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Abstract

Reliance on standalone accuracy limits credible assessment of fundus-focused large
vision–language models (LVLMs), as high scores often stem from linguistic shortcuts rather
than real visual reasoning. This work develops the Cognitive Audit Framework (CAF),
a four-module automated auditing pipeline that dissects model reasoning flaws: Visual–
Linguistic Decoupling (textual dependency via modality ablation), Hierarchical Logical Con-
sistency (lesion–diagnosis contradiction detection), Reasoning Fidelity Gap (chain-of-thought
unfaithfulness scoring), and Contextual Robustness (positional bias under option permu-
tation). Experiments on six 7B–31B LVLMs over FunBench reveal a notable gap between
benchmark accuracy and reasoning quality: high accuracy coexists with measurable textual
dependency, logical inconsistencies across diagnostic levels, limited chain-of-thought faithful-
ness, and non-trivial positional sensitivity. CAF serves as a reproducible complement to pure
accuracy metrics for validating clinical competence of ophthalmic multimodal models.

Keywords: large vision–language models; visual reasoning; cognitive audit framework;
clinical comprehension

1. Introduction
Driven by large-scale foundation models pre-trained on millions of retinal

photographs [1,2] and ophthalmology-oriented multimodal architectures [3–6], large vision–
language models (LVLMs) have rapidly advanced on fundus visual question answering
(VQA) tasks spanning diabetic retinopathy (DR), age-related macular degeneration (AMD),
glaucoma, and other retinal disorders [7–9]. Classification accuracy has accordingly be-
come the dominant metric for quantifying ophthalmic multimodal model performance.
However, relying solely on accuracy for performance validation has inherent limitations:
this metric only captures label-matching probability under a fixed data distribution and
cannot causally distinguish whether a model’s predictions originate from genuine fundus
pathological features or from shortcut learning that exploits prompt wording and option
arrangement [10]. Meanwhile, clinical ophthalmic diagnosis strictly follows hierarchical
pathological criteria established by ICDR [11] and ETDRS [12] standards, where specific reti-
nal lesions serve as necessary preconditions for corresponding disease grades—a layered
constraint that a single accuracy score cannot quantify. The resulting disconnect between
reported benchmark performance and authentic clinical reasoning capability underscores
the need for richer evaluation tools.

Appl. Sci. 2026, 16, 6064 https://doi.org/10.3390/app16126064

https://crossmark.crossref.org/dialog?doi=10.3390/app16126064&domain=pdf&date_stamp=2026-06-18
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0007-8701-7567
https://orcid.org/0009-0003-6620-9632
https://orcid.org/0009-0001-6956-9815
https://orcid.org/0000-0001-7498-9892
https://doi.org/10.3390/app16126064


Appl. Sci. 2026, 16, 6064 2 of 20

Two mainstream approaches currently exist for fine-grained medical multimodal
evaluation. The first is manual expert auditing, which provides high clinical validity but
incurs prohibitive cost and poor scalability for large-scale assessment [13,14]. The second
employs external LLMs as automatic judges [15], enabling automation but introducing
non-reproducible evaluation variance and circular assessment bias—particularly prob-
lematic for reproducible clinical benchmarking. Beyond these two paradigms, existing
automated radiology report evaluation methods [16–18] are constrained by task-format
discrepancies and cannot be directly transferred to fundus VQA scenarios. On the reason-
ing verification front, prior works on chain-of-thought faithfulness and logical consistency
are predominantly designed for general-purpose benchmarks [19,20], lacking integration
with ophthalmic-specific grading rules and thus poorly suited to the hierarchical diagnostic
logic of fundus diseases. In summary, the field lacks an automated, reproducible, multi-
dimensional evaluation tool that incorporates ophthalmic clinical standards. To address
this research gap, we develop the Cognitive Audit Framework (CAF).

Built upon the FunBench dataset [21], which provides fine-grained hierarchical
annotations suitable for multi-dimensional auditing, this work constructs a fully auto-
mated perturbation-based evaluation pipeline comprising four independent audit mod-
ules: Visual–Linguistic Decoupling (Audit A), Hierarchical Logical Consistency (Audit B),
Reasoning Fidelity Gap (Audit C), and Contextual Robustness (Audit D). Among these,
Audits A, C, and D leverage custom-built ophthalmic keyword dictionaries covering DR,
AMD, glaucoma, and other common fundus disorders to enable quantitative scoring;
Audit B distills 17 pathological contradiction rules from ICDR/ETDRS diagnostic criteria,
enforcing lesion-to-grade logical constraint verification focused on diabetic retinopathy.

Our core contributions are summarized as follows:

• Multi-dimensional Cognitive Audit Framework. We propose CAF, a four-module
automated auditing pipeline that moves beyond the single-accuracy paradigm to quan-
tify clinical reasoning deficits from complementary dimensions—textual dependency,
hierarchical logical coherence, reasoning faithfulness, and positional robustness.

• Deterministic Rule-based Clinical Scoring. We designed a CoT-Scorer and a Wrong-
Reasoning Rate metric that quantify chain-of-thought quality through fixed clin-
ical rules without invoking any external LLM judge (Audit C), ensuring full
experimental reproducibility.

• Multi-model Empirical Validation. We conduct systematic experiments on six main-
stream LVLMs spanning 7B–31B parameters, providing comprehensive evidence that
high benchmark accuracy can coexist with measurable deficits in textual dependency,
logical consistency, reasoning faithfulness, and positional robustness.

The remainder of this paper is organized as follows: Section 2 reviews related work,
Section 3 details the CAF design, Section 4 presents experiments and results, Section 5
discusses findings and limitations, and Section 6 concludes.

2. Related Work
2.1. Large Vision–Language Models in Medical Imaging

Medical AI has rapidly evolved from task-specific classifiers [22,23] to generalist large
vision–language models (LVLMs) [24,25]. Foundational systems (e.g., LLaVA-Med [3],
Med-PaLM M [4]) and ophthalmic-specific architectures (e.g., RETFound [1], VisionUnite [26],
FundusExpert [6]) now achieve robust zero-shot diagnostic alignment and fine-grained
visual grounding. Despite these advances, their clinical readiness is predominantly as-
sessed through Visual Question Answering (VQA) benchmarks [9,21,27–29] that prioritize
aggregate accuracy. This narrow, VQA-centric lens fundamentally overlooks the rigorous
standards of traditional clinical AI validation, clinical safety paradigms, and automated
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medical report evaluation [13,14,16–18,30,31]. By conflating superficial label-matching with
genuine pathophysiological understanding and ignoring hierarchical consistency, current
evaluations lack the mechanistic transparency and algorithmic vigilance crucial for clinical
trustworthiness, directly inspiring our multi-dimensional cognitive audit scheme.

