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Editorial on the Research Topic
 The development and clinical application of innovative optical ophthalmic imaging techniques




According to the report of the World Health Organization, ophthalmic diseases are the third major group of diseases that severely affect people's quality of life (1). As the most important sensory organization, the eye plays an irreplaceable role in obtaining external information and performing effective communication with its sophisticated optical refractive system and microvascular system. Precise structural and functional evaluation and analysis of the eye based on optical imaging modalities is important for the early and accurate diagnosis and therapeutic evaluation of ophthalmic diseases. At the same time, as the only tissue in the body where blood vessels can be directly observed in vivo, many systemic diseases can also be detected or diagnosed through ocular imaging. With the breakthrough of cutting-edge optical imaging and artificial intelligence technologies, high-resolution, multi-dimensional, and intelligent have become the key development trends of ophthalmic imaging methods, with their core technical features of functional imaging, multimodal information fusion, and artificial intelligence (AI) assisted analysis (2).

In fact, translational research in novel optical imaging modalities, such as optical coherence tomography (OCT) and confocal microscopy (3, 4), has greatly advanced the precise management of ocular and related diseases by facilitating ophthalmic imaging with more comprehensive physiological and pathological information due to their high-resolution or 3-dimensional (3D) imaging properties. In the meantime, new-generation optical imaging systems with specific technical features continue to emerge: non-contact full-field OCT provides cellular-resolution images of both anterior and posterior eye (5, 6); combining traditional optical imaging systems with adaptive optics (AO) enhances the resolution by removing the limits imposed by intrinsic eye aberrations (7); OCT angiography based on OCT or Doppler imaging techniques offer the possibility of assessing vascular structural network and blood flow function (8–10); AI-assisted systems enable objective image assessment and automated disease diagnosis and large-scale screening (11, 12). Only with the development of these innovative ophthalmic imaging instruments and techniques, can we continue to advance our understanding, diagnosis, and treatment of ocular diseases.

In this Research Topic, 13 original research articles report their development or clinical verification of new ophthalmic imaging equipment or image analysis algorithms. Nine studies involved the evaluation and application of new optical ophthalmic imaging devices. Wang et al. developed and applied a visible light optical coherence tomography device to healthy eyes and determined the microvascular oxygen saturation baseline in the paracentral macular sulcus. Chen H. et al. compared the segmentation error rate of anterior chamber volume and iris volume measured automatically using anterior segment OCT in both narrow-angle and wide-angle eyes. Using fluorescence adaptive optics scanning laser ophthalmoscopy (SLO), Vienola et al. demonstrated for the first time the cellular level structural changes of the retinal pigment epithelial cell mosaic in Torpedo Maculopathy. Lu et al. evaluated the central and peripheral refraction measurement reproducibility of multispectral optometry and assessed their agreement in myopic patients with subjective refraction measurement. Chen L. et al. evaluated the performance of magnetic resonance imaging based radiomics in the differential diagnosis of orbital cavernous hemangioma and orbital nerve sheath tumor. Xin et al. found a decrease in lens thickness, outer retinal layer thickness and cone photoreceptor density in myopia subjects using swept-source OCT and AO assisted fundus photography. Fan et al. evaluated the effectiveness of a new-generation portable 3D imaging device to assess the anthropometry periocular region. Combining both SLO and OCT, Paques et al. documented the temporal changes over months of the cell-scale dynamics in lesion borders during the progression of geographic atrophy. The study by Cai et al. thoroughly characterized and quantified the human retinal axial motion using 200 kHz spectral-domain OCT (SD-OCT) with high axial resolution. Four studies proposed novel image analysis methods for ophthalmic evaluation. Xu L. et al. showed a decrease in stereopsis with magnification increase in aniseikonia using a phoropter and two 4K smartphones incorporated with contour-based and random point-based stereograms. Xu J. et al. developed a new retinal blood vessel segmentation algorithm for limited image data and gold-standard annotations based on so-called few-shot learning to assist laser surgery for central serous chorioretinopathy. To resolve the chromatic dispersion problem in OCT imaging, which was typically addressed with hardware methods, Ahmed et al. developed an numerical method with deep learning network for robust automatic dispersion compensation in OCT. Pfäffle et al. demonstrated that conducting appropriate signal post-processing in full-field swept-source OCT can provide good phase stability and spatial resolution for retinal neuronal signal processing analysis, opening up the possibility of using phase-sensitive FF-SS-OCT for functional evaluation of different retinal cell types in vivo.

Besides, four reviews or meta-analysis articles discuss the development and application of new ophthalmic imaging techniques. Tan et al. conducted a meta-analysis on the application of optical coherence tomography angiography in systemic hypertension. Kim et al. summarize recent advances of functional OCT for intrinsic optical signal (IOS) imaging and computational IOS processing based on OCT intensity or phase analysis. Jiang and Qi evaluated the diagnostic sensitivity and specificity of SD-OCT for polypoidal choroidal vasculopathy by conducting a meta-analysis study. Alexopoulos et al. thoroughly summarized the recent advances in various optical ophthalmic imaging techniques, discussed their potential contributions for daily clinical settings, and also evaluated the important contribution of artificial intelligence in the field of ophthalmic imaging.

In summary, this Research Topic focuses on the development of a new generation of ophthalmic optical imaging equipment and intelligent quantitative image analysis techniques; their clinical application for more accurate and effective imaging diagnosis and pathogenesis of ophthalmic related diseases; and finally provides insights into the latest translational optical ophthalmic imaging research and its applications in resolving clinical needs.
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Objective: Multiple studies have compared various optical coherence tomography angiography (OCTA) parameters in participants with systemic hypertension vs. controls and have presented discordant findings. We conducted a meta-analysis to pool together data from different studies to generate an overall effect size and find out whether OCTA parameter(s) significantly differed in participants with systemic hypertension as compared to controls.

Methods: We conducted a literature search through a search of electronic databases to identify studies before 19 June 2021, which compared OCTA parameters in non-diabetic participants with systemic hypertension vs. controls. If the OCTA parameter had a minimum number of 3 studies that analyzed it, the mean difference between participants with systemic hypertension and controls were analyzed using a random-effects model.

Results: We identified 11 eligible studies. At the macula, 9 studies analyzed vessel density at the superficial capillary plexus (SVD), 7 analyzed vessel density at the deep capillary plexus (DVD), and 6 analyzed the area of the superficial foveal avascular zone (FAZ). Participants with systemic hypertension had significantly lower SVD (standardized mean difference [SMD], −0.50 [−0.70, −0.30], P < 0.00001, I2 = 63%), lower DVD (SMD, −0.38 [−0.64, −0.13], P = 0.004, I2 = 67%) and larger superficial FAZ (SMD, 0.32 [0.04, 0.61], P = 0.020, I2 = 77%).

Conclusion: The eyes of people with systemic hypertension have robustly lower superficial and deep vascular densities at the macula when compared to control eyes. Our results suggest that OCTA can provide information about pre-clinical microvascular changes from systemic hypertension.

Keywords: hypertension, blood pressure, optical coherence tomography angiography, OCTA, biological marker, biomarker, retina


INTRODUCTION

Systemic hypertension remains the leading contributor to the global burden of disease and global all-cause mortality, leading to 9.4 million deaths and 212 million lost healthy life years (8.5% of the global total) each year (1). In 2015, an estimated 874 million adults had a systolic blood pressure of 140 mmHg or higher globally (2). Systemic hypertension, damages the body's microvasculature, and leads to increased risk of complications known as target end-organ damage (Chua J), which include cerebrovascular accidents, cardiovascular diseases, renal failure, and retinal vascular disease.

The retina is a highly vascularized tissue which is susceptible to microvascular damage due to hypertension and retinal imaging provides a unique opportunity to non-invasively assess these pathological changes. The current systems of grading hypertensive retinopathy, the Keith-Wagner-Barker or Wong-Mitchell classification systems, are based on a clinician's subjective assessment of retinal fundus photographs (3). Signs assessed from retinal fundus photographs (e.g., arteriolar narrowing, arteriovenous nicking, hemorrhages) are limited to the visible larger arterioles and venules in the more superficial layers of the retinal circulation and earlier microvascular changes which may be subclinical biomarkers of disease may be missed (Figure 1).


[image: Figure 1]
FIGURE 1. Color fundus photographs of (A) an individual without systemic hypertension with normal eye and (B) a hypertensive person with signs of moderate hypertensive retinopathy. Notably features include flame hemorrhages (yellow arrows) and cotton wool spots (blue arrows). White dotted box indicates the optical coherence tomography angiography (OCTA, 3 × 3 mm2) scanned region as seen in Figure 2.


The advent of optical coherence tomography angiography (OCTA) has provided us with depth-resolved high-resolution images of both the superficial and deep retinal vascular layer and the choroid, without the administration of intravenous dye (4). OCTA technology has the ability to non-invasively assess and quantify the vessels of all layers of the retinal vasculature and choroid (5), in both disease and healthy states (Figure 2). Therefore, detecting pre-clinical changes in the retinal microvascular in response to hypertension, that correlates to disease states in other microvascular systems, may provide the potential opportunity to discover novel objective biomarkers of early microvascular changes. Detecting and monitoring pre-clinical microvascular changes before irreversible end-organ damage occurs may alter practice patterns with earlier and stricter interventions to control blood pressure, with the aim of preventing life-threatening hypertensive-related complications.


[image: Figure 2]
FIGURE 2. Optical coherence tomography angiography (OCTA) and color-coded maps of a healthy control individual (Top panel; A–F) and a hypertensive individual with poorly controlled blood pressure (Middle panel; G–L) and the horizontal B-scan images of the corresponding layer (Bottom row, M–O). OCTA metrics, including fovea avascular zone (FAZ) area (in blue), retinal vessel density and choriocapillaris flow void deficits, can be calculated automatically. (M) The superficial plexus was segmented from the internal limiting membrane (ILM) to the inner plexiform layer (IPL), (N) the deep plexus was segmented from the IPL to the outer plexiform layer (OPL) and the choriocapillaris layer was segmented within a thin 10 μm thick slab (31–40 μm) below the retinal pigmented epithelium. The presence of larger non-perfusion area (in red) can be detected in both the superficial and deep capillary plexuses and more choriocapillaris flow voids (in yellow) in a hypertensive eye (H, J, L) as compared to the healthy eye (B, D, F).


Recently, multiple studies have been conducted comparing various quantitative OCTA parameters (e.g., vessel density), in patients with systemic hypertension vs. healthy controls and have presented discordant findings. For example, a 2021 study by Donati et al. (6) found no significant reduction in superficial vessel density in patients with systemic hypertension when compared to healthy controls. However, a 2020 study by Sun et al. (7) found otherwise. We hypothesize that there are quantitative OCTA parameters which significantly differ in patients with systemic hypertension when compared with healthy controls and present a meta-analysis of studies investigating measurements by OCTA in patients with systemic hypertension.



METHODS

This meta-analysis is reported in accordance with the Meta-analysis Of Observational Studies in Epidemiology (MOOSE) group guidelines (8). Minor deviations are described below.



SEARCH STRATEGY AND STUDY SELECTION

We systematically searched PubMed, Embase, The Cochrane Library, Scopus, and Web of Science, for all human studies published until 19 June 2021 in all languages. The concepts identified for this review are (1) OCTA; (2) Hypertension. The keywords searched for the concept OCTA are (1) OCTA; (2) Optical Coherence Tomography Angiography (3) OCT Angiography. The keywords searched for the concept Hypertension are (1) Hypertension; (2) cardiovascular disease; (3) CVD; (4) high blood pressure; (5) high mean arterial pressure; (6) hypertensive crisis; (7) hypertensive crises. The search results were then exported to Endnote where duplicates were excluded. The remaining studies were then screened by Title/Abstract using Rayyan (9) by two independent reviewers (W.T and J.C). Discrepancies between reviewer selections were resolved by the decision of a third independent reviewer (Y.X). Studies selected by Title/Abstract then underwent a full-text review by two independent reviewers (W.T and J.C). Discrepancies between reviewer selections were resolved by the decision of a third independent reviewer (Y.X).



INCLUSION AND EXCLUSION CRITERIA

Inclusion criteria for studies were: (1) studies with hypertensive patients and non-hypertensive controls; (2) studies which analyzed microvascular parameters using OCTA; (3) cross-sectional or longitudinal studies. We excluded the following studies: (1) reviews; (2) case reports; (3) non-human research; (4) conference presentations or summaries. The inclusion criteria for hypertensive patients were: (1) diagnosis of systemic hypertension as defined by systolic blood pressure ≥140 mmHg, and/or diastolic blood pressure ≥90 mmHg, and/or history of antihypertensive medication, and/or physician diagnosed hypertension in clinic setting. The exclusion criteria for hypertensive patients were: (1) abnormal fundus findings or ophthalmological disease except for hypertensive retinopathy; (2) age <18 years. The inclusion criteria for controls were: (1) no diagnosis of systemic hypertension and the exclusion criteria were: (1) abnormal fundus findings or ophthalmological disease; (2) age <18 years.



DATA EXTRACTION AND SYNTHESIS

Studies selected after full-text review underwent data extraction. The data extracted were: (1) title; (2) first author; (3) year of publication; (4) study design; (5) number of hypertensive eyes analyzed; (6) number of hypertensive participants; (7) number of control eyes analyzed; (8) number of control participants; (9) Mean age and sex of hypertensives and controls; (10) Major modifiable cardiovascular risk factor characteristics (10) of hypertensives and controls; (11) OCTA parameters analyzed; (12) mean values of OCTA parameters analyzed; (13) diagnostic criteria; (14) participant selection criteria; (15) method of imaging and analysis used.

One researcher (W.T) performed data extraction, while another researcher (J.C) reviewed the extracted data for possible inclusion in this meta-analysis. Discrepancies between reviewer selections were resolved by the decision of a third independent reviewer (Y.X). As some studies studied both eyes of each participant, analysis was performed at the eye level instead of at the participant level; the total number of eyes is similar to the total number of participants for all meta-analyses as outlined in the results section below. OCTA parameters used for comparison between patients with systemic hypertension and controls were synthesized for analysis if they were reported in a minimum number of 3 papers. The mean and standard deviation of the OCTA parameters from individual studies were combined using a random effects meta-analysis, for both the hypertensive and control group. If a study had the hypertensive patients split into subgroups, the mean and standard deviation of the subgroups were combined to produce a mean and standard deviation for the hypertensive patients as a whole (https://training.cochrane.org/handbook/current/chapter-06; https://www.statstodo.com/CombineMeansSDs_Pgm.php). Similarly, if a study divided a specific OCTA parameter into subgroups, the mean and standard deviation of the subgroups was combined to produce a total mean and standard deviation for the specific OCTA parameter. The difference in mean value of the specific OCTA parameter(s) in patients with systemic hypertension vs. healthy controls was then used as the main outcome measure.



ASSESSMENT OF STUDY QUALITY

Study quality was assessed with the Newcastle-Ottawa Scale (NOS) for Quality Assessment. Since the NOS is not suitable for cross-sectional studies, adapted scales have been created (11, 12). We adapted the NOS scale for cross-sectional studies (12) for our research question. Studies were graded as unsatisfactory (≤4 stars), satisfactory (5–6 stars), good (7–8 stars) and very good (9–10 stars) (12). One researcher (W.T) performed the quality assessment, while another researcher (J.C) reviewed the assessment. Discrepancies between quality assessment were resolved by the decision of a third independent reviewer (Y.X).



STATISTICAL ANALYSES

Meta-analyses of continuous outcomes was conducted with the Cochrane Collaboration's Review Manager software (RevMan 5) (Review Manager (RevMan) [Computer program]. Version 5.4) using an inverse variance with random-effects in the model. We chose random effects instead of fixed effects analysis because of the different OCTA devices used in the studies. The z-test was performed to assess the difference between the OCTA measures from the patient cohort and healthy controls, where a P-value of <0.05 was considered significant. Statistical heterogeneity of data synthesized was assessed by utilizing the Higgins I2 value, ranging from 0 to 100%, that measures the degree of inconsistency across studies, and tentatively assigned as low, moderate, and high to I2 values of 25, 50, and 75% (13).

A potentially important source of heterogeneity is the type of OCTA device used in different studies, as manufacturers' proprietary built-in software algorithms and segmentation algorithms to obtain the specific vascular plexuses vary between machines (Supplementary Figure S1). There was a variety of OCTA machines used in these studies, namely the AngioVue (Optovue Inc., Fremont, CA, USA), Cirrus 5000 AngioPlex (Carl Zeiss Meditec Inc., Dublin, CA., USA), and PLEX Elite 9000 (Carl Zeiss Meditec Inc., Dublin, CA., USA). Both AngioVue and Cirrus AngioPlex 5000 are spectral-domain systems, based on an 800 nm optical window, while PLEX Elite 9000 is a swept-source system that utilizes a longer wavelength (1,060 nm), allowing for better penetration and higher sensitivity at deeper layers such as choroid. In addition, different manufactures employed different techniques to identify blood vessels from the change in the OCT signals induced by the moving blood cells. Both Zeiss AngioPlex and PLEX Elite 9000 employed an optical microangiography (OMAG) algorithm, which calculates the decorrelation in the phase and intensity between repeated B-scans. On the other hand, Optovue AngioVue is based on the split spectrum amplitude decorrelation angiography (SSADA) algorithm, which uses a small sliding window to split the spectrum into small bands and calculates the decorrelation. A small discrepancy exists in layer segmentation provided by each machine as well. Specifically, the segmentation algorithm for the superficial retinal layer slab (which is bounded by the internal limiting membrane and inner plexiform layer) is the same for Zeiss AngioPlex and PLEX Elite 9000 but shifted slightly downward in Optovue by a few microns.

Heterogeneity was investigated using planned subgroup analysis on the different OCTA devices when I2 was above 50%. We then tested for subgroup differences, considering p-values of 0.05 or less as significant. Following Cochrane guidelines (https://training.cochrane.org/handbook/current/chapter-10#section-10-11-4), meta-regression was not performed as there were fewer than 10 studies for each OCTA parameter that was meta-analyzed. To assess publication bias, funnel plots were used.



RESULTS

Supplementary Figure S2 summarizes the selection process for the 11 eligible studies, using the 2020 Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow diagram. The literature search yielded 783 studies, of which 374 were unique. Of these, 358 were removed after they were determined to not meet the inclusion/exclusion criteria after a title and abstract screen. The full-text version of the remaining 16 studies relevant to OCTA and hypertension were retrieved and assessed for eligibility. We omitted five studies due to a lack of control group (14, 15), not meeting the diagnostic criteria for systemic hypertension (16), not screening participants for concurrent ophthalmological conditions (17), and involving participants <18 years of age (18).

Table 1 summarizes the key characteristics of the 11 eligible studies that were included for meta-analyses. For the macula, nine studies analyzed the superficial vessel density (6, 7, 19, 20, 22, 24–27), seven analyzed the deep vessel density (6, 7, 19, 20, 22, 24, 25), five analyzed the superficial foveal avascular zone (6, 7, 19, 26, 27), two analyzed vessel density (length) (26, 27), two analyzed skeleton density (19, 22), two analyzed vessel diameter index (19, 22), and one analyzed fractal dimension (19). For the optic nerve head, five studies analyzed peripapillary vessel density (6, 20, 23–25), two analyzed inside disc perfusion density (20, 25), one analyzed vessel caliber (19), and one analyzed vessel density (length) (23). For the choriocapillaris, two studies analyzed density of flow deficits (21, 22), two analyzed size of flow deficits (21, 22), and two analyzed number of flow deficits (21, 22). Nine studies used spectral domain OCTA (SD-OCTA) devices, while two used swept source OCTA (SS-OCTA). Regarding the OCTA models, six studies used the AngioVue (Optovue RTVue XR Avanti; Optovue Inc., Fremont, CA), three studies used the Cirrus 5000 AngioPlex (Carl Zeiss Meditec, Dublin, CA, USA), and two studies used the PLEX Elite 9000 (Carl Zeiss Meditec, Inc., Dublin, USA). All studies were cross-sectional and there were no longitudinal studies published before 19 June 2021. The populations sampled were from China (four), Italy (one), Singapore (two), Germany (one), and South Korea (three). Age of participants was recorded in all studies. Sex of participants was recorded in all studies except for one (22). As for major modifiable cardiovascular risk factors, smoking status was available for three studies (21, 24), BMI was available for one study (24), dyslipidemia status was available for one study (21), diabetic patients were not included in any studies, and mean systolic and diastolic blood pressure readings were available in all studies except for three (19, 22, 26). As for quality assessment, all studies included in our meta-analyses had either a good or very good rating; the complete assessment of study quality is shown in Supplementary Figure S3.


Table 1. Key characteristics of the 11 eligible studies.
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SUPERFICIAL VASCULAR DENSITY (SVD) AT MACULA

Of the 11 studies, nine published results featuring the SVD in 787 eyes of 659 patients with systemic hypertension and 513 eyes of 449 healthy controls. Reduction of the SVD of standardized mean difference [SMD], −0.50 [−0.70, −0.30], P < 0.00001 occurred in eyes of patients with systemic hypertension as compared with control eyes (Figure 3). Given the heterogeneity in the SVD analysis was considered significant (I2 = 63% and P = 0.005), we then performed a subgroup analysis by OCTA devices. Our analysis did not reveal any statistically significance heterogeneity introduced by the type of OCTA machine (I2 = 0% and P = 0.740).


