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Artificial Intelligence Models to Identify
Patients at High Risk for Glaucoma Using Self-
reported Health Data in a United States
National Cohort

Rohith Ravindranath, MS, Joel Naor, MD, MS, Sophia Y. Wang, MD, MS

Purpose: Early glaucoma detection is key to preventing vision loss, but screening often requires specialized eye
examination or photography, limiting large-scale implementation. This study sought to develop artificial intelligence
models that use self-reported health data from surveys to prescreen patients at high risk for glaucoma who are most in
need of glaucoma screening with ophthalmic examination and imaging.

Design: Cohort study.

Participants: Participants enrolled from May 1, 2018, to July 1, 2022, in the nationwide All of Us Research Program
who were >18 years of age, had >2 eye-related diagnoses in their electronic health record (EHR), and submitted surveys
with self-reported health history.

Methods: We developed models to predict the risk of glaucoma, as determined by EHR diagnosis codes, using 3
machine learning approaches: (1) penalized logistic regression, (2) XGBoost, and (3) a fully connected neural network.
Glaucoma diagnosis was identified based on International Classification of Diseases codes extracted from EHR data. An
80/20 train—test split was implemented, with cross-validation employed for hyperparameter tuning. Input features
included self-reported demographics, general health, lifestyle factors, and family and personal medical history.

Main Outcome Measures: Models were evaluated using standard classification metrics, including area under the
receiver operating characteristic curve (AUROC).

Results: Among the 8205 patients, 873 (10.64%) were diagnosed with glaucoma. Across models, AUROC scores for
identifying which patients had glaucoma from survey health data ranged from 0.710 to 0.890. XGBoost achieved the
highest AUROC of 0.890 (95% confidence interval [Cl]: 0.860—0.910). Logistic regression followed with an AUROC of
0.772 (95% Cl: 0.753—0.795). Explainability studies revealed that key features included traditionally recognized risk
factors for glaucoma, such as age, type 2 diabetes, and a family history of glaucoma.

Conclusions: Machine and deep learning models successfully utilized health data from self-reported surveys to
predict glaucoma diagnosis without additional data from ophthalmic imaging or eye examination. These models may
eventually enable prescreening for glaucoma in a wide variety of low-resource settings, after which high-risk patients
can be referred for targeted screening using more specialized ophthalmic examination or imaging.

Financial Disclosure(s): The author(s) have no proprietary or commercial interest in any materials discussed in this
article. Ophthalmology Science 2025;5:100685 © 2024 by the American Academy of Ophthalmology. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Glaucoma is a serious eye condition that progressively dam-
ages the optic nerve, eventually leading to irreversible vision
loss and blindness if not treated. Glaucoma is the leading cause
of blindness, both globally' * and in the United States,”
impacting 80 million individuals worldwide and 3 million in
the United States.” Glaucomatous vision loss occurs
gradually over time, progressing from asymptomatic in early
stages to blindness in advanced glaucoma.™ Alarmingly,
50% to 80% of glaucoma cases remain undiagnosed.”’
Moreover, Black and Hispanic/Latino communities are
disproportionately affected by glaucoma.”* These high-risk
groups not only experience a higher prevalence of undetected
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and untreated glaucoma but also tend to be diagnosed at more
advanced stages of the disease.”'” They are more likely to
suffer vision loss after diagnosis and are generally
underrepresented in glaucoma research.”"’

Screening for glaucoma plays a crucial role in enabling
early detection and treatment. Research conducted on local
population-based cohorts has found that the rate of positive
glaucoma screenings is around 1% to 2% in Whites,'* 2% in
Hispanics,'” and as high as 5% in Blacks.'” Despite the
importance of early glaucoma treatment for preventing
blindness, the United States Preventive Services Task
Force has highlighted several obstacles to implementing
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broad-based screening programs.'? Diagnosing glaucoma
necessitates evaluating both the structure and function of
the optic nerve. Most earlier studies have focused on
stratifylng glaucoma risk through imaging or functional
tests,”” ' and “most tests require specialized equlpment
and are performed in an eye specialty setting,”'* making
broad-scale screening or diagnosis less practical. Addition-
ally, there is a shortage of dependable methods or validated
instruments to identify individuals at higher risk of devel-
oping glaucoma, who would be the best candidates for more
intensive screening.'* Further research is needed to develop
and validate risk assessment tools for early detection of
those at helghtened risk and to guide more effective
screening strategies.'

