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Introduction 

Age-related macular degeneration (AMD) constitutes the leading cause of legal blindness 
among the elderly in industrialized countries.1 In recent years, remarkable progress has been 
made for the treatment of macular neovascularization in the context of the exudative late-stage 
form of the disease.2 Despite of the identification of multiple environmental and genetic risk 
factors, no therapy could be established for the underlying degenerative disease itself, i.e. 
intermediate AMD or the non-exudative late-stage manifestation geographic atrophy (GA).3  

The selection of appropriate functional outcome measures in AMD is a challenge. Notably, 
change in best-corrected visual acuity (BCVA) does not adequality capture GA progression, 
given that GA commonly develops in the parafoveal macula and often spares the fovea 
initially.4,5 Despite of good BCVA, patients may suffer from severe reading difficulties due to 
parafoveal absolute scotomata.6 Spatially-resolved mapping of macular light sensitivity using 
mesopic fundus-controlled perimetry (also termed ‘microperimetry’) has been proposed as a 
better alternative for the assessment of visual function loss in patients with GA.7,8 This has 
been further extended to dark-adapted fundus-controlled perimetry in the context of GA, given 
that multiple histopathological studies have shown that rod photoreceptor loss typically 
exceeds cone photoreceptors loss in AMD in general as well as in the junctional-zone of GA.8,9 
However, the test accuracy of fundus-controlled perimetry is limited by the tradeoff between 
test time (i.e., fatigue), the spatial resolution and spatial extent (i.e., size and number of test-
points) as well as the point-wise test accuracy (i.e., threshold strategy). For patients with GA, 
two optimized strategies to monitor disease progression have been recently proposed: (i.) 
limiting the spatial extent to relevant test-points by incorporating structural data (patient-
tailored perimetry patterns),8 or (ii.) choosing a fast, qualitative threshold-strategy termed 
defect-mapping approach.10 Yet, both of these optimized strategies lead to information loss in 
terms of the overall covered area or the accuracy of the individual threshold determinations.8,10  

Artificial intelligence (AI) based prediction of mesopic and dark-adapted retinal sensitivity 
based on structural imaging (termed “inferred sensitivity” herein) may provide a viable 
alternative to quantify functional loss in patients with GA. This approach has been previously 
proposed in the context of macular telangiectasia type 2,11 Leber congenital amaurosis,12 and 
neovascular AMD.13 A key advantage of this approach would be that structural imaging 
methods such as infrared reflection (IR) and fundus autofluorescence (FAF) imaging as well 
as spectral-domain optical coherence tomography imaging (SD-OCT), which would constitute 
the basis for the inferred sensitivity mapping, provide a much higher en face resolution than 
fundus-controlled perimetry testing (5.7 µm/pixel [e.g. Heidelberg Spectralis OCT 2 device] vs. 
a 128 µm Goldmann III stimulus).11,13 However, prior to the application of “inferred-sensitivity” 
as a quasi-functional surrogate outcome, the prediction accuracy and the relative importance 
of imaging features must be studied in a disease-specific context. 

Accordingly, we aimed to identify the accuracy of AI-based predictions of retinal sensitivity 
based on retinal microstructure in the presence of GA secondary to AMD. This analysis was 
based on mesopic and dark-adapted cyan and red fundus-controlled perimetry and multimodal 
imaging (IR, FAF and SD-OCT). Further, we examined the importance of the included imaging 
features for the sensitivity predictions as well as the potential influence of behavioral factors 
(“patient-reliability indices”). Last, we aimed to identify regions with dissociation of rod- and 
cone-dysfunction. 