[image: Figure 3]
FIGURE 3. (A) Meta-analysis of superficial vascular density (SVD; SMD) and (B) SVD subgroup analysis based on OCTA devices for patients with systemic hypertension vs. controls. Mean and standard deviation (SD) are included, with 95% confidence intervals (CIs), heterogeneity scores, and overall effect in an inverse variance (IV) random effects model. The green square size represents the weight attributed to each study based on relative sample size.




DEEP VASCULAR DENSITY (DVD) AT MACULA

For the DVD, the meta-analysis of seven studies (Figure 4), totaling 618 eyes of 517 patients with systemic hypertension and 296 eyes of 232 healthy controls, revealed significantly reduced vascular density in patients with systemic hypertension when compared to controls (SMD, −0.38 [−0.64, −0.13], P = 0.004). The heterogeneity in the DVD analysis was considered significant (I2 = 67% and P = 0.006). Subgroup analysis by OCTA machines did not show statistically significant heterogeneity (I2 = 0% and P = 0.670).


[image: Figure 4]
FIGURE 4. (A) Meta-analysis of deep vascular density (DVD; SMD) and (B) DVD subgroup analysis based on OCTA devices for patients with systemic hypertension vs. controls. Mean and standard deviation (SD) are included, with 95% confidence intervals (CIs), heterogeneity scores, and overall effect in an inverse variance (IV) random effects model. The green square size represents the weight attributed to each study based on relative sample size.




FOVEAL AVASCULAR ZONE (FAZ)

For the FAZ, meta-analysis of six studies (Figure 5), totaling 517 eyes of 400 patients with systemic hypertension and 412 eyes of 361 healthy controls, revealed a statistically significant increase in foveal avascularity in patients with systemic hypertension when compared to controls (SMD, 0.32 [0.04, 0.61], P = 0.030). The heterogeneity in the FAZ analysis was considered significant (I2 = 77% and P < 0.001). The test for subgroup differences revealed no statistically significant heterogeneity introduced by the type of OCTA machine used to measure the FAZ (I2 = 0% and P = 0.340).
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FIGURE 5. (A) Meta-analysis of superficial foveal avascular zone (FAZ; SMD) and (B) FAZ subgroup analysis based on OCTA devices for patients with systemic hypertension vs. controls. Mean and standard deviation (SD) are included, with 95% confidence intervals (CIs), heterogeneity scores, and overall effect in an inverse variance (IV) random effects model. The green square size represents the weight attributed to each study based on relative sample size.




PERIPAPILLARY VASCULAR DENSITY (PVD)

For PVD, meta-analysis of five studies (Supplementary Figure S4), totaling 407 eyes of 377 patients with systemic hypertension and 204 eyes of 189 healthy controls, revealed no significant difference in vascular density in patients with systemic hypertension when compared to controls (SMD, −0.35 [−1.11, 0.42], P = 0.370).



ADDITIONAL ANALYSES

Publication biases were investigated by plotting funnel plots, which revealed a symmetrical distribution of studies about the SMD of −0.50, −0.38, and 0.33, indicating little to no publication bias nor small study bias in the analysis for SVD, DVD and FAZ area, respectively (Supplementary Figures S5–S7).

We also performed a sensitivity analysis by removing the 2020 study by Terheyden et al. (22) as the study involved hypertensive patients with recent history (<7 days prior) of hypertensive crisis as defined by systolic blood pressure greater or ≥180 mmHg and/or diastolic blood pressure ≥120 mmHg. Results remained similar after sensitivity analysis, where both SVD and DVD were significantly reduced in hypertensives as compared to controls (SMD, −0.52 [−0.73, −0.30], P < 0.00001, I2 = 67%) and SMD, −0.37 [−0.66, −0.08], P = 0.010, I2 = 72%; Supplementary Figures S8, S9), respectively.



DISCUSSION

In this meta-analysis, the data (6, 7, 19–27) shows that systemic hypertension is associated with reduction of vascular density in the superficial capillary plexus (SVD and FAZ area) and deep capillary plexus (DVD) at the macula (Figure 2). This outcome suggests the potential of OCTA technology to serve as tool for pre-clinical retinal microvascular changes in systemic hypertension, where changes in the small retinal vessels may potentially be imaging biomarkers to risk stratify hypertensive complications in end-organs such as the brain, heart, and kidney (28).



POTENTIAL OCTA MEASURES OF MICROCIRCULATION IN SYSTEMIC HYPERTENSION


Superficial and Deep Vascular Densities

The reduced superficial and deep vascular densities on OCTA that we observed in the hypertensive subjects could be the result of either capillary dropout (structural absence of capillaries) or functional non-perfusion. Since OCTA relies on the change between consecutive scans, it will detect flow only above a minimum threshold (29) and regions that have flow below the slowest detectable flow would therefore be visualized as non-perfusion using the OCTA imaging technique. Coupling OCTA and adaptive optics may be an exciting avenue. Adaptive optics is another novel ocular imaging approach that provides in vivo ultra-high-resolution imaging of retinal vessel morphology in humans (30).



FAZ Area

We observed a weak association between hypertension and FAZ area, which may be explained by the substantial heterogeneity among the studies. Investigations into potential sources revealed that the type of OCTA machine was not the source of the heterogeneity for FAZ area. Previous studies have shown that the size of the FAZ is notoriously variable among normal individuals (31). Another limitation is the difference in reporting of FAZ where traditional analyses (26, 27) (prior to 2020) splits the reporting of superficial vs. deep FAZ, whereas the newer analyses give a combined FAZ parameter. Taken together, it prevents us from recommending the FAZ area as a parameter in systemic hypertension research.



Peripapillary Vascular Density

We are not able to draw a conclusion on the utility of peripapillary vascular density in differentiating systemic hypertension cases from controls. The wide degree of imprecision of this estimate may be due to the marked inter-individual variation in the blood supply of the optic nerve head, requiring a larger sample size (32).



Additional OCTA Parameters

In the present meta-analysis, only four OCTA parameters have been meta-analyzed. Other parameters identified through this systematic review may be promising but do not yet have enough data to pool together. These include fractal dimension of the retina, and capillary density inside the optic nerve head (20, 24). Of particular interest is the choroidal circulation. In a 2019 study by Lee et al. (33), choroidal blood was found to increase and be affected before retinal circulation in patients with elevated blood pressure. This may indicate that the choroidal circulation is the earliest vasculature in the eye to be affected in systemic hypertension. However, our systematic review only found two papers, 2021 study by Chua et al. (21) and 2020 study by Terheyden et al. (22), to have compared the patterns of choriocapillaris flow deficits at the macula of patients with systemic hypertension with healthy controls.




RECOMMENDATIONS FOR FUTURE STUDY DESIGNS

Ocular microvascular dysfunction can be due to eye diseases or hypertension. This explains why most studies screened in the meta-analysis excluded participants for concurrent ophthalmological conditions, except for one study (17). As we know that hypertension is a risk factor for age-related macular degeneration (34) and glaucoma (35), an unanswered question now is to determine if hypertensive capillary damage participates to the disease or if it is another mechanism. Future studies wanting to corroborate the level of hypertensive retinopathy/choroidopathy, and the degree of retinal damage could consider including hypertensive patients in control groups.

Apart from eye diseases, three other factors can bias the relationship between hypertension and OCTA: aging, diabetes, and methods of blood pressure measurement. Aging is associated with decreased retinal tissue perfusion (36, 37). OCTA metrics, such as areas of retinal non-perfusion have been found in eyes of patients with diabetes without retinopathy (38, 39). Methods of blood pressure measurement i.e., ambulatory vs. office, can affect the accuracy of blood pressure readings (40). It will be important for future studies to consider confounders during the interpretation of results as confounding variables can distort the observed association between OCTA and hypertension.

It may also be interesting for future studies to note the presence of major modifiable cardiovascular risk factors (10) of study participants apart from hypertension, namely smoking status, body mass index, dyslipidemia, and investigate whether variations in OCTA parameters are influenced by these other factors. This may also allow future meta-analyses to perform meta-regression analyses of the effects of continuous variables such as body mass index, blood pressure, or lipid levels on retinal/choroidal vessel density.



POTENTIAL USE OF OCTA AS A QUICK AND NON-INVASIVE MEASURE OF MICROCIRCULATION


OCTA Parameters and Blood Pressure Control

Several papers have examined how the retinal microcirculation, as measured by OCTA parameters, is affected by blood pressure control. However, pooling these studies is challenging due to differences in stratification of blood pressure control. For example, the 2021 study by Hua et al. (20) attempted to classify hypertensive patients into three groups based on blood pressure control, in accordance with the Systolic Blood Pressure Intervention Trial (SPRINT study) (41), where intensive blood pressure control was defined as systolic blood pressure <120 mmHg; standard blood pressure control was defined as systolic blood pressure 120–140 mmHg; and poor blood pressure control was defined as systolic blood pressure >140 mmHg. On the other hand, the 2021 study by Chua et al. (21) attempted to stratify patients into two groups by defining well-controlled ambulatory blood pressure defined as systolic blood pressure <140 mmHg and/or diastolic blood pressure <90 mmHg and poorly controlled blood pressure defined as systolic blood pressure ≥140 mmHg and/or diastolic blood pressure ≥90 mmHg. The extreme heterogeneity in which patients are currently being stratified in studies make it challenging for meta-analyses to be done. There is a need to harmonize these criteria for future OCTA studies.



OCTA Parameters and Class of Anti-hypertensive Treatments

It has been proposed that different classes of anti-hypertensive treatments have differing effects at the microvascular levels (42). The hypothesis is, however, largely unproven because of the lack of microvascular imaging. As such, OCTA is an attractive technique to study the effects anti-hypertensive treatments on the microvasculature. However, caution must be taken. For example, though the 2020 study by Peng et al. (24) attempted to investigate the use of anti-hypertensive treatments on OCTA parameters, it was difficult to ascertain the duration the patient was on the specific anti-hypertensive or whether he/she had been recently switched over from a different class. This may erroneously attribute a certain OCTA outcome to a specific class of anti-hypertensive drugs when in fact it was due to a previous medication that the patient was recently on. Considering this, it may be most appropriate for future studies to conduct randomized-control trials where OCTA parameters of untreated/newly diagnosed essential hypertensives starting on different hypertensive medications are measured at various time points longitudinally.



OCTA Parameters and Hypertensive End-Organ Damage

Whether the OCTA adds value to risk prediction of hypertensive end-organ damage remains to be determined. Two small studies have shown the association of retinal capillary rarefaction and impaired kidney function (estimated glomerular filtration rate levels) in hypertensive individuals (14, 43). To investigate the prognostic value of OCTA parameters for hypertensives end-organ damage, prospective longitudinal follow-up studies can be done to, for example, correlate SVD or DVD values with the incidence/risk of renal failure at 5 years. Correlation of retinal findings with other systemic measures of microvasculature in other organs will help shed further light on the significance of these retinal microvascular changes.




CONCLUSION

Our results suggest that certain OCTA parameters can provide objective information about pre-clinical microvascular changes from systemic hypertension and have the potential to act as novel biomarkers of these changes.
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Purpose: To evaluate the repeatability of a multispectral-based refractor in central and peripheral refraction measurement, and to assess the agreement of such measurements with objective refraction (OR) and subjective refraction (SR) in patients with myopia.

Methods: A total of 60 subjects were recruited in this prospective research. Patients were divided into three groups according to the refractive error. Next, the central and peripheral refraction parameters were measured using multispectral refractive tomography (MRT) before and after cycloplegia. In addition, OR and SR measurements were also performed. The intraobserver repeatability was analyzed using within-subject standard deviation (Sw), test–retest repeatability (TRT), and intraclass correlation coefficient (ICC). Agreement was evaluated using Bland-Altman plot and 95% limits of agreement (LoA).

Results: The ICC value of central and peripheral refraction were all higher than 0.97 with or without cycloplegia. The peripheral refraction in the nasal, temporal, superior, and inferior quadrants was slightly worse than other parameters, with the largest error interval being 1.43 D. The 95% LoA of the central refraction and OR or SR ranged from −0.89 to 0.88 D and −1.24 to 1.16 D without cycloplegia, respectively, and from −0.80 to 0.42 D and −1.39 to −0.84 D under cycloplegia, respectively.

Conclusions: The novel multispectral refraction topography demonstrated good repeatability in central and peripheral refraction. However, the refraction in the nasal, temporal, superior, and inferior quadrants were not as good as that of central and circle peripheral refraction.

Keywords: agreement, repeatability, refraction, myopia, ophthalmology


INTRODUCTION

In the past few decades, myopia has emerged as a worldwide public health issue due to its rapidly increasing prevalence (1). The overall prevalence of myopia is ~40% in the United States and >80% in young adults in China (2). In developed countries, 15 to 49% of the adult population suffer from myopia (3). It is worth noting that myopia is a complex disease. Evidence suggests that genetic and environmental factors play important roles in its occurrence and development (4). However, its pathogenesis has not yet been fully elucidated. In recent years, many clinical studies have proposed that visual signals from the peripheral retina might induce myopia (5). Moreover, studies involving animal models have demonstrated that the peripheral retina refraction status dominated refractive changes whenever conflicts occur between the fovea and the peripheral visual signals (6). Therefore, this finding calls for the measurement of both the central and relative peripheral refractive errors with the overarching goal of elucidating the mechanisms of myopic development (7). It has been reported that inhibiting the progression of myopia by reducing the hyperopic defocus of the peripheral retina following a refractive correction is an effective method (8).

A study has revealed that using an autorefractor for objective refraction during the initial process in myopia examination is a reliable method compared with the use of subjective refraction (9). WAM-5500 (Grand Seiko Co., Hiroshima, Japan), a binocular, open-field, infrared, and ref/keratometer, is generally used in the clinic to measure central and peripheral retina refractive because of its well-documented repeatability (10, 11). However, its use is associated with certain difficulties and challenges in patients wearing optic lenses, and the measurement region is limited to a few specific spots only (12). To address these limitations, multispectral refractive tomography (MRT) (version 1.0.5T05C; Thondar, Inc. China), a novel multispectral-based computing system, was designed to measure the spherical equivalent (SE) of a 53-degree fundus field of view within 2–3 s. MRT simultaneously obtains the refractive power of all retinal regions, including the central and peripheral retina, within a certain range. In MRT, there is one internal fixation point rather than having the fixation point being moved in different positions and angles. Given that MRT is a newly introduced device, its repeatability should be investigated to broaden its clinical application. This study aimed to explore the repeatability of the measurements obtained using the MRT device and assess the agreement among the refractive measurements made using MRT, Topcon KR-1 (Topcon, Tokyo, Japan), and subjective refraction.



MATERIALS AND METHODS


Patients

In this prospective study, 60 subjects who visited the Qingdao Eye Hospital of Shandong First Medical University for regular examination in August 2021 were recruited. Only the right eye of each patient was examined in this study. Patients were divided into three groups according to the SE measured by the subjective refraction (NIDEK AOS1500+SSC3): low myopia group (−3.00 D < SE ≤ -0.50 D), moderate myopia group (−6.00 D < SE ≤ -3.00 D), and high myopia group (SE ≤ -6.00 D) (13). The study was approved by the Ethics Committee of Qingdao Eye Hospital of Shandong First Medical University (ChiCTR2100049050) and adhered to the tenets of the Declaration of Helsinki. Signed informed consent was obtained from all patients prior to the conduct of this study.

The enrolled patients met the following inclusion criteria: age > 18 years, astigmatism diopter <3.0 D, no history of cornea refractive surgery, no history of ocular trauma, and agreed to stop wearing contact lenses for at least 2 weeks for soft contact lenses and 4 weeks for rigid gas-permeable contact lenses before the examination.



Instrument and Methods

MRT was designed according to the simplified reduced optical model. Light rays were radiated from one ideal point (P) of fundus and were transmitted via an optical path, comprising the refractive media of human eye and imaging optics of fundus camera. Images were ultimately formed on the sensor plane (Figure 1A). When the focal length of the fundus camera was adjusted, the image point was accommodated accordingly into relative defocused status, shaping into a blurred spot with different sizes and gray levels (Figure 1B). In the fundus camera imaging process, the radiation originated from a fundus surface rather than from an ideal point. Consequently, the fundus image was blurred to different degrees in different focal lengths, which was controlled by the focus motor. A focus measure, such as the Sobel operator, was applied to measure the sharpness of each region of interest (ROI) in the fundus, representing a particular viewing angle such as the central view, nasal 10° eccentricity, and temporal 25°. As shown in Figure 1C, a sharpness profile of the changes in focal length was obtained for a particular viewing angle. The maximum sharpness of the sharpness profile correlated with the situation when point P was focused on the sensor plane. The motor position when the maximum sharpness was obtained in a given imaging optical system represents the specific optic setup from which the human eye refraction was calculated. A sequential calculation for all ROIs in the defined field of view generated a refraction tomography. Notably, the device can provide both central and peripheral refractive errors with different eccentricities.


[image: Figure 1]
FIGURE 1. MRT principle diagram. (A) Light ray radiation and sensor system. (B) Blurred image point with the change of focal length of fundus camera. (C) The sharpness profile of changing focal length.


Next, image analysis was performed and an algorithm was used to decouple and generate the refractive value of each imaging data point. This approach could determine the SE of 128 × 128 points on a 53-degree field of view of the fundus, with a data point of 0.5° in between. After each data point was acquired, a set of images processed by a custom compensation software was obtained using the color-coded approach (Figure 2). Relative peripheral refraction defocus was the difference between the absolute refraction and the central macular refraction and was translated into color images (Figure 2a). Block-refraction provided an absolute refraction value using each value as mean data for each corresponding block (Figure 2b). The three-dimensional (3D) images of superotemporal and inferonasal retina provide a direct view of the relative fraction status of the retina (Figures 2c,d).


[image: Figure 2]
FIGURE 2. The result provided by the MRT analysis system. (a) The relative peripheral refraction defocus value. (b) The block-refraction of absolute refraction value. (c,d) A direct view of the relative fraction status of the retinal by three-dimensional images viewing from superotemporal and inferonasal, respectively.


Prior to the experiment, the patients were subjected to routine examinations, including visual acuity examination, slit-lamp examination of the anterior segment, and fundus evaluations. The examinations were conducted between 1,000 and 1,700 h by an experienced doctor to avoid the influence of diurnal variation (14). Initially, patients were positioned on the headrest and asked to fix their attention to the internal target. Next, the patients were asked to blink twice before measurement to ensure that the tear film coating cornea surface was intact. All MRT measurements were carried out by an experienced doctor. Each patient was examined three times to evaluate the intraobserver repeatability. Objective refraction (OR) using Topcon KR-1 and subjective refraction (SR) were conducted by another doctor who was blinded to the previous examination results. Next, compound tropicamide 0.5% and phenylephrine 0.5% (SINQI Pharmaceutical Co., Ltd., Shenyang, China) was used three times, with an interval of 5 min to induce cycloplegia until the pupil diameter reached 7–8 mm to relax the accommodation. The MRT, OR, and SR examinations were repeated by the same doctor to minimize the operator-related error.

The parameters obtained using MRT for further analysis were as follows: central refractive error (CRE); total refraction difference value, which indicates the average peripheral refractive error from the center to the peripheral 53° of the retina (TRDV); refraction difference value-15 which indicates the average paracentral refractive error from the center to 15° of the retina (RDV-15); refraction difference value-30 and 45 (RDV-30, and RDV-45, respectively) which indicate the average peripheral refractive error at 30 and 45° of the posterior retina, respectively, refraction difference value-inferior (RDV-I); refraction difference value-superior (RDV-S); refraction difference value-nasal (RDV-N); and refraction difference value-temporal (RDV-T). The measurement quality was estimated by a computer to avoid the influence of iris reflection, eye blinking, and dim illumination, and only those results with a quality score of >80% were recorded for further analysis. For the SR examination, the OR was used as the baseline value instead of the MRT so as not to influence the examination being conducted.



Statistical Analysis

All statistical analyses were performed using SPSS software (version 24.0; IBM Corporation, Armonk, NY) and Medcalc software (version 24.0; IBM Corporation, Armonk, NY). All data were recorded as mean ± standard deviation (SD). Data distribution was analyzed by the Kolmogorov–Smirnov test to determine normally distributed data (P > 0.05). To assess the intraoperator repeatability of MRT, one-way analysis of variance (ANOVA) was used to calculate the within-subject standard deviation (Sw), the test–retest repeatability (TRT), and the intraclass correlation coefficient (ICC). The Sw is the intraoperator deviation derived from the three consecutive measurements. When the TRT is equal to 2.77 Sw represents the 95% measurement deviation interval within which the measurement error should lie. ICC is a common parameter used to evaluate repeatability and is defined as the ratio of variance between individual measurements to the sum. In clinical application, an ICC value larger than 0.9 indicates high repeatability. However, an ICC value of 0.75 is acceptable in statistical applications (15).

The mean of the three consecutive measurements was used in assessing agreement with the SR and OR. For the agreement evaluation, the MedCalc statistical software (version 18.2.1, Ostend, Belgium) was used to draw the Bland-Altman plots. The 95% limit of agreement (LoA) was drawn according to the mean difference ± 1.96 SD between two methods, and it indicates the measurement error of these methods (16).




