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Abstract

Glaucoma is a leading cause of irreversible blindness worldwide. Ophthalmologists di-
agnose glaucoma through a structured reasoning process by sequentially evaluating optic
nerve head characteristics before reaching a final diagnosis, whereas existing Al systems typ-
ically perform direct image classification without providing clinically meaningful reasoning.
We present the first clinically annotated fundus reasoning dataset, comprising 1,077 fun-
dus photographs paired with expert-authored six-step diagnostic reports. Building on this
dataset, we develop a reasoning-driven vision-language framework that explicitly models the
ophthalmologist’s diagnostic workflow by generating structured clinical reasoning prior to
diagnosis. The generated reports are clinically validated, achieving the best performance
across all evaluated clinical findings, including a cup-to-disc ratio mean absolute error of
0.070, an ISNT Kendall distance of 1.73, and the highest semantic agreement with expert
reports (BERTScore-F1 = 0.874). The resulting framework also improves glaucoma diag-
nosis, achieving a balanced accuracy of 94.7% and precision of 94.8%, demonstrating that
explicitly modeling expert clinical reasoning simultaneously improves interpretability and
diagnostic performance.
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multi-modality language model, chain-of-thought

*Corresponding authors: Mengyu Wang (mengyu wang@meei.harvard.edu)
**Corresponding authors: Paul Liang (ppliang@mit.edu)
!These three authors contributed equally.



9

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

1. Introduction

Glaucoma is one of the leading causes of irreversible blindness worldwide and remains a
major public health challenge [I], 2, I3, [4]. Because glaucomatous damage to the optic nerve
is permanent, vision loss cannot be restored once it occurs [5]. However, disease progression
can often be slowed through early diagnosis and timely treatment, making effective screening
essential for preserving vision and preventing visual disability [6]. Color fundus photography
is one of the most widely used imaging modalities for glaucoma screening because it is non-
invasive and broadly accessible [7]. Consequently, developing accurate and scalable artificial
intelligence (AI) systems for automated glaucoma diagnosis from fundus images has become
an important research direction with significant clinical value [§].

Recent advances in artificial intelligence have accelerated research on automated glau-
coma diagnosis from fundus photographs. Convolutional neural networks [§8], vision trans-
formers [9], and more recently foundation models [10] have demonstrated encouraging per-
formance for glaucoma detection, achieving diagnostic accuracies approaching those of ex-
perienced ophthalmologists on several benchmark datasets. These advances suggest that
Al-assisted glaucoma screening has the potential to improve clinical efficiency, expand ac-
cess to ophthalmic care, and reduce preventable blindness. Despite these advances, however,
most existing Al systems adopt a diagnostic paradigm that differs fundamentally from real-
world clinical practice.

In routine ophthalmic examinations, ophthalmologists do not diagnose glaucoma by di-
rectly assigning a disease label to a fundus image. Instead, diagnosis follows a structured
reasoning process [11], 12, [13]. Clinicians first assess fundus image quality, then sequentially
evaluate optic disc morphology, quantify the cup-to-disc ratio (CDR), examine neuroretinal
rim characteristics, assess the ISNT rule (Inferior-Superior-Nasal-Temporal rim thickness
pattern) [14], identify additional glaucomatous such as a disc hemorrhage, and finally inte-
grate these observations into an overall structural assessment before reaching a diagnostic
conclusion. This systematic reasoning process is fundamental not only for explaining clinical
decisions, but also for achieving accurate and reliable diagnosis, particularly when evaluat-
ing atypical presentations, rare cases, or images acquired under varying clinical conditions.

By explicitly considering multiple complementary structural cues rather than relying on a
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single disease prediction, clinicians improve diagnostic robustness and reduce the likelihood
of errors arising from isolated or ambiguous findings.

By contrast, most existing deep learning methods formulate glaucoma diagnosis as an
end-to-end image classification problem, directly mapping fundus photographs to glaucoma
labels. Although these methods often achieve competitive performance on benchmark datasets,
they provide little insight into the clinical evidence underlying their predictions, limiting both
their interpretability, clinical trustworthiness and performance. Moreover, because supervi-
sion is provided only at the image level, these models are encouraged to learn shortcut cor-
relations rather than the structured clinical evidence used by ophthalmologists, potentially
reducing their reliability when encountering ambiguous presentations, uncommon structural
patterns, or images acquired under varying clinical conditions. More importantly, this limi-
tation is not solely a consequence of model architecture but also reflects the lack of appropri-
ate supervision. Existing publicly available glaucoma datasets, such as LAG and PAPILA,
generally contain only image-level disease labels without documenting the intermediate diag-
nostic reasoning performed by ophthalmologists [15, [16]. As a result, current AT models are
optimized only to predict the final diagnosis rather than to emulate the reasoning process
used by clinical experts. Consequently, they cannot explicitly model how multiple struc-
tural findings contribute to the final diagnosis or generate clinically interpretable diagnostic
evidence.

To address these limitations, we propose a reasoning-driven glaucoma diagnosis frame-
work that explicitly models the ophthalmologist’s diagnostic workflow as in Fig. [l First,
to the best of our knowledge, we construct the first expert-annotated glaucoma reason-
ing dataset. We annotate 1,077 publicly available fundus photographs from the LAG and
PAPILA datasets with structured six-step diagnostic reports written by experienced oph-
thalmologists [I5], [16]. Unlike conventional glaucoma datasets that provide only image-level
disease labels, our dataset captures the complete diagnostic reasoning process [17], including
image quality assessment, optic disc evaluation, cup-to-disc ratio estimation, neuroretinal
rim assessment, glaucomatous structural-sign assessment, comprehensive structural reason-
ing, and the final glaucoma diagnosis. The resulting dataset contains 430 glaucoma and

647 non-glaucoma image-report pairs, with each report containing an average of 322 words.
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Second, we develop a reasoning-driven vision-language framework that explicitly emulates
this diagnostic workflow. Rather than directly predicting glaucoma from a fundus image,
the model first generates structured clinical evidence and interpretable diagnostic reasoning
before inferring the final diagnosis. This intermediate reasoning not only provides transpar-
ent clinical evidence supporting the prediction but also encourages the model to base its
decisions on clinically meaningful structural findings instead of shortcut image-level correla-
tions as in Fig. [2 and Fig.[3] Third, we demonstrate that reasoning supervision substantially
improves both the clinical quality of the generated reports and glaucoma diagnosis perfor-
mance. Compared with state-of-the-art vision-language models, our framework achieves the
best performance across all evaluated clinical reasoning tasks, including CDR estimation,
ISNT assessment, and glaucomatous structural-sign recognition, while simultaneously im-
proving glaucoma diagnosis from a balanced accuracy of 93.7% to 94.8% over the strongest
retinal foundation model. These results demonstrate that explicitly modeling expert clinical
reasoning improves not only interpretability but also the accuracy and reliability of glaucoma

diagnosis.
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Figure 1: Overview of our framework. (a) Compared with conventional glaucoma screening, our method
incorporates structured clinical reasoning before diagnosis while using the same RETFound backbone. (b)
Construction of the expert glaucoma CoT dataset, consisting of 1,077 fundus images annotated with six-step

clinical reasoning and binary glaucoma labels.



Predicted six-step chain-of-thought report

Steps 1-5: reasoning. Step 6: final classification, coloured by the predicted class (red = glaucoma, blue = healthy).

Ground-truth label

Glaucoma
Input

— Our Method

Our prediction

Glaucoma

Fundus CFP (Papila)

Output

The fundus photograph is of high diagnostic quality. The image is sharply focused with adequate contrast,
Step 1 and optic disc margins are clearly delineated. There are no significant artifacts, and the image is
Image quality appropriate for detailed CDR and rim analysis.

The predicted vertical cup-to-disc ratio is 0.735 and the predicted horizontal CDR is 0.651. Both values are
Step 2 well above the normal cutoff (~0.6), and the vertical CDR exceeding the horizontal CDR is itself a pattern
CDR evaluation more typical of glaucomatous cupping than of a physiologic large cup. Taken together, these automated CDR

measurements indicate marked, asymmetric neuroretinal rim loss.