2.2. Evaluation Paradigms: Beyond the Accuracy Bottleneck

The dominant paradigm for evaluating medical LVLMs relies on VQA-driven bench-
marks (e.g., VQA-RAD [28], PMC-VQA [32], FunBench [21]). Even recent reasoning-
oriented datasets (e.g., GEMEX [33], DrVD-Bench [9]) structurally default to scalar accuracy,
which conflates genuine visual grounding with linguistic shortcuts and ignores hierarchical
causal constraints. To overcome this bottleneck, evaluation must transcend simple VQA
accuracy and synthesize with traditional clinical AI validation and clinical safety paradigms
(e.g., FDA guidelines [13], TRIPOD+AI [14], algorithmic vigilance [30]), which demand
continuous failure mode characterization. Furthermore, inspiration must be drawn from
automated medical report evaluation (e.g., RadGraph [16], GREEN [17], FineRadScore [18]),
where clinical entity grounding and fine-grained penalty for diagnostic errors strictly out-
weigh simple label matching. By integrating these rigorous clinical validation standards
into the VQA setting, our proposed framework bridges the gap between static benchmark
accuracy and the trustworthy reasoning necessary for clinical deployment.

2.3. Shortcut Learning, Position Bias, and CoT Faithfulness

Beyond scalar accuracy, deep learning models frequently succumb to shortcut
learning [10], which in medical VQA architectures manifests as position biases [34–37]
and reliance on spurious visual cues [38,39]. Furthermore, while chain-of-thought (CoT)
prompting aims to improve interpretability [40,41], LVLMs frequently exhibit unfaith-
ful, post hoc rationalizations disconnected from their final predictions [19,42], along-
side cross-query logical contradictions [20,43–45]. In clinical environments, such halluci-
nated reasoning paths pose safety risks [24,46] that remain invisible to standard accuracy-
based scoring. Distinct from prior work that probes externally induced bias on general
benchmarks [19] or verifies domain-agnostic propositional logic [20], our CAF enforces
pathophysiological constraints inherent to ophthalmology—specifically, ICDR/ETDRS-
derived causal hierarchies [11,12] between lesion findings and disease grades—through
clinically grounded, deterministic auditing, ensuring that diagnostic outputs align with
valid clinical causal chains.

3. Methodology: The Cognitive Audit Framework
To rigorously evaluate the clinical reasoning reliability of large vision–language models

(LVLMs), we designed the Cognitive Audit Framework (CAF). Drawing on the interven-
tional logic of causal inference [47], CAF adopts perturbation-based probing as its central
design principle: rather than measuring aggregate accuracy over a fixed test set, each
audit module applies a targeted intervention—to the model’s input content or its output
behavior—and quantifies the causal impact of that informational change on predictions.
We employ the FunBench dataset [21] as our evaluation corpus, leveraging its hierarchical
task structure and fine-grained annotations to construct the pathological logic constraints
required by Audit B. CAF comprises four complementary audit modules: Visual–Linguistic
Decoupling (Audit A), Hierarchical Logical Consistency (Audit B), Reasoning Fidelity Gap
(Audit C), and Contextual Robustness (Audit D). Figure 1 provides an overview of the
framework architecture.
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Figure 1. Overview of the Cognitive Audit Framework. The framework audits LVLM reliability
through four complementary probes: Audit A (Visual–Linguistic Decoupling), Audit B (Hierarchical
Logical Consistency), Audit C (Reasoning Fidelity Gap), and Audit D (Contextual Robustness under
option-order perturbation). Dashed colored arrows indicate audit interventions, while solid arrows
denote the standard inference flow.

3.1. Visual–Linguistic Decoupling (Audit A)

This module leverages the two input paradigms defined by FunBench [21]—CEP
(Context-Enriched Prompt: fundus image paired with template-derived clinical text) and
VOP (Visual-Only Prompt: fundus image without supplementary text)—to disentangle
the respective contributions of visual features and auxiliary textual information to model
predictions. By comparing model performance under both input conditions, we distinguish
legitimate multimodal feature fusion from shortcut learning that relies on textual cues;
simultaneously, we adopt the Macro-averaged Harmonic Accuracy (MHA) to eliminate
evaluation bias introduced by class imbalance.

For image i ∈ I , let ŷ(CEP)
i and ŷ(VOP)

i denote the predictions under CEP and VOP
respectively, and yi the ground-truth label. For each answer category c, we compute the
harmonic mean of sensitivity (Sensc) and specificity (Specc), then average across all C
categories to obtain the Macro-averaged Harmonic Accuracy (MHA):

MHA =
1
C

C

∑
c=1

2 Sensc · Specc
Sensc + Specc

(1)

Compared with the arithmetic mean, the harmonic mean penalizes models that sacrifice
specificity for sensitivity (or vice versa), aligning with clinical practice where both missed
diagnoses and false alarms carry significant risk. This avoids models that favor majority
classes from inflating overall metrics, and ensures coverage of rare but critical categories
(e.g., proliferative DR).
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Based on MHA, we construct three metrics to quantify text dependence. The Descrip-
tion Gain ∆desc measures the MHA difference between CEP and VOP:

∆desc = MHACEP − MHAVOP (2)

A positive gain indicates that clinical text facilitates multimodal reasoning; an excessively
large value suggests the model over-relies on textual cues rather than completing diagnosis
from visual features alone. The Flip-to-Wrong rate counts samples where the image-only
prediction is correct but adding clinical text flips the answer to incorrect, quantifying the
negative interference of textual input on visual reasoning:

Flipwrong =

∣∣{i : ŷ(CEP)
i ̸= yi ∧ ŷ(VOP)

i = yi
}∣∣∣∣I ∣∣ (3)

Visual Consistency captures the fraction of images on which both input modes yield
identical predictions regardless of correctness, reflecting the stability of visual encoding:

VisConsist =

∣∣{i ∈ Icommon : ŷ(CEP)
i = ŷ(VOP)

i
}∣∣∣∣Icommon

∣∣ (4)

Together, the three metrics characterize model visual representation capability from
precision loss, prediction reversal, and cross-input stability. A clinically reliable model
should simultaneously exhibit low Description Gain, low Flip-to-Wrong rate, and high
Visual Consistency.

Having quantified text dependence, Audit B further examines whether the model’s
diagnostic reasoning respects ophthalmological pathological hierarchies.

3.2. Hierarchical Logical Consistency (Audit B)

Ophthalmological diagnosis follows the strict hierarchical pathological constraints
established by ICDR and ETDRS standards [11,12]: the presence of specific fundus lesions
constitutes a necessary condition for corresponding diabetic retinopathy (DR) grading.
Predictions that violate the causal relationship between lesion and disease grade are clin-
ically incoherent, and such defects cannot be detected by conventional accuracy-based
metrics. This module extracts the lesion-level prediction and disease-level grading for
the same fundus image, verifies their joint consistency against deterministic clinical rules,
and automates contradiction counting across the entire sample without requiring expert
clinical review.