RESULTS

Sixty patients were recruited in this study, and the average age was 27.25 ± 6.70 years (range: 18–36 years). The mean SE before and after cycloplegia was −5.28 ± 1.95 D and −4.93 ± 1.94 D for OR, respectively, and −5.32 ± 1.82 D and 5.01 ± 1.85 D for SR, respectively. The mean SE in each group with sample sizes of 19, 21, and 20 was −2.51 ± 0.82 D, −5.02 ± 0.61 D, and −7.13 ± 0.87 D, respectively.


Intraoperator Repeatability

Table 1 shows the repeatability of MRT in central and peripheral refraction measurements in patients with myopia before cycloplegia. The ICC values were all above 0.97. Similarly, the Sw and TRT results supported the good repeatability of CRE, TRDV, RDV-15, RDV-30, and RDV-45, but the RDV of different quadrants was slightly worse. The largest error interval was 1.43 D, indicating that the variation among the measurements for superior peripheral refraction could reach 1.43 D. However, the repeatability of these parameters significantly improved after cycloplegia, with all ICC values higher than 0.99. The Sw and TRT were smaller in CRE, TRDV, RDV-15, RDV-30, and RDV-45 in the cycloplegia group than in the non-cycloplegia group (Table 2). Notably, the RDV for the different quadrants remained the same in the cycloplegia group compared with that in the non-cycloplegia group, with the exception of RDV-I measurement, as its repeatability improved.


Table 1. Intraobserver repeatability outcomes of central and peripheral refraction using MRT without cycloplegia.

[image: Table 1]


Table 2. Intraobserver repeatability outcomes of central and peripheral refraction using MRT with cycloplegia.

[image: Table 2]

Furthermore, we analyzed the repeatability of different refractive errors. As shown in Tables 3–5, the CRE, TRDV, RDV-15, RDV-30, and RDV-45 all showed good repeatability, and the high myopia group without cycloplegia showed the highest degree of repeatability. Moreover, the RDV-I, RDV-S, RDV-N, and RDV-T demonstrated a lower degree of repeatability than the CRE, TRDV, RDV-15, RDV-30, and RDV-45, and patients in the low myopia group were the most easily influenced by these parameters. The ICC values for the RDV-I, RDV-S, RDV-N, and RDV-T in the low myopia group ranged from 0.83 to 0.89, and increased with the increment of myopia diopter. Tables 6–8 show the results obtained after cycloplegia. Moreover, the repeatability of the measurements in the quadrants were slightly of lower degree than that of CRE, TRDV, RDV-15, RDV-30, and RDV-45. However, all ICC values were higher than 0.9, indicating that repeatability remained good for the three groups.


Table 3. Intraobserver repeatability outcomes of central and peripheral refraction using MRT without cycloplegia of low myopia group.

[image: Table 3]


Table 4. Intraobserver repeatability outcomes of central and peripheral refraction using MRT without cycloplegia of moderate myopia group.

[image: Table 4]


Table 5. Intraobserver repeatability outcomes of central and peripheral refraction using MRT without cycloplegia of high myopia group.
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Table 6. Intraobserver repeatability outcomes of central and peripheral refraction using MRT with cycloplegia of low myopia group.

[image: Table 6]


Table 7. Intraobserver repeatability outcomes of central and peripheral refraction using MRT with cycloplegia of moderate myopia group.

[image: Table 7]


Table 8. Intraobserver repeatability outcomes of central and peripheral refraction using MRT with cycloplegia of high myopia group.
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Agreement

Figure 3 shows the Bland-Altman plots comparing MRT and OR before cycloplegia. Results demonstrated that there was no significant difference in CRE and OR, and the 95% LoA ranged from −0.89 to 0.88 D, indicating a good agreement. However, the difference between peripheral refraction and OR is higher compared with the difference between CRE and OR. In addition, the refractive error in the peripheral retina was smaller than the OR, although the interval of 95% LoA was stable (nearly 2.5 D). Meanwhile, the RDV-I, RDV-S, RDV-N, and RDV-T values increased up to nearly 3.0 D. A similar result as regard the agreement between MRT and SR was observed (Figure 4). The 95% LoA of CRE and SR ranged from −1.24 to 1.14 D, and RDV-I, RDV-S, RDV-N, and RDV-T demonstrated a lower degree of agreement.


[image: Figure 3]
FIGURE 3. Bland–Altman plots between SR and CRE (A), RDV-15 (B), RDV-30 (C), RDV-45 (D), TRVD (E), RDV-I (F), RDV-S (G), RDV-N (H), and RDV-T (I) in non-cycloplegia eyes. The solid line shows the mean difference (bias), and the upper and lower lines represent 95% limits of agreement.



[image: Figure 4]
FIGURE 4. Bland–Altman plots between OR and CRE (A), RDV-15 (B), RDV-30 (C), RDV-45 (D), TRVD I (E), RDV-I (F), RDV-S (G), RDV-N (H), and RDV-T (I) in non-cycloplegia eyes. The solid line shows the mean difference (bias), and the upper and lower lines represent 95% limits of agreement.


Similarly, the 95% LoA of CRE and OR ranged from −0.80 to 0.42 D after cycloplegia, suggesting that cycloplegia could enhance the agreement given that the accommodation was relaxed (Figure 5). Notably, the peripheral refraction was more remarkable in RDV-45. RDV-S demonstrated the largest 95% LoA, which ranged from −3.0 to 0.6 D, indicating a low degree of agreement in different quadrants. Moreover, RDV-S showed a higher degree of the agreement with the OR group than with the SR group, and it had the largest interval that ranged from −3.3 to 0.7 D (Figure 6).


[image: Figure 5]
FIGURE 5. Bland–Altman plots between SR and CRE (A), RDV-15 (B), RDV-30 (C), RDV-45 (D), TRVD (E), RDV-I (F), RDV-S (G), RDV-N (H), and RDV-T (I) in cycloplegia eyes. The solid line shows the mean difference (bias), and the upper and lower lines represent 95% limits of agreement.



[image: Figure 6]
FIGURE 6. Bland–Altman plots between OR and CRE (A), RDV-15 (B), RDV-30 (C), RDV-45 (D), TRVD (E), RDV-I (F), RDV-S (G), RDV-N (H), and RDV-T (I) in cycloplegia eyes. The solid line shows the mean difference (bias), and the upper and lower lines represent 95% limits of agreement.





DISCUSSION

Myopia, a multi-factor-related disease, is the most prevalent disorder worldwide (17). Previous studies have confirmed that peripheral hyperopia refractive status plays a crucial role in myopia progression, especially in patients who need spectacle correction (18). Therefore, measurement of the peripheral refractive error is an important aspect in clinical application (19). Although the measurement can be done using the WAM-5500, the intrinsic limitations of spots calculation restrict its further application (11). Such disadvantages can be overcome by MRT, a novel device that can measure the large areas of peripheral refraction. This study explored the repeatability of using MRT to measure central and peripheral refraction before and after cycloplegia in different groups. The results were also compared with the OR and SR measurements obtained under the same conditions.

The current results demonstrated that MRT could provide reproducible results for CRE, TRDV, RDV-15, RDV-30, and RDV-45 without cycloplegia, and the RDV showed a slightly lower degree of repeatability in the four different quadrants. It should be noted that MRT adopts a mechanism similar to that of autorefractors. To our best knowledge, this study was the first to evaluate the repeatability of MRT. Our findings were consistent with that of other studies that evaluated the repeatability of autorefractors in non-cycloplegia refractive error. For example, Nguyen and Berntsen (10) found that the sphere was −0.34 D, with a 95% LoA ranging from −0.37 to 0.32 D without cycloplegia. Allen et al. (20) reported that the repeatability of an autorefractor had a 95% LoA ranging from −0.45 to 0.47 D. Moreover, Elliott et al. (21) investigated the repeatability of Nikon NRK-8000, Nidek AR-1000, and SR, and they have found that the COR values for these three methods were 0.71, 0.26, and 0.61 D, respectively. The above findings are consistent with our results, confirming that MRT could demonstrate a good repeatability in central refraction measurement. In addition, the repeatability of MRT was significantly enhanced after the cycloplegia, which may be attributed to the fact that the cycloplegia could have relaxed the ciliary muscle, thereby reducing the accommodation reflex. Nguyen and Berntsen (10) found that when the pupil size was 6 mm, the repeatability of sphere diopter was ± 0.32 D. Hernandez-Moreno et al. (22) also investigated the repeatability of SE in a pediatric population, and they found that a 95% LoA ranging from −0.66 to +0.65 D with cycloplegia and from −1.38 to +1.74 D without cycloplegia. These findings suggested that the autorefractor had a low repeatability under non-cycloplegia conditions, but such a degree of repeatability is acceptable under cycloplegic conditions. Their results are consistent with our finding showing that cycloplegia could enhance the repeatability of MRT.

The peripheral refraction error determined using MRT also showed that the repeatability of the TRDV, RDV-15, RDV-30, and RDV-45 was better than that of the peripheral refractive error measured in the quadrants. RDV-S showed the lowest degree of repeatability in the non-cycloplegia group, but its repeatability was better under cycloplegic conditions. Notably, the RDV-N was the least easily influenced. We hypothesize that the upper eyelid pressure plays a role in peripheral refraction. As previously reported, eyelid pressure could induce corneal topographic changes and eyelid morphometry, so peripheral refraction would also be influenced by corneal topographic changes (23). Collectively, these results confirmed that the repeatability of MRT for the peripheral refraction measurements was associated with the measurement regions. The asphericity of the retina (especially in myopic eyes) may cause differences in the intensity of light ray distribution on the retina in different regions. This may explain the worse measurement results of the quadrants than the data of the circle. WAM-5500, frequently used in peripheral autorefraction, was selected as the reference since no research about the novel MRT has been published (11). In an investigation by Moore and Berntsen (11), the repeatability of cycloplegia autorefraction in normal eyes was ± 0.21 D, ± 0.42 D, ± 0.60 D, ± 0.73 D, ± 0.36 D, ± 0.47 D, and ± 0.88 D for central, 20°, 30°, 40° nasal, 20°, 30°, and 40°temporal, respectively, which are consistent with our results. By contrast, we found that the repeatability did not decrease as eccentricity increased. This phenomenon may be attributed to the fact that the spot measurement made by the WAM 5500, which has an open-field design, was based on the fixation point the patient stared at. When autorefractor measurements are being obtained at higher eccentricities, any changes in fixation could induce a measurement error and a lateral pupil misalignment, which also influence repeatability. Fedtke et al. (24) reported that even a 0.27 mm lateral misalignment of the pupil center would cause a 0.25 D change in peripheral defocus when measuring at 30° in the periphery of a myopic eye. Meanwhile, the MRT could calculate the entire retinal refraction in one measurement and analyze the peripheral refraction through adjustment in the focal length of the fundus camera in order to eliminate influence of misalignment of the pupil center.

This study found that the agreement of MRT with the OR or SR decreased as eccentricity increased. The majority of the patients had a noticeable peripheral hyperopia, consistent with previous findings (24). However, the average difference in the peripheral refractive error between MRT and OR was smaller than that between MRT and SR, and the central refractive error in OR was better than that in SR. This may be due to the fact that the SR could measure the exact macular refractive error and could consider the posterior retina as a sphere although its actual shape is ellipse. Liao et al. (25) have reported that the 95% LoA between MRT and autorefractometer ranged from −1.43 to 1.83 D. Similarly, we found that the same conclusion and the 95% interval of LoA was narrower. The MRT measurement in the peripheral retina may increase the difference compared with central retina, but it would still maintain the reliability. Carracedo et al. (26) compared two wavefront autorefractors (Eye Refract and VX110), and discovered the 95% LoA of refraction ranged from −0.99 to 0.59 D. We obtained the same conclusion: MRT is a good technique for central refractive error measurement, even under induced cycloplegia. The results showed that the cycloplegia group had significant peripheral hyperopia compared with the non-cycloplegia group, indicating that the patients could have more peripheral hyperopia status (0.5 D). This finding suggested that care should be taken during peripheral refractive measurement in patients with cycloplegia.

Although the repeatability of all patients with or without cycloplegia showed acceptable repeatability in central and peripheral refraction, we further investigated the relationship between repeatability and the degree of myopia. It was found that the repeatability in the quadrants was worse than others in all three groups, and cycloplegia could improve repeatability. We speculate that cycloplegia improved the repeatability because it enlarged the pupil by nearly 6.0 mm, which is significantly larger than the pupil under natural conditions. Therefore, peripheral measurements of a large pupil size could be easily conducted, and the lens was relaxed under cycloplegia, ensuring constant peripheral lens refraction.

One limitation of this study was that we only evaluated the intraoperator repeatability, whereas repeatability in different time points was not evaluated. In addition, the patients were asked to remove their glasses during measurement. However, as is well-known, peripheral hyperopia inducing myopia mostly happens in patients wearing glasses or lenses. Therefore, future studies should evaluate patients with glasses and lenses. In this study, we only assessed the repeatability of MRT without comparing it with other peripheral wavefront autorefractors. A gold standard in measuring peripheral refraction remains inexistent. Future studies should compare MRT with other devices to gain insights on the introduction of MRT in clinical applications.



CONCLUSION

The novel MRT demonstrated good repeatability in central and peripheral refraction measurements. However, the repeatability of the measurements in the nasal, temporal, superior, and inferior quadrants were not as good as that in the central and circle peripheral refractions. Furthermore, we found that cycloplegia relaxed the accommodation and thus could improve repeatability.
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Torpedo maculopathy (TM) is a rare congenital defect of the retinal pigment epithelium (RPE). The RPE is often evaluated clinically using fundus autofluorescence (AF), a technique that visualizes RPE structure at the tissue level from the intrinsic AF of RPE fluorophores. TM lesions typically emit little or no AF, but this macroscopic assessment is unable to resolve the RPE cells, leaving the organization of the RPE cell mosaic in TM unknown. We used fluorescence adaptive optics scanning laser ophthalmoscopy (AOSLO) to show here for the first time the microscopic cellular-level structural alterations to the RPE cell mosaic in TM that underlie the tissue-level changes seen in conventional clinical imaging. We evaluated two patients with TM using conventional clinical imaging techniques and adaptive optics (AO) infrared autofluorescence (IRAF) in AOSLO. Confocal AOSLO revealed relatively normal cones outside the TM lesion but altered cone appearance within it and along its margins in both patients. We quantified cone topography and RPE cell morphometry from the fovea to the margin of the lesion in case 1 and found cone density to be within the normal range across the locations imaged. However, RPE morphometric analysis revealed disrupted RPE cells outside the margin of the lesion; the mean RPE cell area was greater than two standard deviations above the normative range up to approximately 1.5 mm from the lesion margin. Similar morphometric changes were seen to individual RPE cells in case 2. Multi-modal imaging with AOSLO reveals that RPE cells are abnormal in TM well beyond the margins of the characteristic TM lesion boundary defined with conventional clinical imaging. Since the TM fovea appears to be fully formed, with normal cone packing, it is possible that the congenital RPE defect in TM occurs relatively late in retinal development. This work demonstrates how cellular level imaging of the RPE can provide new insight into RPE pathologies, particularly for rare conditions such as TM.
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INTRODUCTION

Torpedo maculopathy (TM) is characterized by the presence of a well-circumscribed lesion of the macula featuring elements of hyperpigmentation and atrophy at the level of the retinal pigment epithelium (RPE) and named for its typical shape and orientation with respect to the fovea (1, 2). TM appears to be congenital, non-progressive, and uncommon. Prevalence has been estimated to be 2 per 100,000 (3) with fewer than 100 cases reported as of 2019 (4). Early conjectures about the most appropriate classification included a subclass of congenital nevus of the RPE, or a form of congenital hypertrophy of the RPE (5, 6), but these descriptions pre-date optical coherence tomography (OCT).

In TM, OCT sometimes reveals neurosensory retinal layers detached from the RPE, forming a cavity (7, 8). Based on this, Wong et al. classified TM into Types I and II, the latter including neurosensory detachment with subretinal cavitation (9). Often the OCT B-scans show increased light penetration to the choroid with minimal fundus autofluorescence (FAF) signal originating from the lesion (2, 10). Functional testing with visual fields (11) and microperimetry (9) has shown reduced sensitivity in the lesion. Collective responses from electroretinogram (ERG) exams performed on patients with TM have not shown any abnormalities (12). However, multi-focal ERG has shown amplitude reduction with potential latency between pathological and healthy retinal areas of the same eye (12, 13).

In recent years, OCT angiography (OCTA) has been used to evaluate flow profiles in the choriocapillaris and/or choroid in the lesions. Most of these studies have reported decreased flow in the choriocapillaris with vascular alterations at the site of the lesion (11, 14–16). Giannakaki-Zimmermann et al. (17) concluded that attenuation of OCTA signal in choriocapillaris occurs with Type I as well, when there is no subretinal cavitation on structural OCT. Although one publication reported an increase in choroidal vascular density, no explanation was offered as to how this was measured and closer inspection of the key figure in the paper shows reduced choriocapillaris flow density in the lesion, compared with areas outside the lesion (18).

Adaptive optics ophthalmoscopy (AOO) permits cellular level imaging of the retina (19, 20). Recently, Hugo et al. used a commercially available flood-illumination adaptive optics (FIAO) fundus camera to evaluate TM patients and showed decreased cone density in the lesion compared to the healthy retina, suggestive of cone loss (21). Similar findings were reported by Lambart et al. (22) however, they hypothesized that cones were axially displaced rather than lost. Here, we present two new patients with TM who were evaluated using standard clinical imaging tools and AOO, including a commercial FIAO retinal camera and a custom fluorescence adaptive optics scanning laser ophthalmoscope (AOSLO). Compared to FIAO, AOSLO can achieve higher resolution for “reflectance” (i.e., backscattered) light imaging due to its ability to reject out-of-focus light (confocality). Our AOSLO is also equipped with a near-infrared autofluorescence detection channel that we used here to define the morphological alterations to the RPE cell mosaic associated with TM. To our knowledge, this is the first time that RPE morphology has been examined and quantified in vivo in TM patients using any modality.

Given the well-circumscribed nature of TM, our hypothesis was that the transition from abnormal to normal cellular mosaics would be relatively abrupt, with abnormalities confined to the immediate vicinity of the lesion. Further, due to the non-progressive clinical course, we hypothesized that the demarcation between abnormal and normal photoreceptor and RPE mosaics would be approximately aligned, without one appearing to lead or lag the other in terms of distance from the lesion border.



METHODS

Clinical imaging included color fundus photography (Topcon/Canon), SLO/OCT (Spectralis, Heidelberg, Germany), and a flood-illumination adaptive optics camera (rtx1-e, Imagine Eyes, France). Detailed OCT imaging parameters are presented in Table 1. Microperimetry (MAIA, CenterVue S.p.A, Padova, Italy) was performed using both the macular test and with custom case-specific test patterns that we used to evaluate light sensitivity across the lesions. Before the testing started, optic nerve head was used to calibrate the measurement and for normal control data we used the normative database of the manufacturer. For patient 1, OCTA was also performed (Optovue, Fremont, CA, USA) using an 8 × 8 mm scan area.


Table 1. Optical coherence tomography imaging parameters.

[image: Table 1]

Adaptive optics scanning laser ophthalmoscopy imaging was carried out using a system that has been described in detail (23). Briefly, two imaging channels were used for simultaneous confocal reflectance and AO-IRAF imaging. A 795 nm super-luminescent diode was used for simultaneous confocal illumination and AO-IRAF excitation, with AF emission detected between 814 and 850 nm using a double-stacked bandpass filter (FF01-832/37, Semrock, USA). To ensure that no excitation light leaked into the AF detection channel, double-stacked filters were used in the 795 nm illumination path (ET775/50x, Chroma, Bellows Falls VT, USA) to block any spontaneous emission in longer bands. The adaptive optics subsystem used a 909 nm laser diode beacon to detect the ocular aberrations and correct them in closed-loop mode with a deformable mirror. Imaging data were acquired at 30 Hz across a 1.5° × 1.5° field of view for a duration of 60–70 s.

The confocal images were used to co-register the weak signals in the AO-IRAF images using custom strip-based image registration software (24), permitting averaging to increase the signal-to-noise ratio in the AO-IRAF images. For the cell quantification from the AO-IRAF images, a semi-automated algorithm was used (25).

Patients were recruited through the clinics of the UPMC Eye Center. Written informed consent was obtained from both subjects following an explanation of experimental procedures and risks both verbally and in writing. All experiments were approved by the University of Pittsburgh Institutional Review Board and adhered to the tenets of the Declaration of Helsinki. To ensure safe imaging, all light levels were kept below the ANSI laser safety limits (26) and were calculated in accordance with best practices for multi-wavelength ophthalmic imaging (27).



RESULTS

Patient 1, a woman in her early 30s was found to have a pigmented lesion in her right eye during pre-screening for laser refractive surgery that was diagnosed later as TM. Best corrected visual acuity (BCVA) was 20/15 in each eye. The patient had no history of retinal laser nor injections prior to our imaging. Patient 2 was a woman in her early 20s diagnosed with TM. Her BCVA was 20/20 in each eye. The left eye had received a single intravitreal bevacizumab injection 2 years earlier for neovascularization within the lesion. Her angiography images have been published previously (28).