The automated ISNT order is reported as N>I>S>T, which is a clear violation of the expected ISNT rule
(normally I>S>N>T, with the inferior rim thickest). Per-quadrant rim assessment shows severe thinning in all
Step 3 four quadrants — inferior, superior, nasal, and temporal — rather than the more typical pattern of

ISNT rule preferential inferior/superior rim loss seen in early glaucoma. Diffuse severe thinning across every
quadrant, combined with an ISNT violation, is consistent with advanced, generalized glaucomatous rim loss
rather than an isolated or artifactual finding.

Multiple structural red-flag signs are flagged: notching is present, an RNFL defect is present, bayoneting

Step 4 sign is present, beta zone atrophy is present, and peripapillary atrophy is present. Disc hemorrhage is
P . absent, which is not unexpected since hemorrhages are an intermittent finding even in confirmed glaucoma.
Glaucoma signs The combination of notching, RNFL defect, bayoneting, and peripapillary/beta-zone atrophy is a strong

constellation supporting chronic glaucomatous optic neuropathy.

The automated overall glaucoma probability is 1.0 with high confidence. While this image-level estimate can
in principle be imprecise and should be weighed against the underlying image and measurements rather than

Step 5 accepted at face value, in this case it is well supported: the elevated and asymmetric CDR values, the ISNT
Structural summary rule violation with diffuse severe rim thinning in all quadrants, and the cluster of notching, RNFL defect,
bayoneting, and peripapillary/beta-zone atrophy all converge on the same conclusion. There is no discordant
finding here — every measurement points in the same direction.

Integrating the image quality, the markedly elevated vertical and horizontal CDR, the ISNT violation with
severe thinning across all four quadrants, the presence of notching, RNFL defect, bayoneting, and
peripapillary/beta-zone atrophy, and the high-confidence automated probability estimate, the overall picture
is that of advanced glaucomatous optic neuropathy. Glaucoma is likely.

Figure 2: Predicted chain-of-thought report for a glaucomatous eye. A fundus photograph (Papila,
test split) is passed to our model, which outputs the six-step report shown below. Steps 1-5 are the reasoning
steps; step 6 is the final classification. The report is the model’s output verbatim; the prediction matches

the ground-truth label.



Predicted six-step chain-of-thought report

Steps 1-5: reasoning. Step 6: final classification, coloured by the predicted class (red = glaucoma, blue = healthy).

Ground-truth label

Healthy
Input

Our Method

Fundus CFP (LAG)

Output

The fundus image is of sufficient diagnostic quality. The optic disc margins are clearly visible, and the

Step 1 cup and neuroretinal rim are well defined. There are no significant artifacts, media opacities, or
Image quality illumination defects that would impair clinical interpretation. Overall clarity allows for a reliable
assessment of optic nerve head morphology and peripapillary structures.

The predicted vertical cup-to-disc ratio is 0.3 and the predicted horizontal cup-to-disc ratio is 0.356.

Step 2 Both automated values fall well within the normal range (typically considered normal below approximately
P 0.5-0.6), with no meaningful vertical-horizontal asymmetry to suggest preferential vertical elongation of
CDR evaluation the cup, which is the pattern more typical of glaucomatous cupping. These measured CDR values are consistent

with a physiologically small-to-moderate cup and do not raise concern for glaucomatous optic neuropathy.

The automated ISNT rim-width ordering is N>S>I>T, which follows the expected physiologic pattern in which

Step 3 the nasal rim is thickest, followed by superior, then inferior, then temporal. Per-quadrant rim status is
P reported as normal in all four quadrants (inferior, superior, nasal, and temporal), with no focal thinning
ISNT rule or notching identified in any sector. This preserved, non-violated ISNT configuration further supports a

structurally healthy neuroretinal rim.

None of the ancillary glaucomatous signs are present on automated assessment: notching is absent, RNFL

Step 4 defect is absent, disc hemorrhage is absent, bayoneting sign is absent, beta zone atrophy is absent, and
Glaucoma signs peripapillary atrophy is absent. The absence of any of these focal or diffuse structural markers reinforces
the impression of an unremarkable optic nerve head.

Taken together, the automated measurements are internally consistent and mutually reinforcing: low vertical
and horizontal CDR (0.3 and 0.356), a preserved ISNT rim pattern with all quadrants normal, and a complete
Step 5 absence of notching, RNFL defect, disc hemorrhage, bayoneting, or atrophic changes. The automated overall

glaucoma probability is 0.0 with high confidence, an image-level estimate that should be weighed against,
Structural summary rather than substituted for, the structural findings above — but here it aligns closely with what the disc
measurements themselves show, so the convergence of the quantitative probability and the structural
indicators strengthens rather than conflicts with the impression.

Given the normal cup-to-disc ratios, the intact ISNT rim pattern with no quadrant-specific thinning, the
absence of any glaucomatous structural signs, and an automated glaucoma probability of 0.0 at high
confidence that corroborates these findings, the overall impression is that glaucomatous optic neuropathy is
not likely in this eye.

Figure 3: Predicted chain-of-thought report for a non-glaucomatous eye. Same pipeline as Fig. 2]
for a healthy eye (LAG, test split). The report is the model’s output verbatim; the prediction matches the
ground-truth label.
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2. Results

2.1. Expert reasoning dataset

In this study, we constructed an expert-annotated glaucoma reasoning dataset compris-
ing 1,077 color fundus images collected from two publicly available glaucoma datasets:
the LAG database [15] and the Papila dataset [I6]. Our curated dataset includes 430
glaucoma (39.9%) and 647 non-glaucoma (60.1%) images. Specifically, 659 images
were obtained from the LAG database (343 glaucoma and 316 non-glaucoma), while the
remaining 418 images were sourced from the Papila dataset (87 glaucoma and 331 non-
glaucoma) (Table , Fig. , Fig. |5, Fig. @ The dataset was randomly divided into 825
training, 92 validation, and 160 test images, with glaucoma/non-glaucoma distribu-
tions of 315/510, 35/57, and 80/80, respectively. Unlike existing glaucoma datasets that
primarily provide disease labels or anatomical annotations, our dataset pairs each fundus
image with a complete expert reasoning report, enabling the development and evaluation of
vision-language models capable of generating clinically grounded diagnostic reasoning. Our
report consists of six components: Image Quality Assessment, Cup-to-Disc Ratio Analysis,
Inferior-Superior-Nasal-Temporal (ISNT) Neuroretinal Rim Rule Analysis, Glaucomatous
Signs Assessment, Structural Summary, and Final Classification. A representative expert-
authored ground-truth CoT report is shown in Fig. [7] illustrating how these six components
are organized and integrated within an individual case. The median vertical CDR was
0.63 versus 0.33, and the median horizontal CDR was 0.64 versus 0.35 for glaucoma and
non-glaucoma eyes, respectively, as in Fig. [l Neuroretinal rim annotation is shown as in
Fig. . The expert-annotated ISNT rim ordering across the four quadrants (inferior, supe-
rior, nasal, and temporal), stratified by diagnosis; all 24 possible permutations were observed.
The distribution of per-quadrant rim grades (normal, mild thinning, and severe thinning)
are shown in Fig. [5l In glaucomatous eyes, the inferior and superior quadrants were graded
as mild or severe in approximately 92% of cases, whereas the corresponding quadrants were
normal in 67-70% of non-glaucomatous eyes. The nasal quadrant was normal in 95% of
non-glaucomatous eyes. Glaucomatous structural signs. Distribution of the six structural
signs annotated in the expert reportsas is shown in Fig. [6] For each sign, the bars show the

percentage of eyes assigned to each annotation state for the entire cohort (All) and separately

8
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for glaucomatous (G) and non-glaucomatous (N) eyes; the number above each bar indicates
the proportion of eyes in which the sign was present.

