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Abstract 11 

 12 

Purpose: AI-based OCT analysis can predict visual function across individuals, but these 13 

associations may reflect shared participant characteristics rather than eye-specific information. 14 

Comparing fellow eyes tests whether OCT features capture functional differences within the 15 

same person. The purpose is to test whether inter-eye OCT feature differences track contrast-16 

sensitivity (CS) differences after visual-acuity (VA) adjustment. 17 

 18 

Methods: We analyzed 2,015 AI-READI participants with bilateral OCT and visual-function 19 

measurements. A fixed RETFound encoder extracted OCT features. Photopic and mesopic 20 

ridge models were developed in training (n = 1,412) and applied unchanged to validation (n = 21 

307) and test (n = 296). Analyses included eye-swap and outcome-permutation controls, VA 22 

adjustment, and exploratory retinal-thickness comparisons. 23 

 24 

Results: Photopic correlations between predicted and observed inter-eye CS differences were 25 

0.334 in validation and 0.318 in test; predictive R² values were 0.095 and 0.101. Mesopic 26 

correlations were 0.373 and 0.194; predictive R² values were 0.133 and 0.027. All associations 27 

exceeded control null expectations. VA-adjusted partial correlations were 0.272 (95% CI, 0.174–28 

0.364) for photopic and 0.171 (95% CI, 0.069–0.264) for mesopic CS. AI features yielded 29 

numerically higher photopic correlations than thickness features; combining features did not 30 

consistently improve performance. 31 

 32 

Conclusion: AI-derived OCT features tracked inter-eye CS differences after VA adjustment, 33 

with more consistent photopic performance.  34 

 35 

Translational Relevance: AI-derived OCT features may complement visual acuity in assessing 36 

contrast sensitivity. 37 

 38 

Keywords: Optical coherence tomography; OCT; artificial intelligence; contrast sensitivity 39 

 40 

 41 
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Introduction 42 

 43 

Understanding how ocular structure relates to visual function is central to interpreting retinal 44 

imaging and assessing the consequences of eye disease. Contrast sensitivity provides a 45 

measure of visual function relevant to everyday tasks, complementing standard assessments of 46 

visual acuity1,2. Contrast sensitivity measures the ability to detect luminance differences and can 47 

vary substantially among eyes with similar visual acuity. Optical coherence tomography (OCT) 48 

provides noninvasive images of retinal microstructure, creating an opportunity to investigate the 49 

structural correlates of these functional differences3. Associations between OCT-derived retinal 50 

thickness and contrast sensitivity have been reported in healthy adults and in ocular disease, 51 

including glaucoma and early diabetic retinopathy4-6. Studies in diabetes have also linked 52 

contrast sensitivity to retinal structural and microvascular measures assessed using OCT and 53 

OCT angiography7-9. Structural and functional abnormalities have also been documented in 54 

diabetes without clinically evident retinopathy10,11. 55 

 56 

Artificial intelligence (AI), particularly deep learning, offers an opportunity to characterize 57 

structural–functional relationships by learning features directly from retinal images. These 58 

approaches extend OCT analysis beyond predefined thickness measurements. Previous 59 

studies have used deep learning to predict contrast sensitivity and other measures of retinal 60 

sensitivity from OCT images12,13. Pretrained retinal foundation models now provide transferable 61 

image representations, enabling investigation of their functional relevance without training a new 62 

image encoder for each task14. 63 

 64 

However, predicting contrast sensitivity across individuals leaves an important question 65 

unresolved: do the image representations capture functional differences specific to each eye? A 66 

between-person association can reflect both eye-specific variation and characteristics shared by 67 

the participant, which retinal images can also encode15. Consequently, successful prediction 68 

across people does not establish that differences between their eyes are represented. 69 

Comparing fellow eyes provides a direct test of this question because age, genetic background 70 

and systemic exposures are shared within each pair. If inter-eye OCT differences predict inter-71 

eye contrast sensitivity differences in held-out participants, the association is less readily 72 

explained by shared participant characteristics alone. Although within-person structural–73 

functional associations have been investigated using conventional retinal thickness16, it remains 74 
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uncertain whether pretrained OCT representations capture such differences and whether their 75 

associations persist after accounting for inter-eye visual acuity differences. 76 