The first patient exhibited a typical torpedo-shaped lesion (Figures 1A–C) in the temporal macula with neurosensory detachment. Microperimetry showed decreased sensitivity in the lesion in both patients but in patient 1 with subretinal cavitation (Figure 1D), the expected zero sensitivity did not occur, suggesting some visual function remaining (Figure 1E). In the OCTA, image slices taken from approximately 150 μm below the RPE showed some dense vascularization (Figures 1F,G) and what appears to be false positive flow signal temporal to the lesion. Figure 2A shows the blue autofluorescence image with areas marked where the B-scan and flood AO imaging was done. The cone mosaic in the flood AO (Figure 2B) shows typical cone mosaic with structure disappearing with eccentricity when approaching the lesion (yellow box indicating the AO-IRAF imaging area). This is consistent with the structural information on the B-scan (Figure 2C), showing the cavity fully starting at the edge of the AO-IRAF montage (Figure 2D). AO-IRAF showed the RPE mosaic (Figures 2E–I) visible from the fovea up to the margin of the lesion with an expected increase in cell size with increasing eccentricity. At the margin of the lesion, we observed heterogeneity in cell sizes as well as a decrease in the fluorescence signal corresponding to areas larger than individual RPE cells. Within the lesion, few individual RPE cells were seen on AO-IRAF and we observed several hyper-fluorescent spots with a diameter of 15–20 μm (Figure 2E).


[image: Figure 1]
FIGURE 1. Patient 1 imaged with multimodal clinical imaging. (A) Fundus images show a distinct torpedo-shaped lesion at the temporal macular region with the red box indicating the areas for the scanning laser ophthalmoscopy (SLO) and blue autofluorescence (BAF) images. (B,C) SLO reflectance and BAF image of the lesion showing the lesion very reflective in the SLO image and exhibiting marked hypo-AF signal at the lesion with a rim of hyper-AF. The green line in (B) indicates the B-scan location. (D) Optical coherence tomography (OCT) B-scan through the lesion. (E) Microperimetry test showing normal sensitivity in the fovea and severely decreased sensitivity at lesion with overall sensitivity well outside the normal distribution. The green distribution represents reference data from normal subjects. OCT en face angiogram (F) projection and corresponding structural image (G) taken with the OptoVue using a slab thickness of 70 μm about 150 μm below the retinal pigment epithelium (RPE).



[image: Figure 2]
FIGURE 2. Adaptive optics (AO) assisted imaging of patient 1. (A) Blue autofluorescence image showing the location of the lesion with red dashed box indicating the area imaged with the flood-illumination adaptive optics (FIAO) retinal camera and green line showing the location of the OCT scan. (B) FIAO montage showing typical photoreceptor mosaic in the region of the fovea. Near the lesion, the cone signature becomes irregular and cannot be distinguished anymore. The yellow area indicates the area that was imaged with the AOSLO. (C) OCT B-scan showing the cavity, indicating Type II torpedo maculopathy. Different color bars indicate roughly the location where AO-IRAF images where obtained. (D) AO-IRAF montage showing typical RPE cell mosaic. The cell size increases when moving to higher eccentricities and when reaching the lesion border, the mosaic eventually disappears. (E–I) Zoomed images of the regions of interest from the montage. Hypo-fluorescent spots are seen in (E) suggesting fluorophore accumulation in the lesion itself. Bottom row showing corresponding confocal image from the areas (E–I).


Figure 3 shows the segmentation of RPE cells from the different eccentricities (from 0 to 3,400 μm) from patient 1. Average cell area (Figure 3A) was greater than the normal range [data from Granger et al. (29)] at the margin of the lesion (see data point at approximately 2,300 μm) and greater than 400 microns away from the lesion (see data point at approximately 1,900 μm), while closer to the fovea (approximately 1,400 μm); and at the fovea (0 μm), the average cell area was within the normal range. The RPE cell density (Figure 3B) deviated from the normative data at the 1,900 microns measurement point and fell below 2 standard deviations from normal at the lesion margin (approximately 2,300 μm) and within the lesion (approximately 3,400 μm). The cone density was measured in 100 × 100 μm FOV within each RPE ROI (Figure 3C) and was close to the range expected for normal eyes.


[image: Figure 3]
FIGURE 3. RPE cells are altered in TM outside of the lesion area. AO-IRAF images from patient 1 (top row; see Figures 2E–I) were semi-automatically segmented (middle row; green outlines). The bottom row of images shows the segmentation images colored by cell area. Near the fovea (far right images), the cells were relatively uniform in size across the region of interest, while cell size heterogeneity increased with increasing eccentricity approaching the margin of the lesion. Within the lesion (left column), some punctate hyper-AF structures were seen but they did not resemble normal RPE cells. Quantitative plots compare the RPE cell area (A) and density (B) from this patient (red triangles in A and B, respectively) to the normative data from Granger et al. (29) (blue circles are individual data points; circle markers and solid line show mean; dotted lines are ± 2 SD). Average cell area was greater than the normal range at the margin of the lesion (see data point at approximately 2,300 μm) and greater than 400 μm away from the lesion (see data point at approximately 1,900 μm), while closer to the fovea (approximately 1,400 μm) and at the fovea (0 μm) the average cell area was within the normal range. Similarly, RPE cell density began to diverge from the normal range at the 1,900 μm measurement point and fell below 2 standard deviations from normal at the lesion margin (approximately 2,300 μm) and within the lesion (approximately 3,400 μm). Cone density was measured in 100 × 100 μm FOV within each RPE ROI (C) and was close to the range expected for normal eyes (violet and purple lines plot the mean cone density from the in vivo AOSLO data of Song et al. (30) for their younger and older cohort, respectively; dashed lines are ± 2SEM; gray line is the mean cone density from the histology data of Curcio et al. (31).


Since the second patient (Figure 4) was treated with intravitreal injection, we have shown the SLO fundus image, and an OCT B-scan taken prior to the injection in Figures 4A,B. A characteristic torpedo shaped lesion with irregular margins on its temporal aspect is seen in Figure 4C. Standard clinical FAF imaging shows reduced AF signal (Figures 4D-F) from the lesion area and substantial light penetration to the choroid on the OCT B-scan (Figure 4H) suggesting extensive disruption to the RPE. As in patient 1, microperimetry in patient 2 showed reduced sensitivity within the lesion but it was not reduced to same extent seen in patient 1 (Figure 4D).


[image: Figure 4]
FIGURE 4. Standard clinical imaging of patient 2. (A,B) SLO reflectance image and OCT B-scan taken from the location marked with a green line before the injection. (C) Fundus photograph 20 months after the injection. (D-F) SLO images from Spectralis (BAF, IRAF, reflectance) showing reduced FAF signal from the lesion. (G) Sensitivity estimates from MAIA show decreased values but compared to patient 1 they are substantially higher, suggesting intact visual sensitivity within the lesion. Green distribution represents normative data from the manufacturer's database. (H) OCT B-scan taken from the location marked with a green line in (D).


Figure 5A shows the clinical SLO image with red rectangle indicating the area imaged with flood-illumination AO (Figure 5B) and green line showing the location of the B-scan (Figure 5C). Despite a very low AO-IRAF signal in some areas (Figure 5E), the cone mosaic was well defined and clearly visible at many locations within the lesion on FIAO (Figure 5B) and confocal AOSLO (Figure 5D). AO-IRAF did now show the typical RPE mosaic within the lesion but trace signatures of the mosaic and RPE cells are seen in the bottom left corner of the montage just outside the margins of the TM lesion as well as at the right edge of the AO-IRAF montage.


[image: Figure 5]
FIGURE 5. Adaptive optics ophthalmoscopy imaging of the patient 2. (A) A clinical SLO reflectance image showing the location of the FIAO montage with red box and OCT B-scan with a green line going through the lesion. (B) FIAO montage showing typical photoreceptor mosaic outside the lesion. The yellow outline indicates the area imaged using AOSLO, with yellow bar showing the FIAO image location in the OCT B-scan. (C) B-scan showing extensive damage at the RPE layer with slightly increased light penetration to the choroid. (D) Confocal AOSLO montage of the lesion area. Compared to FIAO, the cone mosaic is sharper and has more contrast due to confocality and rejection of out-of-focus light. Even within the lesion patches of photoreceptor mosaic are seen. (E) AO-IRAF shows highly reduced FAF from the lesion throughout, even within areas where the photoreceptor mosaic seemed healthy, suggesting that the RPE underlying the photoreceptors is damaged. The colored dashed squares mark the location of the zoomed in areas at the bottom with colors indicating the areas. The B-scan locations are marked with a green line and in the B-scans the white arrow heads show the edges of the zoomed in area. The location of the fovea is marked with an asterisk in (E).




DISCUSSION

Herein, we show the in vivo morphology of both the cone and RPE cell mosaics in TM for the first time. These findings suggest that outside the TM lesion, RPE morphometry is relatively normal. However, near the margin of the lesion, we see marked changes in RPE morphometry characteristic of a disrupted cell mosaic. Within the TM lesion, we observed differences between the two cases that may reflect differences between type I and type II lesions. In patient 1 (Figures 1–3), with a type II lesion (neurosensory detachment), we saw reduced AO-IRAF compared to the normal appearing areas outside the lesion but there was still well-defined structure within the lesion such as several areas of hyper-autofluorescence similar in size to individual RPE cells. It is possible that these hyper-autofluorescent areas represent RPE cells that have been altered due to the TM and accumulated additional NIR fluorophores. Another possible explanation of the hyperautofluorescence in the lesion borders could be RPE rounding/stacking but we did not see evidence of this when we examined the B-scan stack going through the lesion, particularly the hyperAF areas.

In the second case, there was very little well-defined RPE structure within the TM lesion; though some areas of hyper- and hypo-autofluorescence were seen, no hyper-AF structures were seen that had a similar appearance to what was seen in the first case. Since the photoreceptor mosaic in the confocal channel was well-resolved we do not think that this is an artifact due to poor image quality but rather is reflective of the distribution of fluorophores within the RPE.

Compared to other studies that have implemented commercial flood-illumination adaptive optics retinal cameras in their studies, the confocal reflectance images show similar morphology with no clear photoreceptor mosaic visible (21, 22). Most likely the photoreceptors are there but are misaligned resulting in an altered reflectance signal.

Interestingly, some retinal sensitivity was preserved within the lesion bounds in both patients. This was unsurprising in patient 2, with the type I TM lesion, since it appeared both clinically and on AO-IRAF that sufficient RPE was present to support some photoreceptor survival and function. It was more surprising to see some evidence of photoreceptor function in patient 1, in whom the RPE appeared macroscopically and on AO-IRAF to be mostly obliterated. Given that eyes with complete and chronic RPE atrophy often exhibit severe outer retinal disruption, this observation led us to speculate that neurosensory detachment from a pathological RPE might have been relatively protective to the photoreceptors. It also caused us to question whether TM is congenital, for if so, the observations suggest that it must arise relatively late in development, after outer retinal development and photoreceptor packing are completed. Considering our sensitivity losses in comparison to the literature, it appears that sensitivity losses in TM vary across a spectrum ranging from little to mild losses, such as the case of patient 3 with Wong et al. (9) to moderate losses such as seen in our case 2 to the more severe losses accompanied by cavitation such as in our case 1 and Wong's patient 4.

As patient 2 underwent a single intravitreal bevacizumab injection prior to being imaged in our study, it is possible that that previous neovascularization might have altered the structure of the RPE. However, based on the literature (3, 14), it appears relatively common to have neovascularization on this rare condition, especially with type I. It is possible that there are some different alterations to the retina in TM with and without neovascularization. Without additional data, it is hard to interpret the level of influence on the AF signal itself.

Although the sample size for this descriptive study was limited by the low prevalence of TM, we were able to image both variants, type I and II, in detail. Clinically, TM can present with varying appearance and new possible lesion subtypes (32) may still be discovered such as those presenting with vitelliform material (33). Near infrared autofluorescence imaging using adaptive optics is an exciting new field and more quantitative results are possible in future studies.



CONCLUSION

Contrary to our expectation that the transition from abnormal to normal cellular mosaics would be relatively abrupt, with abnormalities confined to the immediate vicinity of the lesion, we found that RPE morphometric alterations extended well beyond the bounds of the clinically defined TM lesion. Additionally, the demarcation between abnormal and normal cone and RPE mosaics were not aligned, as cone density appeared to fall within the normal range at each of the locations where RPE cells were quantified in case 1, even though RPE cell morphometry was abnormal in several of these locations. The fluorescence signal that we detect with adaptive optics ophthalmoscopy can show alterations in the RPE when the structural cone images still appear normal. This was shown here in the case of TM patients, but this methodology can be adapted to various diseases and when accompanied by complimentary imaging modalities such as OCT, is a promising tool for clinicians to study the health of the retina.
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Aim: The purpose of this work was to develop and evaluate magnetic resonance imaging (MRI)-based radiomics for differentiation of orbital cavernous hemangioma (OCH) and orbital schwannoma (OSC).

Methods: Fifty-eight patients (40 OCH and 18 OSC, confirmed pathohistologically) screened out from 216 consecutive patients who presented between 2015 and 2020 were divided into a training group (28 OCH and 12 OSC) and a validation group (12 OCH and 6 OSC). Radiomics features were extracted from T1-weighted imaging (T1WI) and T2-weighted imaging (T2WI). T-tests, the least absolute shrinkage and selection operator (LASSO), and principal components analysis (PCA) were used to select features for use in the classification models. A logistic regression (LR) model, support vector machine (SVM) model, decision tree (DT) model, and random forest (RF) model were constructed to differentiate OCH from OSC. The models were evaluated according to their accuracy and the area under the receiver operator characteristic (ROC) curve (AUC).

Results: Six features from T1WI, five features from T2WI, and eight features from combined T1WI and T2WI were finally selected for building the classification models. The models using T2WI features showed superior performance on the validation data than those using T1WI features, especially the LR model and SVM model, which showed accuracy of 93% (85–100%) and 92%, respectively, The SVM model showed high accuracy of 93% (91–96%) on the combined feature group with an AUC of 98% (97–99%). The DT and RF models did not perform as well as the SVM model.

Conclusion: Radiomics analysis using an SVM model achieved an accuracy of 93% for distinguishing OCH and OSC, which may be helpful for clinical diagnosis.

Keywords: orbit, radiomics, cavernous hemangioma, schwannoma, machine learning


INTRODUCTION

Orbital cavernous hemangioma (OCH) is a common primary tumor representing ~8% of all orbital lesions (1). Patients with OCH typically show slow-moving progression and painless proptosis, although some suffer from disturbance in vision and visual fields (2). Though having a similar clinical manifestation to OCH (3), orbital schwannoma (OSC) accounts for <1% of orbital lesions. However, the prognosis and therapeutic strategies for the two tumors are always different. Observation is a possible choice for those patients newly diagnosed with OCH, but surgical intervention is often needed for OSC patients, as OSC typically shows progressive growth (4, 5). Therefore, it is necessary to identify the two tumors (3, 6, 7).

Because of their similar clinical features, the identification of OCH and OSC can be clinically challenging. Several imaging studies attempted to clarify the differences between them (8–10), indicating that OCH has a more regular shape than OSC, and that markedly homogeneous hyperintense signal on T2-weighted magnetic resonance imaging (MRI) favors OCH rather than OSC. Furthermore, the contrast enhancement on dynamic contrast-enhanced MRI may also be helpful for distinguishing the two tumors; OCH shows “progressive” enhancement starting from a small point or portion, with the contrast media later filling up the tumor, whereas OSC shows enhancement starting from a wide area, with heterogeneous or homogeneous enhancement occurring later (8). However, these findings may not always work well in the clinic, with some images being indistinguishable and dividing opinion with an absence of objective evidence. Therefore, an objective identification method would be preferred by the clinician.

Radiomics, a promising and rapidly growing discipline, can be defined as the quantification of the phenotypic features of a lesion from medical images. It involves the extraction of a large number of quantitative features from medical images and their subsequent analysis to support clinical decision-making (11–13). It can overcome some of the limitations of subjective analysis with the human eye, squeezing out more information from each image (14). Radiomics approaches are currently becoming more and more popular in clinical auxiliary diagnosis and prognosis (15–17).

However, to the best of our knowledge, there is no published study using radiomics to distinguish OCH from OSC. In this study, we applied radiomics analysis to the differentiation of the two tumors and evaluated the results.



SUBJECTS AND METHODS


Patients

Two hundred and sixteen consecutive patients diagnosed with OCH or OSC between 2015 and 2020 were identified in the electronic medical record system (EMR) of Shanghai Changzheng Hospital. All patients were retrospectively recruited and signed informed consent before this study.

The inclusion criteria were: (1) patients newly diagnosed with OCH or OSC with biopsy confirmation; (2) tumor involving the eye of only one side; (3) complete and clear MRI data collected on scanners of the same model; (4) no surgical or other therapy prior to MRI scanning. Patients with incomplete MRI or with imaging of insufficient quality were excluded. Figure 1 summarizes the patient recruitment process.


[image: Figure 1]
FIGURE 1. The recruitment of patients and design of this study. OCH, orbital cavernous hemangioma; OSC, orbital schwannoma.




MRI Pre-processing

The DICOM format MRI of all included patients were acquired from the picture archiving and communication system of Shanghai Changzheng Hospital. The MRI examinations were performed on a 3.0-T scanner [Achieva 3.0T (TX) DS MR system, Philips Healthcare] with heart of FreeWave, an advanced modular 32-channel digital data acquisition system, and high-resolution head coil. Pre-contrast turbo spin-echo (TSE) T1-weighted imaging (T1WI) and T2-weighted imaging (T2WI) with fat suppression were acquired. The parameters were set as follows, for T1WI, the repetition time (TR) was 470 ms, echo time (TE) 12 ms, 16 slicers with thickness of 3 mm and a gap of 0.3 mm, 200–400 mm field of view (FOA), the flip angle (FA) was 90° and the number of signal acquisition (NSA) was 1; for T2WI, the driven equilibrium technology was used and the TR 3,000 ms, TE 80 ms, 16 slicers with thickness of 4 mm and a gap of 0.4 mm, 200–400 mm FOA, FA 90° and NSA was 2. To compare the efficiency of the different sequences, radiomics analyses were performed separately on the T1WI, T2WI, and combined (T1WI + T2WI) sequences. For each sequence, ~70% (28 OCH and 12 OSC) of the acquisitions were selected as the training data and the remaining 30% formed the validation data.

First, MRI bias was corrected using the N4ITK MRI bias correction (18), then all images were horizontally mirrored. Regions of interest (ROIs) were then outlined on each slice by an ophthalmologist and a radiologist using the free open-source software package 3D Slicer version 4.11(https://download.slicer.org/). The ROIs for each patient were outlined separately in the original images and mirror images, to reduce bias. The intraclass correlation coefficients (ICCs) between the two researchers were calculated for all extracted features to determine the reliability of the ROIs.



Feature Extraction and Selection

The feature extraction was performed for all selected MRIs and their corresponding ROI masks using Python 3.7 (https://www.python.org/downloads/release/python-3711/) with Official default parameters (http://www.radiomics.io/pyradiomicsnotebook.html). The features included first order features, shape features, gray level co-occurrence matrix (GLCM), gray level dependence matrix (GLDM), gray level run length matrix (GLRLM), gray level size zone matrix (GLSZM), and neighboring gray tone difference matrix (NGTDM). These features are defined in the Results section. Zero-mean normalization was applied to these quantitative features following deletion of null values and features stored as string type.

In this analysis, to avoid overfitting and balance the limited samples and redundant features, we adopted four methods to select features. After simple t-tests, the LASSO linear regression model was applied, a model that can avoid overfitting and is suitable for analyzing small samples with high-dimensional features (19). However, many features still remained after the application of LASSO, so we then applied recursive feature elimination-cross validation (RFE-CV), a feature selection method that iteratively removes the least important features until the optimal number is reached. Despite these measures, the results were still not significant. Considering the potential for collinearity among the features, we created a correlation heat map, which confirmed out suspicions. Therefore, the dimensionality reduction method of PCA was adopted, which works by recombining a new set of composite variables unrelated to each other from the original features, and a few of these composite variables were extracted to faithfully reflect the original features as much as possible. Finally, fewer features were selected to construct the models (six features on T1WI, five features on T2WI, eight features on T1 + T2). Statistical analysis and plotting were performed with R (R vision 4.0.3, https://cran.r-project.org/).



Model Construction and Evaluation

The selected features were used to build the classification models. In this analysis, a logistic regression (LR) model, support vector machine (SVM) model (linear kernel), random forest (RF) model, and decision tree (DT) model were constructed. All four models were evaluated on the validation data according to their accuracy score and the area under the receiver operating characteristics (ROC) curve (AUC). A nomogram was also built to visualize a multiparametric MRI prognostication model using radiomics features. Statistical analyses were performed using R statistical software (R version 4.0.3). A P-value <0.05 was considered statistically significant.




RESULTS


Patients and MRI

As shown in Figure 1, 58 patients were eventually included in our study. From these patients, 1640 T1 or T2-weighted MR images in DICOM format were finally selected for further analysis. The lesions showed hypointensity on T1WI and hyperintensity on T2WI. Figure 2 shows example MR images. The demographic information of the included patients is shown in Table 1.


[image: Figure 2]
FIGURE 2. Example images of OCH and OSC. Top left is a T1-weighted image of a patient with OCH, top right is a T2-weighted image of the same patient. Bottom left is a T1-weighted image of a patient with OSC, bottom right is a T2-weighted image of the same patient.



Table 1. Patient demographic information.