To the best of our knowledge, this is the first large-scale glaucoma fundus dataset
with expert-authored multi-step reasoning annotations, providing a valuable bench-
mark for explainable glaucoma screening, multimodal clinical reasoning, and vision-language

foundation models in ophthalmology.

Table 1: The expert reasoning dataset. Composition of the binary glaucoma fundus dataset with expert

six-step chain-of-thought (CoT) reports.

Characteristic Value
Fundus images (1) 1,077
DIAGNOSIS (n. %)

Glaucoma 430 (39.9)

Non-glaucoma 647 (60.1)

DATA SOURCE (n, % within source)

LAG database 659
Glaucoma 343 (52.0)
Non-glaucoma 316 (48.0)

Papila dataset 418
Glaucoma 87 (20.8)
Non-glaucoma 331 (79.2)

DATA SPLIT (n; glaucoma / non-glaucoma)

Training 825 (315 / 510)

Validation 92 (35 / 57)

Test 160 (80 / 80)

REASONING INDICATORS (Step 2-4)
Cup-to-disc ratio (CDR)

Vertical CDR Ratio 0-1
Transverse CDR Ratio (-1
ISNT rim ranking Order 4 quadrants
Per-quadrant rim abnormality Ordinal 3 levels x 4
Glaucomatous signs x6 Presence 3 levels x 6
Average expert report length (words) 321.6 + 46.3



Dataset composition (n = 1077) Vertical CDR distribution Horizontal CDR distribution

[ LAG - glaucoma 2] Papila - glaucoma

1.0 1.0
[] LAG - non-glaucoma [] Papila - non-glaucoma med 0.63 med 0.33 med 0.64 med 0.35
0.8 0.8 1
« 5
Sos Oos
= kS|
S S
5 0.4 No4
<]
= T
0.2 0.2
316
o
EI) 0.0 0.0
glaucoma non-glaucoma glaucoma non-glaucoma
(n=430) (n=646) (n=430) (n=646)

Figure 4: Composition and cup-to-disc ratio of the corpus. Left, dataset composition: 1,077 fundus

photographs, each paired with a complete six-step expert chain-of-thought report — 659 from LAG (343
glaucoma / 316 non-glaucoma) and 418 from Papila (87 / 331). Wedge labels give the number of eyes
and the share of the corpus. Middle and right, expert-annotated vertical and horizontal cup-to-disc ratio,
split by diagnosis (glaucoma n = 430, non-glaucoma n = 646; one eye with an incomplete CDR annotation

excluded). Violins show the kernel density; the inner box marks the median and interquartile range. Median

CDR-v: 0.63 versus 0.33; CDR-h: 0.64 versus 0.35.
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Per-quadrant rim grade

Observed rim ordering, all 24 permutations (n = 1076)
glaucoma (n = 430)

N>I>S>T 228 (21.2%) 100
N>S>I>T | 228 (21.2%) Inferior 7% o
I>N>S>T 71 (6.6%)
S>N>I>T 61(5.7%)
S>I>N>T 49 (4.6%) Superior 8% 39%
I>S>N>T 47 (4.4%) 80
S>N>T>I 39 (3.6%) Nasal | 36% 16%
N>I>T>S 34 (3.2%)
et et Temporal 25% 23%
I>N>T>S 33 (3.1%) o
=TS 80 2.8%) Normal Mild Severe @
T>S>I>N 28 (2.6%) o
T>I>S>N 27 (2.5%) g
I555T>N 22 (2.0%) non-glaucoma (n = 646) <
S>T>N>I 22 (2.0%) 9
N>T>S>I 21 (2.0%) Inferior 32% 1%
I>T>S>N 19 (1.8%)
ST>I=N A i Superior 27% 2%
T>I>N>S 15 (1.4%)
S>I>T>N ] 14 (1.3%) 20
N>T>I>S 14 (1.3%) Nasal 4% 1%
T>S>N>I 14 (1.3%)
T>N>I>S 6 (0.6%) B glaucoma Temporal 15% o
T>N>S>TI ] 4 (0.4%) ] non-glaucoma L,
k T T T T T T Normal Mild Severe
0 50 100 150 200 250 300
eyes

Figure 5: Neuroretinal rim annotation. Left, the rim-width ordering across the four quadrants (inferior,
superior, nasal, temporal) as stated by the expert in the report, stacked by diagnosis. All 24 permutations
occur. Right, per-quadrant rim grade (normal / mild / severe thinning), as the percentage of eyes in each
class. In glaucomatous eyes the inferior and superior quadrants are graded mild or severe in ~92% of cases,

while the same quadrants are normal in 67-70% of non-glaucomatous eyes; the nasal quadrant is normal in

95% of non-glaucomatous eyes.

Glaucomatous structural signs
All = whole corpus (n = 1077), G = glaucoma (n = 430), N = non-glaucoma (n = 647); number above each bar = 'present' rate (%)

[C] uncertain  [] notassessable [ ] absent
39 2 30 65 6 56 81 39 0 0 o0

[ present
7171 15 35 2 17

no pgsitive ¢ases
in the whole gorpus

% of eyes

Al G N Al G N Al G N Al G N Al G N Al G N
RNFL Rim Vessel B-zone Peripapillary Disc
defect notching bayoneting PPA atrophy haemorrhage

Figure 6: Glaucomatous structural signs. Distribution of the six structural signs annotated by the
expert in the reports. For each sign, the bars give the percentage of eyes assigned to each annotation state,

over the whole corpus (All) and separately for glaucomatous (G) and non-glaucomatous (N) eyes; the number

above each bar is the “present” rate.
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Expert-annotated six-step chain-of-thought report

Steps 1-5: reasoning. Step 6: final classification, coloured by the class (red = glaucoma, blue = healthy).

Input Ground-truth label

—_— Expert ophthalmologist

Glaucoma

Fundus CFP (LAG)

Output

The fundus image is of sufficient diagnostic quality. The optic disc margins are clearly visible, and there
Step 1 is no significant artifact or media opacity. The neuroretinal rim and cup boundaries are well-delineated,
Image quality enabling reliable analysis.

The vertical cup-to-disc ratio (CDR) is measured at 0.8381, which is markedly elevated and well above the

Step 2 glaucomatous threshold (>0.6). The horizontal (transverse) CDR is 0.7177, also significantly enlarged and
CDR evaluation exceeding the normal range (<0.5). These values are highly suggestive of pathological cupping, indicative of
advanced glaucomatous damage.

The rim thickness ratios are as follows — Superior: 0.1215, Inferior: 0.0445, Nasal: 0.1435, Temporal:

0.1244. The observed order is: Nasal > Temporal > Superior > Inferior. This clearly violates the expected

ISNT rule. The expected ISNT rule states that the rim thickness should follow the order: Inferior > Superior
Step 3 > Nasal > Temporal. When assessed against normative data: - Superior rim (0.1215) is well below normal range

ISNT rule (0.30—-0.45), indicating severe thinning. - Inferior rim (0.0445) is critically below normal limits

(0.30-0.45), indicating advanced rim loss. - Nasal rim (0.1435) is below normal range (0.22-0.36),

suggesting significant thinning. - Temporal rim (0.1244) is below normal range (0.18-0.32), indicating

thinning. Overall, the ISNT rule is grossly violated with diffuse and severe rim thinning.

Let us assess for additional glaucomatous features: Notching: Present RNFL defect: Present Disc hemorrhage:

Step 4 Not observed Bayoneting sign: Present Beta-zone atrophy: Present Peripapillary atrophy: Present Multiple
Glaucoma signs hallmark glaucomatous changes are clearly visible.
The optic disc shows severe cupping with near-total rim loss in all quadrants. The ISNT rule is profoundly
Step 5 violated, and multiple classic glaucomatous signs are present. These features are highly consistent with

Structural summary advanced glaucomatous optic neuropathy.

The eye is likely to have glaucoma based on extremely elevated CDR values, profound rim thinning, ISNT rule
violation, and multiple structural glaucomatous signs. Urgent clinical evaluation and treatment initiation
are strongly recommended.

