVM method, applying the leave-one-out cross validation.

Results: The relationship between predpenSVM_basic and the future MVC approached
significance (odds ratio ¼ 1.15, [0.99–1.29], P ¼ 0.064, logistic regression). A
significant relationship was observed between predpenSVM_all and the future MVC
(odds ratio = 1.21, P ¼ 0.0015).

Conclusions: It was useful to predict future MVCs in patients with POAG using visual
function metrics, patients’ attitudes to driving, and past MVC history, using the pSVM.

Translational Relevance: Careful consideration is needed when predicting future
MVCs in POAG patients using visual function, and without driving attitude and MVC
history.

Motor vehicle collisions (MVCs) are an incredibly

serious public health problem. More than 30,000

people were killed in MVCs in the United States in

2013 alone (data available in the public domain at

http://www-fars.nhtsa.dot.gov/Main/index.aspx),

while 4113 people were killed in MVCs in Japan last

year (data available in the public domain at http://

www.jtsa.or.jp/topics/T-254.html). Driving clearly is

a vision-related task, so most developed countries

have implemented vision screening systems to deter-
mine drivers’ fitness to drive.1

Glaucoma is a disease characterized by progressive
retinal ganglion cell loss with concomitant peripheral
visual field (VF) damage, which usually proceeds to
central VF impairment and visual acuity (VA) loss.2 It
is the second leading cause of blindness in the world.2

Aging is a significant risk factor for progression and
onset of the disease.3 Thus, in an aging society, the
number of glaucoma patients worldwide is growing
and estimated to be 111.8 million in 2040;4 conse-
quently, the number of drivers with glaucomatous VF
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defects will increase. However, to date, the association
between glaucomatous VF defects and MVCs remains
unclear, and there is no agreed method to predict
glaucoma patients’ risk of MVC.

We have reported previously that the relationship
between VF damage and MVCs is weak and not
straightforward to measure,5 because patients with
VF defects may try to drive more carefully. As a
result, any impairment to the patient’s visual
function could be compensated by their driving
behavior.5 In addition, previous studies have shown
that other factors, such as history of MVC, age,6,7

sex,8 diabetes,9 body mass index (BMI),8 and the use
of sleeping drugs,10,11 can influence the risk of a
MVC.

In the current study, we developed a model to
predict the risk of MVC using patients’ VFs, VAs,
self-reported assessment of driving behavior, and
previous MVC history. As these variables are closely
intercorrelated, we used a machine learning method to
predict risk, namely the support vector machine
(SVM), which has been applied to many research
fields, including ophthalmology.12 In particular, we
presented the penalized SVM (pSVM), which is a
hybrid of the SVM and a variable selection method,13

and can improve prediction accuracy. Thus, obtaining
self-reported MVC records longitudinally (annually),
the purpose of the current study was to investigate the
usefulness of the pSVM method to predict future
MVC from visual function data, driving behavior,
and past MVC history.

Method

This study’s procedures conformed to the tenets of
the Declaration of Helsinki and to national (Japa-
nese) and institutional (Keio University School of
Medicine) regulations. The study was approved by the
Ethics Committee of the Keio University School of
Medicine (#2010293). All study subjects gave in-
formed, written consent before being enrolled.

Subjects

This was a prospective observational study.
Japanese patients between 40 and 85 years of age
who visited Keio University Hospital (Tokyo, Japan),
the Iidabashi Eye Clinic (Tokyo, Japan), or the
Tanabe Eye Clinic (Yamanashi, Japan) between
May 1, 2011 and November 30, 2011 were screened
for eligibility.

Baseline Evaluation of Subjects with
Glaucoma

Patients with glaucoma were screened consecutive-
ly for eligibility using a battery of ophthalmic
examinations, including slit-lamp biomicroscopy,
funduscopy, gonioscopy, intraocular pressure mea-
surements by Goldmann applanation tonometry, and
VF examination with a Humphrey VF analyzer
(HFA) and the 24-2 Swedish Interactive Threshold
Algorithm Standard Strategy (Carl Zeiss Meditec,
Dublin, CA). The findings were analyzed by two of us
(TS and KY), both of whom subspecialize in
glaucoma. The reliability of VF measurements was
confirmed to be high with tests required to have less
than a 20% fixation loss rate and less than a 15%
false-positive rate.14

Diagnostic Criteria for Primary Open-Angle
Glaucoma (POAG)

POAG was diagnosed when three findings were
present: (1) glaucomatous optic cupping, represented
by notch formation, generalized cup enlargement, a
senile sclerotic or myopic disc, or nerve fiber layer
defects; (2) glaucomatous VF defects, defined accord-
ing to the criteria of Anderson and Patella15 (a cluster
of 3 or more points in the pattern deviation plot
within a single hemifield [superior or inferior] with a P
value ,5%, one of which must have a P value ,1%) ;
and (3) an open angle observed on gonioscopy.