[image: Table 1]



Feature Extraction and Selection

A total of 107 features were selected from either T1 or T2 sequences for further analysis. These 107 features included 14 shape features, 18 first order features, 24 GLCMs, 14 GLDMs, 16 GLRLMs, 16 GLSZMs, and 5 NGTDMs. Of the above features, the shape features mainly describe the size and shape of the ROI and are only calculated for the non-derived image and mask, the first order features describe the distribution of voxel intensities within the image region defined by the mask and are computed using common basic metrics, and the remaining features describe texture and gray level intensity distributions with different algorithms and complexity. The ICCs of all extracted features were over 75%.

For the T1WI, t-tests were first employed to screen out 64 features showing a significant difference between OCH and OSC in the training data. A correlation heat map (Figure 3A) then revealed multicollinearity among the features, and LASSO regression was therefore used to reduce the dimensionality of the features. Figure 3B shows the results of the LASSO regression, and Figure 3C the results of a LASSO-Cross validation (LASSO-CV). Then, 13 features were filtered out and RFE-CV based on an SVM was employed for further feature selection. Figure 3D indicates that the cross validation score reached a peak with 11 features. In view of the limited number of samples, PCA was then applied to these 11 selected features to avoid overfitting due to the large number of features. Figure 3E shows a correlation heat map of the above 11 features and Figures 3F–H the results of the PCA, and eventually, 6 features were selected for building the classification models. Using similar feature reduction methods, 5 features from T2 sequences and 8 features from T1 + T2 sequences were finally selected, and these finally selected features were listed in Table 2.


[image: Figure 3]
FIGURE 3. Diagram of the feature selection process. Images (A,E) are correlation heat maps demonstrating correlations between features. The deeper the color, the stronger the correlation. Red indicates negative correlation and blue positive correlation. Image (B) shows the results of the LASSO regression. With increasing penalty parameter the coefficients of the features approach zero and finally converge on an optimal solution. Image (C) shows the results of LASSO-CV. The right dotted line indicates the standard error of the minimum mean square error (the left dotted line) and corresponds to the feature number on the top coordinate. Image (D) shows the RFE-CV, which provided the highest score with the remaining 11 features. Images (F–H) show the results of the PCA. Ten recombined dimensions are shown, with the first five explaining 90% of the original data [image (F)]. Image g shows the feature distributions of the first five dimensions. We finally selected the features whose contribution was higher than average (the dotted line) on Dimension 1 and Dimension 2 [image (H)].



Table 2. The features selected for model construction.
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Model Building and Evaluation

Four models were built using the features described in Table 2. Table 3 shows the accuracy and AUC of each model, and indicates that for all models the T2WI seemed to be superior to the T1WI, both in terms of accuracy and AUC. This table also reveals that the SVM model showed better performance than the other models. Using the T1 + T2 features, the SVM model demonstrated high accuracy of 93% (95% CI: 91–96%) and an AUC of 98% (95% CI: 97–99%). The LR model using T2 features also showed good performance, and a nomogram of this model is exhibited in Figure 4. The LR model had a C-index of 0.93 on the training set and 0.96 on the validation set.


Table 3. The ACC and AUC of each model.
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[image: Figure 4]
FIGURE 4. Results of the logistics regression model applied to T2WI. The feature data were standardized with zero-mean normalization. This nomogram is mainly used to predict the odds of OSC rather than OCH according to the three features. The bottom images show the AUCs of the logistic regression model for the training set (left) and validation set (right).





DISCUSSION

The differentiation of OCH and OSC has long been a clinical problem. In this study, we attempted to solve this problem with radiomics, and the results demonstrated the technique's potential for differentiating between the two disorders.

For orbital tumor patients, T1WI and T2WI are more commonly used than contrast-enhanced MRI, especially for those with renal failure or contrast medium allergy (20). Therefore, our results obtained using only these two routine sequences could be widely used and verified in clinical practice. To explore the contributions of each single sequence and a combined sequence (T1 + T2), we compared radiomics features extracted from each image type. Our results showed that the T2WI provided better accuracy than the T1WI, a conclusion also found in some other studies (16, 21, 22). Hopewell et al. considered that the greater contribution of T2WI may be associated with the heterogeneous angiogenesis of the tumor (23). It is known that ischemia, angioedema, and avascular necrosis are more likely to be observed on T2WI. Furthermore, the much longer echo time on T2WI in comparison with T1WI may also be a factor influencing the results (22). The model using both sequences combined achieved a higher score and AUC than either of the sequences alone, just as Han et al. observed in their studies (16, 24).

OSC may tend to grow rapidly. Of all the selected features, we found that the features of shape_ MajorAxisLength and shape_Maximum2DdiameterSlice were present in all sequence groups. The shape feature MajorAxisLength is defined as the largest axis length of the ROI-enclosing ellipsoid, while the shape feature Maximum2DdiameterSlice is defined as the largest pairwise Euclidean distance between tumor surface mesh vertices in the row-column (generally the axial) plane. As can be seen in Figure 2, a large tumor size may be more indicative of OSC, which may be related to the progressive growth of OSC. Accordingly, a substantial portion of the OCH tumors were found incidentally, whereas almost all the OSC patients were suffering from symptoms of tumor rapid growth. Furthermore, OCH is often found in middle age at 40–50 years, whereas OSC can present at any age (3, 25–27). OSC may manifest heterogeneous on MRI just as a “geographic map.” Except for the above-mentioned two shape features, the other selected features, such as gldm_DependenceEntropy and glcm_MCC, all implied that OSC presented with heterogenous signal intensity. As Tanaka et al. mentioned in their studies (8, 10, 28), OSC is more likely to present heterogeneous than OCH.

The use of radiomics provided a number of advantages compared with previous studies. 1) This was the first attempt to differentiate OCH and OSC with radiomics, and it worked well. 2) Digital features were extracted rather than qualitative assessment through the reader's eye, and detailed data were provided for the analysis rather than a simple statement such as “high signal intensity.” 3) Radiomics can make the reading of images and the analysis automated, thereby reducing human error. 4) Objective and repeatable results are more valuable for the clinician than a subjective judgement. However, there are inevitably some limitations to our study. 1) The limited sample size due to the low incidence of the two disorders may have led to a bias in the results, although we restricted the number of features to avoid overfitting. 2) The data used in this study were from a single center, which may affect the robustness of the model. 3) The absence of an external validation cohort because of the limited samples could also limit the final efficiency. 4) The disproportionate numbers of individuals with OSC and OCH is another limitation, and might have affected the statistics and the results. Therefore, a further multi-center analysis is needed to support our results.
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Purpose: To study the association between axial length (AL) and the thickness of the lens, retina, choroid, and cone density with swept-source optical coherence tomography (SS-OCT) and an adaptive optics (AO) fundus camera.

Design: A prospective cross-sectional study.

Methods: This study included 136 eyes in 68 subjects. SS-OCT was used to quantify the thickness of the lens, ganglion cell complex (GCC) layer, inner nuclear layer (INL), outer retinal layer (ORL), and choroid layer. Adaptive optics was used to quantify spatial features of the cone photoreceptors, including density, spacing, regularity, and dispersion. The associations among the AL and the thickness of lens, retina, choroid, and cone features were evaluated with linear regression.

Results: With the severity of myopia, the increased AL was associated with thinning of the lens (P < 0.001, 95% CI: −100.42 to −49.76). The thickness of the ORL and choroid decreased significantly (all P < 0.001), whereas the thickness of the GCC and INL decreased only in the outer ring (both P < 0.01). There was a significant correlation between the cone density/spacing and AL (both P < 0.001). Although cone density was reduced from 25,160/mm2 to 19,134/mm2 in the inner region and from 17,458/mm2 to 13,896/mm2 in the outer region, the best-corrected visual acuity (BCVA) was 20/20 or greater.

Conclusions: We found that the lens thickness (LT), ORL, and cone density decreased in myopia. While decreasing cone density and ORL thickness should be related to axial elongation, decreasing of LT might imply intrinsic physical accommodation. These results provide further morphological changes of myopia.

Keywords: myopia, retina, cone, lens, adaptive optics


INTRODUCTION

Myopia is a common refractive condition where parallel rays entering the eye are imprinted in front of the retina rather than focusing on it when ocular accommodation is relaxed (1). The prevalence of myopia is increasing dramatically on a global basis (2), particularly in East Asia, where the prevalence of myopia reaches >80% in young adults (3). It is assumed that 50% and 10% of the world population will develop myopia and high myopia (HM), respectively (4). Myopia is regarded as a major global public health problem (3). Accordingly, understanding the anatomical changes of myopia is of great importance for understanding the mechanisms of this condition, as well as making strategic plans to control it.

Recently, it has been generally believed that myopia may be the result of a disruption of the balance between axial elongation and loss of refraction power of the cornea and lens (5, 6). It was reported that corneal power became stabilized early in life, at approximately 1–2 years after birth (7, 8). Consequently, the importance of lens power and axial length (AL) in myopia is exaggerated (9). To maintain an emmetropization status, AL continues to elongate while the lens tends to be thin and flatten during human growth and development (3). However, when the lens reaches a limit where it can no longer compensate for the growth of the axis, myopia occurs (7, 9).

With the development of myopia, the fundus also changes. Several studies reported that choroidal thickness (10, 11) and choroidal blood perfusion (10, 12) reduced dramatically in HM eyes. Meanwhile, reductions in retinal thickness and vascular density have been demonstrated (13, 14). These changes observed in HM eyes were regarded mainly as the consequence of axial elongation (15, 16). The primary function of the choroid is to supply oxygen and nourishment to the outer retina (17). When the choroid thickness and blood perfusion decrease, the outer retina is affected, which may lead to dysfunction of the photoreceptors (18).

However, reports concerning whether the thickness of the lens and whether the photoreceptors are changed concurrently during the progression of myopia are limited, partially because of lacking applicable technology that could reveal the detailed morphological changes. To explore the changes of cone photoreceptors in myopia, we used an adaptive optics (AO) fundus camera to measure the parameters of the cone photoreceptors in patients. Simultaneously, the thicknesses of the lens, retina, and choroid were obtained from high resolution swept-source optical coherence tomography (SS-OCT), which presented higher penetration up to 6 mm and made as detailed a measurement as possible. We analyzed the relationship between AL and the lens thickness (LT), choroidal thickness, retinal thickness, and spatial features of the cone photoreceptors in a cohort of young myopic patients.



METHODS


Subjects

A total of 68 subjects between the ages of 21 and 32 years were recruited from Henan Provincial People's Hospital from December 2020 to February 2021. Approval for the study was obtained from the Ethics Committee of Henan Eye Hospital. All participants signed written informed consent after being informed about the nature and possible consequences of the project, in compliance with the tenets of the Declaration of Helsinki.

All the participants underwent the collection of disease history and a comprehensive ophthalmic examination, including best-corrected visual acuity (BCVA), refraction error (non-cycloplegic), non-contact tonometer (NT-530, NIDEK, Gamagori, Japan) for intraocular pressure (IOP), slit-lamp, and fundus photography (DRS, Padova, Italy). Axial length was measured (IOL Master 500; Carl Zeiss Meditec AG, Jean, Germany). The spherical equivalent (SE) of all eyes was calculated followed by the spherical power plus half of the negative cylinder power. The inclusion criteria were 20–35 years of age; BCVA 20/20 or better; 10–21 mmHg of IOP; no eye tremor, and good fixation. The exclusion criteria were the use of any eye drops recently, abnormal physical development in eyes, any history of general diseases, ocular diseases and eye surgeries, and pregnant and lactating women.



Swept-Source Optical Coherence Tomography and Swept-Source Optical Coherence Tomography Angiography Measurements

All subjects were imaged using SS-OCT (VG200D SVision Imaging, Henan, China) with a central wavelength of 1,050 nm and a scanning speed of 200,000 A-scans per second. The system provided axial resolutions of 5 μm and transverse resolutions of 20 μm. Only high-quality scans which had signal strength >8 (0 = poor, 10 = good) were selected. The data of both eyes of the subjects were collected. All scans were performed by the same experienced operator.

In anterior segment scanning, two sets of images (the anterior chamber was included in the cornea group) were obtained from 18 consecutive radial B-scans (Star 18 Line R32 mode) of the cornea/lens by the axial shifting of the focal planes on the cornea and the lens, respectively. During imaging, the examiner observed the position of the eyes to achieve optimal alignment, which was defined as a “corneal reflex” (an optically vertical line through the center of the image, Figures 1A,B) was seen. The central corneal thickness (CCT), anterior chamber depth (ACD), and LT were measured with built-in software. The images were excluded from the analysis when their quality from one eye was poor.


[image: Figure 1]
FIGURE 1. Examination of central corneal thickness (CCT), anterior chamber depth (ACD), lens thickness (LT), choroid, and retina. (A) CCT and ACD; (B) LT; (C) optical coherence tomography (OCT) image. The built-in software in swept-source OCT (SS-OCT) automatically divided fundus structure into four layers: (i) ganglion cell complex (GCC) layer; (ii) inner nuclear layer (INL); (iii) outer retinal layer (ORL); (iv) choroid layer. (D) OCT angiography (OCTA) image. The white vertical line is “corneal reflex” in (A,B), the red region is the Early Treatment Diabetic Retinopathy Study (EDTRS) grid in (C). CCT, central corneal thickness; ACD, anterior chamber depth; LT, lens thickness; OCT, optical coherence tomography; SS-OCT, swept-source optical coherence tomography; OCTA, optical coherence tomography angiography; EDTRS, Early Treatment Diabetic Retinopathy Study.


Posterior segment scanning mode (Angio 6 × 6 mm, 512 × 512 R4 modes) was used to obtain macular SS-OCTA (a 6 × 6 mm radial scan centered on the fovea). In this mode, a total of 512 lines were scanned each time. In total, 512 A-scans were performed for each line, and each line was scanned four times. Retinal/choroidal thickness was automatically divided into four layers (Figure 1C) with the built-in software: (i) ganglion cell complex (GCC) layer, perpendicularly from the inner edge of the retinal nerve fiber layer to the outer edge of the inner plexiform layer; (ii) inner nuclear layer (INL), perpendicularly from the inner edge of the INL to the outer edge of the INL; (iii) outer retinal layer (ORL), perpendicularly from the inner edge of the outer plexiform layer to the inner edge of the RPE; (iv) choroid layer, perpendicularly from the outer edge of the RPE to the choroid–sclera junction. A retinal/choroidal thickness map was established based on the Early Treatment Diabetic Retinopathy Study (ETDRS) grid (Figure 1D), which was centered on the fovea, separating the region into nine subfields by three concentric circles: an inner circle (diameter of 1 mm), a middle circle (diameter of 3 mm), and an outer circle (diameter of 6 mm). The inner ring (between the inner and middle circles) and the outer ring (between the middle and outer circle) were divided into four quadrants: superior, temporal, inferior, and nasal. The built-in SS-OCT software automatically calculated the average values of the eight regions, including four quadrants from the inner and outer rings. The images of two eyes were poor and were excluded from the analysis.



AO Measurements

An AO fundus camera (rtx1, Imagine Eyes, Orsay, France) was used to reveal the spatial features of cone photoreceptors. One captured field of imaging was 4° × 4° which was equivalent to 1,200 × 1,200 μm. The initial coordinate was (0°, 0°), which corresponded to the fovea. The subjects were asked to consecutively fixate at 3° of eccentricity along the four meridians of superior, temporal, inferior, and nasal, to image the parafoveal regions. After the image acquisition, five pictures were analyzed with the built-in software (i2k Retina Pro) to generate a montage size of approximately 10° × 10° which was equivalent to 3 × 3 mm. The inner ring of the ETDRS was the area between the inner circle (diameter 1 mm) and the middle circle (diameter 3 mm), corresponding to the view of the AO montage image (3 × 3 mm) (Figure 2, red cycle).


[image: Figure 2]
FIGURE 2. Representative images of swept -optical coherence tomography angiography (SS-OCTA) and adaptive optics (AO). (A) The AO image is superimposed on the fundus image by SS-OCTA. The AO montage with a window size of 10° × 10° was created centered on the fovea. The eight white squares shown in the figure represent the measured locations, including four for the inner region (the circle with a diameter of 4°) and four for the outer region (the circle with a diameter of 8°); (B) one of the images that made up the AO montage. ROI, white square, represented acquisition window (the size of 100 × 100 μm); (C) The white square is a magnified view of an ROI. SS-OCTA, swept-optical coherence tomography angiography; AO, adaptive optics; ROI, region of interest.


The spatial features of the cone photoreceptors were analyzed with software provided by the manufacturer (AO Detect 0.2; Imaging Eyes, Orsay, France). The cones were analyzed at 2° (inner region) and 4° (outer region) eccentricity along the four meridians of superior, temporal, inferior, and nasal. Three 100 × 100 μm regions of interest (ROIs) avoiding blood vessels were chosen. The spatial characteristics of cones, including density, spacing, regularity, and dispersion were recorded. Cone density was defined as the number of cells per square millimeter, cone spacing was defined as the center-to-center spacing of adjacent cones, cone regularity was defined as the percentage of cells that had five to seven neighbor cells, and cone dispersion was defined as the spread of cones, which was the coefficient of variation of the cone spacing. The average values of the three parameters were obtained. The AO images of 40 eyes were poor and were excluded from the analysis.



Statistical Analysis

Statistical analyses were performed using SPSS (version 21.0; IBM SPSS, Chicago, Illinois, USA). Age differences were analyzed by Spearman's correlation. Pearson's correlation and regression were used to analyze the relationship between AL and the biological parameters of anterior and posterior segments. A P-value of 0.05 was chosen to denote statistical significance.




RESULTS


General Information

A total of 136 eyes were included. The demographics are presented in Table 1, and the ocular biometric parameters are presented in Supplementary Table 1. There were 52 eyes from 26 men and 84 eyes from 42 women including 37 emmetropia and low myopia (EM/LM, +0.50 to −2.75 D of the sphere), 52 moderate myopia (MM, −3. 00 to −5.75 D of the sphere), and 47 HM (HM, ≤ −6.00 D of the sphere) eyes. The mean age of the patients was 24.07 ± 2.33 years, with a range between 21 and 32 years.


Table 1. Patient demographics.
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Associations Between Axial Length and Ocular Parameters

We investigated linear relationships between AL and SE. Axial length was negatively correlated with SE (r = −0.764, P < 0.001, 95% CI: −1.72 to −1.29, Figure 3). In Figure 3, with the increase of AL, ACD increased significantly (r = 0.666, P < 0.001, 95% CI: 100.20 to 162.61) and LT decreased significantly (r = −0.453, P < 0.001, 95% CI: −100.42 to −49.76), while CCT did not change (r = 0.108, P = 0.213, 95% CI: −1.48 to 6.58).


[image: Figure 3]
FIGURE 3. Correlations between axial length (AL) and other relative biometric parameters. Scatterplots showing AL vs. (A) spherical equivalent (SE); (B) CCT; (C) ACD; (D) LT. AL, axial length; SE, spherical equivalent; CCT, central corneal thickness; ACD, anterior chamber depth; LT, lens thickness.


Figure 4 shows the scatter plots and linear regression of retinal and choroidal thickness as functions of AL. With axial elongation, the thickness of ORL and choroid decreased significantly both in the inner ring and outer ring (r = −0.418 to −0.320, all P < 0.001, Figure 4), whereas the GCC and INL layers tended to decrease in the outer ring (r = −0.458 to −0.358, both P < −0.01, Figure 4). In addition, we found that as AL increased, the GCC thickness of the superior, temporal, and inferior sectors in the outer ring decreased, but that of the nasal sector had no change (Supplementary Table 2).


[image: Figure 4]
FIGURE 4. Correlations between AL and the thickness of choroid and retina. Scatterplots showing AL vs. (A) choroidal thickness; (B) outer retinal layer (ORL); (C) inner nuclear layer (INL); (D) ganglion cell complex (GCC). The solid lines and filled circles represent the results in the inner ring. The dashed lines and open circles represent the results in the outer ring. AL, axial length; ORL, outer retinal layer; INL, inner nuclear layer; GCC, ganglion cell complex.




Associations Between Axial Length and the Spatial Features of Cones

The cone spatial distribution has four characteristics: density, spacing, regularity, and dispersion. Axial length elongation was significantly correlated with density and spacing both in the inner and outer regions (r = −0.724 to.743, all P < 0.001, Figure 5; Table 2), while was not related to the regularity and dispersion (both P > 0.05, Table 2).


[image: Figure 5]
FIGURE 5. Correlations between AL and cone photoreceptor spatial distribution features. Scatterplots show AL vs. (A) cone density; (B) cone spacing. The solid lines and filled circles represent the results in the inner region. The dashed lines and open circles represent the results in the outer region. AL, axial length.



Table 2. Correlations between AL and cone spatial distribution features.
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The Relationship Between the Cone Spatial Features and the Thickness of Choroid and Retina

We further analyzed the association between the spatial characteristics of cone photoreceptors with the thickness of the choroid and retina. We found that thickness of the choroid/ORL was significantly correlated with cone density (r = 0.297 to.332, both P < 0.01, Table 3) and cone spacing (r = −0.311 to −0.292, both P < 0.01, Table 3), but not with cone regularity and dispersion (all P > 0.05, Table 3). However, with the decrease of INL, cones were less regular (r = 0.224, P = 0.028, 95% CI: 0.01 to 0.18, Table 3) and more dispersed (r = −0.228, P = 0.025, 95% CI: −0.15 to −0.01, Table 3), whereas GCC was not associated with cone density and spacing (both P > 0.05, Table 3).


