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Abstract

Open globe injury is a vision-threatening emergency whose outcome depends on rapid escalation to
surgical repair, yet in rural, military, and other low-resourced settings the escalate-or-not decision is
usually made by non-ophthalmologists without access to a slit lamp. We present a smartphone-
deployable triage tool that detects likely open globe injury from an ordinary external-eye photograph and
runs fully offline, with no image or protected health information leaving the phone. From a
heterogeneous, multi-source, real-world cohort (1,305 images, 58 open globe positives) with four-
reviewer adjudicated labels, we trained and evaluated vision backbones under a de-duplicated, leakage-
free split with a frozen held-out test (261 images, 12 positives). A fine-tuned ViT-B reached AUROC 0.934
on the frozen held-out test (0.930 mean across ten seeds; Supplementary Fig. S3); a frozen-feature probe
and ensemble, with no backbone fine-tuning, nearly matched it (VisionFM probe 0.906, ensemble 0.908)
while running on edge hardware, with a conservative cross-validation estimate of 0.88 to 0.89. We
package the model into a working iOS and Android application and map its use across military,
community, emergency department, and telemedicine pathways. To our knowledge, this is the first
automated open globe injury triage signal from external-eye photographs, delivered as a deployable,
offline tool for low-resourced settings.

Introduction

Ocular trauma is a leading cause of monocular blindness worldwide, with open globe injury (OGI),
defined as a full-thickness wound of the cornea and/or sclera, representing one of the most time-
sensitive forms of ocular trauma. In OGI, primary surgical repair should be performed within 24 hours of
injury to reduce risk of endophthalmitis and permanent vision loss.!? The initial assessment of ocular
trauma is frequently performed by non-ophthalmologists who must determine whether urgent
ophthalmologic consultation is indicated.® In active military conflict zones, initial assessment and the
evacuation decisions are often determined by medics, corpsmen, physician assistants, or non-
ophthalmologist clinicians* 2. The Joint Trauma System (JTS) Clinical Practice Guidelines (CPG)
recommend evacuation of “all vision-threatening injuries so that they receive treatment by an eye

surgeon within 24 hours, if possible.”"3

The global burden of ocular trauma disproportionately affects patients in low- and middle-income
countries (LMICs). In 1998, the World Health Organization (WHO)-affiliated estimates placed eye injury at
roughly 55 million activity-limiting injuries annually, including approximately 200,000 OGls requiring
hospitalization, with about 1.6 million people blind from injury and a further 19 million with unilateral
vision loss.’® Recent Global Burden of Disease estimates are consistent with earlier reports, indicating
approximately 59.9 million incident eye injuries worldwide in 2019 and demonstrating persistent
disparities across the socioeconomic development gradient.”>'® Hospital series from LMICs find OGlI to
be a large share of presenting ocular trauma, roughly 30% in Malawi to roughly 56% in Ghana and
Malaysia, affecting predominantly young, working-age males and children, with poor visual outcomes'’~
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20 Delay in ophthalmic care for OGl is common and of great clinical consequence. In one pediatric
cohort, only 39% of children with OGI presented to a clinical setting within 24 hours, and earlier
presentation tripled the odds of a favorable visual outcome.® One structural driver in the existing
literature appears to be a global ophthalmologist shortage: ophthalmologist density is 76 per million in
high-income versus 3.7 per million in low-income countries, a greater than 20-fold difference.
Approximately 17% of the world's population, across 132 countries, has access to under 5% of the
world's total practicing ophthalmologists 2"

Automated decision support that runs on an external-eye photograph rather than a slit lamp could enable
a frontline provider to make the “escalate-or-not call” more accurately and efficiently without an
ophthalmic specialist present. While deep learning has been validated for fundus-based screening in
disease states including diabetic retinopathy and glaucoma, our team is aware of no prior automated
approach to OGI detection from external-eye photographs. Here, we establish that this signal exists and
is learnable from the uncontrolled, real-world imagery that such settings produce (Fig. 1), and we
benchmark a range of general-purpose and domain-specific vision backbones to characterize it.Figure 1.
Representative external-eye photographs by category. License-clear external-eye photographs (open
globe, indeterminate, non-open globe) shown for visual review of

input-image quality and the range of real-world imagery. Figure 1 image credits (all from

