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Abstract: Background: In glaucoma screening programs, a large proportion of patients remain free
of open angle glaucoma (OAG) or have no need of IOP lowering therapy within 10 years of follow-
up. Is it possible to identify a large proportion of patients already at the initial exam and thus to safely
exclude them already at the initial exam? Methods: A total of 6889 subjects received a complete
ophthalmological examination, including objective optic nerve head and quantitative disc
measurements at the initial exam and after an average follow-up period of 11.1 years, complete data
were available of 585 individuals. Two neuronal network models were trained and extensively tested.
To allow the models to refuse to make a prediction in doubtful cases, a reject option was applied.
Results: The first prediction model for the first endpoint ‘remaining free of OAG within 10 years’
rejected to make a prediction in 46.4% of all subjects. In the remaining cases (53.6%), 271/271 (=100%)
were correctly predicted. A prediction for the second endpoint ‘remaining free of OAG and no IOP
lowering therapy within 10 years’ was rejected in 57% and in the remaining cases (43%), 253/253
(=100%) received a correct prediction. Conclusion: Most importantly, no eye was predicted false-
negatively or false-positively. 43% of all eyes can safely be excluded from a glaucoma screening
program for up to 10 years if one wants to be certain that the eye remains free of OAG and will not
have any need for a IOP lowering therapy. The corresponding model significantly reduces the
screening amount and work load of ophthalmologists. In the future, better predictors and models
may enlarge the number of patients with a safe prediction to further economize time and health care
budgets in glaucoma screening.

Keywords: Glaucoma; machine learning; neuronal network; screening; prediction

1. Introduction

Glaucoma is a leading cause for irreversible blindness [1]. Worldwide, it is estimated that about
66.8 million people have visual impairment from glaucoma, with 6.7 million suffering from blindness.
Intraocular pressure (IOP) is the most important - because modifiable - risk factor for the
development and progression of this disease [2]. Glaucoma is mostly asymptomatic until late in the
disease when visual problems arise [3]. However, with early treatment, it is often possible to protect
the eyes against serious vision loss [2]. Therefore, an early diagnosis should be aimed. Because of a
lack of symptoms in the early disease stage of glaucoma in most patients, this only can be done with
screening programs. The most common subgroup of glaucoma in Europe is the open angle glaucoma
(OAQG). It is well known in glaucoma research that age, IOP, PEX and topographic disc parameter are
univariate risk factors for predicting OAG.

A major aim in glaucoma research is to combine these risk factors in a multivariable fashion and
to make predictions on personalized level. Machine learning algorithms like neural networks are

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202504.0814.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 April 2025 d0i:10.20944/preprints202504.0814.v1

2 of 12

capable to personalize diagnosis for patients on an individual level although several issues are still
not resolved [4-6]. Because no such tools are currently in use to predict 10 year occurrence of OAG,
we investigated to which extent a reliable prediction is feasible.

Several univariable risk factors for the development of OAG are well known, such as age [4],
increased IOP [4], PEX [5] and topographic disc parameters such a cup-to-disc ratio (C/D) [4]. For
example, age was found as an important risk factor of having OAG, but it is still unclear how precisely
it affects the progression of OAG over time in relation and combination with other risk factors. Even
if all these univariable risk factors are available at a single exam in one point in time, it is difficult to
diagnose OAG in certain cases, so why should we even consider an attempt to make a prediction
over such a long period of 10 years?