Figure 7: Expert-annotated chain-of-thought report. An example of the ground-truth annotation:
for each fundus photograph, an ophthalmologist writes a six-step report (steps 1-5 reasoning, step 6 final

classification). Case shown: LAG, glaucoma, test split. The report is the annotation verbatim.

o 2.2. Clinical report generation performance

121 We first evaluated whether the proposed framework produces clinically accurate diagnos-

122 tic reasoning reports by comparing the clinical findings extracted from generated reports with
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expert ophthalmologist annotations (Fig. We compared our framework against an image-
only version of Qwen3.5-VL [I8],19] fine-tuned on our expert reasoning dataset, together with
the proprietary multimodal foundation models Claude and GPT-5.5 [20]. Because Claude
and GPT-5.5 are closed-source models, they were evaluated using six image-ground-truth
CoT pairs as in-context demonstrations without additional training. Across all evaluated
clinical indicators, our framework consistently achieved the strongest performance.

Figure 2 presents the clinical correctness of individual diagnostic findings (Fig. . For
continuous cup-to-disc ratio (CDR) estimation, our framework achieved the lowest mean
absolute error (MAE) of 0.070, compared with 0.102 for the fine-tuned Qwen3.5-VL, 0.135 for
Claude, and 0.127 for GPT-5.5. The improvements were statistically significant in all three
pairwise comparisons (all p < 0.001). For ISNT rim-order assessment, our framework likewise
achieved the lowest Kendall distance (1.73), outperforming Qwen3.5-VL (2.07; p = 0.005)
and Claude (2.27; p < 0.001). Although GPT-5.5 discussed the ISNT rule in all 160 test
cases, it did not provide an explicit rank ordering of the inferior, superior, nasal, and temporal
rim sectors in any case. Consequently, no rankable output could be extracted, and the
Kendall-distance metric was undefined for GPT-5.5. Similar improvements were observed for
categorical clinical findings. Our framework achieved the highest macro-F1 for per-quadrant
rim abnormality recognition (0.656), significantly outperforming Qwen3.5-VL (0.512; p =
0.006), Claude (0.510; p < 0.001), and GPT-5.5 (0.373; p < 0.001). Likewise, it achieved
the best performance for glaucomatous structural sign detection, with a macro-F1 of 0.613
compared with 0.501, 0.465, and 0.375, respectively. Collectively, these results demonstrate
that explicitly modeling the ophthalmic diagnostic reasoning process substantially improves
the accuracy of clinically meaningful findings beyond both fine-tuned and general-purpose
multimodal language models.

Overall similarity to expert reports (Semantic and Lexical charts in Fig. . While the pre-
ceding analyses evaluate the correctness of individual clinical findings, they do not measure
how faithfully the generated reports reproduce the overall reasoning expressed by experts.
We therefore assessed report-level agreement using complementary semantic and lexical sim-
ilarity metrics. Our framework achieved the highest BERTScore-F1 (0.874), outperforming
Claude (0.869), Qwen3.5-VL (0.867), and GPT-5.5 (0.866), with statistically significant im-
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provements over all baselines (all p < 0.001), indicating the strongest semantic alignment
with expert-authored reports. Although Claude achieved the highest ROUGE-Lsum F1
(0.461), our framework achieved a comparable score (0.454), which was significantly lower
(p = 0.002), while significantly outperforming GPT-5.5 (0.439) and the fine-tuned Qwen3.5-
VL (0.416) (both p < 0.001). Together, these results suggest that our framework more

faithfully captures the underlying clinical reasoning of expert reports rather than merely

matching their lexical phrasing.
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Figure 8: Clinical correctness and report quality of generated glaucoma reports. Clinical findings
extracted from the generated reports were compared with expert ophthalmologist annotations, including
cup-to-disc ratio (CDR), ISNT rim ordering, per-quadrant neuroretinal rim abnormality, and glaucoma-
tous structural signs. Report-level agreement with expert reports was evaluated using semantic similarity
(BERTScore-F1) and lexical overlap (ROUGE-Lsum F1). Our framework consistently achieved the highest
accuracy for clinical finding prediction and the strongest semantic agreement with expert reports, while
maintaining competitive lexical similarity compared with a fine-tuned Qwen3.5-VL model and the propri-

etary multimodal foundation models Claude and GPT-5.5.

2.3. Glaucoma classification performance

We next compared the final glaucoma diagnosis performance of our framework against

three retinal vision foundation models (RetiZero [21], RETFound [22], and DINOv2-L [23])
and three vision-language models, including the fine-tuned Qwen3.5-VL [I8, 19] and the
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proprietary multimodal foundation models Claude and GPT-5.5 [20] (Fig. [L0)). Statistical
significance was assessed using paired bootstrap resampling, and 95% confidence intervals
(Cls) were estimated using bootstrap resampling (see Methods).

Across all methods, our framework achieved the highest balanced accuracy of 94.7% (95%
CI, 90.6%-98.1%), together with an overall precision of 94.8% and recall of 94.7%. Among
the retinal vision foundation models, RetiZero achieved a balanced accuracy of 93.6% (95%
CI, 88.1%-98.0%), followed by RETFound at 93.1% (95% CI, 87.6%-97.5%) and DINOv2-L
at 84.7% (95% CI, 77.1%-91.2%). Compared with our framework, the performance difference
was statistically significant for RETFound (p = 0.017) and DINOv2-L (p < 0.001), whereas
the difference with RetiZero was not statistically significant (p = 0.22). The fine-tuned
Qwen3.5-VL achieved a balanced accuracy of 84.3% (95% CI, 78.8%-89.5%). Despite their
strong general multimodal capabilities, Claude and GPT-5.5 performed substantially worse,
achieving balanced accuracies of 74.4% (95% CI, 67.5%-81.0%) and 71.9% (95% CI, 65.1%—
78.2%), respectively. Our framework also significantly outperformed Qwen3.5-VL (p = 1.2 x
107%), Claude (p = 3.6 x 1078), and GPT-5.5 (p = 3.0 x 1077).

Class-specific analysis further revealed that our framework maintained balanced perfor-
mance across both glaucoma and non-glaucoma cases. For glaucoma detection, our frame-
work achieved the highest precision (96.5%) while maintaining a sensitivity of 92.9% (95%
CI, 83.0%-98.8%). By comparison, RetiZero and RETFound achieved sensitivities of 93.9%
(95% CI, 86.2%-100.0%) and 92.2% (95% CI, 83.1%-98.8%), respectively. For non-glaucoma
detection, our framework achieved a precision of 93.2% together with the highest specificity of
96.5% (95% CI, 90.4%—-100.0%), compared with 93.4% (95% CI, 85.3%-98.9%) for RetiZero
and 93.9% (95% CI, 85.5%-100.0%) for RETFound. In contrast, the vision-language models
exhibited pronounced class imbalance. Although the fine-tuned Qwen3.5-VL achieved high
glaucoma precision (93.7%), its sensitivity dropped to 73.8% (95% CI, 63.9%-83.1%), while
its specificity reached 94.9% (95% CI, 89.5%-98.8%), indicating a tendency to under-detect
glaucoma. This imbalance was even more pronounced for GPT-5.5, whose sensitivity was
only 56.2% (95% CI, 45.3%66.7%) compared with a specificity of 87.5% (95% CI, 79.8%—
94.2%). These findings suggest that explicitly modeling structured ophthalmic reasoning

not only improves overall diagnostic accuracy but also produces more balanced recognition
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across disease classes than both retinal vision foundation models and general-purpose vision-
language models.