Wikimedia Commons, cropped to the ocular region): open globe, "Penetrating eye injury" by Bobjgalindo
(CC BY-SA 4.0), "Globe rupture" by S. Bhimji MD (CC BY 4.0), "Blunt ocular trauma - iris protrusion" by
Maria Sieglinda von Nudeldorf (CC BY-SA 4.0); indeterminate, "Hyposphagma rechts Blick leicht nach
unten" by Andrea Kamphuis (CC BY-SA 4.0), hyphema image from Okunuki et al., BMC Ophthalmol.
2014;14:74 (CC BY 4.0), "Hyphema - occupying half of anterior chamber of eye" by Rakesh Ahuja MD (CC
BY-SA 2.5); not open globe, “Black eye as result of contusion" by Mariano-J (CC BY-SA 3.0), "Human
cornea with abrasion highlighted by fluorescein staining" by James Heilman MD (CC BY-SA 3.0),
“Subconjunctival hemorrhage, small and temporal" by Iceclanl (CC BY-SA 4.0). This figure contains third-
party images licensed under their own Creative Commons terms as credited above; they are not covered
by the article's CC BY license.

Results
Cohort and task

A cohort was built from a multi-tier web scrape of 11,146 external-eye images; automated filtering and a
first-pass screen for image content, licensing, and gradability kept 1,657. A perceptual-hash and pixel-
correlation audit then removed 52 duplicate images, and a further 300 images were removed during
domain-expert grading, yielding a final cohort of 1,305 unique images (58 OGI positives) with four-
reviewer adjudicated labels. The task is binary detection of "OGI" versus "everything else" (closed globe
trauma, suspected-but-not-open, and non-trauma). Images pooled across source tiers were split by
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perceptual-hash cluster-grouped, label-stratified holdout (Fig. 2) into a train+validation (train + val) set
(1,044 images, 46 positives) for all model fitting and a frozen held-out test (261 images, 12 positives)
touched only for final scoring. The reported split is de-duplicated and leakage-free. All reported numbers
are on the frozen test set unless otherwise stated, with 2,000-resample bootstrap 95% confidence
intervals (Table 1).Figure 2. Study design. A single leakage-safe cohort (dedup-cluster-grouped, label-
stratified) is evaluated across five backbones, two representation modes (frozen-feature linear probe and
fine-tuning), two label tasks (binary open globe-vs-rest and tertiary), and six combination strategies,
scored by internal grouped cross-validation and a frozen held-out test with bootstrap and DelLong
inference.

Table 1 Cohort composition and split.

Table 1

Cohort composition and split, with open-globe positives by split.
Train + val comprises 1,044 images (46 open-globe positives);
the frozen held-out test comprises 261 images (12 positives

the total curated cohort is 1,305 images (58 positives).

U

Split Images Open-globe positives
Train +val (model fitting) 1,044 46
Frozen held-out test 261 12

Total curated cohort 1,305 58

A compute-light frozen probe nearly matches the best fine-tuned
model

A fine-tuned ImageNet ViT-B/16 was the strongest model on the frozen test (AUROC 0.934; stable at
0.930 across ten seeds). The ophthalmology foundation model VisionFM, used only as a frozen feature
extractor, was the best single probe (0.906, 95% CI 0.843 to 0.957). Other backbones trailed (ImageNet
ViT-B/16 probe 0.779; DINOv2 ViT-B/14 probe 0.701; ConvNeXt-Tiny probe 0.794; EfficientNet-BO probe
0.888, fine-tune 0.742). For deployment, a frozen probe on domain features captures most of the signal
with no backbone fine-tuning, well suited to compute-light edge inference (Table 2).
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Table 2
Per-backbone performance on the frozen held-out test.