 77 

Here, we used bilateral OCT and visual-function measurements from AI-READI to test whether 78 

differences in pretrained OCT representations predict photopic and mesopic contrast sensitivity 79 

differences between fellow eyes17,18. Models were developed in the training partition and applied 80 

unchanged to two nonoverlapping held-out participant partitions. We evaluated structural–81 

functional correspondence using eye-swap and outcome-permutation controls, assessed 82 

associations after adjustment for inter-eye visual acuity differences, and compared the 83 

representations with conventional retinal thickness features. The study thus tests whether 84 

pretrained OCT representations capture eye-specific functional information and examines how 85 

that information relates to established structural measurements. 86 

 87 

Materials and Methods 88 

 89 

Data source and study design 90 

 91 

We conducted a cross-sectional secondary analysis of the AI-READI dataset, version 3.0.0. The 92 

parent study collected standardized retinal imaging and visual-function measurements across 93 

four metabolic categories: healthy, prediabetes/lifestyle-controlled diabetes, diabetes treated 94 

without insulin, and diabetes treated with insulin17,18. Participants were eligible for the primary 95 

analysis if both eyes had available RETFound OCT features and complete photopic and 96 

mesopic CS and VA measurements. The resulting cohort included 2,015 participants. The 97 

dataset’s predefined participant-level partitions were retained: training (n = 1,412), validation (n 98 

= 307), and test (n = 296). Both eyes and all repeated acquisitions from a participant remained 99 

in the same partition. Validation and test provided separate internal evaluations; neither partition 100 

was used to fit the primary models or select their hyperparameters. Eligibility was based on data 101 

availability rather than restriction to participants with normal VA or no reported ocular disease. 102 

CS was measured monocularly using the Mars Letter Contrast Sensitivity Test and expressed in 103 

log contrast-sensitivity units18. The recorded, condition-specific CS and logMAR values were 104 

used in this analysis.  105 

 106 

AI feature extraction from OCT images 107 

 108 
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OCT features were extracted from Topcon Maestro2 3D macula structural OCT volumes using 109 

the pretrained OCT RETFound masked-autoencoder model, based on a Vision Transformer 110 

Large architecture with 16 × 16-pixel patches and a 1,024-dimensional embedding14. The 111 

encoder was held fixed throughout the analysis and was not fine-tuned using CS, VA, or other 112 

participant labels. Five contiguous central B-scans were selected from each acquisition, 113 

corresponding to zero-based frame indices 62–66. Each grayscale B-scan was converted to 114 

three identical RGB channels and resized to 224 × 224 pixels. Pixel values were converted to 115 

floating point and divided by 255, after which each channel was standardized using its own 116 

image-level mean and standard deviation, with 10⁻⁶ added to the denominator. The five B-scan 117 

embeddings were averaged component-wise to obtain one acquisition-level vector; vectors from 118 

repeated acquisitions were then averaged component-wise to obtain one 1,024-dimensional 119 

vector per eye. For participant p, the right- and left-eye vectors were denoted Zp,R and Zp,L, 120 

respectively. Each vector contained 1,024 numerical features and was retained in full for 121 

downstream modeling. 122 

 123 

Inter-eye prediction and comparative analyses 124 

 125 

Inter-eye differences were calculated as right minus left. For participant p, the OCT feature-126 

difference vector was defined as: 127 ઢ܈௣  = ௣,ோ܈   −  ௣,௅ 128܈ 

CS and VA differences were calculated in the same direction. Separate ridge-regression models 129 

were fitted directly to predict photopic and mesopic ΔCS from the 1,024 OCT feature 130 

differences. Each feature difference was standardized before regression: 131 ݔ௣,௝  = ௣,௝ܼ߂   − ௝ݏ௝ߤ   132 

Here, μⱼ and sⱼ denote the training-data mean and standard deviation of feature difference j. The 133 

predicted inter-eye CS difference was: 134 

௣ ܵܥ߂  = 0ߚ   +  ∑ ௣,௝1024ݔ௝ߚ
௝ = 1  135 

Thus, the regression combined the 1,024 standardized feature differences into one predicted 136 