Exclusion Criteria

Subjects were excluded if they had an ophthalmo-
logic disease other than POAG that could potentially
compromise VA or contribute to VF loss. Subjects
also were excluded if they had a decimal best-
corrected VA (BCVA) of less than 0.7 in either eye,
if they did not have a driver’s license or drove 1 km or
less per week, or had a mental disorder that prevented
them from understanding the questionnaire. Of the
431 consecutive POAG patients screened, 204 were
excluded. The reasons for excluding subjects were
refusal to participate (3 patients), dementia (2),
posterior retinal detachment (20), diabetic retinopa-
thy (21), bullous keratopathy (2), age-related macular
degeneration (5), other ocular disease (7), never had a
driver’s license (73), had already returned their
driver’s license (15), and drive less than 1 km per
week (56). Consequently, 227 POAG patients were
included in this prospective study.

2 TVST j 2017 j Vol. 6 j No. 3 j Article 14

Yuki et al.



Baseline Questionnaire of Motor Vehicle
Collisions and Driving Behavior

All study participants answered the following
questionnaire in Japanese (translated) at baseline
ophthalmic examination:

1. Do you have a driver’s license? (Yes/No/
Previously)

2. How long have you driven/did you drive a car?
(__years)

3. How many kilometers per week do you normally
drive? (__km)

4. Have you been involved in one or more traffic
accidents in the past 5 years, including a single-
car or minor accident including a slight scratch
or dent, in which you were driving the car? (Yes/
No)

5. How many traffic accidents have you ever been
involved in, in the past 5 years? (__)

6. Circle any of the following driving situations
that you try to avoid: at night, in rain, in fog, on
freeways, lane changing, high speed driving,
close to the car in front.

These questions were modified from the Driving
Habits Questionnaire (DHQ).16,17

7. Have you ever failed to see the stop signal? (Yes/
No)

8. Are you aware of your VF defect when you
drive? (Yes/No)

9. Do you have difficulty driving because of
glaucoma? (Yes/No)

Demographic information recorded for all subjects
included age, sex, height, weight, alcohol intake (yes/
no), smoking history (yes/no/previous), current and
previous illnesses (e.g., systemic hypertension [HT],
diabetes mellitus [DM]), and medical history, includ-
ing oral medications, such as sleeping aids or
sedatives, and anti-HT drugs.

Follow-up Questionnaire of MVCs

All study participants answered the following
questionnaires in Japanese (translated) every 12 6 1
months after the baseline interview:

1. Do you have a driver’s license? (Yes/No/
Previously)

2. How many kilometers per week do you normally
drive? (__km)

3. Have you been involved in one or more traffic
accidents in the past 1 year, including a single-

car or minor accident, in which you were driving
the car? (Yes/No)

Subjects who answered ‘‘Yes’’ to Question 3 were
defined as subjects with an incidence of MVCs.

Integrated Binocular Visual Field (IVF)

A binocular IVF was calculated for each patient by
merging a patient’s monocular HFA VFs, using the
‘‘best sensitivity’’ method, where the IVF total
deviation (TD) at each point was calculated using
the maximum TD (mTD; least negative) value from
each of the two overlapping points, as if the subject
was viewing the field binocularly.18 The IVF mTD
was calculated as the mean of 52 TD values across the
VF. We were unable to obtain IVF data for 8 POAG
subjects, and these were excluded from the following
analyses. The IVF was divided into six regions, based
on eccentricity and superior/inferior or right/left
hemifields, as shown in Figure 1. Then, the average
of the TD values in each of these six areas was
calculated (mTDsup-right, mTDsup-left, mTDsup-center,
mTDinf-right, mTDinf-left, mTDinf-center).