Previous studies aimed at identifying high-risk patients
during the prescreening stage have generally been limited in
scope, focusing on race/ethnicity and family history.”’ >
Without the ability to target equipment- and resource-
intensive screening efforts to the highest risk populations, it
has been challenging to conduct randomized controlled trials
with the scale and follow-up necessary to definitively
demonstrate the benefits of glaucoma screening on long-term
vision-related quality of life, even though glaucoma treatment
is known to prevent vision loss over the patient’s lifetime.'*

The National Institute of Health’s All Of Us™ project
provides a unique chance to create glaucoma prescreening
tools designed to identify patients with a high likelihood
of glaucoma across a broad and diverse United States
population by applying artificial intelligence to self-
reported survey data. This approach addresses the above
key critical challenges in glaucoma screening. The All Of
Us research project collects extensive health information
from over a quarter million individuals across the country,
including a myriad of surveys containing self-reported
health data. All Of Us also prioritizes including a particu-
larly diverse population, especiallzy those traditionally un-
derrepresented in clinical studies.”” The aim of this study
was to develop artificial intelligence-driven prediction al-
gorithms that can analyze the self-reported survey data to
identify patients with a high risk of glaucoma. These algo-
rithms could eventually be used as prescreening tools to
automatically detect patients with a higher probability of
glaucoma, thereby directing resource-intensive, imaging-
based screening programs toward these individuals.

Methods

We conducted a retrospective cross-sectional study using the All of
Us Research Program to develop predictive models that use only
self-reported health data to predict the risk of any kind of glau-
coma. This study, using deidentified data, was exempt from
Stanford University’s Institutional Review Board approval and
adheres to the tenets of the Declaration of Helsinki.

Data Source

The All of Us Research Program has developed a comprehensive
longitudinal database that encompasses clinical, environmental,
lifestyle, and genetic information from >1 270 000 individuals
across the United States. United States residents aged 18 and older
can participate by enrolling through the program’s website

2

Volume 5, Number 3, June 2025

(JoinAllOfUs.org) or via >60 health care provider organizations.
Data are collected from various sources such as electronic health
records (EHRs), surveys, physical measurements, and biospecimen
collection to ensure a comprehensive and accurate representation of
participants’ health information. Upon completion of the core
surveys (The Basics, Lifestyle, and Overall Health), all participants
are invited to complete additional optional surveys such as Per-
sonal and Family History. All collected data are standardized using
the Observational Medical Outcomes Partnership Common Data
Model for observational health research.”

Inclusion/Exclusion Criteria

This study used data from the All Of Us, version 7 cohort, the most
recent release at the time of analysis, covering participants enrolled
from May 1, 2018, to July 1, 2022. Participants had >2 separate
encounters with 2 separate eye-related diagnoses in their EHRs,
indicating they likely visited an eye care provider where glaucoma
status could have been assessed. Eye-related findings and diagnoses
were identified using a hierarchical ontology of Observational
Medical Outcomes Partnership codes, which are based on the Sys-
temized Nomenclature of Medicine (SNOMED) codes (4038502,
eye/vision finding), allowing the selection of parent codes that
automatically include all related child codes. To train a model to
identify patients with confirmed glaucoma, the study included those
with definitive glaucoma diagnosis codes and those without any
glaucoma-related diagnosis codes; patients diagnosed with suspect
or borderline glaucoma were excluded (see Table S1 for related
concept codes, available at www.ophthalmologyscience.org).
Additionally, patients with no prior eye-related diagnoses were
excluded, as it was impossible to determine if they had undiagnosed
glaucoma. The study’s cohort design and inclusion/exclusion criteria
are summarized in Figure 1.