There are mainly three reasons why models with a reject options should be used. 1) It is well
known that patients with no or a small number of risk factors are highly likely of remaining OAG-
free over a long period. For example, subjects at the age < 50 yrs and an IOP < 18mmHg and a cup-
to-disc ratio (C/D) < 0.2 are highly likely to remain OAG free over many years [3,10,11]. So the basic
idea is to identify a — hopefully as large as possible — subpopulation at the initial exam which will
remain free of OAG at the 10 yr follow-up. 2) Studies are demonstrating that 10-yr OAG incidence
is quite low ranging from 0.7 to 2.2% [4-10]. Hence, most patients remain free of OAG within 10 yrs
which makes a prediction OAG freeness easier as compared to incidences around 50%. 3) The third
and by far most important reason refers to the so called ‘reject option” of the model. It is definitely
not necessary to identify every single eye which remains stable. Usually, one expects that the model
makes a prediction for every single patient. However, to reduce the screening amount, it is sufficient
to identify a hopefully large subpopulation of patients with eyes which remain stable. If the
prediction is too difficult and the prediction model is ‘in doubt’, it is still better to reject a prediction
instead of making a false positive or false negative prediction. Patients who do not receive a
prediction are sent to the glaucoma specialist as usual. This so-called ‘reject option” is crucial and a
highly desirable advantage, because the models are not ‘forced to make a prediction’. In other words:
if the model has enough evidence, then it makes a prediction, otherwise it rejects to make a prediction
and asks the glaucoma expert to make a final decision (or to make no prediction at all). Obviously,
there is a price to be paid to end up, because we have to accept that a large proportion of eyes does
not receive a prediction. On the other hand, the reject option substantially increases the accuracy of
the model of those patients who receive a prediction. This allows the identification a large proportion
of patients such that the corresponding eye can safely be excluded and thus a large amount of time
and efforts in screening studies can be saved. All definitions, endpoints, methods and results refer to
right eyes as machine learning algorithms expect to strictly distinguish between right and left eyes.
New models for left eyes can be trained and tested using the same methods.

It is the aim of this paper to answer the following questions under consideration of the principal
of a very high accuracy: 1) Which of these endpoints shows reasonable results? 2) How are the
performances of the neural network models in terms of accuracy? How many receive a false negative
or false positive prediction? 3) To which extend do these models help to reduce daily working load,
i.e. how many eye receive a prediction and in how many cases is the algorithm in doubt? 4) How can
these approaches be improved in the next future?

2. Materials and Methods

The Salzburg-Moorfields-Collaborative-Glaucoma Study (SMCGS) was initialized in 1996 and
is embedded into a large 25-year glaucoma blindness prevention program in Austria, Europe. The
SMCGS is a retrospective monocentric population-based longitudinal cohort study. This study
mainly focuses on providing information to and identification of glaucoma suspects and offering
timely and adequate treatment in clear-cut cases of glaucoma.

2.1. Definition of Definite OAG
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We defined glaucoma as progressive optic neuropathy leading to a loss of retinal nerve fibers
and glia cells, with characteristic alterations on the optic nerve head and with or without
corresponding functional alterations in visual field examination [12]: a) optic nerve head (ONH):
notching, rimming, arbitrary chosen subjective cup-to-disk-ratio (C/D) more or 0.45, or C/D
asymmetry between the two eyes >=0.3 not explainable through other diseases; b) visual field:
glaucomatous visual field defects corresponding to optic disc changes; c) open anterior chamber
angle [12]. Inclusion criteria: age > 40 years, no OAG or other type of glaucoma, best spectacle
corrected visual acuity > 6/9, refractive range from —6.00 to +4.00 diopters with the difference in
refraction between both eyes < 3.00 diopters. Exclusion criteria: pseudophakia, IOP lowering therapy
at the initial examination, eye diseases potentially leading to visual field defects or a secondary
increase of intraocular pressure, contraindication against beta blockers, systemic corticosteroid
therapy or pregnancy.

During more than 27 years of study duration up 24 ophthalmologists and 7 ophthalmic assists
specially trained on study protocol performed the ophthalmic examinations and graded each patient.
The SMCGS data collection stated on the 1t December 1996. Baseline: the ophthalmic assists, were
responsible for oral education and SMCGS, questionnaire interview, best corrected visual acuity
measurement (BCVA) with the Early Treatment Diabetic Retinopathy Study (EDTRS) chart,
subjective refraction, visual field examination (VF; Motion-Sensitivity-Test (MST), Humphrey
Frequency Doubling Technology Perimetry (FDT, Humphrey FDT matrix, Humphrey Instruments
Inc., San Leandro, CA, USA), Humphrey Field Analyzer II or II-I [HFA, Humphrey Instruments Inc.,
San Leandro, CA, USA]), central corneal thickness (CCT) with ultrasound pachymetry (Pocket II,
Quantel Medical, Cournon d’Auvergne Cedex, France) and structural imaging (Confocal scanning
laser ophthalmoscopy was carried out using TopSS® (Fa. LDT, San Diego, USA)). Subsequent all
subjects underwent a standardized eye examination with intraocular pressure (IOP) assessment in
miosis and mydriasis with Goldmann applanation tonometry (Haag Streit, Koeniz, Switzerland),
gonioscopy to exclude angle-closure, slit lamp anterior segment examination, and dilated fundus
slit lamp biomicroscopy for optic disc assessment with a Volk 90 D lens including subjective C/D.
Recorded TopSS® values included C/D-ratio, total contour area, effective area, neuroretinal rim area,
half depth area, half depth volume, and volume below. If results were abnormal or inconclusive in
VF-examination at baseline, a second confirmation testing was made for clarification.