Backbone Linear-probe Probe Fine-tune Fine-tune
AUROC [95% CI]  sens@90spec AUROC sens@90spec

VisionFM 0.906 [0.843, 0.667 0.880 0.583

(ophthalmology FM) 0.957]

ImageNet ViT-B/16 0.779 [0.564, 0.667 0.934 0.917
0.950]

DINOv2 ViT-B/14 0.701 [0.508, 0.417 NA NA
0.868]

ConvNeXt-Tiny 0.794[0.627, 0.500 NA NA
0.926]

EfficientNet-BO 0.888][0.785, 0.583 0.742 0.083
0.960

Table 2. Per-backbone performance on the frozen held-out test (frozen linear probe versus end-to-end
fine-tune). AUROC with 2,000-resample bootstrap 95% confidence intervals; sensitivity at > = 90%
specificity. NA denotes fine-tune not run for that backbone.

Model combination does not exceed the single backbone

Our team compared six combination strategies, fitting every weight and meta-learner on train + val out-
of-fold predictions only. Early feature fusion (concatenated frozen embeddings followed by class-
balanced logistic regression) gave the best point estimate (AUROC 0.912, 95% Cl 0.803 to 0.979;
sensitivity 0.75 at > = 90% specificity; expected calibration error 0.036); a greedy meta-ensemble
collapsed onto feature fusion (Fig. 3). The hybrid ensemble gave the best calibration (ECE 0.025) (Fig. 4).
No combination significantly beat the single VisionFM probe (DeLong ?? fusion vs VisionFM: z=0.14, p =
0.89), as expected with only 12 test positives (Table 3).Figure 3. Discrimination and calibration on the
frozen held-out test. (A) Receiver-operating-characteristic curves for the leading models (feature fusion,
VisionFM probe, soft-vote ensemble, ImageNet ViT-B/16). (B) Precision-recall curves (positive
prevalence 0.046 marked as baseline). (C) Calibration (reliability) curves for the three best-calibrated
models.

Table 3 Model-combination strategies on the frozen held-out test.
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Table 3

Model-combination strategies on the frozen held-out test. AUROC (95% Cl), PR-AUC, sensitivity at > =
90% and > = 95% specificity, and expected calibration error (ECE). All weights and meta-learners were fit
on train + val out-of-fold predictions only.

Method AUROC PR- sens@90spec sens@95spec ECE
[95% CI] AUC
Feature fusion (concat 0.912 0.487 0.75 0.583 0.036
embeddings) [0.803,
0.979]
Hybrid (greedy over 0.909 0.475 0.583 0.500 0.025
bases+fusion+stacking) [0.830,
0.968]
Soft-vote ensemble 0.908 0.489 0.583 0.583 0.033
[0.827,
0.972]
Rank-mean ensemble 0.890 0.476 0.667 0.667 0.454
[0.760,
0.974]
Stacking (logistic meta-learner)  0.904 0.450 0.583 0.583 0.281
[0.822,
0.969]
Greedy (Caruana) ensemble 0.904 0.410  0.583 0.417 0.035
[0.837,
0.958]

Internal versus held-out estimates

Held-out AUROCs exceeded the train + val cross-validation estimates (for example, VisionFM 0.869 CV to
0.906 test), consistent with a small, favorable test draw. The cross-validation values (0.88 to 0.89) is a
conservative alternate primary estimate, with the frozen-test number as held-out confirmation, given the
wide test intervals (Table 4).

Table 4
Internal cross-validation versus held-out AUROC.
Model Train + val CV AUROC [CI] Frozen-test AUROC [CI]
Greedy ensemble  0.892 [0.840, 0.936] 0.904 [0.837, 0.958]
VisionFM 0.869 [0.820, 0.915] 0.906 [0.843, 0.957]
DINOv2 0.830[0.764, 0.891] 0.701 [0.508, 0.868]
ImageNet ViT-B 0.780[0.697, 0.855] 0.779 [0.564, 0.950]

Table 4. Internal grouped cross-validation versus frozen held-out AUROC (95% ClI).

Page 7/17




Robustness and shortcut checks

Because the cohort is web-scraped, we audited for source-driven shortcuts (Supplementary Table S1).