Statistical Analysis

For pSVM, an SVM constructs a ‘‘hyperplane’’
onto which each variable is projected. The hyperplane
gives the largest separation margin between two
classes, using the kernel function. This allows a linear
separation to a nonlinear classification problem,
which generally results in better discrimination
performance.19 Classification by SVM has been used
widely and is one of the most powerful supervised

Figure 1. Six visual field sectors. The IVF was divided into six
regions, using eccentricity and hemifield position; the average of
the TD values in each area was calculated.
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classification techniques, especially for high-dimen-
sion data. It has been shown that classification can be
improved further by combining the SVM approach
with variable selection methods.13 Variable selection
is the process of selecting a subset of relevant
variables or features to be used in a model, thereby
avoiding the over-fitting problem.20 We recently
reported the usefulness of this approach in analyzing
clinical glaucoma VF data.21,22 In the variable
selection approach, the sum of the absolute values
of the regression coefficients is constrained or
penalized. The elastic net is one particular variable
selection method that can be combined with the SVM
approach.23 Given P predictors x1,..., xp and where ŷ
is the predicted value of the response y:

ŷ ¼ b̂
0
þ x1b̂1 þ x1b̂1 þ :::þ xpb̂p

a model fitting procedure produces the vector of
coefficients b̂ ¼ ðb̂0; b̂1; b̂2:::b̂pÞ: In the elastic net,
these estimates are defined as:20

b̂ ¼ argminbðk y� xbk2 þ k2 k bk2 þ k1 k bk1
Thus, pSVM combines the merits of the SVM
approach and the elastic net variable selection
method.24 Put simply, a penalty is applied to the
independent variables when they are projected onto a
hyperplane in the SVM model.25,26

The pSVM method, with a Gaussian RBF kernel,
was used to predict future MVCs, using the 84
independent variables shown in Table 1, including
better and worse VAs, the 52 TD values, the six
sectorial average TD values, driving attitude, past
history of MVCs, HT status, DM status, use of anti-
HT drugs, smoking habits, alcohol intake, years with
driving license, distance driven per week, BMI, and
use of sleep aid/sedatives. This pSVM model is
denoted, predpenSVM_all. We also fitted a standard
SVM model (without variable selection) and denote
this model, predSVM. As the dataset is unbalanced
with respect to the measured outcome (merely 28
patients experienced a MVC on self-report [‘‘MVCþ’’
group], while 157 patients did not [‘‘MVC�’’ group]),
we applied the synthetic minority over-sampling
technique (SMOTE) algorithm25 to generate an
‘‘artificial’’ dataset with a balanced outcome. In
addition, weights for the different classes were
applied: a weight of 157/185 for the MVCþ group
and a weight of 28/185 for the MVC� group. Future
MVCs were predicted using the pSVM model and
leave-one-out cross validation. In leave-one-out cross
validation, data from a single patient are used as

validation data, and all data from the remaining
patients are used as training data (N¼ 184/185). This
procedure is repeated until each patient in the original
sample is used once as validation data (i.e., 185 times).
In other words, for each individual, only the data
from all other subjects are used in the prediction
model. Finally, the relationship between the
pSVM-predicted outcome and the self-reported actual
incidence of MVCs was analyzed using logistic

Table 1. Variables Used in the pSVM.

63 Variables 84 Variables

Age Age
Sex Sex
Better BCVA Better BCVA
Worse BCVA Worse BCVA
52 TD values 52 TD values
mTDsup-right mTDsup-right

mTDsup-left mTDsup-left

mTDsup-center mTDsup-center

mTDinf-right mTDinf-right

mTDinf-left mTDinf-left

mTDinf-center mTDinf-center

mTD mTD
No care
Avoid night
Avoid rain
Avoid fog
Avoid highway
Avoid high-speed driving
Avoid lane change
Car distance
Signal
Taking care of VF
Difficulty of driving
HT
DM
anti HT drug
Smoking habit
Alcohol intake
Years with driver’s license
Distance driven per week (km)
BMI
Use of sleep aid / sedatives, yes/no
Past history of MVC

no/once/more than two times

A total of 62 variables were used in the predpenSVM_basic
model, and 84 variables were used in the predSVM and
predpenSVM_all models. sup, superior; inf, inferior.
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regression. For comparison, we also generated a
pSVM using only a subset of 63 variables (see Table
1), namely the 52 TD values, the six sector average
TDs, mTD, VAs, age, and sex. This model is denoted,
predpenSVM_basic.

