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Visual Field Endpoints for Neuroprotective 

Trials: A Case for AI-Driven Patient Enrichment 

ANDREW CHEN, GIOVANNI MONTESANO, RANDY LU, CECILIA S. LEE, DAVID P. CRABB, AND AARON Y. LEE 

• PURPOSE: To evaluate whether an artificial intelli- 
gence (AI) model can better select candidates that would 

demonstrate visual field (VF) progression, in order to 

shorten the duration or the number of patients needed 

for a clinical trial. 
• DESIGN: Retrospective cohort study. 
• METHODS: 7428 eyes of 3871 patients from the Uni- 
versity of Washington Department of Ophthalmology VF 

Dataset were included. Progression was defined as at least 
5 locations with > 7 dB of change compared with base- 
line on 2 consecutive tests. Progression for all patients, 
a subgroup of the fastest progressing based on survival 
curves, and patients selected based on an elastic net Cox 

regression model were compared. The model was trained 

on pointwise threshold deviation values of the first VF, 
age, gender, laterality, and the mean total deviation (MD) 
at baseline. 
• RESULTS: A total of 13% of all patients met the criteria 
for progression at 5 years. Differences in survival were 
observed when stratified by MD and age ( P < .0001). 
Those at risk of progression included patients aged 60 

to 80 years with an initial MD < –5.0. This subgroup 

decreased the sample size required to detect progression 

compared with the entire cohort. The AI model-selected 

patients required the lowest number of patients for all ef- 
fect sizes and trial lengths. For a trial length of 3 years and 

effect size of 30%, the number of patients required was 
1656 (95% CI, 1638–1674), 903 (95% CI, 884–922), 
and 636 (95% CI, 625–646) for the entire cohort, the 
subgroup, and the model-selected patients, respectively. 
• CONCLUSION: An AI model can identify high-risk 

patients to substantially reduce the number of patients 
needed or study duration required to meet clinical trial 
endpoints. (Am J Ophthalmol 2022;243: 118–124. 
© 2022 The Author(s). Published by Elsevier Inc. 
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INTRODUCTION 

 

laucoma is a slowly progressive, sight -
threatening optic neuropathy that affects over
80 million people worldwide. 1 The intraocular

ressure (IOP) is the only modifiable risk factor for glau-
oma progression. Although many treatments to decrease
he IOP exist—such as topical therapy, laser, and surgi-
al interventions—a substantial portion of patients will
rogress with continuous optic nerve damage and visual
eld (VF) loss despite being on treatments. 2 , 3 Therefore,
iven the number of people with glaucoma, additional
enefit from neuroprotective treatments, even if modest,
ould prevent blindness in thousands of people. 

Progression of VF loss is an important clinical endpoint
n glaucoma, particularly when assessing the efficacy of
reatments. The Federal Drug Administration (FDA) has
tated that VF loss has likely occurred if ≥5 VF locations
ave significant change beyond the 5% probability level or

f there is at least a 7 dB between-group mean difference
or the entire field. 4 Subsequently, the FDA has defined the
riteria for VF progression as at least 5 locations with > 7
B of change in prior regulatory studies. However, conduct-
ng clinical trials of new therapy using the FDA progression
riteria has led to significant follow-up time and resources
esulting in key challenges. One solution would be to re-
ruit patients who are more likely to exhibit progression,
hus magnifying the differences and increasing the power
f clinical trials. These patients are often identified based
n their baseline features, such as age, ethnicity, IOP, and
nitial VF damage. 3 , 5–12 However, it can be challenging to
nd the most informative combination of these baseline pa-
ameters to identify patients who are more likely to exhibit
F damage progression. 
Artificial intelligence (AI) has recently shown many

romising applications in healthcare and could offer a bet-
er solution for selecting ideal candidates. Although pre-
ious studies have primarily been on automated analyses,
iagnostics, and outcome predictions, the potential appli-
ation of AI in clinical trials is particularly attractive. 13 
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values. 
This study explored whether AI could identify patients
who will rapidly progress, using baseline data, and analyzed
how that would impact the required follow-up period for
clinical trials. It was hypothesized that AI could identify
high-risk patients, thus result in clinical trials that require
significantly shorter follow-up periods to meet the clinical
endpoints. 