2.2. Definition of Endpoints

We defined two different endpoints: (E1): freeness of OAG (with or without IOP lowering
therapy) and endpoint 2 (E2): composite endpoint, i.e. freeness of OAG + no IOP lowering therapy.
If a patient 1) still wants to join the screening program and 2) is accepting receiving an IOP lowering
therapy if possibly necessary and 3) is only interested whether an OAG will occur, then endpoint E1
is best. Endpoint E2 is suitable to inform and safely exclude the patient from a screening program.
We here want to point out that in E1 and E2, ocular hypertension (OHT) might develop (in case of E1
with a possibly necessary IOP lowering treatment), but not OAG.

Age, IOP [13,14], PEX[15] and 8 optic nerve head parameters (TopSS®) were used as continuous
predictors for endpoint E1 and E2.

10 years follow-up

Patients free of glaucoma (OAG or other type of glaucoma) at the baseline visit were followed
up, only. All examinations were carried out like at baseline examination. According to the results of
the baseline examination, patients were scheduled for interim visits additionally in the first decade.
Complete data of the baseline visit and the 10 years visit was used to train and validate the machine
learning models.

2.3. Statistical Methods and Model Development
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Data were cleaned for inaccurate or missing data resulting in data of 585 patients with full
records of each predictor as well as the outcome variable. Univariable logistic regression models were
used to estimate the odds ratios of each individual predictor with 95% confidence intervals.

2.4. Machine Learning Algorithms, Training and Testing

Multilayer perceptron neural networks, nearest neighbors classifiers, Bayes classifiers, raondom
forest models and support vector machines were trained and tested. Full sample (n=585) was
randomly split into a training sample (n=486) and test sample (n=117). No data of the test sample was
used for model training. Adaptive moment estimation was used as stochastic gradient descent
method. To mitigate overfitting, early stopping approach and 10-fold cross-validation were used. L.2-
regularization techniques were also used. All neural networks were firstly trained and crossvalidated
in a training sample (n=468) and finally tested in an independent randomly selected test sample
(n=117) to ensure generalization to new previously unseen eyes. Additionally, early stopping, batch
normalization layers and L2-regularization techniques were used [16]. To allow the algorithm to
refuse a prediction (‘if it is in doubt’), the ‘reject option” was applied ([16]). This means that 2 cut-offs
for the posterior probabilities instead of 1 cut-off were firstly chosen in the training sample and then
applied and tested in the test sample. Finally, to assess model performances, the percentages of
predicted subjects and total correct predicted cases were computed in the training and test samples
and compared whether the networks generalize well to new, previously unseen data.

2.5. Feature Selection

Potential risk factors were selected as input variables, which are listed in Table 2. Allthough
some of these risk factors were not significant, it turned out that after application of a genetic
algorithm and the reject ooption (as described in the next subsection), these predictors were still
useful to limit the number of recjected cases.

2.6. Reject Option

From a clinical point of view, - most importantly-, we wanted to avoid false negative predictions
for both endpoints. This means for endpoint E1 to predict that the patient will not suffer of OAG
within 10 years although he or she develops OAG within this time. In case of endpoint El, a false
negative prediction may lead to irreversible eye damage or even blindness. In case of the endpoint
E2, the same scenario would occur or that no medication would have been administered which also
could result in OAG or blindness. The predictors, however, do not have enough predictive power to
achieve this goal for the whole cohort. Thus, it was reasonable to allow the algorithms to apply a
‘reject option” in doubtful cases. This was achieved by applying two cut-offs (instead of only one) to
the aposteriori probabilities. The advantage of this approach is that it minimizes the number of false
negative and false positive predictions. This important advantage comes at the cost that a large
number of cases does not receive a prediction. We recommend that patients who do not receive a
prediction, should still join a glaucoma screening program in order to receive medical expert
knowledge.