We derive 17 deterministic contradiction rules from the ICDR/ETDRS standards
(the complete rule set is detailed in Appendix A). Each rule r ∈ R defines a bottom–up
pathological constraint: if lesion ℓ∗ is detected, the corresponding DR diagnosis must fall
within the clinically permissible grade set Dr:

r : ℓ̂i = ℓ∗ =⇒ d̂i ∈ Dr (5)

When the model’s lesion and grading predictions violate this constraint, we flag a bi-
nary contradiction indicator contra(i, r) ∈ {0, 1}. The Contradiction Rate quantifies the
proportion of samples exhibiting at least one logical violation:

ContradRate =

∣∣{i ∈ I : ∃ r ∈ R, contra(i, r) = 1
}∣∣∣∣I ∣∣ (6)
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The corresponding Consistency Score is defined as 1−ContradRate. High baseline accuracy
coupled with a low consistency score reveals isolated reasoning: the model treats lesion
detection and disease grading as independent classification tasks, lacking the capacity for
causal pathological inference.

We note that the current rule set covers only DR-related hierarchical constraints,
as FunBench exclusively provides paired lesion and DR grading annotations for cross-
task logical verification. After obtaining multi-level annotations for additional diseases,
the framework can be extended to age-related macular degeneration, glaucoma, and
other conditions.

3.3. Reasoning Fidelity Gap (Audit C)

Chain-of-thought (CoT) prompting [40] guides models to generate step-by-step di-
agnostic reasoning, theoretically enabling the reconstruction of a complete clinical in-
ference chain from fundus image observations through lesion identification to disease
grading—an important pathway for enhancing the interpretability of medical multimodal
models. Although current mainstream multimodal large models have achieved excellent
baseline accuracy on fundus diagnostic tasks, in certain scenarios a potential inconsistency
remains between the model’s predicted results and the generated reasoning chains: models
may achieve correct option selection by leveraging textual cues, while the generated rea-
soning descriptions exhibit limited alignment with fundus visual features. Relying solely
on accuracy metrics makes it difficult to finely distinguish such reasoning deficiencies. To
this end, this section constructs a deterministic, rule-driven automated CoT-Scorer quan-
tification system grounded in clinical prior knowledge, without introducing third-party
large models as judges. Paired with the Wrong-Reasoning Rate metric, it quantitatively
characterizes the proportion of samples where “the diagnostic conclusion is correct, but the
reasoning content provides insufficient support,” thereby complementing the automated
evaluation of model clinical capability from the reasoning fidelity dimension.

To enable structured decomposition and fine-grained verification of reasoning content,
we constrain models to output a complete reasoning chain in a fixed five-field XML format:

<observations>. . . </observations> <findings>. . . </findings> <reasoning>. . . </reasoning>
<conclusion>. . . </conclusion> <answer>. . . </answer>

Grounded in clinical keyword dictionaries, we design a deterministic, rule-based CoT-
Scorer (si ∈ [0, 1]) that computes a weighted sum across five differentiable dimensions:

si = ∑
d∈D

wd · scorei,d (7)

The dimensional weights are configured according to clinical diagnostic priority, with item-
level scoring rules as follows:

1. Finding Coverage (w = 0.35): Queries the <findings> and <reasoning> fields against
a curated clinical keyword dictionary. Matching any core lesion keyword yields a
base score of 0.5; the remaining score is accumulated linearly based on the number
of matched supporting modifier terms. The keyword dictionary integrates diabetic
retinopathy, age-related macular degeneration, glaucoma, and other common fundus
disease terminology, encompassing spelling variants and disease alias designations,
totaling 126 mandatory keywords and 156 supporting descriptors.

2. Conclusion Consistency (w = 0.25): Applies clinical contradiction mapping rules to
verify the <conclusion> text against the selected answer option. If the conclusion
describes pathological changes yet the answer selects “Negative” (or vice versa), this
dimension scores 0; when no logical conflict exists, full marks are awarded.
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3. Reasoning Order (w = 0.20): Starting from 1.0 as baseline, a fixed deduction of
0.2 is applied for every missing or empty XML tag, constraining models to follow the
clinical diagnostic logic of “image observation → lesion extraction → lesion reasoning
→ conclusion.”

4. Medical Correctness (w = 0.15): Uses regex-based expressions to identify whether
the text explicitly denies the presence of certain lesions. If the reasoning text clearly
states that a specific lesion is absent, yet the final diagnosis selects the corresponding
positive option, this item scores 0, to prevent fundamental medical logic errors.

5. Chain Completeness (w = 0.05): Computed as the ratio of non-empty XML fields
to the total field count, assessing only the completeness of format output without
evaluating clinical content validity.

Building upon the CoT scoring system, we define the Wrong-Reasoning Rate
(WrongReason) to quantify the phenomenon where model answers are correct but reason-
ing support is weak:

WrongReason =

∣∣{i ∈ I : ci = 1 ∧ si < 0.5
}∣∣∣∣{i ∈ I : ci = 1

}∣∣ (8)

Here ci = 1 indicates that the sample’s final diagnostic option is correct; when this metric
is numerically high, it suggests that the model achieves high accuracy partly through
shortcut learning rather than grounding predictions in visual lesion reasoning. Beyond this,
we additionally introduce two auxiliary indicators—CoT-Gain and Parse Failure Rate:
CoT-Gain is defined as the MHA difference between CoT mode and direct answer mode
(MHACoT − MHAdirect), used to quantify the gain in model diagnostic performance from
enforced step-by-step reasoning; the Parse Failure Rate counts the proportion of samples
that fail to comply with the specified XML format output, characterizing model adaptability
to structured reasoning formats.

Unlike existing approaches that rely on third-party large models as judges [15]—which
have proven effective in open-ended evaluation—this study adopts fixed clinical rules for
scoring, motivated by three considerations: (1) reproducibility—identical inputs always
yield identical scores; (2) transparency—every deduction traces to specific keyword matches
or rule violations; and (3) independence—avoiding circular assessment variance inherent
in one LLM judging another.

To mitigate the potential undercount of valid reasoning expressed through rare syn-
onyms, we adopt several robustness measures: first, enriching a multi-variant clinical
dictionary (formal names, abbreviations, synonyms, and notation variants) with graded
rather than binary scoring; second, leveraging the structured XML format to constrain
vocabulary diversity; and finally, employing context-aware regex to distinguish affirmative
from negative semantics. Any residual systematic bias from rare terminology mismatch
affects all models equally, preserving the validity of relative comparisons.

3.4. Contextual Robustness (Audit D)

A fundamental requirement of any reliable diagnostic system is label permutation invari-
ance: the model’s diagnosis of a fundus image should not depend on the arbitrary ordering
of the answer options. This invariance is a necessary (though not sufficient) condition
for visual grounding—if a model’s prediction changes when options are relabeled but the
image is unchanged, the prediction cannot be causally attributed to the visual content.