Leave-one-tier-out and tier-stratified cross-validation AUROC stay above chance across all three source
tiers, so the signal is not confined to a single source. Excluding face-containing images leaves AUROC

unchanged, and source tier is not strongly decodable from the embeddings (cross-validation accuracy

0.925 at the 0.936 majority baseline). The image model uses no captions at inference.

Discussion

Open globe injury is detectable by a smartphone-based Al tool from an external-eye photograph at
performance in the range of well-regarded fundus-based screening models built on larger datasets,
despite a small positive count and deliberately uncontrolled imagery. To our knowledge, this is the first
automated approach to this task with this modality, and it defines a benchmark the field can build on for
clinically meaningful benefits.

Our deployment target includes patients and clinicians in low-resource, rural, and military settings. A
photograph-based triage signal that runs on smartphones (i0S, Android) lets a non-ophthalmologist
decide “escalate-and-shield-now” versus routine referral to outpatient ophthalmology for non-open globe
ocular trauma, which could help reduce inequities in emergency eye care. Our design choices are
oriented toward implementation rather than benchmark performance alone. This includes deployment-
representative training data, a frozen leakage-free test, calibration suited to a referral threshold, and a
compute-light frozen-feature probe deployable on edge hardware. We report decision-curve net benefit
across a range of referral thresholds (Supplementary Fig. S2). We illustrate this deployment path across
representative eye-care settings (Fig. 5) and in a working, fully offline smartphone application (Fig. 6).
Because inference runs entirely on the smartphone with no connectivity, no cloud service, and no image
or protected health information leaving the device, the tool fits settings with little digital infrastructure
and sidesteps the data-governance barriers that stall many digital-health deployments. A single, mid-
range smartphone is the only hardware required, and the frozen-feature probe not requiring backbone
fine-tuning keeps the compute footprint small enough for older devices. In a non-specialist workflow, the
output is a single escalate-and-shield versus routine-referral call rather than a diagnosis, which is the
clinical decision a frontline provider needs to make. The heterogeneous, multi-source web-scraped
cohort is a strength of this dataset, as it samples the variability (e.g. device, lighting, angle, background)
of in-field imaging far better than a curated single-device dataset would.

Several limitations of our model remain. First, with only 12 open globe positives in the held-out test,
confidence intervals are wide (Table 2), and the top methods cannot be separated. Second, although the
binary open-globe target inter-grader agreement was high (raw agreement 97%, Gwet AC1 0.96) and all
disagreements were resolved by expert adjudication, additional independent reads would harden the
ground truth. Third, open globe-only is a first-pass triage signal. This tool lacks the ability to complete a
full ocular-trauma assessment, since a large share of vision-threatening trauma is not open globe
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(oculoplastic, orbital fracture, traumatic optic neuropathy, hyphema, retinal injury). Fourth, prospective
field deployment and referral-workflow integration remain future work, alongside external validation on a
domain-matched low resource-setting clinical cohort. While this working, offline smartphone application
(Fig. 6) demonstrates implementation, its field evaluation is currently prospective.

Overall, a domain ophthalmology foundation model, used even as a frozen feature extractor, detects
open globe injury from external-eye photographs well enough to reliably perform as an automated non-
specialist triage tool. The path from this benchmark to a deployable, equity-oriented digital triage aid is
concrete and has immense clinical potential.

Methods
Data collection and labeling

External-eye images were assembled by a multi-tier web scrape (open-access, restricted, teaching, and
social sources) plus a curated scrape tier, and de-duplicated by perceptual hashing into clusters. Two
reviewers screened each image to keep or reject it for eye content and gradability (J.M., T.M.)
(Supplementary Fig. S1). Four graders labeled the kept images for open globe injury (FM., T.L., PC., G.J.),
and an expert adjudicated all disagreements (W.G.G.), most of which traced to a single grader. The multi-
class reads were collapsed to a binary target (open globe vs rest), and labels are the adjudicated
consensus.