All analyses were done using STATISTICA 13 [17] and Wolfram Research, Inc.,
MATHEMATICA 13, Champaign, IL (2022) [18].

3. Results

In the original screening study, 6889 subjects were screened and 976 subjects were examined ten
years later. Finally, after application of all inclusion and exclusion criteria and removal of all missing
data, n=585 right eyes with complete data were included.

3.1. Overview of Demographic Data at Baseline
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21 right eyes from 585 subjects developed OAG (3.6%, 95% CI: 2.2%-5.4%), i.e. fulfilled endpoint
E1. Within our data set, OAGs included 6 primary open angle glaucoma (1.03%), 3 pseudoexfoliation
glaucoma (0.51%), 0 pigmentary glaucoma (0%), and 12 normal tension glaucoma (2.05%) (Table 1).

Table 1. Overview of baseline demographic data of n = 585 subjects with complete data at baseline and 10 year

follow-up™.
Mean SD -95% CI +95% CI
Age (y) 58.9 8.1 58.8 59.6
Follow-up (years) 111 1.1 10.99 11.2
IOP (mmHg) 15.3 3.2 15.1 15.6
Total Contc;ur Area 293 0.44 220 297
(mm?)
Effective Area (mm?) 0.96 0.39 0.93 0.99
Neuroretinal 2le Area 1.28 033 1.95 131
(mm?)
Half Depth Area (mm?) 0.38 0.21 0.36 0.40
Half Depth Volume -0.06 0.057 -0.066 0.057
(mm®)
Volume Below (mm®) -0.26 0.19 -0.27 -0.24
Cup-To-Disc Ratio 0.42 0.14 0.41 0.43
N Percentage -95% CI 95% ClI
Endpoint E1:
OAG? at 21/585 3.6% 2.23% 5.43%
10 year FU
Endpoint E2:
OAG?at
10 year FU or IOP 41/585 7% 5.1% 9.4%
lowering therapy within 10
yrs

1) All results refer to right eyes. 2 OAGs included 6 primary open angle glaucoma (1.03%), 3
pseudoexfoliation glaucoma (0.51%), 0 pigmentary glaucoma (0%), and 12 normal tension glaucoma
(2.05%).

3.2. Overview of Demographic Data at 10 Year FU

41 of 585 eyes had OAG or at least one or more IOP lowering eye therapy within 10 years
(endpoint E2), which corresponds to a 10-yr incidence of 7% (5.1-9.4%). Differences between those
who fulfill endpoint E2 or not and corresponding univariable prediction power of possible candidate
predictors are given in Table 2.

Table 2. Univariable odds ratios and descriptive statistics of various predictors for composite endpoint E2:
freeness of OAG and having no IOP lowering therapy within 10 yrs.

Free of OAG and no IOP OAG or IOP lowering
lowering therapy therapy at10yr FU
10 yr FU (n=544) (n=41)
Mean Std Mean Std Odds ratio p-value
Age (yrs) 58.84 7.96 60.7 7.29 1.02 (0.99-1.08) 0.161
IOP (mmHg) 151 2.83 185 4.27 1.33 (1.21-1.46) < 0.0001*
PEX 12/532 2.2% 3/38 7.3% 3.5 (0.6-13.7) 0.027%*
Effegﬂ‘rﬁzfrea 0.95 0.40 1.08 0.32 2.37 (1.02-5.5) 0.0421
Neuroretinal Rim 1.29 0.32 1.19 0.18 0.38 (0.13-1.09) 0.07:
Area (mm?)
Half (Drﬁﬁ:?) Area 0.37 0.21 0.44 0.20 4.0 (1.01-15.8) 0.0471
Half Depth Volume -0.06 0.06 -0.07 0.05 0.08 (0.008-7.09) 0.26"

(mm°)
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Vo'u(m%?)e'ow 0.25 0.18 031 020 0.23 (0.05-0.996) 0.047%
Cup-To-Disc
Ratio/0.1 unit 0.42 0.14 048 012 1.46 (1.11-1.92) 0.006%
change

D Independent t-test 2 Fisher’s Exact test (one sided), odds ratios are based on univariable logistic

regression models.