 

Methods 

Patients and subjects with normal eyes 

Patients were recruited in the setting of the non-interventional, prospective natural history 
study Directional Spread in Geographic Atrophy (DSGA, ClinicalTrials.gov: NCT02051998, PI: 
M. Fleckenstein) at the Department of Ophthalmology, University of Bonn, Germany.8 For 
inclusion, patients needed to be older than 55 years at the time of inclusion and had to exhibit 
GA secondary to AMD in at least one eye.8 The diagnosis of AMD was hereby based on the 
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presence of soft drusen and hyperpigmentary changes, and a compatible FAF phenotype, 
while excluding FAF phenotypes of mimicking diseases such as late-onset Stargardt disease.14 
Further exclusion criteria were any history of retinal surgery, laser photocoagulation, and 
radiation therapy or other retinal diseases in the study eye such as diabetic retinopathy. Only 
one eye per patient was included. Functional data for a subgroup of the here reported patients 
has been previously published.8 Subjects with normal eyes (to obtain reference values) were 
recruited from the hospital wards among patients with a normal fellow eye as well as among 
companions. Both studies followed the Declaration of Helsinki and were approved by the 
institutional review board (Ethikkommission, Medizinischen Fakultät, Rheinische Friedrich-
Wilhelms-Universität Bonn, Germany; approval ID: 197/12 and 191/16). Written informed 
consent was obtained from all participants prior to the study examinations. 

Imaging 

All patients and all subjects underwent (following pupil dilatation with 0.5% tropicamide and 
2.5% phenylephrine) 30° x 30° fundus autofluorescence imaging (λ excitation 488 nm, λ 
emission 500 - 700 nm), 30° x 30° infrared reflectance (λ 815 nm) imaging, and 30° x 25° SD-
OCT imaging (121 B-scans, ART 25) using a Spectralis HRA+OCT2 (Heidelberg Engineering, 
Germany).  

Psychophysical testing in eyes with GA 

Mesopic, dark-adapted cyan and red sensitivity were measured using fundus-controlled 
perimetry with the S-MAIA device (CenterVue S.p.A., Italy).15,16 Test-points were placed along 
iso-hulls (i.e., contour lines) at even distances surrounding the GA boundary using ad-hoc 
software for the generation of the test patterns.8 The distances to the GA boundary were 0.43°, 
0.86°, 1.29°, 2.15°, and 3.01° to the GA boundary as well as at -0.645° (i.e., within GA). These 
patient-tailored perimetry patterns maximize the number of test-points in disease relevant 
regions (i.e., junctional-zone of GA), while limiting the overall number of test-points.8 The time 
for dark-adaptation was at least 35 minutes for all patients. The false-positive responses 
(measured through presentation of suprathreshold stimuli to the optic nerve head [similar to 
Heijl-Krakau method in standard automated perimetry, but with fundus tracking]), the rate of 
wrong pressure events outside of the response window of the S-MAIA device as well as the 
exam duration were considered as “patient-reliability indices”. The 95% bivariate contour 
ellipse area (BCEA) encompassing 95% of the fixation points was recorded as measure of 
fixation stability. 

Psychophysical testing in normal eyes 

For normal eyes, the perimetry grid consisted for all three types of testing (mesopic, DA cyan, 
DA red) of five rings at the eccentricities of 1°, 3°, 5°, 7°, and 9° with 12 stimuli each, plus 
additional stimuli along the horizontal meridian at 0°, ±2°, ±4°, ±6°, ±8°, and ±10° (i.e., total of 
71 stimuli).  

SD-OCT segmentation and image registration 

Segmentation of retinal layers was performed using the Heidelberg Eye Explorer (version 

1.10.2.0, Heidelberg Engineering, Germany). First, the automated segmentation was applied, 

followed by two successive rounds of manual correction by two different readers (LvdE, MP). 

Hereby, the second reader acted as senior reader. The following layer boundary definitions 

were applied (Figure 1): full retina (internal limiting membrane [ILM] to Bruch's membrane 

[BrM]); inner retina (ILM to the outer plexiform layer (OPL) / outer nuclear layer (ONL) 

boundary); outer nuclear layer including Henle's fiber layer (ONL/OPL boundary to the 

external limiting membrane [ELM]), inner segments (IS, ELM to ellipsoid zone [EZ]), outer 

segments (OS, EZ to interdigitation zone) and retinal pigment epithelium drusen complex 

(RPEDC, encompassing subretinal drusenoid deposits [reticular pseudodrusen], the retinal 

pigment epithelium and drusen). 
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For all layers, the thickness, as well as the minimum, mean, and maximum intensity 

projections along the voxels of each A-scan were exported as en face images using custom 