Feature Engineering

Model input features included information from Overall Health,
The Basics, Lifestyle, and Personal and Family History surveys.
The Personal and Family History survey collects information about
the medical history of participants and participants’ immediate
biological family members. The Lifestyle survey collects infor-
mation about participants’ daily habits and behaviors, aiming to
understand how these factors impact health. The Overall Health
survey collects information regarding participants’ reported levels
of individual health, including overall general health, physical and
mental health, and quality of life. The full text of the questions
investigated in this study are listed in Table S2 (available at
www.ophthalmologyscience.org), as well as their answer choices
and short descriptions by which we will refer to these questions.
Questions  selected mainly focused on eye conditions,
cardiovascular conditions, and hormone/endocrine conditions, as
they have been known to be associated with glaucoma through
previous literature.”™>” A personal history of glaucoma was not
included as a question in the survey, because in practice, those
patients who already know they have glaucoma would not be the
population taking this survey to be screened for glaucoma.
Information about demographics and additional covariates were
identified from The Basics survey. Age was considered as a
continuous covariate. Race \ ethnicity was categorized as non-
Hispanic White, Hispanic, non-Hispanic Black, non-Hispanic
Asian, other race\ ethnicity, and unknown. Sex at birth was
categorized as male, female, and unknown. Education was cate-
gorized as did not graduate high school, high school graduate or
graduate equivalency degree, some college, college graduate,
advanced degree, and unknown. Gender was categorized as cis-
gender man, cisgender woman, nonbinary or transgender, and
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Figure 1. Feature engineering and cohort construction. Flowchart depicting the cohort design, with inclusion and exclusion criteria for the study

population.

unknown via the 2-step process from Resiner Poteat et al, 2016.%®
Sexual identity was categorized as straight/heterosexual,
everything else, and unknown. Income was categorized as <$25
000, $25 000 to $49 999, $50 000 to $74 999, $75 000 to $99
999, $100 000 to $149 999, $150 000+, and unknown.
Relationship status was categorized as married or living together,
never married, widowed, divorced or separated, or unknown.
Insurance coverage was categorized as yes, no, and unknown.
Employment status was categorized as employed for wages, self-
employed, out of work/unable to work, retired, other (student/
homemaker), or unknown. All measures were converted to one-hot
encoded vectors and used as input into the model.

Modeling

Machine learning models were fitted on the training data using the
Python sklearn v1.2.1 package.”” These models included penalized
logistic ~ regression (L2  penalization) and  XGBoost.
Hyperparameters were tuned using fivefold cross-validation on
the training set to optimize the area under the receiver operating
characteristic curve (AUROC). Grid search was used to tune
penalization for logistic regression, and random search was used
for XGBoost. A summary of hyperparameters is in Table S3
(available at www.ophthalmologyscience.org).

A fully connected deep learning network (FCN) was also built
using Python TensorFlow v2.11.0 package.”” The FCN used the
same structured features as the machine learning models,
constructed with 3 dense layers, 2 dropout layers, and an output
layer with a sigmoid activation function (Input(61)
-> Dense(128) -> Dropout(0.4) -> Dense(64) -> Dense(32)
-> Dropout(0.4) -> Output(1, sigmoid)).

Evaluation

We assessed our classification models using standard metrics,
including accuracy, balanced accuracy, recall, precision, F1 score
(which balances recall and precision), AUROC, and the area under

the precision—recall curve, all evaluated on the test set. Accuracy
measures the proportion of correct predictions, while balanced
accuracy corrects for data bias by averaging sensitivity and spec-
ificity, effectively weighting each sample by the inverse prevalence
of its true class. During cross-validation, we fine-tuned the clas-
sification threshold for each model to optimize the F1 score on the
test set. We used bootstrap simulation to generate 95% confidence
intervals (CIs) for all metrics, performing 1000 training and test set
iterations to produce 1000 sets of model statistics. This method
enables us to empirically evaluate variability in model perfor-
mance, enhancing result transparency. Additionally, we compared
the model’s performance (AUROC score) stratified by race/
ethnicity to gain insights regarding the model’s inherent biases.
Finally, we performed explainability analyses using Shapley
values, also known as SHapley Additive exPlanations values, to
determine feature importance.’'*> This method determines feature
importance based on the magnitude of feature attributions through
a game theory—based approach. Shapley values quantify the
marginal contribution of each feature to the model’s predictions,
considering all possible subsets of features. We computed SHapley
Additive exPlanations values for the XGBoost model on the test
set.