ΔCS per participant and lighting condition. The coefficients βⱼ and intercept β₀ were estimated 137 

from training participants, with an L2 penalty on the coefficients. 138 

 139 
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Two controls were evaluated without model refitting. Random within-pair eye swaps 140 

independently reversed each participant’s OCT difference vector with probability 0.5, leaving 141 

observed ΔCS unchanged. Outcome permutations reassigned observed ΔCS across 142 

participants within each evaluation partition while retaining the original predictions. VA-adjusted 143 

associations were calculated in pooled validation and test participants by correlating residuals of 144 

predicted and observed ΔCS after separate linear adjustment for condition-specific ΔVA and 145 

evaluation partition. 146 

 147 

Retinal thickness was derived from differences between seven device-provided segmentation 148 

surfaces in Topcon Maestro2 macular OCTA scans, converted to micrometers using DICOM 149 

axial spacing. Acquisitions required finite, correctly ordered boundaries at ≥90% of sampled 150 

locations; repeats were summarized by the per-eye median. Six elementary thickness intervals 151 

and six 0.5-mm annuli (0–3 mm) yielded 441 fovea-centered features, with regional means 152 

weighted by valid sampled locations. The foveal center was defined by the minimum smoothed 153 

total retinal thickness within 1 mm of scan center. Single measures were selected by the 154 

strongest absolute VA-adjusted training-set partial correlation with ΔCS. Layer subsets were 155 

selected from all 63 nonempty interval combinations within 0.5–2.0 mm using five-fold training 156 

cross-validation including ΔVA. Selected measures and subsets were fitted as thickness-only 157 

linear models and evaluated using held-out VA-adjusted associations. Full-feature ridge models 158 

using thickness, RETFound, or combined features used identical complete-case training (n = 159 

1,380), validation (n = 303), and test (n = 291) sets.  160 

 161 

Statistical analysis 162 

 163 

Characteristics were summarized as mean (SD) or n (%). Analyses used complete cases 164 

without imputation. Prediction performance was assessed by Pearson r and predictive R², 165 

calculated as 1 − Σ(y − ŷ)²/Σ(y − ȳ)² using the evaluation-partition mean as the reference. 166 

Predictive R² was distinct from squared Pearson r. Percentile 95% confidence intervals used 167 

2,500 participant-bootstrap resamples for primary correlations, 5,000 for adjusted AI 168 

associations, and 4,000 for adjusted thickness associations. Pooled bootstraps were stratified 169 

by evaluation partition, with adjustment regressions refitted in each resample. Pearson tests 170 

were two-sided. Control analyses used 5,000 randomizations and one-sided empirical P values 171 

calculated as (1 + the number of randomized correlations ≥ the observed correlation)/5,001. The 172 

reported adjusted permutation procedure shuffled raw ΔCS within partition and recalculated the 173 
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partial correlation. Thickness partial-correlation tests were two-sided, with n − 4 degrees of 174 

freedom. P values were unadjusted for multiple comparisons. Analyses used Python 3.12.3, 175 

NumPy 2.5.2, pandas 3.0.5, SciPy 1.18.1, and scikit-learn 1.9.1. OCT feature extraction used 176 

PyTorch 2.7.1, timm 0.9.12, pydicom 3.0.2, and Pillow 12.3.0. Numerical plots were generated 177 

with Matplotlib 3.11.2; scatterplots included all observations without jitter or outlier removal. 178 

 179 

Results 180 

 181 

Paired-eye analysis and participant characteristics 182 

 183 

To examine whether AI-derived OCT features capture eye-specific information related to 184 

contrast sensitivity, we compared structural and functional differences between fellow eyes. 185 

Each participant served as their own control, reducing confounding by shared characteristics 186 

such as age, genetic background, and systemic metabolic status. Two complementary controls 187 

assessed the specificity of the associations: randomly swapping OCT features between fellow 188 

eyes disrupted structural–functional eye matching, whereas permuting inter-eye contrast-189 

sensitivity differences across participants disrupted the correspondence between imaging 190 

features and functional outcomes. Models were developed exclusively in the training partition 191 

and applied unchanged to the dataset’s predefined validation and test partitions, providing two 192 

separate internal evaluations in nonoverlapping participant groups (Figure 1). 193 

 194 

The primary analysis included 2,015 participants with paired-eye OCT, contrast sensitivity (CS), 195 

and visual acuity (VA) data: 1,412 in training, 307 in validation, and 296 in test (Table 1). Mean 196 

age was 60.6 years (SD, 11.2), and mean HbA1c was 6.1% (SD, 1.1) among the 1,960 197 

participants with available measurements. The cohort included participants classified as healthy 198 