MATLAB (MathWorks, USA) software. All intensity values (FAF, IR and SD-OCT reflectivity 

data) were scaled to a range of 0 to 1. Thickness maps were not transformed (i.e., each pixel 

value indicated the thickness in µm). The imaging features (Figure 1, cf. Supplemental Table 

S1) were then extracted for a circular region-of-interest corresponding to the area of a 

Goldmann III stimulus (0.43° diameter) using custom-made plugins for the Fiji distribution of 

ImageJ. Supplemental Figure S1 (Supplemental Material at AJO.com) and previous 

manuscripts outline these steps in greater detail.13,17 

Standardization of patient data 

Data from healthy eyes were used to standardize all of the patient data (thickness and intensity 
maps) prior to the prediction analyses in a point-wise (i.e. pixel-wise) manner. The normal data 
were not used as part of the modeling process itself (i.e., the model accuracy estimates reflect 
the prediction accuracy for patient data). Point-wise linear regression analysis of data from 
normal subjects with age as dependent variable was used to obtain normative mean and 
standard deviation estimates for the retinal sensitivity, layer-thickness, and layer-reflectivity 
values for a 76-year-old subject (in consideration of the mean patient age). Following spatial-
interpolation (as previously described in detail [cf. Supplement of previous manuscript8]), these 
values were then used to standardize the patient data. Imaging features of patients were 
standardized by computing the z-scores (i.e. the number of normative standard deviations by 
which a given observation deviates from the normative mean estimate). The sensitivity 
measurements of patients were standardized by calculating the point-wise sensitivity loss as 
compared to the spatially corresponding normative value (negative values indicating sensitivity 
loss). If two sensitivity measurements were available for a given patient (test and retest), then 
the results of the test and retest were averaged in a point-wise manner. This standardization 
of patient data was used to ensure that the feature importance values below (cf. Figure 3) 
reflect disease-specific relationships rather than the generic associations between the 
topography of retinal sensitivity and disease-unspecific features, which are highly indicative of 
the retinal topography (i.e., inner retina thickness). 

Predictive modeling and statistical analyses 

Statistical analyses were performed using the software environment R and the add-on 
packages lme4, randomForest, caret and forestFloor.18–21 Visual acuity measurements were 
converted to the logarithm of the Minimum Angle of Resolution (logMAR).  

All features used for the modeling are described in detail in Supplemental Table S1 
(Supplemental Material at AJO.com). For the predictive models (random forest models, 1000 
trees), we applied nested resampling. Outer resampling was used to estimate the model 
accuracy and nested inner resampling to tune the random forest parameter mtry, which defines 
the number of variables available for splitting at each tree node.22 For the first scenario (S1), 
patient-wise leave-one-out cross-validation (LOO-CV) was applied as outer resampling to 
obtain an estimate of the model accuracy for an “unknown patient” without prior testing. The 
parameter mtry was tuned using nested inner resampling (5-fold CV with patient-wise splits). 

For the second scenario (S2), half of the patient-specific data (i.e., data from every other test-
point along each iso-hull) were added to the training data, and only the other half of the patient-
specific data served as test data to obtain an estimate of the model accuracy. This reflects a 
prediction scenario for a patient with “prior perimetry testing data available”. Additionally, the 
eye ID was added by one-hot encoding as predictor for S2. The parameter mtry was tuned 
using nested inner resampling (5-fold CV). 

For both scenarios, three types of feature sets (A, B, C) were evaluated: (S1A [= Scenario 1 – 
feature set A] and S2A) imaging features only (26 candidate variables), (S1B and S2B) imaging 
features and “patient reliability indices” (30 candidate variables) and (S1C and S2C) imaging 
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features, “patient reliability indices” and fixation stability (31 candidate variables, cf. 
Supplemental Table S1 for detailed outline). 

As reference, a null model for S1 was fitted using LOO-CV, representing the mean sensitivity 
of n-1 patients (training fold) and was compared to the one left out patient. For S2, the null 
model was based on the patient-specific mean of half of the test-points (every other test-point 
along each iso-hull), validated against the other half. 