All statistical analyses were performed using the
statistical programming language R (ver. 3.1.3, The R
Foundation for Statistical Computing, Vienna, Aus-
tria). The R packages ‘‘penalizedSVM,’’ ‘‘kernlab,’’
and ‘‘DMwR’’ were used to generate penalized SVM
models, standard SVM models, and the SMOTE
method, respectively. Benjamini’s method was used to
correct P values for the problem of multiple testing.27

Numerical values between two groups were compared
using the Mann-Whitney U test and the relationship
between two categorical values was analyzed using the
v2 test.

Results

We studied 185 patients with POAG: 137 (74%)
male and 48 (26%) female patients, average age 63.6
6 10.2 SD (range, 40–84; Table 2). Average BMI
(kg/m2) was 22.7 6 2.9 (range, 15.6–31.2). There were
119 rural, and 51 (Iidabashi eye clinic) and 15 (Keio
University Hospital) urban patients. Average better
and worse BCVA was 0.0036 6 0.018 (0.00–0.15) and
0.015 6 0.038 (0.00–0.15, logMAR), respectively.
Mean TD value was �1.7 6 3.2 (�20.3–3.2) dB.
Among the 185 patients, 28 experienced a MVC
during the study period. The self-reported MVC
incidence rate was 5.0%/y.

Table 3 shows a comparison of variables between
the MVCþ and MVC� groups. There was no signifi-
cant difference between any of the numerical values,
except for worse VA (P ¼ 0.010, Mann-Whitney U
test). Further, none of the categorical variables
showed a significant relationship with MVC incidence.

Figures 2 to 4 show the results of logistic regression
associated with three models: predpenSVM_basic,

predSVM, and predpenSVM_all. There was a significant
relationship between predicted MVC in predpenSVM_all

(odds ratio [OR]¼ 1.21; 95% confidence interval [CI],
1.08–1.31; P ¼ 0.0015, logistic regression, Fig. 4), but
not in predpenSVM_basic (OR¼ 1.15; 95% CI, 0.99–1.29;
P¼ 0.064, Fig. 2) and not in predSVM (OR¼ 1.26; 95%
CI, 0.97–1.49; P¼ 0.085, Fig. 3).

Discussion

In the current study, self-reported MVCs were
recorded in 185 patients with POAG. The pSVM
model including all variables (predpenSVM_all), name-
ly visual function data, driving behavior, systemic
status, and past history of MVCs, resulted in a model
that was associated significantly with the correct
prediction of a future MVC. This was not the case
when only the subset of 63 mainly vision-related
(VF/VA) variables were included in the model
(predpenSVM_basic).

In a real world clinic, not all variables included in
the predpenSVM_all model, such as questions regard-
ing driving behavior and past history of MVCs, are
readily available to a clinician. However, it appears
that these variables are important to predict accu-
rately the risk of a future MVC. Many studies have
suggested a significant relationship between the
deterioration in patients’ VAs (and/or their VF)
and driving ability.28–37 However most of these
studies assessed driving ability in an artificial
situation.28,37–41 For example, Crabb et al.39 inves-
tigated eye movements during a PC-based driving
simulation and suggested that superior VF damage is
disadvantageous for driving ability. However, it is
not entirely clear whether this could contribute to a
person’s actual risk of a MVC. Tatham et al.37

investigated the relationship between MVCs in
drivers with glaucoma and visual function, and
found that the reaction times to low contrast divided
attention tasks during driving simulation were
significantly associated with a history of MVC.
Kunimatsu et al.28 reported that patients with ad-
vanced glaucoma were involved in a significantly
higher number of collisions in a driving simulator
than controls. Szylk et al.40 reported that the number
of accidents, measured in a driving simulator, in a
glaucoma group was correlated significantly with
peripheral VF extent. Szykl et al.41 also reported that
lower contrast sensitivity (in the eye with better
contrast sensitivity) in subjects with glaucoma cor-
related with driving skills, again evaluated by a
driving simulator. All of these previous studies have

Table 2. Characteristics of the Study Population

Variables,
mean 6 SD (range) Value

Age, y 63.6 6 10.2 (40–84)
Sex male:female 137:48
Better BCVA, logMAR 0.0036 6 0.018 (0.00–0.15)
Worse BCVA, logMAR 0.015 6 0.038 (0.00–0.15)
mTD, dB �1.7 6 3.2 (�20.3–3.2)
BMI, kg/m2 22.7 6 2.9 (15.6–31.2)
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suggested that damage to visual function is associ-
ated with driving performance, but none investigated
the actual impact in real life. We have shown
previously that the relationship between VAs and
VF, against actual MVC is weak.5