(34.8%), prediabetes/lifestyle controlled (24.7%), diabetes treated without insulin (30.1%), and 199 

diabetes treated with insulin (10.5%). Mean age was similar across partitions, although insulin-200 

treated diabetes was less frequent in training (6.6%) than in validation (17.6%) and test (21.6%). 201 

 202 

OCT-derived AI features predict inter-eye contrast-sensitivity differences in held-out 203 

participants 204 

 205 

To test whether AI-derived OCT features capture eye-specific information related to contrast 206 

sensitivity, we used inter-eye feature differences to predict inter-eye CS differences in 207 
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participants excluded from model development. Separate photopic and mesopic models were 208 

trained in the training partition and applied unchanged to both evaluation partitions. 209 

Predicted photopic ΔCS correlated positively with observed ΔCS in validation (r = 0.334; 95% 210 

CI, 0.138–0.497; P = 1.85 × 10⁻⁹) and test (r = 0.318; 95% CI, 0.166–0.452; P = 2.32 × 10⁻⁸; 211 

Figure 2A). Positive associations were also observed for mesopic CS in validation (r = 0.373; 212 

95% CI, 0.181–0.553; P = 1.35 × 10⁻¹¹) and test (r = 0.194; 95% CI, 0.036–0.358; P = 0.0008; 213 

Figure 2B). Photopic correlations were similar across the two held-out groups, whereas the 214 

mesopic correlation was lower in test. 215 

 216 

To assess whether these associations depended on correct structural–functional eye matching, 217 

we compared the observed correlations with those obtained after randomly swapping OCT 218 

features between fellow eyes. Observed correlations exceeded the central 95% range of the 219 

eye-swap null distributions in all four evaluations (Figure 2). One-sided empirical P values were 220 

0.0008 and 0.0002 for photopic validation and test, respectively, and 0.0002 and 0.0038 for 221 

mesopic validation and test. Permuting observed ΔCS across participants provided a 222 

complementary control by disrupting the correspondence between imaging features and 223 

functional outcomes. Observed correlations also exceeded those expected under outcome 224 

permutation, with empirical P = 0.0002 for both photopic evaluations and mesopic validation, 225 

and P = 0.0008 for mesopic test. 226 

 227 

Photopic predictions achieved predictive R² values of 0.095 in validation and 0.101 in test, 228 

indicating similar prediction performance across partitions (Figure 3A,B; Table 2). Mesopic 229 

predictive R² was 0.133 in validation and 0.027 in test, consistent with the lower test correlation 230 

(Figure 3C,D; Table 2). Together, these findings support the presence of eye-specific information 231 

in AI-derived OCT features related to inter-eye CS differences, although the proportion of 232 

variation captured was modest and mesopic performance varied across evaluation groups. 233 

 234 

Associations persist after adjustment for inter-eye visual-acuity differences 235 

 236 

The paired-eye design reduces confounding by shared participant characteristics, but does not 237 

account for differences in visual acuity between fellow eyes. Because structural changes may 238 

relate to both acuity and contrast sensitivity, the OCT-based predictions could reflect functional 239 

variation shared with VA. To examine whether the associations extended beyond measured 240 
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inter-eye acuity differences, we assessed the relationship between predicted and observed ΔCS 241 

after adjustment for condition-specific ΔVA and evaluation partition. 242 

 243 

Among the 603 pooled validation and test participants, predicted ΔCS remained positively 244 

associated with observed ΔCS under photopic conditions (partial r = 0.272; 95% CI, 0.174–245 

0.364) and mesopic conditions (partial r = 0.171; 95% CI, 0.069–0.264; Figure 4A). Both 246 

bootstrap confidence intervals excluded zero, and one-sided permutation tests yielded P = 247 

0.0002 for each condition. The adjusted association was numerically larger for photopic than 248 

mesopic CS. These findings indicate that measured inter-eye VA differences did not fully 249 

account for the relationship between AI-derived OCT features and inter-eye contrast sensitivity. 250 