Table 3. Correlations between cone features and the thickness of choroid and retina.
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DISCUSSION

We evaluated the changes of major biometric parameters of the myopic eyes by SS-OCT and cone photoreceptor spatial features by AO. This study was a comprehensive evaluation of the changes of the anterior and posterior segment parameters simultaneously in myopic eyes. We found that among the changes of the refractive system and fundus structure in young myopic adults, the changes with regards to the lens and cones were particularly prominent, in addition to the choroidal thickness.

Our findings are in agreement with previous studies that AL was negatively correlated with LT (19, 20), positively correlated with ACD (20), and not correlated with CCT (21, 22). Central corneal thickness, ACD, and LT are important components of AL. Before axial myopia occurs, the image could still focus on the retina through adaptive thinning of the lens. However, when the thinning of the lens fails to neutralize the growing axis of the eye (9), the image is focused in front of the retina, which may be the so-called irreversible true axial myopia. Because an accommodative lens may play a key role in the development of myopia, it is crucial to understand the changes of the lens during this process. While such data are still limited, partially because of lacking adequate and accurate detecting instruments.

During human growth and development, the thickness and shape of the lens change by producing new protein fibers (7, 20, 23, 24). Studies have shown that most children are far-sighted in the first few years of their life. With the growth of the eye, the AL gradually increases and the lens becomes relatively thinner to achieve a state of emmetropia (23, 24). There were a few reports concerning lens changes in myopia, nevertheless, the conclusions were controversial. Some studies showed that thinning of the lens was correlated with myopia (20, 24, 25), while some suggested that there was no correlation between LT and myopia (26, 27). Our findings are consistent with the former. A possible explanation for the difference in the results may be the methods or the subjects enrolled in these studies, such as the age of the patients and instruments used. In our study, the mean age of the participants was 24.07 ± 2.33 years, which was younger than other studies (26, 27). On the other hand, we used SS-OCT, which provided micron-scale accuracy, and we strongly believe it was better than instruments applied in previous studies. In most studies, myopia was thought to be caused mainly by the lengthening of the vitreous cavity (28), while little attention was paid to the changes of the lens. Our study provided solid evidence that reducing LT may be crucial in counteracting axial elongation functionally. During the progress of myopia, thinning of LT may, to some extent, compensate for the elongation of AL, which helps the eye maintain better vision. However, thinning of the lens should have certain limitations. When the limitation was reached, a focused image would be formed in front of the retina and near sight happens. Therefore, the importance of the changes of LT in myopia, especially in the earlier stages, was exaggerated.

Concerning the posterior segment, several studies have shown the relationship between the thinning of the retina and choroid with increasing myopia (29–32). Our findings further confirmed that of previous studies that thinning of ORL and choroid occurs in the inner and outer rings. In addition, we found that there was a significant negative correlation between AL and GCC or INL in the outer ring, but there was no correlation in the inner ring. The findings supported the opinion proposed by Lim et al. and Liu et al. that the thinning of the retina is more common in the outer ring (16, 33). In addition, as the AL increased, the GCC thickness of the superior, temporal, and inferior quadrants in the outer ring decreased, but the nasal quadrant did not change. A possible explanation was that as the eye stretched axially, the retina moved temporally away from the optic disc, which was also a reason for the formation of the tilted optic disc and the temporal crescent in high myopia.

We found that increased AL was significantly associated with decreased cone density and increased cone spacing in the inner and outer regions. One possible explanation was that the changes in cone photoreceptor distribution in young myopia were due to mechanical tension caused by axial elongation. The area covered by the retina was expanded along with the increase of the AL, which in turn caused the covering of a larger area with the same number of photoreceptors. Although cone density was reduced from 25,160/mm2 to 19,134/mm2 in the inner region and from 17,458/mm2 to 13,896/mm2 in the outer region in this cohort of patients, their BCVA, however, was 20/20 or greater. These data suggested that the decrease of cone density measured at 2 and 4 degrees of eccentricity did not affect the visual acuity in this cohort, even though the cone density at the fovea was still unknown. The notion was supported by our previous study where the cone system function was not affected in a similar cohort of myopia cases as tested by an electroretinogram (34). On the other hand, we did not see the association between AL and cone regularity, as observed in previous studies in myopia (18). It should be noticed that the current AO cannot ensure a high-quality image in each individual, even in young subjects. Factors that affect image acquisition include vitreous floc opacity, which is not uncommon in myopia patients. On the other hand, the quality of AO imaging is limited by pupil size and refractive compensation. Therefore, useful images were not obtained from all subjects. In addition, an AO retinal camera cannot resolve the cones in the center of the fovea because of the density, hence the software probably limits the closest analysis to two-degree eccentricity. Clearly, further research is necessary when an adequate standard is established.

In summary, we observed changes in the anterior and posterior segments in a cohort of myopic patients with high-resolution image systems. In addition to the decreasing of retinal and choroidal thickness, we found that the LT and cone density were remarkably decreased. Our study indicated that the change of the lens happened concurrently with the mosaic of cone photoreceptors. Thus, clinical assessment in myopia should consider these changes in the development of the common disorder, which may, in turn, result in further revealing their underlying mechanisms and developing novel interventions for this complicated condition.
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Segmentation Errors in the Measurement of Volumetric Parameters by Swept-Source Anterior Segment Optical Coherence Tomography
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Purpose: To investigate the error rate of segmentation in the automatic measurement of anterior chamber volume (ACV) and iris volume (IV) by swept-source anterior segment optical coherence tomography (SS-ASOCT) in narrow-angle and wide-angle eyes.

Methods: In this study, fifty eyes from 25 narrow-angle subjects and fifty eyes from 25 wide-angle subjects were enrolled. SS-ASOCT examinations were performed and each SS-ASOCT scan was reviewed, and segmentation errors in the automatic measurement of ACV and IV were classified and manually corrected. Error rates were compared between the narrow-angle and the wide-angle groups, and ACV and IV before and after manual correction were compared.

Results: A total of 12,800 SS-ASOCT scans were reviewed. Segmentation error rates of angle recess, iris root, posterior surface of the iris, pupil margin, and anterior surface of the lens were 84.06, 93.30, 13.15, 59.21, and 25.27%, respectively. Segmentation errors of angle recess, iris root, posterior surface of the iris, and pupil margin occurred more frequently in narrow-angle eyes, while more segmentation errors of the anterior surface of the lens were found in wide-angle eyes (all P < 0.001). ACV decreased and IV increased significantly after manual correction of segmentation errors in both groups (all P < 0.01).

Conclusion: Segmentation errors were prevalent in the volumetric measurement by SS-ASOCT, particularly in narrow-angle eyes, leading to mismeasurement of ACV and IV.

Keywords: segmentation error, anterior chamber volume, iris volume, swept-source anterior segment optical coherence tomography, narrow angle


INTRODUCTION

Anterior segment optical coherence tomography (AS-OCT) is a non-contact, rapid imaging device that uses low-coherence interferometry to obtain cross-sectional images of the anterior segment (1). The swept-source anterior segment OCT (SS-ASOCT) delivers high-resolution images of the anterior segment along a large image depth, at a fast acquisition speed (2). The high scan speed facilitates 360 degrees imaging of the anterior segment, providing a more precise and representative measurement of the anterior chamber volume (ACV) and iris volume (IV) (3).

Recent studies have found that ACV and IV were important parameters in the screening, diagnosis, and treatment decisions for narrow-angle or angle-closure patients. Wang et al. reported that the ethnic Chinese tended to have smaller ACV than Caucasians, which was the main contributor to the narrower drainage angle in the Chinese (4). Foo et al. reported that angle width was largely dependent on variation in ACV, anterior chamber area, and lens vault (5). Li et al. tested the power of volumetric parameters to differentiate narrow angle from open angle with gonioscopy as reference standard and found that the patients with narrow angle could be more easily detected using the measurement of ACV (6). These studies indicated that the measurement of ACV could be an important factor in the screening and early detection for anatomically narrow angle, which is beneficial in preventing the development of angle closure glaucoma. Esfandiari et al. reported that eyes with a shallower anterior chamber and thinner irises were more likely to experience angle opening from a laser peripheral iridotomy (LPI), which aided clinicians to decide whether an LPI should be attempted or a primary lens extraction might be indicated for primary angle closure suspects (7). These findings indicated that an accurate and stable measurement of ACV and IV plays an important role in the decision-making of treatment among the narrow-angle subjects.

The built-in segmentation algorithm of SS-ASOCT was commonly used for the automatic measurement of ACV and IV, which detected the anterior and posterior boundaries of the iris and cornea in the individual scans. Previous studies reported that using the automated OCT segmentation algorithm could lead to segmentation errors in the retinal thickness measurement, resulting in the misinterpretation of glaucoma or retinopathy (8, 9). Similarly, in clinical practice, we have noticed quite a few segmentation errors in the automatic measurement of ACV and IV using the built-in caliper software of SS-ASOCT. The inaccuracy of ACV and IV would generate errors in the evaluation of the anatomic characteristics of the angle and iris, leading to unreliable results in both clinical research and the diagnosis or management of subjects with narrow or closed angle. Therefore, in the measurement of ACV and IV, manual adjustment of errors was usually made if the software failed to detect the iris and corneal boundaries at the correct location (3). Moreover, a previous study reported that segmentation errors of OCT were more frequently noticed when the structure was distorted and indistinguishable (10). Analogously, in eyes with narrow angle, the congestion of the anterior segment structure might make it more difficult for the automatic algorithm to identify the border of the anterior segment structure, leading to more segmentation errors.

However, there was no investigation of the prevalence, associated factors, and impact of segmentation errors in volume measurements by SS-ASOCT. In addition, the distribution of segmentation errors in narrow-angle and wide-angle eyes remains unknown. The purpose of the current study was to investigate the error rate of segmentation in the automatic measurement of ACV and IV by SS-ASOCT between narrow-angle and wide-angle eyes, as well as the determinants and the impact of segmentation errors on volume measurements. The study would be helpful to prevent misestimation of the volume parameters determined by SS-ASOCT.



METHODS


Participants

Participants from the Guangzhou Diabetic Eye Study were included in this cross-sectional study. Details of the protocol and eligibility of Guangzhou Diabetic Eye Study have been described previously (11, 12). Subjects who underwent SS-ASOCT imaging at the Zhongshan Ophthalmic Center of Sun Yat-sen University (Guangzhou, China) between December 2017 and July 2018 were considered in the current analysis. The study protocol was approved by the Institutional Review Board and all procedures conformed to the tenets of the Declaration of Helsinki. Written informed consent was obtained from all participants in the study. All participants underwent complete ophthalmic evaluation, such as best-corrected visual acuity measurement, slit-lamp examination, gonioscopy examination, stereoscopic optic disc examination and fundus evaluation with a 90-diopter lens, fundus photographs by a retinal camera (CR-2; Canon, Tokyo, Japan), and intraocular pressure (IOP) measurement by Goldmann applanation tonometry.

Inclusion criteria for the subjects in the current study were: (1) age between 40 and 80 years; (2) best-corrected visual acuity better than 20/200; (3) spherical equivalent < −6 D, astigmatism <3 D; (4) IOP <21 mmHg; (5) without iridotrabecular contact as verified by gonioscopy and SS-ASOCT; and (6) normal appearance of optic nerve under stereoscopic examination.

Exclusion criteria were: (1) history of ocular surgeries; (2) history of ocular trauma; (3) disorders of anterior segment, such as corneal opacity, iridocyclitis, and lens dislocation; (4) fundus diseases except for diabetic retinopathy; (5) inability to fixate for eye examination; and (6) other systemic diseases except for diabetes mellitus.

Gonioscopy was performed in each subject by two independent glaucoma specialists (JH and WH) using a Goldmann-style one-mirror lens (Model 902; Haag Streit, Bern, Switzerland) with low ambient illumination. The angle width of each eye was classified according to the Shaffer grading system. A narrow angle was defined as Shaffer grade one or lower, and a wide angle was defined as Shaffer grade two or higher in all quadrants (13). If a discrepancy of the classification existed, then, two glaucoma specialists performed a second examination and confirmed the state of the anterior chamber angle. Twenty-five wide-angle and 25 narrow-angle subjects who met the inclusion criteria were included in the current study.



Swept-Source Anterior Segment Optical Coherence Tomography (SS-ASOCT)

Swept-source anterior segment OCT (CASIA SS-1000 OCT; Tomey, Nagoya, Japan) examinations and measurements were performed by the same trained physician (JM) who was masked to the clinical data. Miotic or mydriatic medications were not used in any of the subjects for at least 7 days prior to imaging. All SS-ASOCT images were taken under dark conditions (0.16 lux measured with a digital luminometer IM-2D; Topcon, Tokyo, Japan) with sitting posture. To avoid eyelid artifact, the operator gently opened the upper and lower lid without compressing the bulb. The participants were asked to fixate on an internal fixation target during the scan, with refractive correction to perform the measurements in an unaccommodated state. Horizontal standard anterior segment single-scan mode (0–180 degrees) was used for perpendicular scans centered on the pupil and was repeated three times. A volume scan comprising of 128 radial scans was used to image the iris and anterior chamber. Alignment that results in a central corneal reflex ensures good repeatability as recommended by the manufacturer. Images with poor quality due to eye movement or lid overlapping were excluded from analysis.

Swept-source anterior segment OCT linear parameters were measured at the horizontal (0–180 degrees) and vertical B-scan (90–270 degrees) once the scleral spur was manually marked using the built-in caliper software (V.7J.8; Tomey, Nagoya, Japan) by 1 experienced physician (JM). Briefly, anterior chamber depth (ACD) was defined as the axial distance from the corneal endothelium to the anterior lens surface. Anterior chamber width (ACW) was the distance between the two scleral spurs. Lens vault (LV) was defined as the perpendicular distance between the anterior pole of the crystalline lens and the horizontal line connecting the two scleral spurs. Central corneal thickness (CCT) was defined as a distance from the anterior to posterior cornea along a perpendicular line that extends from the median point of the line connecting the two scleral spurs. Each parameter was measured three times and the average value was recorded. All parameters were calculated by the average of the measurements from the horizontal and vertical cross-sections (Figure 1).


[image: Figure 1]
FIGURE 1. Determinations of linear parameters of the anterior segment by swept-source anterior segment optical coherence tomography (SS-ASOCT). Central corneal thickness (CCT) was defined as a distance from anterior to posterior cornea along a perpendicular line that extends from the median point of the line connecting the two scleral spurs. Anterior chamber depth (ACD) was defined as the axial distance from the corneal endothelium to the anterior lens surface. Lens vault (LV) was defined as the perpendicular distance between the anterior pole of the crystalline lens and the horizontal line connecting the two scleral spurs. Anterior chamber width (ACW) was defined as the distance between the two scleral spurs. The dotted line indicates boundaries of the cornea, iris, and anterior surface of lens, which are detected automatically by the built-in software when measuring the anterior chamber volume (ACV) and iris volume (IV). SS, scleral spur.


The measurement of IV and ACV was conducted automatically by the instrument software, with 128 radial scans of each eye included in analysis (images were analyzed for every 1.4 degrees). In the measurement process, the instrument software (V.7J.8; Tomey, Nagoya, Japan) automatically detected the anterior and posterior boundaries of the cornea and iris, and the anterior boundary of lens in the individual scan (Figure 1). The iris root was defined as the intersection of the anterior and posterior iris boundaries and the ciliary body. The anterior iris boundary was defined as the anterior chamber-anterior iris surface interface, whereas the posterior iris boundary was defined as the external border of the iris pigment epithelium. The iris and anterior chamber volume were calculated as a summation of pixel volume derived from individual scans by the algorithm of the software (14).

An experienced glaucoma specialist (HC) reviewed each SS-ASOCT scan and manually corrected segmentation errors using the built-in software when the boundaries of cornea, iris, and lens delineated automatically did not conform with the actual borders. Each scan after manual correction was checked by a second experienced glaucoma specialist (JH) to ensure the accuracy of the manual correction. The categories of segmentation errors and the number of scans with each type of segmentation error were recorded in both the narrow-angle and the wide-angle groups. Furthermore, the IV and ACV of each eye were remeasured and recorded after correction of errors.



Statistical Analysis

Statistical analyses were performed using SPSS software version 25.0 (SPSS, Inc., Chicago, IL, USA). Age between the two groups was compared using an independent t-test. Gender and segmentation error rates of all categories between the two groups were compared using the chi-square test. IV and ACV before and after manual correction were compared using the paired t-test. Differences before and after manual correction of the actual value of IV and ACV were compared using the chi-square test. In addition, univariate logistic regression analyses were performed. The dependent variables were the segmentation error rates of angle recess, iris root, posterior surface of the iris, pupil margin, and anterior surface of lens, respectively, and the independent variables were SS-ASOCT linear parameters, such as CCT, ACD, ACW, and LV. A P < 0.05 was considered statistically significant.




RESULTS

Fifty eyes from 25 narrow-angle subjects and fifty eyes from 25 wide-angle subjects met the inclusion criteria and were included in the current study. Demographic and biometric characteristics are summarized in Table 1. There were no significant differences concerning age, gender, and CCT between the groups (P = 0.653, 0.891, and 0.691, respectively). ACD and ACW were significantly smaller while LV was larger in the narrow-angle group when compared with the wide-angle group (all P < 0.001).


Table 1. Demographics and clinical characteristics of narrow angle and wide angle eyes.
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Comparisons of rates of different segmentation errors between the groups are displayed in Table 2. Segmentation errors were classified by their location. The definition of angle recess segmentation error was that the posterior boundary of the cornea did not reach the angle recess (Figures 2A,B); the definition of a pupil margin segmentation error or iris root segmentation error was that the boundary of iris did not conclude the pupil margin or the iris root (Figures 2C–F); the segmentation error of posterior surface of the iris was defined as the dislocation of boundary of the posterior surface of iris (Figures 2G,H); the segmentation error of lens surface was defined as the dislocation of the boundary of the anterior surface of the lens (Figures 2I,J). A total of 12,800 SS-ASOCT scans were reviewed. Segmentation errors of angle recess, iris root, posterior surface of iris, pupil margin, and anterior surface of lens were noted in 10,760 (84.06%), 11,942 (93.30%), 1,683 (13.15%), 7,579 (59.21%), and 3,234 (25.27%) scans, respectively. Segmentation errors of angle recess, iris root, posterior surface of the iris, and pupil margin occurred more frequently in narrow-angle eyes than wide-angle eyes, while more segmentation errors of the anterior surface of the lens were found in wide-angle eyes (all P < 0.001).


Table 2. Comparison of segmentation error rates of narrow-angle and wide-angle eyes.
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FIGURE 2. Definitions of different types of segmentation errors. (A) Angle recess segmentation error occurs when the posterior boundary of the cornea does not reach the angle recess. (B) The angle recess is accurately located after manual correction. (C) The pupil margin segmentation error occurs when the boundary of the iris does not conclude the pupil margin. (D) The boundary of the iris concludes the pupil margin after manual correction. (E) The iris root segmentation error occurs when the boundary of the iris does not conclude the iris root. (F) The iris root is concluded in the volume measurement after manual correction. (G) The segmentation error of posterior surface of the iris is defined as the dislocation of boundary of the posterior surface of the iris. (H) The posterior surface of the iris is accurately delineated after manual correction. (I) The segmentation error of lens surface is defined as the dislocation of the boundary of anterior surface of lens. (J) The anterior surface of the lens is accurately delineated after manual correction. Arrowheads indicate the location of the segmentation error where the manual correction is carried out.


Comparisons of volume parameters before and after manual correction of segmentation errors between the two groups are shown in Table 3. ACV decreased and IV increased significantly after manual correction of segmentation errors in the narrow-angle group (P = 0.003 and 0.001, respectively) and the wide-angle group (both P ≤ 0.001). As for changes in ACV and IV before and after correction (ΔACV, ΔIV), as well as the percentage of ΔACV or ΔIV in actual ACV or IV (ΔACV/ACV-AC and ΔIV/IV-AC), there were no significant differences between narrow-angle and wide-angle eyes (all P > 0.05).


Table 3. Comparison of volume parameters of two groups before and after manual correction.
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Associations between total segmentation error rates of different types and anterior segment parameters were evaluated by univariable logistic regression analysis (Table 4). Smaller ACD was significantly associated with more segmentation errors in angle recess, iris root, posterior surface of the iris, and pupil margin, while larger ACD was associated with more incorrect delineation of the anterior surface of lens (all P < 0.001). In addition, a thicker CCT was associated with more segmentation errors of the anterior surface of lens (P < 0.001). Besides, smaller ACW was associated with more segmentation errors in angle recess (P = 0.001) and iris root (P < 0.001), while larger ACW was associated with more failure of delineation of the anterior surface of lens (P < 0.001). Furthermore, larger LV was associated with more angle recess segmentation error (P < 0.001).