The mean absolute error (MAE), defined as the average of the absolute errors between the 
predictions and psychophysically measured values, served as measure of prediction accuracy. 
It was compared across the scenarios and feature sets using linear mixed-effects models. The 
linear mixed-effects models considered the MAE as dependent variable and patient as random 
effect. A likelihood ratio test was applied to test, whether the scenario and feature set type (i.e., 
S1A, S1B […] S2C) had an influence as fixed effect on the prediction accuracy followed by 
post-hoc pair-wise comparisons (Tukey contrasts). The root-mean-square error (RMSE) 
estimates for all models are also provided for reference (Supplemental Table S2, 
Supplemental Material at AJO.com). 

The permutation importance (increase in mean squared error [% Inc MSE]) was evaluated as 
measure of feature importance.22 Plots of the feature contributions were used to visualize the 
relationship between selected imaging features and the “inferred sensitivity”.21 

 

Results 

Cohort characteristics 

Forty-one eyes of 41 patients with a mean age (± SD) of 75.8 ± 8.4 years and with a mean 
area of GA of 6.0 ± 4.8 mm2 were included in this study (Table 1). The patient-tailored perimetry 
patterns encompassed on average (mean ± SD) 68.0 ± 19.2 test-points. Accordingly, a total of 
2789 test-points were available for predictive modeling for mesopic testing, and 2785 test-
points for dark-adapted cyan and red testing. The missing test-points for the two types of dark-
adapted testing are attributable to off-center fixation of the patients during the respective tests, 
and the limited imaging/testing frame of the S-MAIA device. For a subset of 37 patients, intra-
session test-retest data were available (Table 1). 

To standardize the data of the patients, data of 40 eyes of 40 controls (55.8 ± 17.4 years [21.8–
82.1 years]) with a mean BCVA of 0.03 ± 0.07 [Snellen equivalent approximately 20/20] were 
included (cf. Methods).  

Prediction accuracies of “inferred sensitivity” in an unknown patient (scenario 1) 

First, patient-wise leave-one-out cross-validation (LOO-CV) was applied to obtain an estimate 
for the prediction accuracies of “inferred sensitivity” in an unknown patient (scenario 1). For 
mesopic sensitivity, the predictions for scenario 1 based on imaging data only (S1A) exhibited 
a mean absolute error (MAE [95% CI]) of 4.64 dB [4.02, 5.25] (Figure 2). Hereby, neither 
addition of “patient reliability indices” to the feature set (S1B) nor the addition of the fixation 
stability (S1C) resulted in an improved prediction accuracy (Table 2 and Supplemental Figure 
S2, Supplemental Material at AJO.com). For dark-adapted cyan testing (4.89 dB [4.29, 5.49]) 
and for dark-adapted red testing (4.4 dB [3.89, 4.91]), overall similar prediction accuracies 
could be achieved based on the imaging features only (S1A). Again, neither addition of “patient 
reliability indices” to the feature set (S1B) nor the addition of the fixation stability (S1C) 
improved the prediction accuracies (Table 2 and Figure 2). 

Prediction accuracies of “inferred sensitivity” in patients with prior perimetry data (scenario 2) 

Given that some influencing factors not related to the retina (e.g., lens opacification), might 
affect the sensitivity at all test-points, while not markedly altering the SD-OCT signal, we 
speculated that addition of patient-specific perimetry data could improve the prediction 
accuracies (S2). For mesopic testing, the prediction accuracy was markedly better for scenario 
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2 (S2A, 3.14 dB [2.9, 3.39]), and varied significantly in dependence of the feature set (likelihood 
ratio test, P<0.001). It improved slightly with addition of “patient reliability indices” (S2B, 2.93 
dB [2.68, 3.19], P<0.01), and fixation stability (2.89 dB [2.64, 3.13], P<0.01) to the feature set. 
Likewise, the prediction accuracies for the dark-adapted cyan (S2A, 3.35 dB [3.01, 3.7]) and 
dark-adapted red (3.24 dB [2.94, 3.53]) sensitivity values were markedly better for scenario 2. 
For both types of testing, the prediction accuracies improved further significantly (P<0.001) 
with addition of the “patient reliability indices” (dark-adapted cyan testing: 2.92 [2.6, 3.25]; dark-
adapted red testing: 2.86 [2.58, 3.14]), and the fixation stability (dark-adapted cyan testing: 

2.86 [2.54, 3.19]; dark-adapted red testing: 2.77 [2.5, 3.04]) to the feature set. Overall, 
prediction accuracies were comparable across a wide degree of sensitivity losses, with 
slightly higher predictions errors for test-points with sensitivity losses of approximately 
-15 dB (Figure 2). For severe sensitivity losses of approx. -20 dB, prediction errors 
were truncated given the floor of the dynamic range of the S-MAIA device (Figure 2). 