3.2 An overview performance, advantages and disadvantages of both machine learning models
with both endpoints E1 and E2 is given in Table 3. Model M1 and M2 demonstrate excellent results
with a sufficient large proportion of eyes receiving a prediction. Most importantly, no eye was
predicted false-negatively or false-positively.

Table 3. Overview performance, advantages and disadvantages of two predictive machine learning models with
endpoints E1! and E22.

Percentage of

eves filtered Performances
Endpoint A . of the models® Advantages Disadvantages Remarks
out/received a (/%)

prediction (%)

46.4% of all eyes can safely be
excluded from a glaucoma
screening program for up to 10
years if one wants to be certain
that the eye remains free of
OAG.

This model is designed for
patients in a glaucoma
screeing setting within a
hospital, if the patient wants
to remain within the
screening program and IOP
lowering therapy can be
continued.

53.6% did not
receive a
prediction.
Eyes receiving I0P
lowering therapy
were not filtered
out.

E1l 53.6%/46.4% 271/271 (100%)

This significantly reduces the
screening amount of
ophthalmologists.
43% of all eyes can safely be
excluded from a glaucoma
screening program for up to 10
years if one wants to be certain 57% did not
that the eye remains free of OAG receive a
and will not have any need for a prediction.
IOP lowering therapy.

Eyes can safely be excluded
from the OAG screening
program, especially if the
patient wants to leave the

screening program.

E22 57%/43% 253/253 (100%)

This also significantly reduces
the screening amount.

1) Endpoint 1 (E1): remaining free of OAG within 10 yrs ?) Endpoint 2 (E2) composite endpoint:

remaining free of OAG + no IOP lowering therapy within 10 yrs of FU. 3) Performances measured in

the training and test sample.

3.3. lllustration of the Models with Real Data

to better illustrate the models, typical data in a glaucoma screening setting are provided at the
initial exam and illustrates the predictions, decisions and observations made by model M2 for
endpoint E2 (Table 4). On the left side, we see the predictors evaluated at the initial exam: age, IOP,
effective area, neuroretinal rim area, volume below, half depth area, half depth volume, C/D and
PEX. On the right side, we see the predictions of the machine learning model M2 for endpoint E2 at
the initial exam and corresponding observations of both endpoints made at the 10-year follow-up.
Eyes highlighted in green were identified by the prediction model and every single eye was correctly
predicted. Eyes highlighted in gray did not receive a prediction, because the algorithm was ‘in-doubt’
and rejected to make a prediction (i.e. the corresponding eye was ‘filtered out’). For endpoint E2, 332
eyes (57%) were filtered out and did not receive a prediction, 253 (43%) of all eyes received a
prediction and 57% did not receive a prediction. In summary, 253 out of 253 eyes were correctly
predicted (100%) which means that no eye was predicted false-negatively or false-positively.
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Table 4. Illustration of prediction model for endpoint E2 based on real data at the initial exam, predicted and
observed endpoints at 10-year follow-up. Identified eyes (green) received a prediction by the model and can
safely be excluded from the screening program. Eyes without a prediction (gray) should be send to a glaucoma
expert. Patients who suffered of OAG or needed IOP lowering therapy are highlighted in red. No predictions
were done in these cases. 332 eyes (57%) were filtered out and did not receive a prediction, 253 (43%) of all eyes
received a prediction. 253 out of 253 eyes were correctly predicted (100%). Most importantly, no eye was
predicted false-negatively.

Predictions of endpoint E2 made Observed endpoint E2

Initial exam at initial exam at the 10 yr FU

Age IOP! EA?2 NR® VB* HDA®> HD® C/D’ PEX®

63 14 066 146 -0.15 0.24 -0.03 0.31 No Freeof OAG/no IOP low. therapy Free of OAG/no IOP low. therapy

56 15 149 118 -0.35 0.60 -0.07 0.56 No Free of OAG/no IOP low. therapy Free of OAG/no IOP low. therapy
OAG

66 14 141 110 -0.34 050 -0.09 056 No Freeof OAG/no IOP low. therapy Free of OAG/no IOP low. therapy