To further investigate how chain-of-thought supervision benefits the vision decision-
making process, we visualized the attention maps of vision tokens on fundus images, as
shown in Fig. [0] Our method consistently concentrates attention on clinically relevant re-
gions associated with glaucoma, with compact and well-localized patterns primarily centered
on the optic cup while still capturing structural information related to the neuroretinal rim.
In contrast, RETFound and RetiZero exhibit substantially noisier attention maps. Although
both methods occasionally attend to the correct anatomical structures, their attention is dis-
persed over many irrelevant regions. DINOv2 produces the noisiest attention maps among all
methods, whereas Qwen3.5-VL generates relatively clean attention distributions but rarely
focuses on the clinically important regions. These qualitative observations are consistent with
the quantitative classification results in Fig. Specifically, our method achieves the high-
est diagnostic performance, followed by RETFound and RetiZero with comparable results.
DINOv2 and Qwen3.5-VL exhibit similar but substantially lower performance, consistent

with their less informative attention patterns.
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Figure 9: Visualization of vision-token attention on fundus images. Attention maps are shown for
our framework, retinal vision foundation models (RetiZero, RETFound, and DINOv2), and vision-language
models (Qwen3.5-VL, Claude, and GPT-5.5). For each example, warmer colors indicate image regions
receiving greater attention from the corresponding model when producing the final diagnosis. The clinically
relevant regions include the optic disc, neuroretinal rim, optic cup boundary, and adjacent retinal nerve
fiber layer, which are the primary structural cues used by ophthalmologists for glaucoma assessment. Our
framework consistently concentrates attention on these clinically meaningful structures, whereas the baseline

models frequently exhibit diffuse attention or focus on anatomically irrelevant regions.
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Figure 10: Comparison of glaucoma diagnosis performance across retinal foundation models and
vision-language models. Overall and class-specific precision and recall for glaucoma and non-glaucoma
classification. Our framework achieves the highest overall precision and recall while maintaining balanced per-
formance across both disease classes. Comparisons include three retinal visual foundation models (RetiZero,
RETFound, and DINOv2-L), a fine-tuned Qwen3.5-VL model, and the proprietary multimodal foundation
models Claude and GPT-5.5.

2.4. Ablation studies

To evaluate the contribution of the proposed reasoning pipeline and individual clinical
components, we performed two complementary sets of ablation experiments. We first inves-
tigated the importance of structured clinical evidence and intermediate reasoning generation
using two configurations, denoted Abl. 1 and Abl. 2. We then quantified the contribution
of each clinical indicator using a leave-one-indicator-out design. In addition, we analyzed
the hidden representations of Abl. 2 to better understand the mechanism underlying its per-
formance degradation. As illustrated in Fig. [T} the complete framework follows a two-stage
pipeline. In the first stage, the model analyzes the fundus image and generates structured

clinical evidence together with an intermediate clinical reasoning report. In the second stage,
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the vision—language model integrates this intermediate analysis to produce the final glaucoma
diagnosis.

In the first configuration (Abl. 1: image only), the reasoning stage was removed, and the
second-stage model received only the fundus image and directly predicted the binary diagno-
sis. In the second configuration (Abl. 2: image + diagnosis), the two-stage architecture was
retained, but the first stage generated only an initial diagnostic output. Consequently, the
second-stage model received the fundus image together with this initial diagnostic signal,
without access to the remaining structured clinical indicators or the intermediate clinical
reasoning report. The comparison between the complete framework and these two config-
urations is shown in Fig. [II] The complete framework achieved a balanced accuracy of
94.69%, with a glaucoma sensitivity of 92.88% and a specificity of 96.50%. Abl. 1 achieved
a substantially lower balanced accuracy of 83.75%, representing a statistically significant
decrease relative to the complete framework (p = 5.3 x 107%). Although Abl. 1 attained a
glaucoma sensitivity of 97.50%, its specificity decreased to 70.00%, indicating a pronounced
tendency to classify non-glaucoma cases as glaucoma. Performance deteriorated further for
Abl. 2, which achieved a balanced accuracy of 70.63%. Its glaucoma sensitivity increased
to 98.75%, whereas its specificity decreased markedly to 42.50%. This degradation was also
statistically significant compared with the complete framework (p = 2.8 x 107?). Together,
these results demonstrate that neither direct image-based classification nor the addition of
an initial diagnostic output alone is sufficient to achieve balanced and reliable glaucoma
diagnosis. Instead, the structured clinical evidence and intermediate reasoning generated by
the complete framework are essential for reducing class-specific bias while maintaining both
high sensitivity and specificity.

To better understand the substantial performance degradation observed in Abl. 2, we
examined how disease-discriminative information evolved across the Transformer. Earlier
layers generally encode lower-level and more generic visual features, whereas deeper layers
progressively integrate these features into representations more closely related to the model’s
diagnostic output. We therefore visualized the decision-token representations at Transformer
Layers 10, 20, 31, 41, 51, and 62 (Fig. . In the complete framework, glaucoma and non-

glaucoma samples largely overlapped in the early layers but became clearly separated from
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Layer 31 onward, forming increasingly compact and stable class-specific clusters in the deeper
layers. In contrast, although Abl. 2 showed some degree of class separation after Layer 31,
its representations remained fragmented, with multiple dispersed clusters and a mixed in-
termediate region containing samples from both classes. This less organized representation
structure is consistent with the substantially lower balanced accuracy of Abl. 2 (70.63%)
and its strong bias toward glaucoma predictions. These findings suggest that an initial di-
agnostic output alone is insufficient to support stable disease-discriminative representations,
whereas the structured clinical evidence used by the complete framework promotes clearer
class separation and more reliable final diagnosis.

We next investigated the contribution of each clinical reasoning component using a leave-
one-indicator-out ablation design. During inference, the fundus image and the initial diagnos-
tic assessment were always provided, while one category of clinical indicators was removed
at a time. Ours (full) denotes the complete framework using all clinical indicators. The
remaining variants excluded either the cup-to-disc ratio (CDR), ISNT rim ordering, per-
quadrant rim status, or glaucomatous structural signs. As shown in Fig. [I3] the complete
framework achieved a balanced accuracy of 94.69%. Removing the CDR information pro-
duced the largest numerical performance decrease, reducing the balanced accuracy to 92.50%
(p = 0.22), suggesting that the cup-to-disc ratio provides the most informative structural
cue among the evaluated indicators. Excluding glaucomatous structural signs resulted in
a balanced accuracy of 93.75% (p = 0.69). In contrast, removing ISNT rim ordering or
per-quadrant rim status led to only marginal reductions, with balanced accuracies of 94.37%
and 94.38%, respectively (both p = 1.00). Although none of the individual removals reached
statistical significance, the consistent numerical decrease observed across all variants indi-
cates that each clinical indicator contributes complementary diagnostic information, with

the cup-to-disc ratio exerting the largest individual influence on the final prediction.
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Figure 11: Ablation analysis of the structured clinical reasoning framework. Precision and recall
are reported overall and separately for glaucoma and non-glaucoma cases. The complete framework generates
structured clinical evidence and an intermediate reasoning report before producing the final diagnosis. Abl. 1
removes the reasoning stage and directly predicts the diagnosis from the fundus image, whereas Abl. 2 uses the
image together with an initial diagnostic signal but excludes the remaining structured clinical indicators and
reasoning report. The complete framework provides the most balanced performance across both diagnostic

classes.
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Figure 12: Vision—language model decision-token visualization. Decision-token representations from
our full model and Ablation 2 (image + diagnosis only). In the early layers, neither model clearly separates
glaucoma and healthy cases. From Layer 41 onward, our model exhibits clear class separation, whereas
Ablation 2 remains less discriminative, suggesting that structured clinical reasoning facilitates more separable

representations.
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Figure 13: Contribution of individual clinical indicators. Leave-one-indicator-out experiments were
performed by removing one category of structured clinical evidence during inference while keeping the fundus
image, the initial diagnostic assessment, and all remaining indicators. The top and bottom panels show
precision and recall, respectively, for the overall test set, glaucoma cases, and non-glaucoma cases. The
complete model (Ours (full)) consistently achieved the best overall performance, with removal of the CDR
producing the largest performance degradation, indicating that CDR is the most important individual clinical

indicator for glaucoma screening, while the remaining indicators provide complementary diagnostic evidence.
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3. Discussion

3.1. Clinical reasoning improves glaucoma diagnosis

Our framework achieved an overall precision of 94.8% and recall of 94.7%, comparable
to the strongest retinal foundation models while yielding numerically higher overall perfor-
mance. It also outperformed the general-purpose visual foundation model and the evaluated
vision—language models. These results suggest that explicit clinical reasoning can improve
glaucoma diagnosis while retaining the diagnostic strength of specialized retinal foundation
models. This improvement may result from decomposing glaucoma diagnosis into structured
clinical findings, including CDR, rim abnormalities, ISNT rim ordering, and glaucomatous
signs, together with an initial diagnostic estimate. Unlike conventional end-to-end classifiers
that directly map an image to a disease label, our framework requires the final diagnosis
to integrate multiple complementary findings. The ablation experiments support this inter-
pretation: removing structured clinical evidence substantially reduced performance, whereas
providing only the image or the initial diagnostic probability was insufficient to recover the
performance of the complete model. The consistent decrease after removing individual in-
dicators further suggests that these findings contribute directly to the diagnostic process

rather than serving only as post-hoc explanations.