Feature importance 

For the prediction of mesopic sensitivity, the feature importance of the ONL thickness (35% 
Inc MSE) was markedly higher as compared to all other predictors. The full retinal thickness 
(27.2% Inc MSE), and the inner retinal thickness (20.4% Inc MSE) constituted the second and 
third most important features. For the prediction of dark-adapted cyan testing, the ONL 
thickness (42.2% Inc MSE) also represented the most important feature, followed by the full 
retinal thickness (23% Inc MSE), and the RPEDC thickness (21.1% Inc MSE). For dark-
adapted red testing, the ONL thickness likewise (53.7% Inc MSE) constituted the most 
important feature, followed by the full retinal thickness (33.4% Inc MSE), and RPEDC thickness 
(21.8% Inc MSE). ONL thickness was across all three types of testing an outlier in terms of 
feature importance (Figure 3). Moreover, features related to SD-OCT based layer thicknesses 
appeared to exhibit generally a higher feature importance as compared to features related to 
signal intensity. 

Structure-function correlation and cone versus rod dysfunction 

Plotting of the feature contribution of the ONL thickness (i.e., the association of ONL thickness 
with retinal sensitivity after accounting for the effects of all other predictors) revealed, that ONL 
thinning was associated with a marked sensitivity loss for all three types of testing (Figure 4). 
However, the degree of functional loss per Z-score of ONL thinning varied among the three 
types of testing. Comparing the plots against each other highlighted that even slight degrees 
of ONL thinning are associated with a marked DA cyan sensitivity loss, whereas mesopic 
sensitivity loss was mostly observed in association with more pronounced degrees of ONL 
thinning (Figure 4). 

Inferred sensitivity mapping 

The here devised approach allowed for spatially resolved mapping of mesopic, dark-adapted 
cyan and dark-adapted red inferred sensitivity based on structural imaging data (Figure 5). 
Importantly, the random forest model based predictions exhibited all anticipated characteristics 
of the visual field in patient with GA including: (i.) the scotoma imposed by the main GA lesion 
for all three types of testing, (ii.) the overall shape of the hill-of-vision for mesopic testing, (iii.) 
the sensitivity maximum for DA cyan testing close to the region of highest rod photoreceptor 
density (approx.10° to 16° superior to the fovea), (iv.) the central DA cyan scotoma in relation 
to the rod-free zone, as well as (v.) a region of a distinctly decreased DA cyan-red sensitivity 
difference surrounding the GA lesion (Figure 5, Supplemental Figure S3, Supplemental 
Material at AJO.com). 

 

Discussion 

We demonstrated that AI-based prediction of retinal sensitivity (“inferred sensitivity”) may 
provide accurate estimates of retinal cone- and rod-photoreceptor function in eyes with GA 
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secondary to AMD. While psychophysical tests including light- and dark-adapted visual field 
testing are established as outcome measure in clinical trials, the limited availability of 
appropriate devices as well as the burden for elderly patients constitutes a challenge.23 In this 
context, imaging-based inferred sensitivity may potentially provide as “quasi-function” 
surrogate outcome a viable alternative. It could also facilitate disease monitoring in clinical 
practice and allow for the identification of retinal regions with putative pre-degenerative 
(treatable) disease-stages as discussed in the following. 