 251 

Comparison of AI-derived OCT features and conventional retinal-thickness measures for 252 

predicting inter-eye contrast-sensitivity differences 253 

 254 

To assess how the AI-based findings compared with conventional measures of retinal structure, 255 

we examined associations using training-selected thickness measures and compared held-out 256 

prediction performance using thickness features, RETFound features, and their combination. 257 

Anatomical feature selection and model development were confined to the training partition. 258 

 259 

Among 594 held-out participants with the required thickness measurements, predictions from 260 

the selected single thickness measure were positively associated with photopic ΔCS after 261 

adjustment for ΔVA and evaluation partition (partial r = 0.097; 95% CI, 0.009–0.193; P = 0.019). 262 

The corresponding layer-subset model yielded a partial correlation of 0.106 (95% CI, 0.014–263 

0.228; P = 0.010). Mesopic associations were smaller, with partial correlations of 0.084 for the 264 

single thickness measure (95% CI, 0.002–0.165; P = 0.046) and 0.080 for the layer-subset 265 

model (95% CI, 0.006–0.168; P = 0.052; Figure 4B). 266 

 267 

For a comparison on identical participants, models using the full thickness feature set, 268 

RETFound features, or their combination were trained in the complete-case training cohort (n = 269 

1,380) and evaluated in validation (n = 303) and test (n = 291). Photopic validation correlations 270 

were 0.255 for thickness, 0.336 for AI, and 0.347 for combined features; corresponding test 271 

correlations were 0.023, 0.298, and 0.212 (Figure 4C). AI features therefore yielded numerically 272 

higher photopic correlations than thickness features in both partitions. Combining the feature 273 

sets produced a slightly higher validation correlation than AI alone, but a lower test correlation. 274 
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 275 

For mesopic CS, validation correlations were 0.241 for thickness, 0.322 for AI, and 0.342 for 276 

combined features. Corresponding test correlations were 0.126, 0.126, and 0.146 (Figure 4D). 277 

Although AI and combined models had numerically higher correlations than thickness alone in 278 

validation, all three models showed lower and similar correlations in test. These exploratory 279 

comparisons identified modest associations using conventional thickness measures and 280 

numerically stronger photopic prediction using AI features, but did not show a consistent 281 

improvement from combining thickness and AI features across evaluation groups. 282 

 283 

Discussion 284 

 285 

Understanding the relationship between retinal structure and visual function is essential for 286 

interpreting information extracted from OCT images. For AI-derived representations, an 287 

important question is whether their predictive information corresponds to functional differences 288 

between eyes within the same individual. In this study, inter-eye differences in pretrained 289 

RETFound OCT features predicted inter-eye contrast-sensitivity differences in held-out 290 

participants. Photopic performance was similar across validation and test, whereas mesopic 291 

performance was lower in test. The associations exceeded those expected under eye-swap and 292 

outcome-permutation controls and remained positive after adjustment for inter-eye visual-acuity 293 

differences. These findings support the functional relevance of AI-derived OCT representations 294 

at the level of individual eyes. 295 

 296 

A strength of this study is the within-person comparison of structural and functional differences. 297 

Between-person prediction can reflect characteristics that influence both retinal appearance and 298 

visual performance, including age and systemic metabolic status. Comparing fellow eyes 299 

reduces the contribution of characteristics shared by the participant and focuses the analysis on 300 

variation between eyes. The eye-swap control further tested whether prediction depended on 301 

the correspondence between structural and functional eye differences, while outcome 302 

permutation tested the association after disrupting participant-level feature–outcome matching. 303 

These complementary controls strengthen the evidence that the observed associations 304 

depended on the original pairing of imaging features and functional measurements. Training-305 

only model development and unchanged application to two nonoverlapping evaluation groups 306 

provided additional evidence of consistency within the cohort, particularly for photopic CS. 307 

 308 
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The persistence of the associations after VA adjustment suggests that measured acuity 309 

differences did not fully account for the relationship between OCT features and CS. This 310 

distinction is relevant because acuity and contrast sensitivity characterize related but different 311 

aspects of visual performance. Conventional thickness measures also showed modest adjusted 312 

associations, while AI features yielded numerically higher photopic prediction correlations in 313 

both evaluation groups. Combining thickness and AI features did not consistently improve 314 

performance, leaving their complementarity uncertain. Previous studies have reported 315 

associations between retinal thickness and CS and have used deep learning to predict CS from 316 