There is no doubt that motor vehicle driving is a
complicated task; drivers must be aware of hazards
and focus on their future direction.5 Furthermore,
age,6,42 DM,9 BMI,8 use of sleep aids,11 and
physiologic disabilities all have an influence on
driving performance. Driving accidents can cause
fatalities and, hence, drivers usually are very concen-
trated, and seek to detect hazards by saccadic eye and
head movements.43 Careful consideration is required

when investigating patients’ driving ability from only
clinical information.

For many glaucoma patients around the world,
motor vehicle driving is central to their daily life, and
they may depend on driving for commuting to work
and grocery shopping. This is especially the case for
patients who live in rural areas, where public
transport may not be a viable option. Banning these
patients, in particular, from driving could seriously
affect their quality of life. Motor vehicle driving also
is imperative for those whose professions depend on
it, such as taxi drivers. The current study suggests that
assessing the deterioration of glaucoma patients’
visual function is not sufficient to predict accurately

Table 3. Comparison of Ocular and Systemic Variables between the MVCþ and MVC� Groups

Variables Mean 6 SD (range) MVCþ MVC� P Value

Age, y 66.9 6 11.4 (46–83) 63.2 6 10.0 (40–84) 0.032
Sex, male:female 20:8 112:40 0.91
Better BCVA 0.00 6 0.00 (0.00–0.00) 0.00 6 0.02 (0.00–0.15) 0.20
Worse BCVA 0.01 6 0.04 (0.00–0.15) 0.03 6 0.04 (0.00–0.15) 0.010
mTDsup-right, dB �3.5 6 6.1 (�21.5–3.3) �2.4 6 5.5 (�29.1–3.9) 0.98
mTDsup-left, dB �2.3 6 5.4 (�23.5–3.5) �2.6 6 6.2 (�27.8–4.6) 0.31
mTDsup-center, dB �3.4 6 7.0 (�23.2–2.7) �2.2 6 5.3 (�32.3–3.3) 0.56
mTDinf-right, dB �0.79 6 2.9 (�11.0–3.0) �0.43 6 2.7 (�18.0–3.3) 0.88
mTDinf-left, dB �1.5 6 3.9 (�11.8–3.3) �0.91 6 2.9 (�13.7–3.6) 0.74
mTDinf-center, dB �1.0 6 2.9 (�10.3–2.9) �1.0 6 3.6 (�19.0–3.7) 0.58
mTD, dB �2.1 6 3.9 (�11.8–2.8) �1.6 6 3.7 (�20.0–3.2) 0.58
Care while driving, Yes:No 3:20 20:137 0.77
Avoid night, Yes:No 7:21 50:107 0.47
Avoid rain, Yes:No 5:23 30:127 0.87
Avoid fog, Yes:No 5:23 20:137 0.47
Avoid highway, Yes:No 2:26 23:134 0.28
Avoid high speed, Yes:No 18:10 89:68 0.45
Avoid lane change, Yes:No 6:22 16:141 0.092
Car distance, Yes:No 16:12 76:81 0.39
Signal, Yes:No 0:28 10:147 0.17
Care of VF, Yes:No 3:25 31:126 0.26
Difficulty of driving, Yes:No 3:25 25:132 0.48
Systemic hypertension, Yes:No 7:21 55:102 0.30
Diabetes mellitus, Yes:No 4:24 27:130 0.70
Anti hypertensive drug, Yes:No 6:22 52:105 0.22
Smoking habit, Yes:Previously:No 2:8:18 26:54:77 0.26
Alcohol intake, Daily:Sometimes:No 10:6:12 41:43:73 0.55
How long, y 38.8 6 13.5 (8.0–60.0) 38.6 6 10.0 (17.0–60.0) 0.70
How far (km) 98 6 89 (5–300) 90 6 125 (1 to 600) 0.076
BMI (kg/m2) 22.4 6 2.5 (16.9–25.8) 22.8 6 3 (15.6–31.2) 0.74
Use of Sleeping aid, Yes:No 1:27 4:153 0.76
Sedative, Yes:No 0:28 27:130 0.67
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the risk of future MVC. Indeed, many other risk
factors should be considered (see 84 variables list in
Table 1) and the pSVM method could offer clinicians
a useful tool to better understand patients’ risk of
MVC. In addition, none of the nonvisual function
parameters was significantly different between MVCþ
and MVC� groups. However, these multiple param-
eters were useful to improve the prediction accuracy
when used simultaneously with the pSVM. This may
be because these nonvisual function parameters are
not independent of each other and there may be a
pattern (combination) related to MVCþor MVC�. In
the pSVM, multiple parameters were interpreted
simultaneously on the projected Kernel dimension.