Regulatory agencies including the U.S. Food and Drug Administration have expressed a clear 
preference for functional over structural endpoints for AMD and inherited retinal diseases.24 
However, conventional functional outcome measures such as BCVA are suboptimal in 
presence of GA, particularly for patients with foveal sparing.5,6,25,26 Refined functional outcome 
measures such as reading speed and acuity, or fundus-controlled perimetry testing might be 
more strongly associated with the disease progression.5,6,25,26 However, these tests require a 
significant degree of patient cooperation and training of clinical staff. Given the ubiquitous 
availability of imaging devices including SD-OCT and swept-source OCT platforms, the relative 
ease of image acquisition and the high-spatial resolution, AI-based inferred sensitivity mapping 
may constitute as a “quasi-functional” surrogate endpoint, a viable alternative to extensive 
psychophysical testing.11,13 

Criteria to establish inferred sensitivity as “quasi-functional” surrogate endpoint would be the 
demonstration of the prediction accuracy as well as the strength of surrogacy. In this study, we 
archived in the absence of patient-specific data prediction accuracies (MAE [mesopic, DA 
cyan, DA red testing]) of 4.64, 4.89 and 4.40 dB, which was markedly better than the respective 
null models for scenario 1 (Table 2). With addition of patient-specific data, the prediction 
accuracies drastically improved to up to 2.89, 2.86, 2.77 dB and were close to the test-retest 
reliability highlighting the prediction accuracy (cf. retest-reliability in Table 1). The rather 
marked difference between scenario 1 (without any patient-specific data) and scenario 2 (with 
partial patient-specific data) may be attributable to factors influencing the sensitivity testing, 
which are not adequality reflected by retinal imaging such as lens opacification. Accordingly, 
besides of pure imaging-based inferred sensitivity, a combined strategy with brief fundus-
controlled perimetry testing (approx. 30 test-points, 5 minutes) and retinal imaging could 
distinctly improve the accuracy of inferred sensitivity as a meaningful endpoint. Importantly, 
such a two-track approach would allow to identify patients with poor prediction accuracies. In 
therapeutic trials, this may be relevant to identify patients with extramacular adverse effects 
affecting vision (e.g. cataract, optic neuropathy). For the strength of surrogacy, the 
International Conference on Harmonization Guidelines on Statistical Principles for Clinical 
Trials has proposed three criteria,27 of which this study addressed the first one (“biological 
plausibility of the relationship”) in great detail. As shown in Figure 3, ONL thickness was the 
most important feature for the prediction of retinal sensitivity. In an idealized model of pure 
photoreceptor degenerations, one would expect that loss of light sensitivity would be 
proportional to the number of surviving photoreceptors and the length of their outer segments.28 
Given that both of these parameters were shown to correlate to the ONL thickness in an animal 
model (for autosomal dominant retinitis pigmentosa),29 the herein observed feature importance 
of the ONL thickness is comprehensible and underscores the biological plausibility. The 
observation that OS thickness did not rank among the five most important features is likely 
related to the close relationship with the other imaging features (“multicollinearity”) as well as 
the relative susceptibility of thin layers to suboptimal image segmentation (“feature noise”). 

Beyond the application as surrogate outcome, analysis of the feature contributions and 
mapping of inferred sensitivity may also provide a refined understanding of the biology of the 
disease. Previously, the phenomenon of localized ONL thickening has been described in the 
setting of intermediate AMD and was proposed as marker for photoreceptor stress.30 However, 
the functional implications were unclear. Here, we evidenced locations with significant ONL 
thickening as well, but ONL thickening was not associated with sensitivity loss according to the 
random forest feature contribution plots (Figure 4), suggesting that slight ONL thickening in the 
setting of GA may constitute a pre-degenerative disease manifestation with no (or only minor) 
functional implication. On the other hand, ONL thinning was associated with a marked loss of 
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retinal function across all three types of tests. Importantly, slight ONL thinning resulted in much 
greater DA cyan sensitivity loss than mesopic sensitivity loss (Figure 4). This observation is 
very much compatible with post-mortem histopathological studies reporting selective loss of 
rod photoreceptors in close proximity to GA and/or AMD-related fibrovascular scars.31,32 
Moreover, a greater degree of rod versus cone dysfunction was evidenced in numerous 
psychophysical studies across various AMD disease stages.33,34  