Results

Study Population

Population characteristics for the study cohort of 8205
participants are summarized in Table 4. Patients who were
diagnosed with glaucoma represented 10.64% (N = 873)
of the cohort. The overall mean age was 62.72 years
(standard deviation: 14.88). The majority of the cohort
was female (67.54%, N = 5542). The majority of the
cohort was non-Hispanic White (79.57%, N = 6529).
Non-Hispanic Black participants formed 7.04% (N = 578)
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Glaucoma Patients
N =2873
Mean SD
Age 70.65 10.28

Sex at birth
Male
Female
Unknown

Race/ethnicity
Non-Hispanic White
Hispanic
Non-Hispanic Black
Non-Hispanic Asian
Non-Hispanic Middle Eastern/North African
Non-Hispanic Native Hawaiian/Pacific Islander
Other race/ethnicity
Unknown

Education
Did not graduate high school
High school graduate/graduate equivalency degree
Some college
College graduate or above
Advanced degree
Unknown

Gender
Cisgender man
Cisgender woman
Transgender/nonbinary
Unknown

Sexual identity
Straight/heterosexual
Everything else
Unknown

Employment status
Employed for wages
Self-employed
Qut of work/unable to work
Retired
Other (student/homemaker)
Unknown

Income
<25k
25K—49.9k
50K—74.9k
75K—99.9k
100—149.9k
150k-+
Unknown

Marital status
Married or living with partner
Never married
Widowed
Divorced/separated
Unknown

Health insurance
No
Yes
Unknown

SD = standard deviation.

Table 4. Population Characteristics

Nonglaucoma Patients

N =7332
Mean
61.77

N %
348 39.86%
523 59.91%
2 0.23%
644 73.77%
54 6.19%
99 11.34%
22 2.52%
9 1.03%
1 0.11%
9 1.03%
35 4.01%
13 1.49%
85 9.74%
227 26.00%
250 28.64%
288 32.99%
10 1.15%
343 39.29%
516 59.11%
6 0.69%
8 0.92%
812 93.01%
46 5.27%
15 1.72%
186 21.31%
45 5.15%
109 12.49%
497 56.93%
21 2.41%
15 1.72%
93 10.65%
140 16.04%
143 16.38%
126 14.43%
109 12.49%
143 16.38%
119 13.63%
541 61.97%
93 10.65%
4 8.48%
152 17.41%
13 1.49%
6 0.69%
857 98.17%
10 1.15%

SD

15.06

2308
5019

5885
525
479
126

48

68
195

124
685
1911
2173
2356
83

2274
4952
42
64

6636
575
121

2630
506
1045
2688
370
93

918
1142
1127

944
1110
1260

831

4475
1070
493
1218
76

80
7196
56

%

31.48%
68.45%
0.07%

80.26%
7.16%
6.53%
1.72%
0.65%
0.08%
0.93%
2.66%

1.69%
9.34%
26.06%
29.64%
32.13%
1.13%

31.01%
67.54%
0.57%
0.87%

90.51%
7.84%
1.65%

35.87%
6.90%
14.25%
36.66%
5.05%
1.27%

12.52%
15.58%
15.37%
12.88%
15.14%
17.18%
11.33%

61.03%
14.59%
6.72%
16.61%
1.04%

1.09%
98.15%
0.76%

N

Mean
62.72

2656
5542

6529
579
578
148

57

1
230

137
770
2138
2423
2644
93

2617
5468
48
72

7448
621
136

2816
551
1154
3185
391
108

1011
1282
1270
1070
1219
1403

950

5016
1163
567
1370
89

86
8053
66

Total
= 8205
SD

14.88

%

32.37%
67.54%
0.09%

79.57%
7.06%
7.04%
1.80%
0.69%
0.09%
0.94%
2.80%

1.67%
9.38%
26.06%
29.53%
32.22%
1.13%

31.90%
66.64%
0.59%
0.88%

90.77%
1.57%
1.66%

34.32%
6.72%
14.06%
38.82%
4.77%
1.32%

12.32%
15.62%
15.48%
13.04%
14.86%
17.10%
11.58%

61.13%
14.17%
6.91%
16.70%
1.08%

1.05%
98.15%
0.80%
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of the cohort, and Hispanics formed 7.06% (N = 579) of the
cohort.

Model Performance

Receiver operating characteristic curves and
precision—recall curves for all models on the entire cohort
are shown in Figure 2, evaluated on the test set. The
XGBoost model achieved the highest performance with an
AUROC score of 0.890 (95% CI: 0.860—0.910). Logistic
regression achieved the second highest performance with
an AUROC score of 0.772 (95% CI: 0.753—0.795), while
the FCN model performed the worst with an AUROC
score of 0.710 (95% CI. 0.683—0.722). Classification
metrics on the overall cohort are summarized in Table 5,
with individual classification thresholds tuned on a
validation set to maximize the F1 score. XGBoost
performed the best with regard to accuracy, balanced
accuracy, precision, and recall with scores of 0.904 (95%
CI: 0.878—0.923), 0.771 (95% CI: 0.753—0.781), 0.572
95% CI. 0.555—-0.596), and 0.586 (95% CIL
0.554—0.592), respectively. Logistic regression performed
the best with respect to accuracy, precision, and F1 with
scores of 0.790 (95% CI: 0.765—0.811), 0.281 (95% CI:
0.267—0.291), and 0.372 (95% CI: 0.358—0.391),
respectively. The FCN model had the best recall with a
score of 0.730 (95% CI: 0.704—0.755).