In other words, the current results suggested the
Kernel plane could determine a useful pattern
consisting of various visual and nonvisual parameters
for predicting future MVC. Indeed, adding none of
the single nonvisual function parameters to
penSVM_basic did result in the improvement of
prediction accuracy (data not shown in the Results).

It remains controversial whether better-eye or
worse-eye VA is more influential on MVCs. In the
current study, a significant difference was not
observed between better VA in the MVCþ and
MVC� groups, but worse VA was significantly
healthier in the MVCþ compared to the MVC�
group. The controversy and contradictory results on
this issue may be attributed to differences in the
studied populations. For instance, in a population
that mainly consists of early stage glaucoma patients
it is likely there will be a wider range of measurements
in worse than in better VA. The opposite tendency
would be seen in a population with very advanced
glaucoma. Such differences will have an influence on
the results coming from an analysis of the relationship
between better and worse VAs on MVCs.

Classification models sometimes can be over-fitted
to the sample dataset, particularly when the number
of independent variables is large. Variable selection
models with penalization have been proposed to
overcome this problem. This may be a reason why
predpenSVM_all was shown to provide a significant
prediction, but predSVM was not, because 84 variables
were considered. If clinicians had access to an
accurate MVC risk model they could offer an
appropriate warning to patients about their individual

Figure 2. Histograms of future MVCs with fitted logistic
regression line. The histograms in the top and bottom represent
the possibility of a future MVC in the MVCþ and MVC� groups,
respectively. This Figure shows results obtained with the
predpenSVM_basic model; this model included up to 62 variables
(as shown in Table 2): 52 TD values, VAs, age, sex, and the six
sectorial average TDs.

Figure 3. Histograms of future MVCs with fitted logistic
regression line. The histograms in the top and bottom part
represent the possibility of a future MVC in the MVCþ and MVC�
groups, respectively. This Figure shows results obtained with the
predSVM model; this model included up to 84 variables (as shown
in Table 2).

Figure 4. Histograms of future MVC with fitted logistic regression
line. The histograms in the top and bottom part represent the
possibility of a future MVC in the MVCþ and MVC� groups,
respectively. This Figure shows the results obtained with the
predpenSVM_all model; this model included up to 84 variables (as
shown in Table 2).

7 TVST j 2017 j Vol. 6 j No. 3 j Article 14

Yuki et al.



risk, and it also may act as an appropriate interven-
tion point to offer driving re-education lessons and
advice, such as using a driving simulation tool.
However, further investigations are necessary looking
at the full effects of glaucoma on MVC risk.

A limitation of our study is that we relied on self-
reporting of MVCs as the main outcome.44 Another
limitation is that we were unable to follow all the
participants over the 3-year period; subjects who were
lost to follow-up could introduce a bias in our results
if the reasons for leaving the study were associated
with the study outcome. In addition, the studied
patients mainly consisted of those with relatively early
stage glaucoma, as suggested by the average mTD
values of�2.1 and�1.6 dB in the MVCþ and MVC�
groups, respectively. A further study is needed to
investigate the relevance of the current results in more
advanced glaucomatous cases. Other limitations
include the predominance of male study subjects
and a limited number of patients with systemic
complications. It would be interesting to see whether
the current results change in patients with systemic
complications. Nonetheless, the purpose of the
current study was to develop an algorithm to predict
future MVC in ‘‘real world’’ patients. We recruited
patients without bias to systemic conditions. Also, we
focused on a single disease rather than collecting
mixed data. Other forms of glaucoma, such as angle
closure glaucoma, may have different findings.

In conclusion, it was useful to predict future MVCs
from visual function metrics, driving behavior, and
MVC history, using the penalized support vector
machine. A robust classification model with a wide
number of different variables is needed to predict
MVCs, because the relationship between visual
function and other factors that influence the risk of
MVCs is not straightforward.
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