Last, spatial mapping of inferred sensitivity may potentially widen the panel of surrogate 
markers for clinical trials. In contrast to native SD-OCT biomarkers, inferred sensitivity values 
provide interpretable, functional information. Previous clinical trials for GA have used structural 
endpoints such as the “mean change in GA area” in conjunction with rather short review 
periods of one to two years.35 Accordingly, the endpoint reflects only a minor proportion of the 
imaged retina (essentially, the thin hull immediately surrounding the GA lesion corresponding 
to the median lateral spread of GA of 106.90 μm/year).36 Spatially resolved mapping of 
mesopic, DA cyan and DA red sensitivity (as demonstrated in Figure 5), could allow to evaluate 
regions distant to the GA boundary, to subclassify these regions according to the degree of 
functional loss (e.g., normative function, isolated rod dysfunction, combined rod and cone 
dysfunction) and to follow these regions over time. Moreover, putative therapeutic effects 
distant to the GA lesion boundary would be more likely to translate to therapeutic effects in 
intermediate AMD. Of course, AI-based models to predict retinal sensitivity could also be 
applied (cautiously) in retrospect to re-evaluated former clinical trials with SD-OCT imaging. 

Limitations 

In terms of methodology, more complex models such as convolutional neural networks (CNNs) 
as suggested by another group in the setting of macular telangiectasia type 2 may provide 
more accurate predictions.11 However, the here used random forest models provide a very 
good trade-off between predictive performance and measures of feature importance and 
contribution (Figure 3 and 4) for the evaluation of the biological plausibility. The discrepancy 
between scenario 1 (without any patient-specific data) and scenario 2 (with partial patient-
specific data), even after compensation of behavioral factors (“patient reliability indices”), is 
suggestive of relevant mediators of light sensitivity that are not adequately reflected by retinal 
imaging (e.g., lens opacification). Since currently available measures of lens and media 
opacification are typically not used in retina clinics, addition of such a measure as feature 
would have reduced the generalizability of the models shown here. Notable strengths of the 
study are the rigorous nested cross-validation (separating the assessment of the model 
performance [outer resampling] from the hyperparameter tuning [nested inner resampling]) to 
avoid optimization bias, the inclusion of multimodal imaging features beyond SD-OCT, the 
consideration of “patient reliability indices” as behavioral factors, as well as the relatively large 
number of test-points for extensive dark-adapted psychophysical examination, especially in 
consideration of the age of the patients. 

In summary, this study underscores that inferred sensitivity from SD-OCT and multimodal 
imaging data may reliably estimate the outcome of functional tests such as mesopic and dark-
adapted fundus-controlled perimetry in patients with GA. Moreover, analysis of measures of 
feature importance and feature contribution confirmed the biological plausibility of these 
models. En face mapping of mesopic and dark-adapted cyan and red inferred sensitivity across 
the whole imaged area may provide “quasi functional” surrogate markers for clinical trials, while 
surpassing the limits of fundus-controlled perimetry testing in terms of area covered and 
spatial-resolution - even in patients unfit for psychophysical testing.  
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Figure captions 

Figure 1. Segmentation of spectral-domain optical coherence tomography (SD-OCT) 
data and registration of functional fundus-controlled perimetry and imaging data. Panel 
A shows the layer definitions used in this study. The full retina (azure overlay) ranged from the 
internal limiting membrane (ILM) to Bruch's membrane (BrM), the inner retina (purple overlay) 
from the ILM to the outer plexiform layer (OPL) / outer nuclear layer (ONL) boundary. The here 
used definition of the ONL (navy blue overlay) included Henle's fiber layer (HFL) and ranged 
from the OPL/ONL boundary to the external limiting membrane (ELM). The inner segments 
(IS, orange overlay) ranged from the ELM to the ellipsoid zone (EZ). The outer segments (OS, 
green overlay) from the EZ to the interdigitation zone. The retinal pigment epithelium drusen 
complex (RPEDC, red overlay) encompassed subretinal drusenoid deposits (reticular 
pseudodrusen), the retinal pigment epithelium, drusen with BrM as outer boundary. Panel B 
shows the multimodal registration of the functional fundus-controlled perimetry data to the 
structural imaging data including SD-OCT as well as normalized fundus-autofluorescence 
(FAF) and infrared reflectance (IR) images. 