To evaluate this invariance robustly and mathematically without reliance on manual
evaluation of reasoning strings, we employ purely structural cyclic permutations to the
answer option set. This structural test modifies no substantive clinical data while funda-
mentally shifting the order architecture (generating two permuted variants alongside the
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original option ordering). For each rotated permutation, we capture and decode the model’s
prediction mapping via deterministic inverse-logic maps. The result is three comparable
predictions mathematically transformed into the canonical target label set: ŷ(0)i , ŷ(1)i , ŷ(2)i
for each image i. The Consistency Rate across permutations is:

ConsistRate =
1∣∣I ∣∣ ∑

i∈I
1
[
ŷ(0)i = ŷ(1)i = ŷ(2)i

]
(9)

The Position Bias Score is defined as 1 − ConsistRate. Models with high Position Bias Score
provide compelling evidence that their benchmark performance is partially a byproduct
of positional heuristics—a form of shortcut learning that is entirely invisible to standard
accuracy evaluation.

4. Experiments
4.1. Experimental Setup
4.1.1. Models

We adopt a layered evaluation design. Three primary models—HuatuoGPT-Vision-
7B (medical-specialized), Qwen2.5-VL-7B-Instruct (general-purpose), and Gemma-4-31B-
it (large-parameter frontier)—are evaluated across all four audits (A–D) in both direct-
answer and CoT modes, comprehensively establishing the performance baselines and direct-
vs.-CoT comparison patterns. Building on this established baseline, we introduce three
additional reasoning-enhanced models (Qwen3.5-9B, Qwen3.5-Omni-Plus, Qwen3.6-Plus)
with a specific diagnostic purpose: to test whether the decoupling between CoT Quality
and diagnostic accuracy—observed in the primary models—persists even in architectures
explicitly optimized for advanced reasoning. These models are evaluated exclusively on
Audit C in CoT mode as a separate experiment (Table 5), since the direct-mode baseline is
already fully characterized and repeating it would not yield new insights. Their role is to
validate whether the superficial rationale generation phenomenon is a general structural
limitation rather than a capacity bottleneck solvable by stronger reasoning ability. Table 1
summarizes the complete model×audit coverage.

Table 1. Model×audit coverage matrix. ✓ = systematically evaluated; — = not evaluated (baseline
already established by the three primary models). † Models marked with † are reasoning-enhanced
variants evaluated exclusively on Audit C to probe rationale quality.

Model Audit A Audit B Audit C Audit D

HuatuoGPT-Vision-7B ✓ ✓ ✓ ✓
Qwen2.5-VL-7B-Instruct ✓ ✓ ✓ ✓
Gemma-4-31B-it ✓ ✓ ✓ ✓

Qwen3.5-9B † — — ✓ —
Qwen3.5-Omni-Plus † — — ✓ —
Qwen3.6-Plus † — — ✓ —

4.1.2. Dataset and Evaluation Modes

All experiments use the FunBench Benchmark [21], which aggregates multiple pub-
licly available ophthalmic datasets covering fundus photography and optical coherence
tomography (OCT): DDR [48], DeepDRiD [49], IDRiD [50], JSIEC [51], MMC-AMD [52],
NEH [53], OCTDL [54], OCTID [55], OIA-ODIR [56], Retinal-Lesions [57], RETOUCH [58],
RFMiD [59], TOP (Tsukazaki Ophthalmic Photography, a publicly available fundus dataset
collected at Tsukazaki Hospital, Japan; available at: https://github.com/DateCazuki/
Fundus_Diagnosis, accessed on 2 February 2026), and UCSD [23]. We evaluate results
under two input modes natively provided by FunBench: CEP (Context-Enriched Prompt;
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image + clinical description) and VOP (Visual-Only Prompt; image only), with clinical text
derived from standardized templates based on source dataset annotations. For Audit B,
each model is additionally prompted with a CoT instruction. For Audit D, options are
cyclically permuted (original + two rotations) to probe positional sensitivity. All models
use deterministic greedy decoding (temperature = 0) to ensure exact reproducibility. Full
inference parameters and hardware details are reported in Appendix C.

4.2. Audit A: Visual–Linguistic Decoupling

This section employs CEP and VOP as a controlled experiment to quantify model
dependence on textual cues. As shown in Table 2 and Figure 2, HuatuoGPT-Vision-7B and
Qwen2.5-VL-7B-Instruct yield Description Gains of +0.205 and +0.206 respectively—nearly
identical values indicating that roughly 20% of their diagnostic accuracy depends on the
appended clinical text rather than intrinsic image feature extraction. Gemma-4-31B-it
exhibits a reduced gain of +0.163, reflecting comparatively lower text dependency and
stronger visual representation. All three gains pass 1000-resample bootstrap testing with
95% CI lower bounds above zero (p ≤ 0.002), confirming that the accuracy improvement
genuinely originates from textual information rather than random error.

Figure 2. Audit A—Visual–Linguistic Decoupling (CEP vs.VOP). Grouped bars compare CEP and
VOP accuracy per model. HuatuoGPT-Vision-7B and Qwen2.5-VL-7B-Instruct both show a substantial
Description Gain (+0.205 and +0.206, respectively), indicating heavy reliance on textual cues rather
than pure visual reasoning.

Visual consistency scores range from 0.651 to 0.723, meaning that more than 27% of
samples undergo prediction changes when clinical text is removed. This demonstrates
universal visual encoding instability across the tested models. Synthesizing all three metrics,
current mainstream 7B–31B fundus multimodal models exhibit text-shortcut learning where
high baseline accuracy does not equate to reliable visual pathological reasoning; the larger-
parameter Gemma-4-31B-it holds a relative advantage in visual architectural design, yet
still cannot entirely disengage from textual assistance.

Table 2. Audit A: Visual–Linguistic Decoupling (CEP vs. VOP); 95% CIs are bootstrapped
(1000 resamples, seed = 42). *** p < 0.001, ** p < 0.01. H0: Desc. Gain ≤ 0.

Model CEP MHA VOP MHA Visual Consistency Desc. Gain (95% CI)

HuatuoGPT-Vision-7B 0.801 0.596 0.651 0.205 (0.146 to 0.257) ***
Qwen2.5-VL-7B-Instruct 0.803 0.597 0.666 0.206 (0.129 to 0.281) ***
Gemma-4-31B-it 0.822 0.659 0.723 0.163 (0.053 to 0.291) **
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4.3. Audit B: Hierarchical Logical Consistency

This section examines the alignment between lesion recognition and DR grading
through 17 clinical rules derived from ICDR/ETDRS standards, using contradiction rate to
quantify whether model diagnoses satisfy fundus-level diagnostic logic. The experiment is
split into CEP (Image + Clinical Text) and VOP (Image Only) modes, with results reported
in Table 3.