42 17 051 1.73 -0.10 0.19 -0.03 0.23 No Free of OAG/no IOP low. therapy Free of OAG/no IOP low. therapy
OAG

69 13 096 114 -0.18 0.39 -0.05 0.46 No Freeof OAG/no IOP low. therapy Free of OAG/no IOP low. therapy

66 14 113 121 -0.31 0.34 -0.06 0.48 No Freeof OAG/no IOP low. therapy Free of OAG/no IOP low. therapy

IOP low. therapy

59 18 0.83 1.18 -0.21 0.22 -0.04 0.41 No Freeof OAG/no IOP low. therapy Free of OAG/no I0P low. therapy

Free of OAG/no IOP low. therapy

57 12 050 1.39 -0.06 0.20 -0.01 0.27 No Free of OAG/no IOP low. therapy Free of OAG/no I0P low. therapy

D Intraocular eye pressure (mmHg), 2 effective area (mm?), ¥ neuroretinal rim area (mm?), %
volume below (mm?), Yhalf depth area (mm?), © half depth volume (mm?®), 7 cup-to-disc area,
® pseudoexfoliation syndrome. .

3.4. Illustration for the Need of Reject Option

To better understand why a large amount of eyes had to be filtered out and also the difficulty of
predicting endpoint E2, we provide a deeper insight how close both data clouds (endpoint E2 yes/no)
are closely sticked together and illustrate the overlap between both data distributions (Figure 1). As
indicated there is a large overlap between both distributions indicating the difficulty of identification
of eyes which can accurately be predicted and eyes which have to be rejected at the initial exam to
make predictions for the future.
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Figure 1. Scatterplot of C/D ratio and neuroretinal rim area (mm?) of 585 eyes suggesting the need of a reject
option. All eyes were free of OAG without receiving IOP lowering eye therapy at the initial exam. Red dots
indicate eyes fulfilling endpoint E2 (freeness of OAG + no IOP lowering therapy within 10 yrs of FU) at the 10
year FU, blue dots indicate eyes which do not fulfil endpoint E2 at the 10 yr FU. Eyes with values in the left part
of the figure (‘low risk region’) are very likely to remain free of OAG and having no IOP lowering therapy within
10 yrs whilst eyes in the right region (‘high risk region’) are at high risk for developing a OAG or will receive an
IOP lowering therapy within 10 years of FU. It is precisely the main task of neural networks to identify regions
of low risk in the space of all input variables (including age, IOP, optic nerve head parameters and PEX),

simultaneously.

4. Discussion

This study provides a complete new and safe approach for identifying a large subpopulation of
eyes remaining free of open angle glaucoma without need of IOP lowering therapy within 10-years.
The most important benefit of model M2 is that 43% of the eyes in the screening population can safely
be excluded already at the initial exam, i.e. no predicted eye received a false-positive or false negative
prediction. It is important to emphasize that this accuracy could only be achieved by allowing the
algorithm to refuse to make a prediction which occurred in 57% of all eyes. Therefore there is no need
further to examine eyes who receive a prediction in regard for OAG screening purpose within the
next 10 years and corresponding time, efforts and costs can be efficiently be saved. This implies that
this eye is no longer within a screening program and thus will not receive an IOP lowering therapy.
This was key point and crucial why endpoint E2 focuses not only on OAG, but also included that the
eye does not receive an IOP lowering therapy.

4.1. Discussion of Model M1

this model is the right choice, however, for patients who are willing to remain in a glaucoma
screening program. In this case, the eye will still obtain IOP lowering therapy - if necessary.
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Therefore, endpoint E1 was defined as remaining free of OAG (with an adequate IOP lowering
therapy if ocular hypertension arises). IOP lowering therapy was not included as compared to
endpoint E2.

4.2. Discussion of Model M2

In this model, the patient will receive the pleasant information if he will remain free of OAG
within 10 years which is an important subjective relief for the person. The worst case which may
happen is that a patient who receives a prediction will receive an IOP lowering therapy within 10
years. But still he or she can expect to remain free of OAG.

4.3. PEX as Risk Factor and how it Was Handled by the Models

Additionally, we analyzed how the models handled patients with PEX. There were 570 eyes
without PEX, 44% received a prediction. All predictions were correct. 15 eyes had PEX and the
algorithm rejected to make a prediction in all 15 eyes. This suggests that PEX as risk fact that deserves
special attention by the glaucoma expert.