Splits

We used a perceptual-hash cluster-grouped, label-stratified holdout (seed 20260621): a train+valid set
(1,044 images, 46 positives) for all model fitting and a frozen held-out test (261 images, 12 positives) for
final scoring only. No near-duplicate cluster straddles the split, which was verified to be leakage-free.

Models and training

Backbones spanned a domain ophthalmology foundation model (VisionFM 23) and general-purpose
encoders (ImageNet ViT-B/16 24 DINOv2 ViT-B/14 2°, ConvNeXt-Tiny 2%, EfficientNet-B0 27). Two
paradigms were evaluated: (1) a frozen-feature linear probe, a class-balanced logistic-regression
classifier trained on the labeled training embeddings with the backbone held fixed, and (2) end-to-end
fine-tuning, which also updates the backbone. Eval-time preprocessing was Resize(256),

CenterCrop(224), then ImageNet normalization. VisionFM weights are released under CC-BY-NC 4.0

(academic use). Models were implemented in PyTorch 28 with timm 2° and scikit-learn 3C.

Model combination

Six combination strategies were compared: feature fusion (concatenated embeddings), a greedy meta-
ensemble over bases, fusion, and stacking, soft-vote, rank-mean, logistic stacking, and greedy (Caruana)
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ensembling, with all weights and meta-learners fit on train + val out-of-fold predictions only, never on the
frozen test.

Statistics

AUROC and Area Under the Precision-Recall Curve (PR-AUC), sensitivity at fixed specificity, and expected
calibration error were computed on the frozen test; 95% confidence intervals are 2,000-resample
bootstraps. Our alpha was 0.05. AUROC differences were tested with DeLong's method ?2. Operating
thresholds were fixed on validation data. Inter-grader agreement was quantified on the binary open-globe
target using percent agreement and Gwet's AC1, chosen over Cohen's k because the low positive
prevalence places these data in the regime where Kk is unstable.
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Figures

Representative external-eye photographs by category

indeterminate open globe

not open globe

Figure 1

Representative external-eye photographs by category. License-clear external-eye photographs (open
globe, indeterminate, non-open globe) shown for visual review of input-image quality and the range of
real-world imagery. Figure 1 image credits (all from

Wikimedia Commons, cropped to the ocular region): open globe, "Penetrating eye injury" by Bobjgalindo
(CC BY-SA 4.0), "Globe rupture" by S. Bhimji MD (CC BY 4.0), "Blunt ocular trauma - iris protrusion" by
Maria Sieglinda von Nudeldorf (CC BY-SA 4.0); indeterminate, "Hyposphagma rechts Blick leicht nach
unten" by Andrea Kamphuis (CC BY-SA 4.0), hyphema image from Okunuki et al., BMC Ophthalmol.
2014;14:74 (CC BY 4.0), "Hyphema - occupying half of anterior chamber of eye" by Rakesh Ahuja MD (CC
BY-SA 2.5); not open globe, “Black eye as result of contusion" by Mariano-J (CC BY-SA 3.0), "Human
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cornea with abrasion highlighted by fluorescein staining" by James Heilman MD (CC BY-SA 3.0),
“Subconjunctival hemorrhage, small and temporal" by Iceclanl (CC BY-SA 4.0). This figure contains third-
party images licensed under their own Creative Commons terms as credited above; they are not covered
by the article's CC BY license.

Study design: every backbone x representation x task, combined and evaluated leakage-free

11,146 scraped VisionFM (FM) frozen-feature probe binary: OG vs rest ‘ soft-vote grouped CV (internal)
1,657 reviewer-kept ImageNet ViT-B fine-tune tertiary: 3-class { rank-mean frozen held-out
1,305 after dedup DINOv2 ViT-B { greedy bootstrap Cl + Delong
frozen test n=261 ConvNeXt-T ‘ fusion
EfficientNet-BO ‘ stacking
{ hybrid