3.2. Analysis of generated clinical reports

Our framework achieved the best performance across all four evaluated clinical indicator
measures, including CDR estimation, ISNT rim ordering, rim abnormality recognition, and
glaucomatous sign detection, and obtained the highest BERTScore-F1 among the evaluated
vision—language models. Even when instructed to follow the predefined six-step format,
GPT-5.5 frequently omitted the ISNT rim-ordering assessment, preventing calculation of
the corresponding metric and indicating incomplete adherence to the clinical evaluation
protocol. These findings show that clinical report quality cannot be judged solely by struc-
tural completeness or linguistic fluency. Some general-purpose VLMs generated fluent and
apparently complete reports but still made substantial errors in CDR, rim status, and glau-
comatous signs. Thus, producing a plausible report does not necessarily indicate accurate

interpretation of the underlying clinical evidence. Although Claude achieved a slightly higher
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ROUGE-L score, this may reflect greater lexical overlap with expert reports rather than more
accurate clinical assessment. In contrast, our framework generates reports from quantifiable
clinical indicators produced by specialized prediction modules, allowing each reasoning com-
ponent to be evaluated against expert annotations and resulting in more clinically reliable

reports.

3.3. Comparison with existing glaucoma Al systems

Existing glaucoma Al systems largely occupy two ends of a spectrum. Retinal foundation
models such as RETFound and RetiZero achieve strong diagnostic performance but, in the
classification setting evaluated here, provide no case-level account of the clinical findings
supporting their predictions. General-purpose vision—language models can generate natural-
language explanations, but their fine-grained assessment of fundus findings remains unreli-
able. Our framework bridges this gap by retaining the diagnostic strength of retinal-specific
models while producing structured, clinically grounded reasoning. The resulting six-step
report facilitates clinician review of whether the final diagnosis is supported by appropriate
CDR estimates, rim assessments, and glaucomatous signs, as well as identification of the
reasoning step associated with an incorrect prediction. Its main contribution is therefore not
a marginal improvement in classification performance, but the combination of comparable

diagnostic accuracy with auditable, case-level clinical reasoning.

3.4. Limitations and future work

This study has several limitations. First, the expert-annotated reasoning dataset re-
mains relatively small, and the annotations follow a clinical protocol defined by a single
expert team. Assessments of CDR, neuroretinal rim abnormalities, and glaucomatous signs
may vary across clinicians and institutions. External validation across independent datasets,
imaging devices, and multi-center populations is therefore needed to assess the generalizabil-
ity of the proposed framework. Second, the current study relies exclusively on color fundus
photographs, whereas clinical glaucoma diagnosis typically incorporates additional informa-
tion, including optical coherence tomography, visual field testing, intraocular pressure, and
patient history. Findings that cannot be reliably determined from fundus images remain

beyond the scope of the current reasoning process.
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333 The reliability of the generated reports also depends on the accuracy of the predicted
s clinical indicators, and errors in individual findings may propagate to the integrated reasoning
135 and final diagnosis. Although the structured report makes such errors easier to identify and
36 review, it does not eliminate incorrect predictions. Future work should expand the expert
;7 reasoning dataset, incorporate multimodal clinical information, and evaluate the framework
;s on external cohorts and in prospective clinical settings. Reader studies and human—Al
30 collaboration experiments will also be needed to determine whether case-level reasoning
s improves diagnostic efficiency, error detection, and clinical decision-making.

341 In conclusion, our study demonstrates that incorporating structured clinical reasoning
w2 into glaucoma diagnosis can preserve strong classification performance while providing clini-
a3 cally interpretable and auditable case-level evidence. By explicitly evaluating key optic nerve
s head findings before generating the final diagnosis, the proposed framework offers a more
us  clinically aligned alternative to both conventional black-box classifiers and general-purpose
us  vision-language models. Further validation on larger, multimodal, and external datasets will

a7 be necessary to establish its generalizability and clinical utility.

us 4. Methodology

349 This study complied with the guidelines outlined in the Declaration of Helsinki. In light

0 of the study’s retrospective design, the requirement for informed consent was waived.

s 4.1. Study design and ethics

352 This retrospective study was approved by the Institutional Review Board (IRB: 2024P003332)
353 of the Massachusetts Eye and Ear Infirmary (MEEI). Owing to the retrospective nature of
4 the study, the requirement for informed consent was waived by the IRB. The study utilized
35 de-identified retinal fundus images obtained from existing datasets and complied with the
36 principles of the Declaration of Helsinki. We followed the TRIPOD-+AI reporting guidelines
357 for studies developing and validating artificial intelligence prediction models [24]. There was
38 No patient or public involvement in the design, conduct, reporting, or dissemination of this

350 research.
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4.2. Dataset description

To facilitate both clinical reasoning generation and glaucoma diagnosis, each fundus
image was annotated using a standardized six-step protocol designed to closely follow the
clinical decision-making process during fundus examination. The annotation process con-
sisted of independent dual annotation followed by expert adjudication. Two ophthalmolo-
gists independently completed the full reasoning report and final diagnosis for each image.
Whenever disagreements or ambiguous interpretations arose in either the structured clin-
ical findings, intermediate reasoning, or final diagnosis, a third ophthalmologist reviewed
both annotations and resolved the discrepancies through adjudication to obtain a consensus
annotation. Consequently, every sample in the final dataset represents a consensus report
verified by multiple ophthalmic experts. The standardized reasoning protocol consists of six
sequential steps. (1) Image quality assessment: evaluate image quality, including focus,
illumination, contrast, optic disc visibility, and imaging artifacts, to determine whether the
image is suitable for reliable diagnosis. (2) CDR evaluation: estimate the vertical and
horizontal cup-to-disc ratios (CDRs) and assess whether the observed optic cup morphology
is consistent with glaucomatous cupping. (3) Neuroretinal rim assessment: evaluate
the neuroretinal rim according to the ISN'T rule (Inferior-Superior-Nasal-Temporal rim
thickness pattern), together with per-quadrant rim thickness grading and the presence of
focal rim notching or diffuse thinning. (4) Glaucomatous structural-sign assessment:
systematically examine six clinically recognized structural signs, including retinal nerve fiber
layer (RNFL) defect, optic disc hemorrhage, neuroretinal rim notching, parapapillary at-
rophy (PPA), optic disc excavation (deep cupping), and optic disc vessel bayonetting. (5)
Comprehensive structural reasoning: integrate the image quality, CDR measurements,
neuroretinal rim assessment, and structural signs into an overall structural interpretation,
explicitly weighing the diagnostic importance of each finding while resolving any conflicting
evidence. (6) Final glaucoma diagnosis: determine whether glaucoma is likely or unlikely
based on the integrated structural evidence and provide a concise clinical justification for
the final diagnosis. Each expert report contains an average of 322 4+ 46 words, providing
detailed, clinically interpretable reasoning rather than only binary diagnostic labels. A rep-

resentative expert-authored six-step CoT annotation is shown in Fig. [7] illustrating how the
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structured clinical findings are integrated into the final glaucoma diagnosis.