A secondary analysis was performed to analyze our
model’s performance stratified by race/ethnicity. Table 6
reports the AUROC scores stratified by race/ethnicity for
all models. XGBoost had the best performance for all
subgroups. Non-Hispanic White had an AUROC score of
0.894 (95% CI: 0.883—0.902), Hispanic had a score of
0.846 (95% CI: 0.832—0.858), and non-Hispanic Black had
a score of 0.916 (95% CI: 0.901—0.923).

A ROC Curves and AUC Scores

10

0.8

o
o

True Positives
o
4

0.2

M —— Logistic Regression AUC: 0.77
2 ---- XGBoost AUC: 0.89
gga— % ---- Neural Network AUC: 0.71

Explainability

We performed explainability analyses to determine which
input features contributed most to the model predictions,
calculating Shapley values for the XGBoost model (Fig 3).
The most important features included various demographic
and eye conditions, such as age, race (non-Hispanic
Black), cataracts, and refractive error (myopia and
hyperopia). Notably, family history of glaucoma (mother,
father, and sibling) was also among the most important
features, as was type 2 diabetes.

Discussion

In this large nationwide multicenter study, we developed
artificial intelligence prediction algorithms to identify pa-
tients with a high probability of glaucoma diagnosis using
only self-reported survey data. Despite not using ophthalmic
data, EHR, or imaging to predict glaucoma risk, the best-
performing model achieved an AUROC of 0.890 (95%
CI: 0.860—0.910) for identifying patients with glaucoma as
well as being the most calibrated between the 3 models.
When stratified by race/ethnicity, we observed that
XGBoost performed the best across all subpopulations.
Explainability studies demonstrated that important features
included those traditionally known to be risk factors for
glaucoma, as well as other systemic features.

There has been some previous work to develop models
and tools that use nonimaging data to identify individuals at
high risk for certain diagnoses such as glaucoma,’’
diabetic retinopathy,”* and other medical diseases.” ~*
Most of these studies primarily rely upon ophthalmic clin-
ical examination findings in order to risk-stratify patients,
thus generally requiring ophthalmic equipment and

B Precision-Recall Curves and AP Scores

—— Logistic Regression AP: 0.29
-- XGBoost AP: 0.62
---- Neural Network AP: 0.24

Recall

04

02

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positives

Precision

Figure 2. Receiver operating characteristic and precision—recall curves. This figure shows receiver operating characteristic curves (ROCs) (left) and
precision—recall curves (right) for all models, evaluated on the entire test set. AP = area under the precision-recall curve; AUC = area under the receiver

operating curve.



Table 5. Model Performance Metrics

F1
0.372 (0.358—0.391)

Balanced ACC Recall Precision
0.551 (0.535—0. 562) 0.281 (0.267—0.291)

0.686 (0.670—0.698)

ACC

0.790 (0.765—0.811)

AUROC

0.772 (0.753—0.795)*

Logistic

regression
XGBoost

0.586 (0.554—0. 592)
0.328 (0.308—0.342)

0.572 (0.555—0.596)
0.211 (0.199—0.225)

0.771 (0.753—0.781) 0.600 (0.593—0.611)
0.730 (0.704—0.755)

0.692 (0.673—0.713)

0.904 (0.878—0.923)

0.890 (0.86—0.910)

0.664 (0.634—0.689)

0.710 (0.683—0.722)

network (FCN)

Fully connected

ACC = accuracy; AUROC = area under the receiver operating characteristic curve.

Bolded terms indicate best performance across all models.