METHODS 

This study was exempted from the University of Washing-
ton Institutional Review board due to de-identified data
usage. All research in this study conformed to the Dec-
laration of Helsinki. The University of Washington De-
partment of Ophthalmology VF database was used as the
data source for this study. The VF dataset has previously
been detailed 

14 and can be found online at https://github.
com/uw- biomedical- ml/uwhvf. In short, all patients in the
dataset underwent Humphrey Field Analyzer (HFA) II 24-2
stimulus size III VFs, performed with either a Swedish In-
teractive Thresholding Algorithm (Standard or Fast) or a
full-threshold strategy. 

Every VF for each eye was temporally aligned and the
first VF was treated as the baseline VF for each eye. If there
was > 2.25 years between VFs, the eye was deemed to have
been lost to follow-up. The criteria for progression based
on at least 5 points of at least 7 dB decrease were measured
against the baseline VF and only if 2 consecutive follow-
up VFs had ≥7 dB loss in total deviation (TD) in the same
≥5 VF locations compared with the baseline VF. Kaplan
Meier survival curves were constructed. Eyes lost to follow-
up were censored. Additional survival curves were analyzed
based on age in decades and initial mean total deviation
(MD). Of note, the HFA MD makes use of a weighting sys-
tem based on location-specific variability estimates, which
cannot be extracted from the HFA device. Therefore, MD
was reported, which is simply the arithmetic average of the
TD values and whose interpretation is essentially equiva-
lent. 15 , 16 The log rank test was used to compare survival
curves. A P value of < .05 was used for significance testing.

The whole dataset was then split at the patient
level: 50% for training and 50% for held-out test-set
( Supplementary Figure 1 ). In the training set, a separate
elastic-net Cox regression model was optimized for each
time point (1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, and 5 years) using pa-
tient level 10-fold cross validation and the values for alpha,
gamma, and lambda were optimized for the best Harrell’s
C-index. For input, the model had total deviation point-
wise values as a vector of 54 points, age, gender, and lateral-
ity. After the parameters for the best fitting elastic-net Cox
model were fitted, the training set was again run through
the model and the upper 75th quartile of the risk probabil-
ity was calculated. This value was set as the threshold for
determining inclusion at inference time. 
VOL. 243 NEUROPROTECTIVE TRIAL VF ENDPO
For the held-out test set, 3 different scenarios for se-
ecting patients for simulating inclusion in a clinical trial
ere tested. The first was no selection and using all the
atients in the test set; the second was a selection of the
astest progressing cohort, identified based on the results
f Kaplan-Meier survival curves built with the training set
nd stratified by baseline decade of age and initial MD at
xed cut-offs; the third was a selection based on the elastic-
et Cox regression model for patients who were above the
isk threshold determined from the training set. For each
f these, the event rates were calculated at different time
oints for simulating trial length and a sample size calcu-
ation was performed by simulating a percent reduction in
he event rate and using the 2 proportion, equal sample size
stimation by Cohen and associates 17 (R, pwr package, ver-
ion 1.3-0) for a power of 80% and an alpha of 0.05. The
ootstrap method was performed to calculate robust means
nd 95% confidence intervals for the sample sizes. 

Python ( https://www.python.org/, version 3.8.3) was
sed to perform preprocessing and R ( https://www.r-project.
rg/, version 4.0.3) with the elastic-net library (glm-
et, version 4.1-2) was used for fitting the model.
he code for this paper was open sourced under the
SD license along with this paper ( https://github.com/
w- biomedical- ml/uwhvf- endpoint ). 

RESULTS 

he baseline demographics of this dataset have previously
een described. All 7428 eyes of 3871 patients were in-
luded in this analysis. The mean age was 61.8 (std: 14.8)
ears, 2616 (35%) were male, 3074 (41%) were female and
739 (23%) were unspecified. The initial MD of all the VFs
as –5.8 (std: 6.0) dB. The average time to event interval
as 2.2 years (std: 1.8) in eyes that exhibited progression. A

otal of 3614 eyes of 1880 patients were used for the train-
ng set of the machine learning model and the held-out test
et included 3814 eyes of 1991 patients. 

A total of 16.5% (95% CI, 14.7 - 18.3%) of patients met
he criteria for progression at 5 years from the initial VF
 Figure 1 ). Differences in survival curves by log rank test
ere observed when stratified by initial MD ( P < 0.0001)
r age ( P < 0.0001). Faceting by both decade of life and
y initial MD revealed that the age group of 60 to 80 years
ith an initial MD of worse than –5.0 progressed the most

n the cohort ( Figure 2 ). These criteria were used for the
ubsequent power calculation as the “subgroup” simulation.