Under CEP, HuatuoGPT-Vision-7B exhibits the highest contradiction rate (0.513),
Qwen2.5-VL-7B-Instruct follows at 0.459, and Gemma-4-31B-it achieves the lowest
(0.352)—consistent with the visual capability ranking from Audit A. Pairwise model com-
parisons under CEP confirm: HuatuoGPT exceeds Gemma by 0.161 (p < 0.001), Qwen
exceeds Gemma by 0.107 (p < 0.05), while the HuatuoGPT–Qwen difference is 0.054 at
borderline significance (p = 0.05). All models maintain consistency scores below 0.72,
meaning that even with overall diagnostic accuracy above the baseline, more than 28% of
samples contain lesion-to-grade predictions that violate clinical hierarchical constraints.

Switching to VOP, contradiction rates drop consistently across all three models.
The CEP–VOP differences are 0.140 for HuatuoGPT (p < 0.001), confirming that extraneous
text clearly disrupts hierarchical reasoning; for Qwen2.5-VL the paired difference is only
0.061, not reaching significance at p = 0.05. Viewed across models in a layered perspective,
HuatuoGPT is most affected by additional text, Gemma shows the best robustness against
text-induced perturbation, and Qwen2.5-VL’s cross-modal fusion ability lies between the
two. The graded nature of these results validates that the audit framework can effec-
tively differentiate the inherent characteristics of different multimodal models, while also
demonstrating that metric changes are difficult to attribute to significance testing alone.

Table 3. Audit B: Hierarchical Logical Consistency (micro-lesion → macro-disease contradiction
rates). Consistency score = 1 − Contrad Rate; 95% CIs are bootstrapped. *** p < 0.001, * p < 0.05,
† p = 0.05. H0: difference = 0 (two-sided).

Model Mode Contrad Rate (95% CI)

HuatuoGPT-Vision-7B CEP 0.513 (0.455 to 0.573)
HuatuoGPT-Vision-7B VOP 0.373 (0.318 to 0.424)
Qwen2.5-VL-7B-Instruct CEP 0.459 (0.398 to 0.513)
Qwen2.5-VL-7B-Instruct VOP 0.398 (0.344 to 0.455)
Gemma-4-31B-it CEP 0.352 (0.295 to 0.411)
Gemma-4-31B-it VOP 0.281 (0.228 to 0.338)

Pairwise model comparisons (CEP mode):
∆Model: HuatuoGPT–Gemma 0.161 (0.078 to 0.244) ***
∆Model: Qwen2.5-VL–Gemma 0.107 (0.025 to 0.189) *
∆Model: HuatuoGPT–Qwen2.5-VL 0.054 (0.003 to 0.102) †

4.4. Audit C: Reasoning Fidelity Gap (CoT)

This experiment employs direct answer and chain-of-thought reasoning as two output
formats under CEP and VOP input conditions as a controlled comparison. The experiment
is divided into two groups: Table 4 evaluates three primary models under a full-condition
Direct+CoT protocol, while Table 5 tests three reasoning-enhanced models exclusively
under CoT mode, with results in Tables 4 and 5.

As shown in Table 4, after enabling chain reasoning, HuatuoGPT exhibits significantly
negative CoT Gain under both CEP and VOP (p < 0.001), indicating that step-by-step rea-
soning noticeably degrades overall diagnostic accuracy. Meanwhile, its Wrong-Reasoning
Rate reaches 0.813–0.983, confirming that the majority of correct answers lack reliable
pathological reasoning support. Qwen2.5-VL shows significantly negative CoT Gain under
CEP while VOP yields no statistically significant difference; combined with its relatively
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low Wrong-Reasoning Rate, this model exhibits better vision-text fusion stability that
makes it difficult for step-by-step reasoning to clearly interfere with prediction outcomes.
Gemma’s CoT Gain under both input modes shows no significant deviation from baseline,
with Wrong-Reasoning Rate below 0.01—indicating that its reasoning descriptions closely
match diagnostic conclusions. The above results demonstrate that some models achieve
superior accuracy through shortcuts, but their reasoning logic remains hollow; relying
solely on accuracy cannot reveal deficiencies, embodying the necessity of CAF’s reasoning
evaluation metrics.

Table 5 shows that Qwen3.6-Plus possesses top-tier reasoning organization ability with
CoT Quality scores (0.854/0.850) superior to all other models, yet its diagnostic accuracy on
fundus-specific data is notably low. This result reflects not a deficiency in general reasoning
ability per se, but rather that general pre-training knowledge and ophthalmic domain-
specific visual tasks have a domain adaptation gap—the model possesses general logical
architecture capability but lacks specialized fundus lesion-domain visual training, resulting
in the observed inconsistency between reasoning quality and diagnostic effectiveness. We
term this phenomenon superficial rationale generation.

Synthesizing all data, the tested models can be divided into three categories: Gemma’s
reasoning content closely matches diagnostic results with high coherence; Qwen3.6’s
general reasoning architecture is mature and complete, yet lacks domain-specific data
support leading to low diagnostic accuracy; HuatuoGPT readily derives answers by relying
on textual shortcuts, with matched reasoning that lacks pathological reasoning support.
The differentiated performance across the three models further demonstrates that CAF
multi-dimensional evaluation can complement the limitations of accuracy-only assessment,
as shown in Tables 4 and 5.

Table 4. Audit C, experiment 1: Direct vs. CoT under a unified protocol. CoT Quality (s̄i) is the mean
deterministic CoT-Scorer (0–1 scale); 95% CIs are bootstrapped (CoT Gain) or Normal Approximation
(Wrong-Reas. Rate). *** p < 0.001. H0: CoT Gain = 0 (two-sided).

Model Mode Direct
MHA

CoT
MHA

CoT
Quality Wrong-Reas. Rate (95% CI) CoT Gain (95% CI)

HuatuoGPT-7B CEP 0.801 0.279 0.411 0.983 (0.979 to 0.987) −0.500 (−0.598 to −0.428) ***
HuatuoGPT-7B VOP 0.472 0.126 0.427 0.813 (0.802 to 0.824) −0.340 (−0.384 to −0.191) ***
Qwen2.5-VL-7B CEP 0.803 0.591 0.746 0.026 (0.023 to 0.029) −0.155 (−0.433 to −0.071) ***
Qwen2.5-VL-7B VOP 0.419 0.410 0.726 0.197 (0.189 to 0.205) −0.062 (−0.184 to 0.118)
Gemma-4-31B CEP 0.822 0.873 0.743 0.003 (0.002 to 0.004) 0.051 (−0.071 to 0.271)
Gemma-4-31B VOP 0.733 0.691 0.776 0.004 (0.002 to 0.006) −0.009 (−0.226 to 0.138)

Table 5. Audit C, experiment 2: reasoning-enhanced architectures (CoT-only). Probes whether
advanced reasoning resolves the quality–accuracy decoupling; 95% CIs via Normal Approximation.
*** p < 0.001. H0: CoT Quality difference = 0 vs. Gemma-4-31B (two-sided).