4.3. Disease definitions

Glaucoma was defined based on the reference diagnosis provided in the original datasets.
Specifically, eyes were classified as glaucomatous if they had a confirmed clinical diagnosis
of glaucoma established by ophthalmologists using comprehensive ophthalmic examinations,
including structural assessment of the optic nerve head together with other available clinical
information according to the dataset-specific diagnostic protocols. Eyes without evidence of
glaucoma were classified as non-glaucomatous. The binary diagnostic labels provided by the

original datasets were used as the reference standard throughout this study.

4.4. Model architectures

Clinical glaucoma diagnosis is fundamentally a structured reasoning process rather than
a single image classification task. In routine clinical practice, ophthalmologists do not di-
rectly determine whether an eye has glaucoma from a fundus photograph. Instead, they
sequentially evaluate multiple structural indicators, including optic disc morphology, neu-
roretinal rim integrity, retinal nerve fiber layer defects, and other glaucomatous signs, before
integrating these findings into a final diagnosis. Motivated by this clinical workflow, we
formulate glaucoma screening as a clinical reasoning problem. Rather than directly predict-
ing glaucoma from retinal images, our framework explicitly separates evidence extraction
from reasoning generation. As illustrated in Fig.[I4] the proposed framework consists of two
consecutive stages. Stage 1 predicts clinically interpretable ophthalmic findings from fundus
photographs, forming a structured evidence representation. Stage 2 conditions a vision-
language model on both the retinal image and the predicted clinical evidence to generate an
expert-style six-step chain-of-thought (CoT) report and the corresponding glaucoma diagno-
sis. This decomposition mirrors the diagnostic workflow of ophthalmologists and enables the
model to produce clinically interpretable reasoning while maintaining competitive diagnostic

performance.
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COT-Glaucoma — A Two-Stage Chain-of-Thought
Vision-Language Model for Glaucoma Diagnosis
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Figure 14: Overview of the proposed COT-Glaucoma framework. Stage 1 employs a frozen RET-
Found backbone with attention pooling to generate a compact initial observation of the input fundus image.
Stage 2 uses a LoRA-tuned MedGemma-27B vision—language model to perform structured six-step clinical
reasoning, covering image quality, CDR evaluation, ISNT rule assessment, glaucomatous signs, structural
summary, and final diagnosis. During training, the model is supervised using the ground-truth glaucoma

classification while learning to generate the complete clinical reasoning chain.

ae  4.4.1. Stage 1: Structured clinical evidence extraction
a17 The purpose of Stage 1 is to extract the intermediate clinical findings that ophthalmol-

as  ogists routinely examine before making a glaucoma diagnosis. Instead of treating glaucoma
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screening as a direct binary classification problem, we predict multiple clinically meaningful
ophthalmic indicators that collectively characterize the structural status of the optic nerve
head. Specifically, a color fundus photograph is first processed by RETFound-Large, a reti-
nal foundation model pretrained using masked autoencoding on large-scale retinal images.
The RETFound backbone is frozen throughout training to preserve its pretrained retinal
representation. An attention-based pooling module aggregates the patch-level features into
a shared global representation z € R'%2* which is provided to five task-specific prediction
heads. The pooled representation is used to predict five groups of clinical findings: (1) ver-
tical and horizontal cup-to-disc ratios (CDRs); (2) neuroretinal rim ordering according to
the Inferior—Superior-Nasal-Temporal (ISNT) rule; (3) per-quadrant neuroretinal rim ab-
normalities; (4) glaucomatous structural signs; and (5) an initial glaucoma diagnosis. These
predictions jointly form a structured clinical evidence representation analogous to the obser-
vations documented by ophthalmologists during fundus examination.

The five prediction heads are optimized using task-specific ranking, regression, and clas-
sification objectives. Vertical and horizontal CDRs are predicted using sigmoid-bounded

regression heads and optimized with a Smooth-L; loss with 5 = 0.075,

L= O ol —a, )

ke{v,h}

where )

x

%7 |IL‘| < B?
lg(z) = (2)

B :

|| — 5 otherwise.
Here, ¢, and ¢, denote the predicted and reference CDR values for the vertical or horizontal
direction.

For ISNT rim-order prediction, we employ a gap-weighted pairwise RankNet loss. Let
r, and r, denote the reference rim measurements for quadrants a and b, and let f, and f,

denote the corresponding predicted ranking scores. For each pair (a,b) in the set of all six

quadrant pairs P, we define

Jab = |'ra - rb‘ ) Oab = Sign(ra - Tb)a dab - fa - fb' (3>
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Pairs with a reference rim difference smaller than the tie threshold € = 0.02 are excluded.

The rim-order loss is therefore

Z '“é[gab Z E] Gab SOftplus(_gabdab)
(a,b)eP

‘Crank = ) (4)

Z ’Hé[gab Z E] Gab
(a,b)eP
where softplus(z) = log(1 + e”). Weighting each pair by g,, assigns greater importance to
quadrant pairs with more clearly separated reference rim measurements.

Per-quadrant rim abnormality is formulated as a three-class classification problem. The

corresponding class-weighted cross-entropy loss is averaged over the four quadrants,

Labn = ZCE (Fm st wi™) , Ng =4, (5)

abn

where y3Lbn and y7"" denote the predicted logits and reference label for quadrant j, respec-

tively, and vvabn

denotes the corresponding class weights.

Glaucomatous structural-sign prediction is formulated as a collection of three-class clas-
sification tasks corresponding to present, absent, or uncertain. Missing annotations are
encoded as —1 and excluded from optimization. Let J denote the set of sign channels con-
taining at least one valid label in the current mini-batch. For sign channel j, y Slgn € RX
denotes the predicted logits over the K = 3 classes, yjlgn € {0,1,2,—1} denotes the cor-
responding ground-truth label, where —1 indicates a missing annotation, and W;ign € RX

denotes the class-weight vector computed from the class frequencies of sign j in the training

set. The corresponding loss is
s1gn _ |j| Z CE <A51gn slgn’ jlgn7 ignore = —1> , (6)

where CE(+) denotes class-weighted cross-entropy. The loss is averaged only over sign chan-
nels with at least one valid annotation in the current mini-batch.

The initial glaucoma diagnosis is formulated as a binary classification task. Let y&* € R?
denote the predicted logits for the glaucoma and non-glaucoma classes, y& € {0,1} denote

the corresponding ground-truth diagnosis label, and w® € R? denote the class-weight vector
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computed from the diagnosis frequencies in the training set. The diagnosis head is optimized

using class-weighted cross-entropy,
‘cdx = CE (ydxa de; de) ) (7)

where CE(-) denotes the class-weighted cross-entropy loss.
The five task-specific objectives are jointly optimized using learnable homoscedastic un-

certainty weighting. The complete Stage 1 objective is

'Cstage-l = Z (G_Sk'ck + Sk) ) (8)

ke{cdr,rank,abn,sign,dx}

where each s, is a learnable log-variance initialized to zero. The factor e™% adaptively
reduces the contribution of noisy or difficult tasks, whereas the additive term s, prevents
the degenerate solution s, — co. Thus, the relative contributions of the five objectives are

learned automatically rather than controlled through fixed manually selected coefficients.