4.4. Implication for Practical Purposes

An implementation of this identification system in a computer system can be done in daily
practice: This can be done by measuring age, IOP, PEX and optic nerve head measurements. The
model can be implemented into any database such that the predictions can be done automatically.

Of course, we do not screen for all known sight threatening diseases, but for one major cause for
visual impairment. Therefore, we also refer to personal responsibility and suggest that subjects
should be screened anyway due to the risk for other eye threatening diseases. We suggest that the
remaining patients without a prediction should be screened more closely meshed.

4.5. Outlook and Further Developments

We have many ideas to further improve the models in the future: First of all, is to test and analyse
more candidate predictor variables based on image data, e.g. GDx®, OCT®, HRT II® or other
structural imaging methods. Modern deep learning methods based on convolutional neural nets
(CNN) such as Inception net, VGGNet, ResNet have already demonstrated utility in assessment of
various disease processes including cataracts, glaucoma, age-related macular degeneration, and
diabetic retinopathy [19,20]. Of course, these methods should also be applied — especially in
combination with clinical data — for the prediction of the above addressed endpoints.

Another option is to establish prediction models for subgroups of OAG or related diseases. Also,
we ask ourselves if we should increase or decrease the follow-up time (e.g. to 5 yrs or 15 yrs). We
here are providing models for the development of the most common subform of glaucoma (OAG),
which is per se only one of the major reasons for irreversible impairment of visual function and
blindness worldwide. Enrolling our idea to the other subgroups of glaucoma and the other major
reasons for irreversible impairment may reduce the burden for routine-screenings tremendously.

4.6. Strengths and Limitations of This Study
4.6.1. Strengths

The most important strength of this study is that it provides methods for safely excluding 43%
of all eyes already at the initial exam and to correctly predict OAG freeness and freeness of IOP
lowering therapy for 10 years. This significantly decreases the amount of practical screening efforts
in daily work. Another strength is that the models are not only theoretical
concepts/ideas/suggestions, they can easily be implemented in any data base and should then be
applied in daily practise. The large sample size of about 600 eyes is also an important strength of the
study. A large sample size is important to end up with statistically sound models as it is emphasized
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from mathematical statistics and machine learning theory. It is important to train and independently
validate the models in large samples to avoid overlearning and to provide accurate predictions when
the models are confronted with new, previously unseen data (generalization). Another strength of
the study refers to the sample: right and left eyes were carefully distinguished and were not merged.
This would artificially increase the sample size, but in that case, data independency of data may be
destroyed. In this case, prediction models may run in danger to predict new, previously unseen data.

4.6.2. Limitations

Optic nerve head measurements were done using TopSS® (Laser Diagnostic Technologies)
which is out-dated. However, for this study with such a long FU over 10 years, it was necessary to
use this method to achieve a sufficient large sample size. As described in the methods section, visual
field examinations were done using various different methods. In large cohort studies as ours, this is
a common drawback within a long study period of more than 20 years which implies that no uniform
data source for visual field was available. We strongly support the above procedure of examining
only cases where a shallow chamber is observed as the vast majority of ophthalmologists in practice
performs gonioscopy only in case of a suspect configuration of the anterior segment. When
comparing results of different glaucoma screening programs, it is important to consider to which
population the results are finally referred to. It is important to point out that data for these models
were sampled in an European sample. It is well known that ethnicity and race are risk factors for
glaucoma and therefore we suggest application of these model in Caucasian patients only.

5. Conclusions

43% of all eyes can safely be excluded from a glaucoma screening program for up to 10 years if
one wants to be certain that the eye remains free of OAG and will not have any need for a IOP
lowering therapy. We suggest the application of this model to inform the patient 10 years ahead and
to safely exclude the identified eye from further screening within this period. This has a positive
impact on reducing the enormous working and screening amount of ophthalmologists. We suggest
the applications of these neural network models for screening purposes to decide which eyes can be
safely excluded and which eyes should be followed-up more closely meshed and sent to a glaucoma
expert. This filtering system and identification method will economize time and health care budgets
for glaucoma screening in the future.
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