*95% confidence intervals shown in parentheses.
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ophthalmic examination by qualified personnel. For
instance, Laroche et al*” created a cost-effective, minimally
invasive tool to estimate glaucoma risk based on age,
intraocular pressure, and central corneal thickness. This tool
was tested on 104 eyes—both normal and glaucomatous—
from a single clinic in New York, achieving an AUROC of
0.81 in distinguishing between glaucoma patients and con-
trols within that group.”” In contrast, our models do not rely
on any ophthalmic clinical data, making them suitable for
use in nonophthalmic environments or in patients who
have no prior eye care history. To assess one’s risk of
glaucoma and recommend further screening, a patient
could simply fill out a survey. Moreover, our model was
trained and assessed using a large, diverse, multicenter
cohort across the United States, with separate training and
evaluation populations to ensure performance metrics are
robust and less prone to overfitting.

A similar approach using patients’ self-reported health
data to determine ophthalmic risk was used for the Diabetic
Retinopathy Risk Assessment Tool (DRRisk). The DRRisk
tool is available online and thus patients may use an online
survey to provide inputs for the algorithm, which utilizes 14
features, including systolic blood pressure, hemoglobin Alc,
hemoglobin, sex, ethnicity, diastolic blood pressure, age, and
others. The DRRisk model achieved an AUROC of 0.8 for
predicting diabetic retinopathy. Notably, the features for this
calculator do require the patients’ laboratory results and
physical examination measurements, whereas our glaucoma
risk model does not require this information. Because diabetes
is a systemic disease, there are many known systemic markers
of poor control that might be reasonably predictive of diabetic
retinopathy. Despite these differences, it is striking that we
were nevertheless able to achieve better results for predicting
glaucomarisk, achieving an AUROC of 0.890 using only self-
reported survey data.

Our glaucoma prescreening method effectively focuses
screening efforts on high-risk patients by using routinely
collected survey data. This targeted approach allows us to
refer those most likely to have glaucoma for specialized
ophthalmic screening, optimizing time and financial re-
sources by concentrating imaging-based screening on those
who need it most. General population screening for glau-
coma typically yields a screen-positive rate—or glaucoma
prevalence—of around 5% at most, underscoring the sig-
nificant challenge of widespread screening for this con-
dition."***~*! For instance, the Proyecto VER study found a
glaucoma prevalence of 1.97% (95% CI: 1.58%—2.36%) in
a poEulation—based sample of Hispanic adults >40 years
old."” Similarly, the Rotterdam Study reported an overall
prevalence of 1.10% (95% CI: 1.09, 1.11).%"

Conducting a randomized controlled trial for glaucoma
screening is challenging due to the low screen-positive rate
in the general population, despite the known benefits of
treatment in preventing vision loss. Our models achieved a
precision of 0.572 when the predicted probability threshold
was set to maximize the balance between recall (sensitivity)
and positive predictive value (precision). At this threshold,
deploying such a model to screen only model-positive pa-
tients could increase the screen-positive rate 10-fold
compared with screening the general population. This
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Table 6. Model Performance with Area Under the Receiver Operating Characteristic Curve Stratified by Race/Ethnicity

XGBoost
Non-Hispanic White 0.894 (0.883—0.902)*
Hispanic 0.846 (0.832—0.858)
Non-Hispanic Black 0.916 (0.901—0.923)
Non-Hispanic Asian 0.826 (0.814—0.846)
Other/unknown 0.843 (0.821—0.855)

Bolded terms indicate best performance across all models.
*95% confidence intervals shown in parentheses.

targeted approach could optimize screening resource allo-
cation and make future clinical trials of screening more
feasible. While there is a tradeoff between recall and pre-
cision, the model allows adjustment of the "positive" pre-
diction threshold to align with available screening capacity.
For example, more patients could be screened, increasing
sensitivity but also approaching the ‘“screen everybody”
approach, or fewer but higher probability patients could be
screened, increasing positive predictive value. Although
model performance on sensitivity and positive predictive
value could still be improved, this prescreening approach
still provides a substantial improvement over the current
state, where an absence of systematic methods for identi-
fying which patients to screen for glaucoma is limiting the
ability to establish any screening programs dedicated to
glaucoma.

Another strength of this study is the investigation of
model explainability. Some features that our model has
identified as important are known risk factors for glaucoma
while others are novel. Age and non-Hispanic Black

High
Age

et
Cataracts -’ -
Mother Having/Had Glaucoma 0
Farsightedness -—’
Retired ”
Non-Hispanic White .——-
Sibling Having/Had Glaucoma ‘
-
’_

Nearsightedness

Feature value

Type 2 Diabetes
Non-Hispanic Black

Father Having/Had Glaucoma

{
{
Dry Eyes ’O

Physical Health Level: Excellent '—.