 

Figure 2. Prediction accuracies. The upper row (A) dot-plots show the patient-wise 
prediction accuracies (mean absolute error [MAE]) for mesopic testing, dark-adapted (DA) 
cyan testing and DA red testing. The prediction accuracies were evaluated for two scenarios: 
(S1) with patient-wise leave-one-out cross validation (“prediction accuracy for an unknown 
patient”), and (S2) with partial addition of perimetry data (“prediction accuracy for a patient with 
prior perimetry data available”). For clarity, results for feature set A (imaging data only) are 
shown (cf. Supplemental Figure S2 for all feature sets). The individual points were slightly 
jittered along the x-axis and plotted semi-transparent to avoid over-plotting. The red dot 
indicates the mean estimate for the MAE and the red lines the 95% confidence interval for 
estimate. Notably, across all three types of testing, addition of patient-specific sensitivity data 
markedly improved the prediction accuracies. The lower row (B) shows the Bland-Altman plots 
for the point-wise prediction accuracies for scenario 2A (red solid lines indicate the mean 
difference, red dashed denote the limits of agreement [LOA]).  

 

Figure 3. Feature importance plots. The feature importance plots show the permutation-
based importance in terms of the percentage increase in mean squared error (% Inc MSE). 
The colors indicate the respective retinal structure represented by the respective imaging 
feature. Please note, overall spectral-domain optical coherence tomography layer thicknesses 
exhibited higher feature importance values compared to intensity related features. Notably, the 
outer nuclear layer thickness constituted the most important imaging feature across all three 
types of testing. 

Abbreviations: full retina (FRET), inner retina (IRET), outer nuclear layer (ONL), inner 
segments (IS), outer segments (OS), retinal pigment epithelium drusen complex (RPEDC), 
fundus-autofluorescence (FAF) and infrared reflectance (IR) imaging 
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Figure 4. Structure-function relationship. The feature contribution plots (i.e., plots of the 
association of a given predictor with retinal sensitivity after accounting for the effects of all 
other predictors) show the relationship of the most important feature (outer nuclear layer 
thickness [ONL]) with the inferred sensitivity loss for each type of testing (mesopic, dark-
adapted [DA] cyan and DA red testing). The small semi-transparent circles represent all patient 
data. Hereby, the x-axis depicts the ONL thickness (cf. Figure 1) in terms of the z-score 
(number of normative standard deviations by which a given value deviates from the normative 
mean). The dashed vertical lines denote the ONL thickness normal range. Notably, across all 
three types of testing, ONL thickening (even outside the reference range) was not associated 
with functional loss, while thinning was associated with a marked loss of retinal sensitivity.  
While the magnitudes of the DA cyan and DA red sensitivity losses as function of ONL 
thickness were similar, the association of ONL thickness with DA cyan sensitivity loss 
appeared to be slightly steeper. The goodness-of-visualization R2 values were 0.88, 0.91 and 
0.90 for these plots.21 Therefore, the residual variance of feature contributions not explained 
by these plots (due to possible interaction effects) was low. 

 

Figure 5. Mapping of “inferred sensitivity”. In this exemplary patient, mesopic, dark-
adapted (DA) cyan and DA red sensitivity as well as the DA cyan-red sensitivity difference 
were predicted based on structural imaging data. The white dashed lines in the color fundus 
photography image indicate the spectral-domain optical coherence tomography (SD-OCT) B-
scan positions. Notably, the random forest models adequatly recognized the scotoma related 
to the main geographic atrophy (GA) lesion. Further, the two small foci of GA labeled by the 
two white arrowheads in the plot for inferred mesopic sensitivity (cf. color fundus photo and 
upper B-scan)”, were recognized as scotomata. For DA cyan testing, the respective random 
forest model accounted adequately for the central rod-free area (grey arrowhead). Last, the 
inferred cyan-red sensitivity difference plot revealed a region with a markedly reduced DA 
cyan-red sensitivity difference sourrounding the area of atrophy. The senstivity maps were 
minimally smoothed (median filtering, window: 3 px x 3 px).  

 

 

 

 