OCT images6,12. Retinal foundation models provide pretrained representations that can be 317 

transferred to downstream tasks14. The present study extends this work by demonstrating that 318 

differences in these representations are associated with functional differences between fellow 319 

eyes in held-out participants. The scientific contribution is therefore evidence that a 320 

representation learned without CS labels retains information relevant to within-person variation 321 

in visual function. Anatomical characterization of that information could help connect image-322 

based prediction with interpretable structural–functional relationships. 323 

 324 

Several limitations should be considered. The cross-sectional design cannot establish temporal 325 

or causal relationships, and both evaluation partitions came from the same cohort; external 326 

generalizability remains untested. Predictive R² was modest, particularly for mesopic CS in test, 327 

and the findings do not establish sufficient accuracy to substitute for direct functional testing. 328 

Inter-eye differences also incorporate measurement error, and the paired-eye design does not 329 

eliminate confounding by asymmetric lens opacity, refraction, image quality, or other ocular 330 

factors. VA adjustment cannot resolve all such influences. The encoder sampled five central B-331 

scans rather than the full OCT volume, and the conventional thickness measures came from a 332 

different acquisition protocol, limiting interpretation of the feature comparisons. Thickness 333 

analyses were exploratory, and numerical performance differences do not establish statistical 334 

superiority. Future studies should evaluate external cohorts, incorporate optical and image-335 

quality measures, assess repeatability, and determine which retinal characteristics contribute to 336 

the predictive signal. Longitudinal evaluation would further establish whether these features 337 

track changes in contrast sensitivity over time. 338 

 339 

Conclusion 340 

 341 
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Inter-eye differences in pretrained AI-derived OCT features predicted contrast-sensitivity 342 

differences between fellow eyes in held-out participants, with more consistent performance 343 

under photopic conditions. Associations remained after adjustment for measured inter-eye 344 

visual-acuity differences, supporting the functional relevance of these representations. External 345 

validation and anatomical characterization are needed to establish their broader applicability 346 

and potential clinical value. 347 

 348 
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Figure legends 433 

 434 

Figure 1. Paired-eye study design and AI-based OCT analysis. (1) Optical coherence 435 

tomography (OCT), contrast sensitivity (CS), and visual acuity (VA) were assessed for each 436 

eye. Within-person comparisons reduce confounding by shared participant-level characteristics. 437 

(2) The fixed pretrained RETFound encoder processed five central OCT B-scans per 438 

acquisition. Embeddings were averaged across B-scans and repeated acquisitions to obtain a 439 

1,024-dimensional feature vector, Z, for each eye. (3) Inter-eye differences were calculated 440 

consistently as right minus left: ΔOCT = Z(right) − Z(left), ΔCS = CS(right) − CS(left), and ΔVA = 441 

VA(right) − VA(left). (4) AI-READI’s predefined participant-level partitions were retained: training 442 

(n = 1,412), validation (n = 307), and test (n = 296). Separate photopic and mesopic ridge 443 

models were tuned by five-fold cross-validation within training and applied unchanged to both 444 

evaluation partitions. Validation and test served as separate internal evaluations to assess 445 

consistency across nonoverlapping participant groups. (5) Analyses compared predicted and 446 

observed ΔCS, included structural eye-swap and outcome-permutation controls, and assessed 447 

associations after ΔVA adjustment. The scatterplot is schematic; r = ? denotes the association to 448 

be estimated. 449 

 450 

Figure 2. Eye-specific OCT features track inter-eye contrast-sensitivity differences in 451 

held-out participants. Associations between AI-predicted and observed inter-eye contrast-452 

sensitivity differences are shown for (A) photopic and (B) mesopic conditions. Models were 453 

trained only in the training set and applied unchanged to the validation (n = 307) and test (n = 454 

296) sets. Points indicate Pearson correlation coefficients with 95% participant-bootstrap 455 

confidence intervals. Gray boxes show the central 95% range of the random within-pair eye-456 

swap null distribution, and the dashed vertical line indicates r = 0. P values are from two-sided 457 