Model Mode CoT MHA Wrong-Reas. Rate (95% CI) CoT Quality (95% CI)

Qwen3.5-9B CEP 0.196 0.725 (0.713 to 0.737) 0.479 (0.465 to 0.493)
Qwen3.5-9B VOP 0.338 0.615 (0.602 to 0.628) 0.516 (0.502 to 0.530)
Qwen3.5-Omni-Plus CEP 0.380 0.689 (0.677 to 0.701) 0.493 (0.479 to 0.507)
Qwen3.5-Omni-Plus VOP 0.384 0.732 (0.720 to 0.744) 0.508 (0.494 to 0.522)
Qwen3.6-Plus CEP 0.133 0.002 (0.001 to 0.003) 0.854 (0.845 to 0.863) ***
Qwen3.6-Plus VOP 0.047 0.001 (0.000 to 0.002) 0.850 (0.841 to 0.859) ***

4.5. Audit D: Contextual Robustness (Option-Order/Position Bias)

This module fixes the image and question stem while cyclically rotating option orders
as a perturbation experiment, employing consistency rate and position bias scores to quan-
tify the degree to which answer arrangement interferes with model predictions. Results
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are summarized in Table 6. The overall mean consistency across three models is 0.867,
indicating that approximately 12.5% of samples change their output due to option-order
variation, which demonstrates that positional bias is a shared vulnerability across models.

Results show that HuatuoGPT-Vision-7B exhibits the highest position bias and lowest
consistency (0.825), Gemma-4-31B-it achieves the best robustness with the highest consis-
tency (0.910), and Qwen2.5-VL-7B-Instruct falls between the two on all metrics. The dif-
ference between HuatuoGPT and Gemma is statistically significant (p = 0.007), whereas
pairwise comparisons of Qwen2.5 against either group do not reach significance. Under uni-
fied evaluation samples, this phenomenon arises because Qwen2.5’s positional sensitivity
lies between the high and low groups, and the metric difference itself is small, making it
difficult to pass significance testing. All models’ consistency coefficients are significantly
below 1 (p < 0.001), proving that every model suffers from position-dependent behav-
ior to varying degrees—a class of defect that cannot be discovered through conventional
accuracy metrics alone. The stratified experimental results validate the effectiveness of
CAF’s perturbation testing, which can uncover positional-bias defects masked by accuracy,
complementing the limitations of traditional evaluation approaches.

Table 6. Audit D: option-order robustness across key evaluation models; 95% CIs computed via
bootstrap (Gemma)/Normal Approximation (N = 222). *** p < 0.001. H0: Consistency Rate = 1
(no position bias).

Model Position Bias Consistency Rate (95% CI)

HuatuoGPT-Vision-7B 0.175 0.825 (0.775 to 0.875) ***
Qwen2.5-VL-7B-Instruct 0.136 0.864 (0.819 to 0.909) ***
Gemma-4-31B-it 0.090 0.910 (0.874 to 0.946) ***

4.6. Qualitative Analysis and Cognitive Trace Examples

This section presents a case study drawn from the MMC-AMD [52] dataset, dissecting
the complete CoT output of Qwen2.5-VL-7B-Instruct to intuitively demonstrate how the
model performs clinical reasoning in practice (Figure 3). The gold-standard label for this
sample is exudative age-related macular degeneration; the textual description notes the
presence of subretinal fibrosis, RPE hemorrhage, and choroidal neovascular membrane
in the macular area. However, the imagery generated in the <observations> segment
does not correspond to the pathological features stated in the original text—failing to
identify hemorrhage and fibrotic lesions. Even when the visual observations contain
inaccuracies, the model ultimately outputs the correct answer in the conclusion by relying
on key textual information.

This case directly illustrates a high-level logical pattern of current models: arriving
at the correct conclusion without genuinely relying on visual image features, instead de-
pending on textual keywords to complete option selection. It also provides case-level
corroboration for the quantitative audit statistics reported in Audits A/B/C/D above,
explaining the co-existence of high accuracy and reasoning deficits—the “Illusion of Clin-
ical Comprehension.” Quantitative metrics combined with case-level analysis jointly
demonstrate that relying solely on accuracy to evaluate model clinical competence has
clear limitations.
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Qualitative Case Study: AMD Type Classification (MMC-AMD)

Sample ID: MMC-AMD/ImageData/cfp-448x448/f-w-43949233.jpg
Ground Truth: A (Exudative age-related macular degeneration)

Prompt:
Please choose the most suitable option based on the image,
description and the question. Answer with the option’s
letter directly.
Description: the fundus image shows subretinal fibrosis
in macular area, subretinal pigment epithelium hemorrhage
in macular area and choroidal neovascular membrane in
macular area.
The question is: What type of age-related macular
degeneration is depicted in this fundus image?
The options are: A. Exudative age-related macular
degeneration, B. Not any age-related macular degeneration,
C. Polypoidal choroidal vasculopathy, D. Nonexudative age-related macular degeneration.

Qwen2.5-VL-7B-Instruct Output:
<observations>
- The image shows a fundus view with a yellowish-white lesion located at the fovea.
- The surrounding retina appears relatively normal without significant hemorrhages or exudates.
- The retinal vessels are visible and appear to be within normal limits.
- There is no evidence of subretinal fluid or hemorrhage.
</observations>
<findings>
- The presence of a yellowish-white lesion at the fovea is indicative of a choroidal neovascular
membrane, which is characteristic of exudative age-related macular degeneration.
- The absence of subretinal fluid or hemorrhage suggests that it is not nonexudative age-related
macular degeneration.
- There is no evidence of polypoidal choroidal vasculopathy, as this condition typically presents
with multiple polyps and often has a different appearance.
</findings>
<reasoning>
- Exudative age-related macular degeneration is characterized by the formation of choroidal
neovascular membranes, which can appear as yellowish-white lesions at the fovea.
- Nonexudative age-related macular degeneration, also known as dry AMD, typically does not present
with such a lesion but rather with drusen and atrophy.
- Polypoidal choroidal vasculopathy is a distinct condition that presents with multiple polyps and
is usually associated with a different clinical picture.
- Based on the observation of a single yellowish-white lesion at the fovea, the most likely
diagnosis is exudative age-related macular degeneration.
<conclusion>
The fundus image depicts exudative age-related macular degeneration.
</conclusion>
<answer>
A. Exudative age-related macular degeneration
</answer>

Figure 3. Cognitive Trace Example (MMC-AMD). A single-case audit sample showing the original
prompts, ground-truth label, and the model-generated chain-of-thought trace for f-w-43949233.jpg.