Figure 2

Study design. A single leakage-safe cohort (dedup-cluster-grouped, label-stratified) is evaluated across
five backbones, two representation modes (frozen-feature linear probe and fine-tuning), two label tasks
(binary open globe-vs-rest and tertiary), and six combination strategies, scored by internal grouped
cross-validation and a frozen held-out test with bootstrap and DeLong inference.
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Figure 3

Discrimination and calibration on the frozen held-out test. (A) Receiver-operating-characteristic curves
for the leading models (feature fusion, VisionFM probe, soft-vote ensemble, ImageNet ViT-B/16). (B)
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Precision-recall curves (positive prevalence 0.046 marked as baseline). (C) Calibration (reliability) curves

for the three best-calibrated models.
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Figure 4

All-method comparison. All-method AUROC comparison with 95% bootstrap confidence intervals

(combinations versus single backbones).

Deploying on-device OGI triage across eye-care settings

External-eye On-device Al triage
photo
° Phone, tablet, or any - ViT-B/16 @224, fine-tuned for binary open-globe triage
camera. Front- or rear-
facing; guided capture Runs fully offline - no INTERNET permission - no image or PHI ever leaves device.
or import.

¥ Same offline tool, deployed into the eye-care pathway ¥

Military Low-resource / Community Emergency Dept. / Field Telemedicine / Primary Care

Who Captures Who Captures Who Captures

Combat medic or corpsman at point of Community health worker or nurse in a ED triage nurse or EMS during initial
injury / role-1 aid station. clinic or outreach camp. assessment.

Device & Comms Pathway Device & Comms Pathway Device & Comms Pathway
Rugged phone; no signal needed to Shared low-cost phone; little or no Facility tablet or phone on the hospital
triage. internet connectivity. network.

HIGH CONCERN HIGH CONCERN HIGH CONCERN

Shield + NPO; prioritize CASEVAC / Shield the eye; arrange urgent referral / Flag the chart; STAT ophthalmology
MEDEVAGC; teleconsult ophthalmology transport to a tertiary eye ital. consult; fast-track to the OR pathway.

when available.

Lower Concern Lower Concern Lower Concern
Manage locally, safety-net, re- Treat locally per protocol; refer if not Routine ED evaluation; ophthalmology
evaluate; document for handoff. improving. if clinically indicated.

HIGH CONCERN
Shield eye - NPO - No pressure

Lower Concern
Clinical judgment - Routine path

Who Captures
PCP, optometrist, or patient via guided
self-capture.

Device & Comms Pathway
Clinic or personal phone.

HIGH CONCERN

Same-day e-referral to ophthalmology;
expedite in-person exam.

Lower Concern

Routine referral or monitoring; patient
education and safety-netting.

On-device triage is advisory clinical decision-support, not a diagnosis. Suspected open-globe injury warrants eye shielding and urgent ophthalmology evaluation
regardless of output. Offline-by-design operation (no INTERNET permission) is what enables use in connectivity-denied and low-resource settings.
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Figure 5

Deployment of on-device open globe triage across eye-care settings. The same offline model (the fine-
tuned ViT-B/16, the study's top model) is deployed into four representative pathways (military role-1, low-
resource community, emergency department, and telemedicine or primary care), each showing who
captures the photograph, the device and connectivity pathway, and the high-concern versus lower-
concern actions. Inference runs fully on-device; no image or protected health information leaves the
device. History feature allows all previous images and analyses to be saved for clinician’s use, and to be
selectively deleted. The tool provides advisory triage decision-support, not a diagnosis.

On-device OGI Triage application interface and usage flow

§ Android

= . - [0 o e . -

OB Triag 98 0 :

Open-Globe Injury Triage sk the patient to open bath

S ———— eyes a3 wide as possible.

Center the eye within the puide,
B vt sy
Home Triage result: Low concemn Triage result: High concermn History
§ ios
Study contribution
Capture / import Adjust / crop Triage result Operating point Contribute (IRB)

On-device OGI Triage application interface and usage flow. Representative Android (top) and iOS
(bottom) screens from capture through triage result and study contribution, shown on real external-eye
photographs. The application returns a high-concern versus lower-concern call without displaying a raw
probability, and operates fully offline.
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