4.4.2. Leakage-safe evidence prediction

The structured clinical evidence generated by Stage 1 is subsequently used to construct
the supervision for the vision—language reasoning model. Directly generating evidence for
the Stage 1 training samples using a model trained on those same samples could result in
overly optimistic predictions and introduce information leakage into Stage 2. We therefore
employ a five-fold out-of-fold (OOF) prediction strategy. Specifically, the training set is
partitioned into five mutually exclusive folds. For each fold, a Stage 1 model is trained
using the remaining four folds and then applied to the held-out fold. Consequently, every
training image is associated with structured clinical evidence generated by a model that has
never observed that image during training. The out-of-fold predictions from all five held-out
folds are subsequently combined to construct the Stage 2 training data. This procedure
ensures that the evidence used to train Stage 2 contains realistic Stage 1 prediction errors
rather than in-sample predictions. During inference, a single Stage 1 model trained using
the complete training set is applied to previously unseen validation or test images. The
OOQF procedure therefore reduces information leakage and aligns the distribution of Stage 1

evidence observed during Stage 2 training with that encountered during inference.
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4.4.3. Stage 2: Clinical reasoning generation

Stage 2 aims to transform the structured clinical evidence generated by Stage 1 into
expert-level diagnostic reasoning. For each retinal image, the predicted ophthalmic indicators—
including vertical and horizontal CDRs, ISNT rim ordering, per-quadrant rim abnormalities,
glaucomatous structural signs, and the initial glaucoma diagnosis—are incorporated into a
structured prompt together with the fundus photograph as in Fig. 2] and Fig. [3

To ensure consistency between the predicted evidence and the generated reasoning, the
original expert reports are automatically rewritten by replacing the corresponding ground-
truth clinical findings with the Stage 1 predictions while preserving the overall diagnostic
logic. This procedure enables the reasoning model to learn how ophthalmologists interpret
imperfect predicted evidence rather than relying exclusively on error-free ground-truth anno-
tations. We fine-tune MedGemma-27B using low-rank adaptation (LoRA). The vision tower
is frozen, and LoRA modules are applied to the query, key, value, and output projection
layers of the attention blocks, with rank r» = 16, scaling parameter o = 32, and dropout
0.05. No reinforcement-learning objective, contrastive loss, or auxiliary prediction head is
used in Stage 2. Training is formulated as supervised autoregressive language modeling over
the complete six-step reasoning report and final diagnosis. For each training sample 7, let
2 = {xgi), e ,:v%_)} denote the complete tokenized conversation of length 7;, including the
system prompt, user prompt, assistant header, and the target assistant response. Let P;
denote the number of prompt tokens preceding the assistant response, i.e., the combined
length of the system prompt, user prompt, and assistant header. During training, the loss

is computed only over the assistant-generated response. We define an assistant-token mask
mii) =W¥|t>PFP A a:,ﬁ” # pad| , 9)

where J¥[-] denotes the indicator function, which equals 1 when the condition is satisfied and
0 otherwise. Consequently, mgi) = 1 only for valid assistant response tokens, whereas all
prompt tokens and padding tokens are excluded from optimization. Thus, prompt tokens
and padding tokens are excluded from the loss, and optimization is performed only over the

assistant-generated reasoning and diagnosis.

For each sample, the next-token cross-entropy is first averaged over that sample’s valid
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assistant tokens,

Z mt+1 < K $§21>
max (Z mgl, 1)
t=1
(4)

where z; ’ denotes the predicted token logits at position ¢, and $§21 denotes the corresponding

b = , (10)

next-token target. Performing the reduction separately for each sample prevents longer
reasoning reports from contributing a disproportionately larger gradient solely because they
contain more tokens.

To address the imbalance between diagnosis classes, the per-sample loss is multiplied by
an inverse-frequency class weight. For each diagnosis class ¢ present in the training set, an
unnormalized weight is defined as

N
W, = min <—, wmax) , Wnax = 10, (11)

C

where N is the total number of training samples and n. is the number of samples belonging
to class c. The weights are normalized over the set of classes present in the training data, C,
We
T
[E] Zc’ ec We

This normalization ensures that the mean class weight equals one, preserving the over-

W, = (12)

all scale of the optimization objective. Although the implementation supports the classes
not likely, borderline, and likely, the training data used in this study contain only the bi-
nary classes not likely and likely. Therefore, the absent borderline class does not affect the

normalization. The complete Stage 2 objective is

B
stage—Z - E Z o( z)gz ) (13)

where B denotes the mini-batch size and c(i) denotes the diagnosis class of sample i. For
the training split used in the final model, N = 823, with ey, = 304 and npet tikety = 519,
yielding

Whot likely = 0.739, Wiikely = 1.261. (14)
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The model is therefore trained using a single class-weighted, assistant-masked, per-
sample-normalized next-token cross-entropy objective over the complete six-step reasoning
report and final glaucoma diagnosis. Early stopping is performed using the validation loss
computed with the same objective.

Given the retinal image and structured clinical evidence, the model generates a com-
plete six-step chain-of-thought report comprising image-quality assessment, CDR evaluation,
ISNT and neuroretinal rim assessment, glaucomatous structural-sign assessment, integrated
structural reasoning, and the final glaucoma diagnosis. Unlike conventional image caption-
ing or generic report-generation approaches, the generated reasoning explicitly follows the

expert diagnostic workflow defined by our annotation protocol.

4.5. Comparative methods, evaluation metrics, and statistical analysis

Comparative methods.. We compared the proposed framework against both retinal vision
foundation models and general-purpose vision-language models. For retinal image classifi-
cation, we evaluated three representative retinal vision foundation models: RETFound [22],
RetiZero |21], and DINOv2-L [23]. Following the original implementation of each model, lin-
ear probing, full fine-tuning, and parameter-efficient fine-tuning (LoRA) were adopted where
applicable, and the best-performing adaptation strategy was reported. For clinical reason-
ing generation, we compared our framework with both open-source and proprietary vision-
language models. The open-source baseline was Qwen3.5-VL [18, [19], which was fine-tuned
on the proposed reasoning dataset using the same training protocol as our framework. Pro-
prietary multimodal foundation models, including Claude and GPT-5.5 [20)], were evaluated
through their official APIs using identical prompts and six in-context image—ground-truth
reasoning examples, without additional task-specific training. Unless otherwise specified, all

methods were evaluated using the identical training, validation, and test split.

FEvaluation metrics. Clinical reasoning generation was evaluated from two complementary
perspectives: the correctness of individual clinical findings and the overall similarity between

generated and expert-authored reports. For continuous cup-to-disc ratio (CDR) estimation,
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prediction error was measured using the mean absolute error (MAE) [25],

N
1

MAE:— AZ'— il s 15
]szy Yil (15)

where g; and y; denote the predicted and reference CDR values, respectively.
For ISNT rim-order assessment, agreement between the predicted and reference neu-
roretinal rim rankings was quantified using the Kendall distance [26], defined as the number

of discordant pairwise orderings,

Dx =Y 1[(ri —r;) (7 — ;) < 0], (16)

1<J
where r and 7 denote the reference and predicted ISNT rankings. Per-quadrant rim ab-
normality recognition and glaucomatous structural-sign detection were evaluated using the

macro-averaged F1 score [27],

1 < 2P.R.
Macro-F1 = - ; PR (17)
where P. and R, denote the precision and recall of class ¢, respectively.

Overall report quality was evaluated using BERTScore-F1 [28|, which measures semantic
similarity between generated and reference reports using contextualized language representa-
tions, and ROUGE-Lsum [29], which measures lexical overlap based on the longest common
subsequence. Final glaucoma diagnosis was evaluated using balanced accuracy, sensitivity,
specificity, precision, and recall. Balanced accuracy was used as the primary evaluation

metric and is defined as

Sensitivity 4+ Specificity

Balanced Accuracy = 5 , (18)
where
TP TN
Sensitivity = m, Spe01ﬁC1ty = m, (].9)
and
TP TP

Precision = ————— l= ———. 2

recision = 5, Reca TP T TN (20)
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Statistical analysis. Statistical significance was assessed using paired bootstrap resampling.
For trainable models, bootstrap resampling was performed over predictions obtained from
ten independent training runs, with 1,000 bootstrap replicates per run. For proprietary
vision-language models evaluated from a single inference, 10,000 bootstrap replicates were
used. All reported confidence intervals correspond to two-sided 95% bootstrap confidence

intervals, and all reported p values are two-sided. Statistical significance was defined as

sse p < 0.05.
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Data Availability

The dataset supporting the findings of this study, including the expert reasoning anno-
tations, will be made publicly available upon publication to facilitate reproducibility and
future research in automated glaucoma diagnosis. The dataset will be hosted in a publicly

accessible repository, and the corresponding accession link will be provided in this article.

Code Availability

Code for model training and evaluation will be made available upon publication.
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