5. Discussion
This study leverages CAF’s multi-dimensional assessment to confirm that current

fundus LVLMs universally exhibit an Illusion of Clinical Comprehension: high test-set accu-
racy cannot be equated with genuine clinical reasoning ability. Audit A results show that all
evaluated models exhibit textual dependence—nearly 20% of diagnostic accuracy for Hu-
atuoGPT and Qwen2.5-VL relies on supplementary clinical text, and even Gemma-4-31B,
despite its larger parameter count, cannot fully circumvent textual shortcuts, with over
27% of samples changing predictions after auxiliary text removal, reflecting deficiencies
in visual lesion extraction. Audit B reveals that all models frequently produce logical
conflicts between lesion identification and DR grading that violate ICDR/ETDRS diag-
nostic standards, with additional textual input further exacerbating hierarchical reasoning
disorder, demonstrating that models lack the capacity for learning causal relationships
in ophthalmic pathology. A particularly noteworthy counter-intuitive finding is that the
Vision-Only mode consistently yields lower contradiction rates than the Text-Guided mode
across all three models (e.g., HuatuoGPT: 0.373 vs. 0.513, p < 0.001). This indicates that
supplementary clinical descriptions, rather than reinforcing correct diagnostic logic, in-
troduce spurious linguistic shortcuts that cause models to anchor on surface-level textual
cues instead of adhering to strict lesion-to-disease causal constraints. In effect, multi-
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modal text guidance can inadvertently pollute the model’s hierarchical clinical reasoning
pathway—weakening logical consistency rather than solidifying it—highlighting a critical
safety concern for deployment scenarios that integrate auxiliary clinical notes alongside
fundus images. Audit C identifies two typical defects: some models arrive at correct
answers via textual cues while their accompanying reasoning diverges from the actual
image-based pathology; Qwen3.6-Plus possesses superior general chain-of-thought rea-
soning capabilities yet performs poorly on fundus diagnosis, confirming a domain gap
between general logical modeling and ophthalmology-specific visual diagnosis. Audit D
verifies that all models are subject to option-position bias, with nearly 12.5% of samples
changing their diagnostic output following option reordering—fixed option layouts in-
flate baseline test scores, undermining reliability in real open-ended clinical scenarios.
These shortcomings carry practical medical risks: text-dependent models suffer sharp
performance degradation in field screening scenarios lacking accompanying clinical notes,
and unfaithful reasoning can mislead primary-care clinical decisions. This study employs
7B–31B lightweight open-source models—precisely the architecture class most likely to
be deployed in community-level fundus screening—making these conclusions directly
relevant to real-world deployment.

This study also has several limitations. First, the entire CAF framework is currently
developed exclusively for fundus imaging tasks and has not yet been extended to radi-
ology, pathology, or other medical imaging domains. Second, constrained by FunBench
dataset annotations, the hierarchical logic verification rules are designed only for diabetic
retinopathy; macular degeneration, glaucoma, and other common fundus diseases have
not been incorporated into the rule system. Third, experiments employ only six open-
source lightweight models and do not include ultra-large closed-source commercial models,
limiting the generalizability of conclusions. Finally, the clinical keyword dictionary used
for CoT evaluation cannot exhaustively cover rare lesion aliases and uncommon subtype
expressions; a small number of specialized medical terms may introduce minor scoring
discrepancies. Future work will progressively address these limitations.

6. Conclusions
This paper proposes the automated multi-dimensional Cognitive Audit Framework

(CAF), which compensates for the deficiencies of single-metric accuracy evaluation from
four complementary dimensions: Visual–Linguistic Decoupling, hierarchical pathological
logic, reasoning fidelity, and option robustness. Controlled experiments on six mainstream
multimodal large models confirm that fundus LVLMs universally suffer from inflated
scores—behind strong baseline accuracy commonly lurk textual shortcut learning, patho-
logical logic contradictions, ineffective reasoning, and option-position bias, four classes
of defect that are difficult to detect through traditional metrics. CAF achieves automated
scoring via fixed clinical rules without requiring a third-party large model as an evaluator,
offering excellent reproducibility and the ability to efficiently screen for latent reasoning
defects in models, making it well-suited for iterative quality control of medical multimodal
models. Future work will expand multi-disease clinical constraint rules and professional
dictionaries, extend CAF to multiple medical imaging modalities, and help transition
medical large model evaluation systems from single-accuracy assessment toward clinical
reasoning authenticity evaluation.
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CAF Cognitive Audit Framework
CoT Chain-of-Thought
MHA Macro-averaged Harmonic Accuracy
VQA Visual Question Answering
DR Diabetic Retinopathy
PDR Proliferative Diabetic Retinopathy
AMD Age-related Macular Degeneration
ICDR International Clinical Diabetic Retinopathy
ETDRS Early Treatment Diabetic Retinopathy Study
CEP Context-Enriched Prompt
VOP Vision-Only Prompt
OCT Optical Coherence Tomography

Appendix A. Complete Clinical Contradiction Rule Set
Table A1 presents the complete set of 17 cross-task contradiction rules used in Audit B.

The rules are organized into two clinically motivated categories:

• Category 1 (R1–R8): Any DR-indicative lesion predicted as present is incompati-
ble with a “No DR” diagnosis. Under ICDR standards, the presence of any reti-
nal lesion characteristic of diabetic retinopathy definitionally excludes a normal
(No DR) classification.

• Category 2 (R9–R17): Lesions pathognomonic of severe or proliferative disease are
incompatible with low-grade DR diagnoses. Neovascularization, fibrous proliferation,
vitreous hemorrhage, and preretinal hemorrhage are hallmarks of advanced DR
stages; their co-occurrence with Mild or Moderate NPDR constitutes a hierarchical
logic violation.

These 17 rules are applied to all fundus images that have both lesion recognition and
DR grading annotations in FunBench.
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Table A1. Complete cross-task contradiction rule set for Audit B (17 rules in two categories). Each
rule specifies the lesion finding and the DR grade that constitutes a medical contradiction when
co-occurring.