An elastic-net Cox regression model was fitted in the
raining set for each time point of interest using the point-
ise TD values of the first VF, age, gender, tested eye, and

he MD at baseline. The fitted coefficient values of the
odel are shown in Supplementary Figure 2 , with darker

egions corresponding to more strongly negative coefficient
INTS AND AI PATIENT ENRICHMENT 119 
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FIGURE 1. Survival by baseline mean total deviation. Kaplan-Meier survival curve for no visual field progression as defined by a 
≥7 dB decrease in total deviation from baseline in ≥5 visual field locations for ≥2 consecutive visits stratified by initial mean total 
deviation. The shading represents the 95% confidence interval for each respective strata. MD = Mean Total Deviation 
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The trained models were used to select participants from
the test set to include in the simulated clinical trial, and
the resulting sample size calculations are shown in Figure 3 .
For effect sizes of 10% to 50% and for every time point, the
AI-driven inclusion of participants gave the best statisti-
cal power and was the best strategy for reducing the num-
ber of patients needed for a clinical trial. The C-indexes
ranged from 0.763 to 0.787, for example: the number of pa-
tients required for a 3 year trial with an effect size of 30%
was 1656 (95% CI, 1638–1674), 903 (95% CI, 884–922),
and 636 (95% CI, 625–646) for the entire cohort, subgroup,
and model-selected patients, respectively. The C-index for
the 3-year model was 0.765. For a 5-year trial, 30% effect
size, the number of patients required was 750 (95% CI,
 t  

120 AMERICAN JOURNAL OF OPHT
41–759), 306 (95% CI, 300–313), and 268 (95% CI, 263–
73) for the entire cohort, subgroup, and model-selected
atients, respectively. The C-index for the 5 year model was
.767. 

DISCUSSION 

his study simulated the impact of current FDA criteria for
F progression used for regulatory approvals of new glau-

oma treatments using longitudinal data of patients receiv-
ng care at a tertiary care academic practice. It found that
he majority of the cohort did not meet the VF progression
HALMOLOGY MONTH 2022 



FIGURE 2. Survival by baseline mean total deviation and by decade of life. Kaplan-Meier survival curve for no visual field progres- 
sion as defined by a ≥7 dB decrease in total deviation from baseline in ≥5 visual field locations for ≥2 consecutive visits stratified by 
initial mean total deviation within each age group. The shading straddling represents the 95% confidence interval for each respective 
strata. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

p  

l  

t  

w
 

t  

a  

T  

p  

w  

p  

p
 

m  
criteria of ≥7 dB decrease in threshold sensitivity in ≥5 VF
locations, even after being followed for 5 years. Due to vary-
ing rates of progression in patients, it was calculated that
the number of patients needed in a 2-year clinical trial for
this progression criteria would be > 4000, even if a strong ef-
fect size of 30% reduction in progression rate was assumed.
While recognizing the resulting challenges of conducting
clinical trials of long duration and large sample size, it was
demonstrated that using an AI model to identify and re-
cruit high-risk patients into clinical trials may shorten clin-
ical trials by 6 months or substantially reduce the number
of patients needed to meet the endpoint at most effect sizes
and trial durations. For example, for an effect size of 30%,
the AI-based selection yielded a sample size of 636 for 80%
VOL. 243 NEUROPROTECTIVE TRIAL VF ENDPO
ower at 3 years, compared with 1656 patients when no se-
ection was applied. Alternatively, the trial with no selec-
ion would need to last > 5 years to obtain the same power
ith a similar sample size ( Figure 3 ). 
The overall rate of progression was 13%, as defined by

he FDA criteria, which is lower than that of glaucoma tri-
ls such as the Early Manifest Glaucoma Trial (EMGT).
he VF dataset used for this study was curated from all
atients who had VF testing at a single academic center,
hich would also include glaucoma suspects. 14 Other com-
arable cohorts have also demonstrated a very slow rate of
rogression (median MD rate of –0.05 dB/yr). 18 

In the current cohort, older patients were more likely to
eet the criteria for VF progression, specifically patients
INTS AND AI PATIENT ENRICHMENT 121 



FIGURE 3. Sample size calculations using data from the held-out test set by 3 different selection criteria. These graphs plot the 
number of patients needed to detect a difference in visual field progression for different trial durations and treatment effect sizes. 
The red line simulates no selection criteria. The blue line represents using the criteria of recruiting patients who are aged 60 to 80 

years, with a starting mean total deviation of –5.0 or worse. The green line represents using the elastic-net Cox regression models 
(artificial intelligence model) for patient selection. 
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aged > 60 years. Age has been found to be associated with
faster rates of VF decline in prior studies. 12 , 19 , 20 In this
study, patients with worse VFs at baseline, MD < –5 dB,
were also more likely to meet the VF progression criteria.
This is consistent with some prior studies. 7 , 21 , 22 The same
trends for the association of initial sensitivity on progres-
sion rates were observed within each age category. Of note,
the AI algorithm was not trained to identify high-risk pa-
tients for clinical management. 