Table 4. Univariable logistic regression analysis of the total segmentation error rates in different categories.
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DISCUSSION

Swept-source anterior segment OCT provides objective and repeatable measurements of the anterior segment structures (15). Studies have revealed that accurate measurement of ACV and IV played an important role in screening, diagnosis, and treatment decisions for patients with glaucoma, especially for narrow-angle individuals. However, in the current study, we found that failure of correct segmentation algorithms in the measurement of ACV and IV was very common even in images with good quality. Segmentation errors of angle recess, iris root, posterior surface of iris, and pupil margin were more frequent in narrow-angle eyes while the error rate of the anterior surface of lens was higher in wide-angle eyes. SS-ASOCT automated segmentation errors resulted in larger ACV and smaller IV, which were associated with ACD, ACW, LV, and CCT. To the best of our knowledge, this is the first study investigating the error rate of segmentation and its determinants in the automatic measurements of ACV and IV using SS-ASOCT.

The misidentification of iris root was the most common algorithm software–related error, counting 93.3% in this study. The main limitation of SS-ASOCT is that light energy is unable to penetrate tissues behind the iris pigment epithelium. Therefore, the ciliary body cannot be visualized in SS-ASOCT images (2). Thus, the iris root, which inserts into the ciliary body, was probably unidentifiable in most SS-ASOCT images. As shown in our previous study and other studies, ciliary bodies were thinner and more anteriorly rotated in eyes with primary angle closure glaucoma as well as in their fellow eyes (16–18). With the anteriorly rotated ciliary bodies plastering to the posterior surface of the iris, iris root in narrow-angle eyes is harder to be recognized, and therefore the error rate of iris root was higher in narrow-angle eyes. Furthermore, in this study, smaller ACD and ACW were associated with more segmentation errors of iris root, indicating that the recognition of iris root was affected by the degree of stenosis of anterior chamber angle.

In the current study, the segmentation error rate of angle recess was as high as 84.06%. The deviation in the automatic location of scleral spurs by the built-in software of SS-ASOCT leads to segmentation errors of angle recess. In 15–28% of ASOCT images, operators were unable to identify the scleral spur, which made the automatic identification of angle recess difficult (19, 20). To conduct an accurate measurement of volume parameters with SS-ASOCT, manual adjustment of the scleral spur was usually made (3). SS-ASOCT software performs the automated segmentation through the identification of the difference of signal intensity between adjacent layers (21). However, in narrow-angle eyes, the distance from the iris to the scleral spur in the angle is short and the scleral spur is difficult to be detected precisely, leading to more segmentation errors of angle recess in these eyes (22). In the current study, smaller ACD, ACW, and larger LV were associated with more segmentation errors in angle recess, indicating that the shallow anterior chamber and narrow angle added more difficulty in discriminating the angle structures.

The position of the lens is far away from the zero optical path plane of the B-scan, which may result in segmentation errors of the anterior surface of lens. For the same reason, more segmentation errors of the anterior surface of lens were found in wide-angle eyes which had a deeper anterior chamber, and were associated with thicker CCT. On the contrary, narrow-angle eyes had smaller ACD and larger LV, which meant a shorter distance from the lens to the zero optical path plane, making the imaging of the anterior surface of lens clearer and reducing the segmentation error.

The optic signal of ASOCT significantly attenuates when penetrating iris. The contrast effect of the intraocular structure reduces, resulting in more errors in the segmentation algorithm (23, 24). Thus, the boundary of the posterior surface of the iris and pupil margin was misidentified by the built-in software in some scans. In the previous studies, iris curvature is larger in narrow-angle eyes, which indicates that the iris bent more forwardly to the cornea because of a pupillary block (25, 26). In this condition, the iris surface is obviously tilted, and an oblique transmission of OCT light is expected, leading to an improper alignment of the OCT light and image blurring of the OCT scan (10). The same problem was found in OCT imaging of the retina in high myopia eyes and age-related macular degeneration eyes (27, 28). Therefore, segmentation errors in posterior surface of the iris were more frequent in narrow-angle eyes. Otherwise, because of pupillary block in narrow-angle eyes, the margin of iris was plastered to the surface of lens, which makes the pupil margin harder to be recognized. Since ACD could be an indicator of the extent of pupillary block (22), smaller ACD could result in more segmentation errors of the posterior surface of the iris and pupil margin in the current study.

In this study, ACV decreased and IV increased significantly after manual correction of segmentation errors in the two groups (Table 3). According to Figure 2A, the angle recess was always located incorrectly on the ciliary body, which occurred in 84.06% of the B-scans. The retrodeviation of the positioning of angle recess led to an overestimation of the ACV. According to Figures 2I,J, ACV increased after the correction of segmentation errors in the anterior surface of lens. But segmentation errors of the anterior surface of lens only occurred in 25.27% of the B-scans, which had less effect on ACV than segmentation errors of angle recess. On the other hand, according to Figures 2C,E,G, the automated segmentation of the pupil margin, iris root, and posterior surface of the iris did not reach the actual border of the iris, which accounts for 93.30, 13.15, and 59.21%, respectively. These errors made IV significantly smaller than its actual value. The remarkable effect of the correction of these errors indicated that an accurate measurement of the ACV and IV required a manual correction of the segmentation after the automatic measurement or an update of the built-in software of SS-ASOCT to improve the accuracy of image edge recognition.

There were several limitations in this study. First, because the subjects of this study were recruited from the Guangzhou Diabetic Eye Study, eyes with peripheral anterior synechiae in the angle were not included, and the results of the current study are not applicable to angle-closure eyes. However, considering that segmentation errors by SS-ASOCT were more prevalent in narrow-angle eyes in the current research, it is probable that the automated segmentation is more inaccurate and unreliable in angle-closure eyes, in which the angle structures are more difficult to discriminate. Further research should be conducted to analyze the segmentation errors in eyes with iridotrabecular contact. Second, since we did not investigate the segmentation errors in other ASOCT devices or segmentation algorithms, our results are only applicable to CASIA SS-1000 OCT and the current built-in software (V.7J.8, Tomey, Nagoya, Japan).

In conclusion, segmentation errors were prevalent in the automatic measurement of ACV and IV by SS-ASOCT, particularly in narrow-angle eyes, leading to an overestimation of ACV and underestimation of IV. Manual correction of the segmentation errors after the automatic measurement or an update of the built-in software of SS-ASOCT to improve the accuracy of image edge recognition should be considered.
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Background: The location of retinal vessels is an important prerequisite for Central Serous Chorioretinopathy (CSC) Laser Surgery, which does not only assist the ophthalmologist in marking the location of the leakage point (LP) on the fundus color image but also avoids the damage of the laser spot to the vessel tissue, as well as the low efficiency of the surgery caused by the absorption of laser energy by retinal vessels. In acquiring an excellent intra- and cross-domain adaptability, the existing deep learning (DL)-based vessel segmentation scheme must be driven by big data, which makes the densely annotated work tedious and costly.

Methods: This paper aims to explore a new vessel segmentation method with a few samples and annotations to alleviate the above problems. Firstly, a key solution is presented to transform the vessel segmentation scene into the few-shot learning task, which lays a foundation for the vessel segmentation task with a few samples and annotations. Then, we improve the existing few-shot learning framework as our baseline model to adapt to the vessel segmentation scenario. Next, the baseline model is upgraded from the following three aspects: (1) A multi-scale class prototype extraction technique is designed to obtain more sufficient vessel features for better utilizing the information from the support images; (2) The multi-scale vessel features of the query images, inferred by the support image class prototype information, are gradually fused to provide more effective guidance for the vessel extraction tasks; and (3) A multi-scale attention module is proposed to promote the consideration of the global information in the upgraded model to assist vessel localization. Concurrently, the integrated framework is further conceived to appropriately alleviate the low performance of a single model in the cross-domain vessel segmentation scene, enabling to boost the domain adaptabilities of both the baseline and the upgraded models.

Results: Extensive experiments showed that the upgraded operation could further improve the performance of vessel segmentation significantly. Compared with the listed methods, both the baseline and the upgraded models achieved competitive results on the three public retinal image datasets (i.e., CHASE_DB, DRIVE, and STARE). In the practical application of private CSC datasets, the integrated scheme partially enhanced the domain adaptabilities of the two proposed models.

Keywords: retinal vessel segmentation, few-shot learning, multi-scale class prototype, feature fusion, domain adaptability, integrated framework


INTRODUCTION

Retinal vessels are important structures of our eyes, which are responsible for transporting oxygen, nutrients, and waste to ensure the normal function of the eyes. The vessels contain important information including tortuosity, diameter, angle of branches, and density, and their segmentation is crucial to the measurement of the above parameters which assist in the automatic analysis and diagnosis of various fundus diseases, such as Diabetic Retinopathy (1), Age-Related Macular Degeneration (2), and Glaucoma (3). The traditional manual segmentation method is exceedingly time-consuming and laborious, and the segmentation accuracy is easily affected by the subjective factors of doctors. Therefore, some researchers have developed segmentation methods based on traditional image processing techniques, such as the matched filtering method (4), the mathematical morphology method (5), the vessel tracking method (6), and so on. With the help of the image processing technology, the above schemes realize the transformation from manual segmentation to automatic segmentation and improve the efficiency of vessel segmentation, but there is still much room for further promotion in segmentation accuracy.

In addition, with the rapid development of artificial intelligence technology, machine learning has been widely used in various segmentation scenes (7–9) and provides a new impetus for the retinal vessel segmentation task. Various excellent machine learning-based automatic segmentation methods (10) have been designed, which can be divided into two categories (11): the unsupervised methods and the supervised methods. Among them, the unsupervised methods do not rely on pixel-wise labeling information to guide the vessel segmentation process. The typical representative is clustering. Wiharto and Suryani (12) used fuzzy c-means (FCM) algorithm to extract the vessels. They employed a channel separation, contrast limited adaptive histogram equalization (CLAHE), and median filtering to preprocess the fundus images, followed by dimension transformation, clustering, thresholding, and masking operations. The impact of the number of clusters on the segmentation effect of vessel structures was also explored in their work, which provides a direction for further improvement of the scheme. A k-means clustering-based method (13) was presented to segment the vessels, which achieved a comparable performance. The authors binarized the vessel-enhanced images, and a logical OR operation was applied on the binary vessels to produce the final results. However, it is worth noting that although the unsupervised methods do not require any label information, the single segmentation rule may lead to an unstable performance because of the differences in contrast and brightness between the retinal images.

In view of this, some ideas of vessel segmentation based on supervised learning have been proposed (14–29) and the related research work will be briefly introduced in the following. An ensemble classification-based approach was presented by Fraz et al. (14). This typical solution combined the decision tree with the conventional feature extraction steps (i.e., gradient vector field, morphological transformation, line strength measures, and Gabor filter responses), which worked well on the public datasets. With the help of image preprocessing and feature selection operation, Krishna and Gnanasekaran (15) applied the modified adaboost extreme learning machine to extract the retinal vessels, and the method performed well on pathological retinal images. To enhance the local information with better discrimination for vessel and non-vessel pixels, Aslani et al. (16) incorporated a set of robust features into a hybrid feature vector for better characterizing the retinal vessels, closely followed by a random forest classifier. Orlando et al. (17) put forward a discriminatively trained and fully connected conditional random field model to tackle the thin and elongated vessel structures, which obtained better results in terms of sensitivity, f1-score, G-mean, and Matthews correlation coefficient. A novel method (18), which regarded the segmentation task as cross-modality learning, was skillfully designed. By establishing the deep neural network with strong induction ability, they achieved satisfactory results without the feature design and preprocessing. Srinidhi et al. (19) explored the visual attention mechanism to automatically capture the most discriminative features for the random forest classifier, and a significant improvement was achieved. A simple yet effective vessel segmentation method was proposed by Jebaseeli et al. (20), the highlights of which were the operation of feature generation based on the Tandem Pulse Coupled Neural Network, and the classifier called it the Deep Learning-Based Support Vector Machine. Kaur and Mittal (21) developed a generalized scheme for retinal vessel detection and obtained a good performance. This method improved the quality of the constructed vessel features through the initial segmentation and post-processing strategy, and then, the neural network-based classifier further enhanced the accuracy of vessel segmentation.

In recent years, deep learning (DL), as one of the important technologies to realize the machine learning idea, has shown great potential in the field of medical image segmentation. Liskowski and Krawiec (22) designed a DL-based model for detecting the vessel structures. The model, with or without max-pooling layers, was trained on about 4,00,000 examples that are preprocessed with global contrast normalization, zero-phase whitening, and were augmented using geometric transformations and gamma corrections, while the area under the curve (AUC) was up to 0.99. Similarly, a deeply supervised network was established by Mo and Zhang (23), and the novelty is that the multi-level hierarchical feature extraction technique and the auxiliary classifiers are integrated into the network, which enhanced its discriminative capability on the vessel and the non-vessel pixels. Jiang et al. (24) proposed a supervised method based on the fully convolutional network (FCN) and transfer learning; the accuracy of which was 1–2% higher than other related research. To further improve the segmentation performance, a scheme inspired by a dense conditional random field was presented in (25). By training the convolutional neural network (CNN) to generate discriminative features, the scheme aimed to solve the sub-optimal problem of the hand-crafted unary features in the linear models. In order to alleviate the issue of inaccurate segmentation of thin vessels caused by the highly imbalanced pixel ratio between thick and thin vessels, a novel DL-based vessel segmentation model (26) is constructed delicately. They designed a segment-level loss to emphasize more on the thickness consistency of thin vessels in the training process and combined it with the pixel-wise loss to improve the accuracy of the vessel segmentation. Filipe et al. (27) adopted a multiscale FCN framework for the vessel segmentation. In consideration of the varying width and direction of the vessel structure, the stationary wavelet transform (SWT) was introduced into the framework to sufficiently exploit the multi-scale nature of the retinal vessels, and then, the experimental results showed the effectiveness of the method. To achieve accurate and precise retinal vessel segmentation, Park et al. (28) presented a conditional generative adversarial network called M-GAN that is composed of an M-generator and an M-discriminator. With the help of the deep residual blocks and the deeper network, the framework acquired good results. For exploring the DL-based segmentation method on the other retinal imaging modalities, a framework based on the U-net shape was established to gain the vessel mask from the scanning laser opthalmoscopy retinal images and has performed well (29).

Undoubtedly, the methods based on deep learning have greatly improved the efficiency, accuracy, sensitivity, and specificity of retinal vessel segmentation, and the end-to-end training mode also accelerates the deployment of the DL-based model in practical application scenarios. Nevertheless, this kind of scheme is driven by big data to acquire excellent intra- and cross-domain adaptability, which is challenging for medical image collection. Meanwhile, to optimize the weights of the network by the loss function, the densely annotated task is essential, which is tedious and costly. Therefore, to alleviate the above issues, a few-shot learning-based method, undertaking the task of vessel segmentation with only a few annotated training images, is proposed in this paper. The main contributions of our research are as follows: (1) Firstly, a key solution is presented for transforming the vessel segmentation scene into the few-shot learning task; (2) Then, to adapt to the vessel segmentation task, we improve the existing few-shot learning framework as the baseline model for the vessel segmentation in our work; (3) Next, we upgrade the baseline model for better utilizing the information from the support images by designing a multi-scale class prototype extraction technique; (4) After that, the skip connection technique is integrated into the upgraded model to promote the gradual fusion of the multi-scale vessel features of the query images inferred by the support image class prototype information; (5) Moreover, a multi-scale attention module is built and applied to the high-level features for the upgrade model to capture the global information to assist in vessel localization; and (6) Finally, the integrated framework is further constructed to boost the performance of both the baseline and the upgraded models in the cross-domain vessel segmentation scene.

The rest of the paper is organized as follows: Section Related Work presents the related work of few-shot learning; Section The Proposed Methods describes the details of our proposed method; Section Results and Discussions shows the experiments and discussions; and Section Conclusion and Future Work comes up with conclusions.



RELATED WORK


Few-Shot Learning

Few-shot learning aims to improve the network generalization ability under the condition of a few training examples. Some methods based on this learning paradigm have been explored and applied to the classification of natural and medical images. Huang et al. (30) proposed a few-shot model for fine-grained classification. The advantage of the low-rank pairwise bilinear block was that it enhanced the effective distance metric between the support and query images. Similarly, Sun et al. (31) also studied the fine-grained classification issue based on the few-shot learning. Notably, they utilized the location mechanism to discover the similar characteristics among the objects and captured the rich discriminative information with a high-order integration. Related works are also reflected in the medical disease detection. To make up for the deficiency of the DL model in predicting rare fundus diseases, Quellec et al. (32) extended the CNN model with the few-shot learning paradigm, which improved the discrimination ability on rare pathologies through an unsupervised probabilistic way. A few-shot learning-based method (33) was presented to transfer knowledge from a well-defined source domain to a target domain, the goal of which was so the CNN model could obtain new concepts and representations from a few training samples.



Few-Shot Segmentation

In addition, the few-shot method also performs well in the natural image segmentation field. Seeing that the pixel-wise segmentation is tedious and costly, a segmentation network (34), consisting of a two-branch dense comparison module and an iterative optimization module, which is followed by an attention block, was proposed and has achieved better performance. Li et al. (35) exploited a similar technique that integrated the attention mechanism and the refinement network into the segmentation model, which improved the model performance. Compared with the natural images, the task of the medical image segmentation is more complex and difficult due to the similarity between the normal tissues and the pathological regions, and the extreme professionalism of the pixel-wise annotation process. Some of the few-shot segmentation methods have been successfully applied to the medical image segmentation, which affords new ideas for solving the medical image segmentation problem. Feyjie et al. (36) designed a few-shot learning-based framework for the skin lesion segmentation, the excellent performance of which also provided inspiration for our research work. To enhance its segmentation ability, they also incorporated the semi-supervised block into the framework. Besides, a unified framework (37), which worked under the condition of the scarcity of both the medical images and the corresponding annotations, was put forward and has contributed to the rare disease segmentation. Additionally, Ouyang et al. (38) further developed creatively a few-shot-based method without any annotations and trained the network with only the pseudo labels, which opened up a new direction for few-shot-based segmentation schemes.

It can be found that the few-shot learning has been widely used in the field of natural image classification and segmentation, which promotes the paradigm to show its head in the similar fields of medical images. Also, its successful application in practice drives us to further apply it in the retinal vessel segmentation to assist in fundus CSC laser surgery. The motivation of introducing the few-shot learning into the fundus blood vessel segmentation task is that the paradigm can guide the vessel segmentation model training under the condition of a small number of annotated images, which is different from most machine learning models that rely on a large amount of image resources for an effective feature learning. This does not only reduce the cost of data collection but also helps ease the pressure of label making. However, we are faced with a thorny problem that has to be solved, that is, how to transform the vessel segmentation scene into a few-shot segmentation task? Specifically, how to construct the support and query sets in our vessel segmentation task? The solution will be introduced in Section The Proposed Methods.




THE PROPOSED METHODS


Methods

The vessel segmentation scheme based on the few-shot learning paradigm consists of two parts. The first part is how to construct the support and the query sets in vessel segmentation task by imitating the natural image scene. As we all know, the vessel structure of each person is not exactly the same. Therefore, in this paper, the vessel images from different people are regarded as different classes, and the patches of each class are regarded as its members. Then, we sampled the members of different classes as the support set, and the remaining members of the corresponding classes as the query set. Especially, given a C-way K-shot learning task, this simple yet effective solution can smoothly build the corresponding episodes for the vessel segmentation task. The second part is to establish the vessel segmentation model. Inspired by (36), we build a model in which the semi-supervised module in (39) is removed to suit our task. Simultaneously, the dilated convolution kernels are also replaced by the ordinary convolution kernels to prevent information loss caused by the gridding effect. Finally, we obtain the baseline model for retinal vessel segmentation as shown in Figure 1.


[image: Figure 1]
FIGURE 1. An overview of the baseline model.




Preprocessing

After solving the problem that transformed the vessel segmentation scene into a few-shot segmentation task, here comes the preprocessing operation. In this paper, the gamma correction and the CLAHE are employed, respectively, aiming at improving the brightness and the contrast of the retinal images. In addition, we separate the green channel, which is a routine operation in the vessel segmentation scenario, to show the vessel structures more clearly. The masks are used to eliminate the disturbance outside the region of interest. Furthermore, in response to the construction of the support and the query sets, the clipping operation is applied to the previous operation result. Meanwhile, the overlapping technique is also adopted here to ensure the similarity and the quantity of patches in the same retinal image. Specifically, we firstly set the size of the image patch template to 224 × 224 pixels, and then the clipping function is realized by moving the template in the horizontal and vertical directions. In the process, we realize the overlapping function by setting the moving step as 64 (i.e., the overlapping size is 160) among each image patches in the above directions. The whole preprocessing is shown in Figure 2.


[image: Figure 2]
FIGURE 2. The preprocessing operation: (A) Original image; (B) Gamma-corrected image; (C) Green channel image; (D) CLAHE image; (E) Mask; (F) Mask-processed image; and (G) Patches.




Problem Definition

The task of this paper is to construct the vessel segmentation model based on the few-shot learning paradigm, which possesses a strong generalization ability to the similar unseen targets by learning only a few annotated examples. In this scenario, we are given an annotated retinal image set [image: image], where Xi is the ith sample and Yi corresponds to its label. The N is the number of the annotated retinal images. In order to train the model, D is divided into the training set [image: image], validation set [image: image], and testing set [image: image], where N1, N2, and N3 represent the number of images in each set, respectively. As mentioned above, in order to adapt to the few-shot segmentation task, each retina image Xi is regarded as a unique class and is cropped into patches to build the support set [image: image] and the query set [image: image], where K denotes the sampling numbers from the class i, xis is the sth support patch extracted from the image Xi with its annotation yis, and xiq is the query patch extracted from the remaining patches in the image Xi with its annotation yiq. So, given a C-way K-shot segmentation task, the training episodes can be described as [image: image] by randomly extracting C classes from N1 and K members from each corresponding class during the training stage. To verify the model performance in the training process and to save the optimal weight parameters, the same technique, such as building the training episodes, is also applied to the validation set [image: image].