Pearson correlation tests. 458 

 459 

Figure 3. Observed and AI-predicted inter-eye contrast-sensitivity differences. Scatterplots 460 

show observed versus predicted ΔCS for photopic validation (A), photopic test (B), mesopic 461 

validation (C), and mesopic test (D) participants. Each point represents one participant. Models 462 

were trained only in the training set and applied unchanged to validation (n = 307) and test (n = 463 

296) participants. Solid lines show the fitted linear relationship and gray bands indicate 95% 464 

confidence intervals. Pearson r, predictive R², and two-sided P values are shown in each panel. 465 

All observations are displayed without jitter or outlier removal. 466 

 467 

Figure 4. AI-derived OCT features and conventional retinal thickness capture inter-eye 468 

contrast-sensitivity differences. (A) Partial correlations between AI-predicted and observed 469 

inter-eye CS differences after adjustment for inter-eye visual-acuity difference and evaluation 470 

split (n = 603). Points indicate partial correlations with 95% bootstrap confidence intervals; P 471 

values are from permutation tests. (B) Corresponding associations for training-selected 472 

conventional retinal-thickness measures and layer subsets (n = 594). P values are from two-473 

sided partial-correlation tests. (C, D) Held-out prediction performance for conventional thickness 474 

features, RETFound AI features, and their combination for photopic (C) and mesopic (D) CS. 475 

Models were evaluated on identical validation (n = 303) and test (n = 291) participants. Bars 476 

show Pearson correlations; solid bars indicate validation and hatched bars indicate test results. 477 

Anatomical feature selection was confined to the training set and these analyses were 478 

exploratory. 479 
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Table 1. Participant characteristics and inter-eye visual-function differences 496 

 497 

Characteristic Overall Training Validation Test 
Participants, n 2,015 1,412 307 296 
Age, years 60.6 (11.2) 60.8 (11.3) 59.9 (10.7) 60.0 (11.3) 
HbA1c, % 6.1 (1.1) 6.0 (1.0) 6.3 (1.2) 6.3 (1.2) 
Healthy 701 (34.8) 545 (38.6) 77 (25.1) 79 (26.7) 
Prediabetes/lifestyle controlled 497 (24.7) 342 (24.2) 79 (25.7) 76 (25.7) 
Diabetes treated without insulin 606 (30.1) 432 (30.6) 97 (31.6) 77 (26.0) 
Diabetes treated with insulin 211 (10.5) 93 (6.6) 54 (17.6) 64 (21.6) 
Photopic ΔCS, log units -0.010 (0.143) -0.008 (0.143) -0.020 (0.138) -0.009 (0.148) 
Photopic ΔVA, logMAR 0.002 (0.173) 0.003 (0.174) -0.007 (0.192) 0.005 (0.146) 
Mesopic ΔCS, log units 0.002 (0.152) 0.001 (0.149) 0.004 (0.162) 0.008 (0.154) 
Mesopic ΔVA, logMAR -0.010 (0.174) -0.010 (0.172) -0.016 (0.188) -0.001 (0.168) 

 498 

Values are n, n (%), or mean (SD). Δ denotes right minus left. Study-group labels follow the dataset categories. HbA1c was available for 1,960 499 

participants (training, 1,375; validation, 297; test, 288); other listed measures were complete. Sex, race and ethnicity were unavailable in the 500 

source metadata. CS, contrast sensitivity; VA, visual acuity; logMAR, logarithm of the minimum angle of resolution. 501 

 502 



 503 

Table 2. Primary held-out prediction of inter-eye contrast-sensitivity differences 504 

 505 

CS 
condition 

Partition n Pearson r (95% CI) Predictive 
R² 

P value 

Photopic Validation 307 0.334 (0.138 to 0.497) 0.095 1.85e-09 
Photopic Test 296 0.318 (0.166 to 0.452) 0.101 2.32e-08 
Mesopic Validation 307 0.373 (0.181 to 0.553) 0.133 1.35e-11 
Mesopic Test 296 0.194 (0.036 to 0.358) 0.027 0.0008 

 506 

Models were trained only in the training partition and applied unchanged to validation and test participants. 507 

Confidence intervals are participant-bootstrap intervals; P values are from two-sided Pearson tests. 508 

Predictive R² is calculated from prediction errors and is distinct from squared Pearson r. Values correspond 509 

to Figures 2 and 3. Acuity-adjusted associations and exploratory thickness comparisons are presented in 510 

Figure 4. 511 
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