Intraocular pressure reduction has been the mainstay of
glaucoma treatment and for regulatory approval of new
therapies and intervention. While IOP can delay onset and
slow progression, it is only a risk factor for glaucoma, and
many patients will progress despite treatment. Furthermore,
similar IOP reductions can lead to different rates of VF
loss. 23 There are several IOP-lowering therapies, but no
clinically available neuroprotective agents for glaucoma. 24 

Thus, there are no non-inferiority metrics to compare neu-
roprotective agents, only what the FDA has set forth as clin-
ically meaningful. 4 

The phase III clinical trials for memantine as a neuro-
protective agent for glaucoma were randomized, double-
masked, placebo-controlled, 4-year studies that enrolled
2298 patients from 128 centers. 25 Criteria for SAP VF pro-
gression consisted of ≥5 VF locations that demonstrated
significant reductions from baseline in a confirmatory VF
obtained within 8 weeks. The study found no difference be-
tween the control and treatment arms at the estimated cost
of ∼100 million dollars. 26 These results cast a shadow of
122 AMERICAN JOURNAL OF OPHT
oubt on the feasibility of glaucoma neuroprotection trials.
he current FDA criteria would likely require study designs

hat are resource-intensive and cost-prohibitive. Better VF
riteria for trials exist and this work highlights a need for
egulatory bodies to systematically review this literature. 

There is currently no reference standard for what consti-
utes VF progression. This study used criteria set forth by
he FDA for regulatory approval, but other methodologies
o evaluate VF progression exist. In general, there are the
ollowing groups: clinical judgment, defect classification,
vent-based analysis, and trend-based analysis. 27 A combi-
ation of these VF criteria has been used as the VF portion
f the main outcome for major glaucoma trials. The EMGT
sed the presence of at least 3 test points with a measured
ensitivity below the fifth percentile of test-retest variabil-
ty expected from the baseline at the same locations over
 consecutive tests for the VF portion of their main out-
ome measure. 28 The Advanced Glaucoma Intervention
tudy used a scoring system from 0 to 20 based on the de-

ect size, depth, and location. 29 The Collaborative Initial
laucoma Treatment Study also used a 20-point system, al-

eit with slightly different criteria. 30 The United Kingdom
laucoma Treatment Study’s VF criteria consisted of 3 lo-

ations worse than baseline at P < 5% in two consecutive
F and 3 locations worse than baseline at the 5% levels in

he 2 subsequent consecutive reliable VFs. 31 The locations
eeting criteria at baseline did not have to be identical to

he locations on subsequent fields. 31 The Guided Progres-
ion Analysis (GPA) of the HFA is used as another clin-
HALMOLOGY MONTH 2022 
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ical tool, and it highlights points on a probability plot if
the change exceeds the variability of stable glaucoma pa-
tients. 32 

There may be alternative methodologies to decrease the
time required to detect progression. Although not accepted
for regulatory use, trend-based analysis may be able to de-
crease the time required to detect progression and offers the
ability to extrapolate future VF data. 33–35 De Moraes and
associates argue that the criteria set forth by the FDA cor-
respond to a rate of progression ≤ –0.5 dB/year for ≥5 loca-
tions. 36 A trend-based analysis could offer the potential to
extrapolate future VF behavior to earlier quantify treatment
effect. Moreover, simulation studies have shown that trend-
based analyses with hierarchical models can greatly im-
prove the power compared with event-based methods, and
might therefore be preferable. 37 The FDA has yet to clar-
ify whether progression based on techniques such as trend-
based analysis is acceptable. Machine learning has also been
utilized to accurately predict future VF loss. 38 Other options
to improve on neuroprotection study design include select-
ing for patients at risk of faster glaucoma progression, mod-
ifying VF testing intervals, 39 adding structural measures for
glaucoma, 40 , 41 employing futility trials, 42 selecting patients
who exhibit smaller variability in their VF test results, 43 or
using both eyes from the same patient for paired compar-
isons of treatment and placebo. 43 

Limitations of this study include the lack of associated
clinical information such as diagnosis, medication regimen,
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