Rule Lesion Type Contradictory DR Grade Clinical Rationale

Category 1: Lesion present + No DR (any DR lesion excludes normal status)

R1 Microaneurysm No DR Earliest DR lesion; definitionally excludes No DR
R2 Hard Exudate No DR Vascular leakage marker; incompatible with No DR
R3 Soft Exudate No DR Nerve fiber ischemia sign; indicates DR presence
R4 Neovascularization No DR Pathognomonic of proliferative disease
R5 Fibrous Proliferation No DR Late-stage proliferative sequela
R6 Vitreous Hemorrhage No DR Indicates severe vascular compromise
R7 Preretinal Hemorrhage No DR Hallmark of advanced DR
R8 Intraretinal Hemorrhage No DR Characteristic DR finding at any grade

Category 2: Severe/proliferative lesion + low-grade DR (hierarchical severity violation)

R9 Neovascularization Mild NPDR Neovascularization mandates PDR diagnosis
R10 Neovascularization Moderate NPDR Neovascularization mandates PDR diagnosis
R11 Neovascularization Severe NPDR Neovascularization mandates PDR diagnosis
R12 Fibrous Proliferation Mild NPDR Fibrous tissue indicates prior proliferative stage
R13 Fibrous Proliferation Moderate NPDR Fibrous tissue indicates prior proliferative stage
R14 Vitreous Hemorrhage Mild NPDR Vitreous bleeding requires severe/proliferative DR
R15 Vitreous Hemorrhage Moderate NPDR Vitreous bleeding requires severe/proliferative DR
R16 Preretinal Hemorrhage Mild NPDR Preretinal bleeding indicates advanced disease
R17 Preretinal Hemorrhage Moderate NPDR Preretinal bleeding indicates advanced disease

Rule application scope.

The 17 rules are applied to all images in the FunBench dataset that have both lesion
recognition and DR grading annotations. For each image, the system extracts the model’s
predicted answer for the relevant lesion recognition task and the DR grading task, then
evaluates whether the joint prediction violates any rule. An image is flagged as contradic-
tory if any rule is violated. The Contradiction Rate (Equation (5)) reports the fraction of
images with at least one violation.

Scope limitation.

The current rule set is limited exclusively to the DR diagnostic hierarchy, as FunBench
only provides paired lesion and DR grading annotations for cross-task logical verification.
Although our CoT-Scorer in Audit C already contains keyword dictionaries for AMD and
multi-condition diagnosis, FunBench lacks the required multi-level paired annotations to
extend the hierarchical consistency audit to AMD and glaucoma. This remains a valuable
direction for future research.

Appendix B. Complete Clinical Keyword Dictionary
Table A2 present the complete clinical keyword dictionary used by the CoT-Scorer’s

Finding Coverage dimension. Each clinical concept maps to a set of required keywords (at
least one must appear for a non-zero score) and supporting keywords (each additional hit
increases the score proportionally). For grading tasks, forbidden keywords trigger a Medi-
cal Correctness penalty when present in the reasoning chain for an incompatible grade. All
matching is performed after text normalization (lowercasing and whitespace collapsing).

Table A2. Lesion keyword dictionary (12 categories, 43 required terms, 66 supporting variants).

Lesion Category Required Keywords Supporting Keywords

Fibrous Proliferation fibrous, proliferation, fibrosis, fibrovascular membrane, traction, white tissue, scar, epiretinal

Hemorrhage hemorrhage, hemorrhage, bleeding, blood flame, blot, dot-blot, dark red, intraretinal,
subretinal, preretinal

Hard Exudate hard exudate, exudate, lipid exudate yellow, bright, lipid, waxy, well-defined,
crystalline

Intraretinal Fluid intraretinal fluid, IRF, cystoid, cyst hyporeflective, space, edema, swelling, retinal
thickening

Intraretinal
Hemorrhage

intraretinal hemorrhage, intraretinal
hemorrhage, dot hemorrhage, blot hemorrhage dark, round, oval, deep retina, inner nuclear

Microaneurysm microaneurysm, micro-aneurysm small red dot, dot hemorrhage, punctate,
capillary, round red, tiny red
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Table A2. Cont.

Lesion Category Required Keywords Supporting Keywords

Neovascularization neovascularization, new vessel, NVD, NVE, new
blood vessel

proliferative, fibrovascular, frond, disc vessel,
retinal vessel

PED pigment epithelial detachment, PED, RPE
detachment

dome, elevation, subretinal, RPE, pigment
epithelium

Preretinal Hemorrhage preretinal hemorrhage, preretinal hemorrhage,
boat-shaped, subhyaloid flat top, horizontal level, vitreous, anterior, large

Soft Exudate soft exudate, cotton wool, cotton-wool spot, CWS white, fluffy, nerve fiber, ischemia, superficial,
feathery

Subretinal Fluid subretinal fluid, SRF, subretinal fluid hyporeflective, beneath retina, detachment,
neurosensory, accumulation

Vitreous Hemorrhage vitreous hemorrhage, vitreous hemorrhage,
vitreous bleeding vitreous, haze, obscure, red reflex, floater, dense

Appendix C. Reproducibility Details
Prompt templates.

The exact prompt templates used for each evaluation mode are:

• Direct mode (CEP): “Please choose the most suitable option based on the image,
description and the question. Answer with the option’s letter directly. Description:
[TEXT]. The question is: [QUESTION]. The options are: [OPTIONS].”

• Direct mode (VOP): “Please choose the most suitable option based on the image and
the question. Answer with the option’s letter directly. The question is: [QUESTION].
The options are: [OPTIONS].”

• CoT mode: Appends to the above: “Please analyze the image step by step. Struc-
ture your response using the following XML tags: <observations>describe what
you see</observations> <findings>identify clinical findings</findings> <reason-
ing>explain your diagnostic reasoning</reasoning> <conclusion>state your conclu-
sion</conclusion> <answer>give your final answer letter</answer>”

Inference parameters.

All models: temperature = 0, top_p = 1.0. No system prompt is used. Each image
is provided as a single-turn input with the prompt text. All experiments are conducted
on two NVIDIA RTX 5090 GPUs. Deterministic greedy decoding guarantees that iden-
tical inputs produce bit-identical outputs, rendering multi-run repetition uninformative
(inference variance is exactly zero) and ensuring that all reported metrics are fully repro-
ducible. The bootstrap confidence intervals reported in the main experimental tables ad-
dress a complementary concern: sample-level stability of aggregate metrics across the finite
evaluation population.

Random seed control.

For open-weight models served via vLLM, we fix all random seeds (Python 3.10.20,
NumPy 2.2.6, PyTorch 2.7.0+cu128, CUDA 12.8) to ensure deterministic behavior at the
framework level. Combined with temperature = 0 greedy decoding at the generation
level, this dual-layer determinism guarantees exact reproducibility of all predictions across
independent runs.

Model versions and access dates.

• HuatuoGPT-Vision-7B: ModelScope, FreedomIntelligence/HuatuoGPT-Vision-7B;
• Qwen2.5-VL-7B-Instruct: ModelScope, Qwen/Qwen2.5-VL-7B-Instruct;
• Qwen3.5-9B: ModelScope, Qwen/Qwen3.5-9B;
• Gemma-4-31B-it: HuggingFace, google/gemma-4-31B-it;
• Qwen3.5-Omni-Plus: Alibaba Cloud Bailian API, qwen3.5-omni-plus-2026-03-15;
• Qwen3.6-Plus: Alibaba Cloud Bailian API, qwen3.5-plus-2026-04-20.
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