Income Level: 75k - 99.9k
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Figure 3. Model explainability with Shapley feature importance. The
figure illustrates the Shapley value for the most important features in pre-
dicting whether a patient is at high risk for glaucoma, using the XGBoost
model and calculated across the test set. Positive Shapley values indicate an
influence toward predicting surgery, while negative values suggest an in-
fluence toward predicting no surgery. Points represent individual observa-
tions in the test set, with the color of each point reflecting the relative
value of that feature for that patient. SHAP = SHapley Additive
exPlanations.

Logistic Regression Fully Connected Network

0.779 (0.761-792) 0.726 (0.714—0.733)
0.692 (0.683—0.709) 0.552 (0.548—0.562)
0.851 (0.844—0.868) 0.775 (0.764—0.788)
0.674 (0.663—0.683) 0.590 (0.583—0.622)
0.753 (0.736—0.761) 0.626 (0.601—0.639)

populations are known to be accepted risk factors for
glaucoma since older patients are more likely to have
glaucoma progression than younger patients at similar
intraocular pressure and individuals with African descent are
known to be a predictor as there is higher prevalence, earlier
presentation, and faster progression of primary open-angle
glaucoma.''”" We also observed that having immediate
family members who have been diagnosed with glaucoma
is an important factor for our model and is a well-
established risk factor for developing glaucoma. Having a
first-degree relative (parent, sibling, or child) with glaucoma
significantly elevates the risk of developing glaucoma,
increasing it by approximately ninefold.”” Moreover, the
lifetime risk of glaucoma for first-degree relatives of glau-
coma patients is around 22%, compared with just 2.3% for
those without a family history of the condition.*” Siblings of
individuals with glaucoma have a 10.4% prevalence of the
disease, in contrast to only 0.7% among siblings of those
without glaucoma.”” Farsightedness (hyperopia) and
nearsightedness (myopia) are also important features in
our model and are known risk factors for glaucoma, with
myopia being more strongly associated with an increased
risk of open-angle glaucoma.**** People with myopia are
approximately twice as likely to develop glaucoma
compared with the general population and those with high
myopia (optical prescription > —6.0 diopter) have a 14
times higher risk of developing glaucoma compared with
the general population.** Type 2 diabetes was also found
to be an important feature for the model, and this is a
long-debated risk factor for glaucoma.”®" Interestingly,
having cataract in your immediate family or yourself was
also an important feature for the model, but it is not a
known risk factor for most types of glaucoma. Patients
with established eye care, such as those in the training
population, may be simultaneously more likely to be
diagnosed with cataract and glaucoma, yielding such an
association. Both glaucoma and cataracts are also age-
related, yielding some correlation between the 2 diseases.
There are several additional limitations to this study.
The participants included were those with >2 eye-related
diagnoses, meaning they would have seen an eye doctor
for an examination and either been diagnosed with glau-
coma or not. There is the potential for ascertainment bias,
as individuals with conditions such as diabetes, cataract, or
refractive error (e.g., myopia or hyperopia) are more likely
to seek eye care. While these conditions may not all be
direct risk factors for glaucoma, their presence increases
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the likelihood of a person visiting an eye doctor, leading to
the overrepresentation of such individuals in the dataset.
They may also be more likely in the course of their eye care
to be diagnosed with glaucoma, even though all partici-
pants in our cohort had eye care. Overall, the generaliz-
ability of the model to a true screening population where
eye care is less frequent and conditions like these may be
underrepresented remains to be studied. Furthermore, there
was no ability to confirm the specialty of the providers
submitting these diagnoses, which was another reason why
we only included patients with >2 eye-related diagnoses, a
stricter criterion than relying on a single diagnosis. We also
could not include all participants in the All of Us study, as
some individuals without a history of eye care could have
undiagnosed glaucoma. This may affect the model’s per-
formance in a general population, especially as the preva-
lence of glaucoma in an eye care population is higher than
would be expected in a true screening population. Future
studies should test the model in a true screening population
where all patients, regardless of prior eye care, are evalu-
ated for glaucoma. In such a population, the prevalence of
glaucoma would be low, and patients would not be aware
of their glaucoma status; thus, the performance of the
model under these conditions should be tested. Another
important limitation is that the All of Us dataset lacks
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