Few-Shot Learning-Based Segmentation Architecture

Although the baseline model performs well in the vessel segmentation task (refer to Section Results and Discussions), it is defective to derive the label information of the query images by only using the support image class prototype information from the high-level layer. The reason is that part of the foreground and the background contents of the support images will be lost in the down-sampling process, which will provide an incomplete guidance for the query image label prediction and render inaccurate results. Therefore, the baseline model is further upgraded to alleviate the above problems (as shown in Figure 3). Specifically, a multi-scale class prototype extraction technique, which is embedded into the parallel positions of the down-sampling steps in the encoder composed of the first four modules from the VGG16 (40), is designed for the information derivation of the query images. Besides, the gradual fusion scheme for the multi-scale vessel features is also integrated in the upgraded model. In this paper, the mask average pooling (36, 38) is also employed to extract the class prototype information of the support images, and the formulation can be expressed as:

[image: image]

where [image: image] represents the class prototype of the support image feature map [image: image] with the width W and height H and l is the parallel position mark. The fω is the feature mapping function composed of weight parameters ω and the network framework, and [image: image] denotes the annotation obtained by the linear interpolation sampling on the support image mask. The Hadamard product, denoted by the symbol ° , is used to extract the class prototype of [image: image]. Then, the same operation is adopted as (29), that is, to apply the up-sampling operation on each class prototype [image: image] and convolve the sampling result with the corresponding query image feature map [image: image] to obtain the multi-scale vessel maps. Meanwhile, the skip connection technique is integrated into the upgraded model to fuse the multi-scale information for better segmentation results. Finally, the binary cross-entropy loss function is established based on the probability prediction map [image: image] and its corresponding true annotation yjk, which can be expressed as:

[image: image]

[image: image]

where [image: image] and xQ(k) denote the probability prediction map of the query patches with its true annotation, and the kth feature map of the query patches of the model outputs, respectively. In addition, it is well-known that the convolution module is a local operation and ignores the global information, which may lead to the failure of a pixel-level prediction task. Considering this, a block (i.e., the MSA module in Figure 3) based on the non-local attention operation (41) and multi-scale operation is established to seek the global information integration of the query feature maps at different scales, aiming at assisting the upgraded model to approach the retinal vessel segmentation task. In view of the rich semantic information of high-level features and the cost of mathematical calculation, the attention operation is just performed on the query feature map with two scales at the last layer of the encoder, and the details are shown in Figure 3.


[image: Figure 3]
FIGURE 3. An overview of the upgraded model.


Furthermore, in order to obtain the good performance of both the baseline and upgraded models in the cross-domain retinal vessel segmentation task, an integrated framework (as shown in Figure 4) is conceived according to the principle that the minority obeys the majority, the mathematical idea of which can be parameterized as follows:

[image: image]

[image: image]

where N1 and Flare the total number of models in the integrated framework and the lth model, respectively. The [image: image]and pN1 denote the probability prediction map from the lth model and the statistical prediction result of N1 models, respectively. The 1{•} is an indicator function which outputs 1 if the parameters meet the threshold condition T or T1, and these two values are set to 0.5 and 1 in this paper, respectively. Then, the final probability prediction map [image: image] of the query patches can be expressed as:

[image: image]

where (m, n) represents the position coordinate of the element in [image: image] or pN1.


[image: Figure 4]
FIGURE 4. An overview of the integrated framework.




Segmentation Architecture Configuration

In this paper, no matter our baseline model or upgraded model, the basic architecture configuration is the same, which is composed of encoder and decoder. The encoder consists of the first four modules of VGG16 (40), and the decoder consists of conventional neural network layer. Table 1 shows the specific configuration.


Table 1. The basic configuration of the segmentation architecture.

[image: Table 1]




RESULTS AND DISCUSSIONS


Retinal Image Datasets and Experimental Settings

To assess the performance of the proposed baseline and upgraded models based on the few-shot learning paradigm, we have carried out extensive experiments on the public retinal image datasets, namely, CHASE_DB (42) (abbreviated as CHASEDB), DRIVE (43), and STARE (44), to demonstrate the excellent potential of the paradigm. In our experiments, for each dataset, only 10 images, namely, 10 classes, are used as the candidate set for constructing episodes composed of the support and query sets, which is different from the machine-learning-based segmentation models that are generally trained with more than 10 images. In fact, we randomly selected no more than five types of vessel images, that is, C is set to 5, 4, or 3, to drive the vessel segmentation model in the training process. The remaining images are divided into the validation and testing sets. Of note, in order to deduce the label information of the testing set based on the structural similarity between retinal vessels, the testing images share the support images of the validation set. In addition, taking the calculation cost and the reliability verification of both the baseline and the upgraded models into consideration, five groups of C-way K-shot modes (Hereinafter referred to as CK modes), namely, 5-way 3-shot, 4-way 3-shot, 3-way 3-shot, 3-way 4-shot, and 3-way 5-shot, are set up to construct different episodes for training the above vessel segmentation models, respectively. In addition, we conducted application experiments on ophthalmic clinical CSC dataset composed of 20 fundus images to test the effectiveness of the two models and the feasibility of the integrated framework. All experiments are performed on the NVIDIA-3080ti GPU with the Tensorflow framework, and the learning rate, epoch, iteration, and gradient optimizer are set to 0.0001, 30,100, and Adam, respectively.



Evaluation Metrics

In this section, the performance of the baseline and upgraded models in the training, validation, and testing processes is comprehensively evaluated based on the accuracy and the loss of training process, the segmentation metrics, namely, sensitivity (Sen), specificity (Spe), accuracy (Acc), f1-score (F1), and AUC, and the actual segmentation results on the testing images. Meanwhile, the superiority and the potential of the proposed method is also discussed by comparing it with some typical machine learning based vessel segmentation methods. The segmentation metrics mentioned above are written as:
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where tp, tn, fn, and fp denote true positive, true negative, false negative, and false positive, respectively.



Comparison of the Baseline and Upgraded Models on the Training and Validation Sets

For convenience, in the following sections, the baseline and upgraded models are represented by “Base” and “Impro”, respectively. As shown in Figure 5, it can be found that both models can achieve more than 95% accuracy in the end. The segmentation accuracy of the Impro model is higher than that of the Base model in most cases under different CK modes on three datasets during the training process. Similarly, compared with the Base model, the loss value of the Impro model keeps a low state on the whole. Even in some training epochs, the difference of this loss value between the two models is relatively small, but it is maintained for a short time. In addition, it can also be found that the upgraded model shows the advantages in the initial stage of training, whether it is the accuracy value or the loss value. Specifically, at the beginning, the initial accuracy of the upgraded model is higher than that of the baseline model, and the loss value is also small, which means that the upgraded operation can effectively improve the learning ability of the model and promote the model to quickly capture the vessel and the non-vessel information in the fundus images. In general, the performance of the upgraded model is slightly superior to that of the baseline model in terms of accuracy and loss on the training set.


[image: Figure 5]
FIGURE 5. Comparison of the baseline and upgraded models on training set: (A) 5-way 3-shot; (B) 4-way 3-shot; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.


Furthermore, to check the generalization ability of the model to the unseen vessel images after each epoch and to save the optimal weights in time, the accuracy, sensitivity, specificity, and f1-scores of the two models on the validation set are specially counted and plotted as shown in Figure 6. It shows that the Impro model surpasses the Base model in terms of the average segmentation accuracy and average f1-score in different CK modes from Figure 6, which implies that the upgraded model has a better segmentation performance. When referring to the other two metrics (i.e., average sensitivity and average specificity), we can also get the conclusion that the segmentation performance of the baseline model is inferior to that of the upgraded model in most cases. Moreover, the experiment can also show that there are some differences in the performance of either the baseline model or the upgraded model on different datasets, which is mainly caused by the inconsistent data distribution of each datasets. Nevertheless, compared with the baseline model, the average values of various metrics of the upgraded model are relatively consistent on different datasets, which reflects its strong learning ability. However, it is worth noting that although the Impro model performs well on the whole, its robustness still needs to be enhanced.


[image: Figure 6]
FIGURE 6. Comparison of the baseline and upgraded models on validation set: (A) 5-way 3-shot; (B) 4-way 3-shot; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.




Comparison of the Baseline and Upgraded Models on the Testing Set

It can be obviously revealed from Figures 7A–E that both models can achieve higher AUC values. Especially on the DRIVE dataset, the AUC value of the Impro model is as high as 98.03% under the combination of 3-way 5-shot mode and is better than most of the listed methods. Under different CK modes, the AUC values of the Impro model on the DRIVE, CHASEDB, and STARE datasets are higher than those of the Base model, which not only explicitly proves the excellent performance of the upgraded model, but also shows the necessity and the effectiveness of the upgraded operation. Moreover, from Figures 7A–E, we can directly see that the AUC values of the Base model or of the Impro model are different in each dataset, which indicates that the dataset, itself, is an import factor affecting the model performance, and also proves once again that the inconsistency of data distribution is a significant part leading to a difference of the model performance.


[image: Figure 7]
FIGURE 7. Comparison of the baseline and upgraded models based on the AUC: (A) 5-way 3-shot; (B) 4-way 3-shot; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.


In addition to the AUC value, we also evaluate the generalization ability of the models on the testing set from the other four evaluation metrics shown in Figure 8. Under different CK modes, both the two models achieve more than 90% in terms of the accuracy and specificity values, and overall, the Impro model surpasses the Base model on the above values. Besides, in consideration of the sensitivity and the f1-score values, the conclusion can be drawn that the Impro model is significantly better than those of the baseline model in most cases on the three testing sets, which is similar to their performance on the validation set. In general, the performance of the two models in the testing sets is consistent with that in the training and validation sets, which implies that both the two models can better transfer the knowledge learned from the training set to the unseen vessel images. However, it can still be found that the test results of the two models in different datasets are slightly different, which is also consistent with the previous experimental observations. The difference in the model performance caused by the inconsistent data distribution of different datasets is the common factor of almost all the current vessel detection methods based on machine learning, and it is also a problem to be alleviated in the future.


[image: Figure 8]
FIGURE 8. Comparison of the baseline and upgraded models based on the sensitivity, specificity, accuracy, and f1-score: (A) 5-way 3-shot; (B) 4-way 3-; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.




Comparison of the Baseline and Upgraded Models on the Segmentation Results

Through the above analysis, on the one hand, it shows the excellent performance of both the Base and the Impro models in the vessel segmentation task, while on the other hand, the Impro model outperforms the Base model overall, which proves the necessity for the upgraded operation. Furthermore, Figure 9 shows the details of the two models in the vessel segmentation task on three datasets. It can be found that the two models have good segmentation ability for the wide vessels and can extract the main vessel structures. At the same time, by observing the overall segmentation performance of the two models on the three datasets, compared with the Base model, the Impro model, still, has the upper hand, which is embodied in the vessel continuity and adhesion. Specifically, it can be clearly seen from Figure 9B that the wide vessels segmented from the Base model may adhere to each other, but the Impro model performs better and can properly deal with the vessel adhesion events. Meanwhile, the Base model is generally inferior to the Impro model in terms of the vessel continuity. For instance, as shown in Figure 9C, there is a certain degree of discontinuity between the branch vessel located by the baseline model and the main vessel located by the same model. However, compared with this, the continuity between the main and the branch vessels detected by the upgraded model is relatively satisfactory.


[image: Figure 9]
FIGURE 9. Comparison of the baseline and upgraded models on segmentation results: (A) CHASEDB; (B) DRIVE; and (C) STARE.


However, although the Impro model has made progress in the above segmentation performance, it cannot be ignored that the baseline and upgraded models still have shortcomings in small vessel segmentation, and this defect is also a common weakness of the existing vessel segmentation methods. The upgraded operation, indeed, improves the recognition ability of the Base model for small vessels, but there is still much room for improvement, which is also the direction of our future efforts.



Comparison of the Baseline and the Upgraded Models With the Previous Studies

In this section, we compare the proposed baseline and upgraded models with the existing typical segmentation schemes based on machine learning, and the results for each dataset are summarized in Tables 2–4.


Table 2. Performance comparison on DRIVE.

[image: Table 2]

For the DRIVE dataset, it can be found that the accuracy, specificity, sensitivity, and AUC values of the Impro model all exceeded the Base model under different CK modes, and the sensitivity difference between the two models is the most obvious, which proves that the upgraded model can better distinguish the vessel pixels from the background pixels. Besides, the highest accuracy, specificity, and sensitivity of the Impro model are 96.64, 98.29, and 84.95%, respectively, which are not only higher than those of the Base model but are also significantly competitive compared with most of the schemes listed. In addition, the AUC value of the upgraded model is also visibly superior to the baseline model, and the biggest difference is 1.53%. Moreover, the Impro model is just 0.65% smaller in this metric than the optimal one that is listed, which not only reveals its potential superiority but also means that there is still room for improvement of the upgraded model based on the few-shot learning paradigm.

Additionally, Table 3 shows the performance of our models on the STARE dataset. Apparently the Impro model generally obtains better results than the Base model, especially in the accuracy, specificity, and AUC metrics. Compared with other methods, our Impro model performs well in sensitivity and achieves 83.37%, which shows that the model possesses good capability to segment vessel pixels. Nevertheless, this may make the upgraded model recognize the more true negatives as true positives and result in poor performance on other metrics, which encourages us to continue to optimize the few-shot based method for vessel segmentation comprehensively. In addition, we can find that the data-driven models are still dominant in these four metrics overall. This is because more images can make this kind of vessel segmentation model, learn the characteristics of blood vessels more fully, and enhance its sensitivity to the information of blood vessels.


Table 3. Performance comparison on STARE.

[image: Table 3]

Moreover, the two models also performed well on the CHASEDB dataset, as shown in Table 4. The performance of the Impro model is still outstanding, and most of its segmentation evaluation metrics are beyond the Base model under different CK modes. The optimal accuracy, sensitivity, specificity, and AUC values achieved by the Impro model are 96.96, 83.44, 98.05, and 97.85%, respectively, which are inferior to those in (24, 27, 28). The reason is that the methods in (24) and (27) both utilized the data augmentation strategy that makes the deep learning framework obtain a more powerful ability to capture the vessel information, and the adversarial learning strategy promotes the scheme (28) to gain strong data distribution learning ability in the vessel segmentation task. Nevertheless, the above accuracy, sensitivity, and specificity values achieved by the Impro model are generally higher than those acquired by the other listed methods, and even the lowest sensitivity value (i.e., 79.08%) obtained from the Base model shows its advantages, which demonstrates the competitiveness of the two models to a certain extent.


Table 4. Performance comparison on CHASEDB.

[image: Table 4]



Comparison of the Domain Adaptability of Single Model

The performance of the DL model in the intra- and cross-domain tasks is the key reference and an important basis to observe its generalization level. Therefore, the intra- and cross-domain vessel segmentation based on a single model (i.e., the baseline model or upgraded model) is performed in this part, and the results are shown in Figures 10, 11. Here, we give an example to illustrate the experimental setup. When experiments are conducted on the STARE dataset, the Base-STARE or Impro-STARE represents an intra-domain experiment, which means that the training set of STARE is used to train the model, and the STARE testing set is used to test the model. On the premise of STARE dataset, the Base-DRIVE or Impro-DRIVE denotes a cross-domain experiment, which represents training the model with a training set from the DRIVE dataset and testing the model based on the STARE testing set.


[image: Figure 10]
FIGURE 10. Comparison of the domain adaptability based on the Acc, Sen, Spe, and F1: (A) 5-way 3-shot; (B) 4-way 3-shot; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.



[image: Figure 11]
FIGURE 11. Comparison of the domain adaptability based on the AUC: (A) 5-way 3-shot; (B) 4-way 3-shot; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.


As shown in Figure 10, the baseline model or the upgraded model generally performs better in the intra-domain task, especially the sensitivity and f1-score metrics. As for the cross-domain scene, the above metric values of the two models are inferior to those in the intra-domain scene. However, as for the other two metrics, it can be found that the performance of the two models in the cross-domain task is close to or even higher than that in the intra-domain task. In addition, it can be seen from the AUC metric in Figure 11 that the retinal vessel segmentation of the two models in the intra-domain scene is superior to that in the cross-domain task in most cases. However, in some instances, the cross-domain segmentation results of the Impro model are even better. For example, when the upgraded model trained based on the STARE dataset was tested on the DRIVE dataset, the AUC values of 97.27, 97.76, and 97.39% were obtained under the conditions of 5-way 3-shot, 4-way 3-shot, and 3-way 3-shot modes respectively, which were 0.2, 0.47, and 0.2% more than the intra-domain values of the corresponding upgraded model. Yet, with the same CK modes, the baseline model performs slightly worse in AUC value. The above observations show that the adaptability of a single model in intra- and cross-domain tasks is different, and overall, the intra-domain segmentation level of the model is superior to its cross-domain performance. Nevertheless, in some cases, the good results of the model in cross-domain task also suggest its potential application value in this scenario.



Comparison of the Domain Adaptability Between the Single Model and the Integrated Framework

The above experiments tested the performance of the baseline and the upgraded models on the public retinal image datasets, which not only showed the effectiveness of the two models in the fundus vessel segmentation task, but also implied their potential competitiveness compared with the existing methods. Of note, whether it is the baseline model or the upgraded model, their performance in the intra-domain task is relatively better than that in the cross-domain task to a certain extent. However, we are also pleased to observe that the cross-domain adaptability of the upgraded model is, sometimes, even more prominent than that of the intra-domain model.

In order to improve the cross-domain adaptability of the two models, we proposed an integrated framework (as shown in Figure 4) and verified it on the ophthalmic clinical CSC dataset. The CSC is a common fundus disease caused by the impairment of retinal pigment epithelium function due to the increased choroidal permeability, characterized by neurosensory retinal detachment (NRD), with or without pigment epithelium detachment (PED) (45–47), or detachment area (DA), and leakage point (LP). As shown in Figure 12, the NRD and PED can be clearly displayed on the optical coherence tomography (OCT) B-scan image and DA, and the LP can also be drawn on a fundus color image by an ophthalmologist according to the corresponding angiography image. In recent years, either the traditional laser photocoagulation or the micro-pulse laser photocoagulation has become one of the important means of CSC therapy, which plays an effective role in inhibiting the development of CSC. However, the location of retinal vessels is of great importance in the whole process of the above CSC laser surgery, which does not only help the doctors mark the location of the LP on fundus color image, but also avoids the damage of laser spot to vessel tissue and the low efficiency of surgery caused by the absorption of laser energy by retinal vessels.


[image: Figure 12]
FIGURE 12. (A) Pigment epithelium detachment (PED) and neurosensory retinal detachment NRD; (B) NRD (C) detachment area (DA) (the internal area marked by yellow line) and leakage point (LP) (the blue point).


Therefore, this section applies the proposed single model (i.e., the baseline model and upgraded model) and the integrated framework to the ophthalmic clinical CSC dataset, which is not only a comparison of their performance, but also a practical application test. First, the symbols in the following figures and tables are briefly explained here. The “Base-DRIVE,” “Base-CHASEDB,” and “Base-STARE” denote the baseline model trained with DRIVE, CHASEDB, and STARE datasets, respectively. the “Base-UNION” represents the integration of the above three models, which means that N1 is 3. The naming rules for the upgraded models are consistent with the baseline models.

It can be seen from Figure 13 that both the baseline and the upgraded models can better adapt to the CSC dataset, and more than 90% of the AUC values are obtained. In most cases, the AUC metric of the Base-UNION is better than the Base-DRIVE and the Base-CHASEDB; the maximum values of which are 96.13 and 97% under the conditions of baseline and upgrade schemes, respectively. This preliminarily shows the effectiveness and the feasibility of the integrated idea in improving the cross-domain adaptability of a single model. However, we have to admit that the AUC values of the Base-STARE and the Impro-STARE are slightly better than the corresponding integrated models, the maximum values of which are 96.5 and 97.18%, respectively. The above observations, on the one hand, show the correctness of the integration scheme, and on the other hand, also convey that the performance of this scheme has room for further improvement. At the same time, it can also be found that whether the integration framework is based on the single upgraded model or the single upgraded model itself, their AUC values on the CSC dataset is better than their corresponding baseline model in most cases, which is basically consistent with the performance of the upgraded model and the baseline model on the public datasets. The above analysis not only confirms further the necessity of our upgraded operation, but also hints the potential application ability of the model based on the few-shot learning paradigm in clinical dataset. In addition, Table 5 clearly shows the values of the other four metrics of the single model and the integrated framework on the CSC dataset. For example, the CSC-U (U represents Union, that is, the integrated framework) represents the application of the integrated framework on the CSC dataset, and CSC-D represents the application of Base-DRIVE or Impro-DRIVE on the CSC dataset. Under different CK modes, the ACC and F1 values of the integrated framework are almost better than those of the corresponding single model, especially the F1 value. Although the integrated framework is slightly inferior in the Spe and Sen metrics, it still has the upper hand overall. It can be found that both the Base-CHASEDB and the Impro-CHASEDB achieved the maximum Spe value, but performed poorly in the Sen metric, which implies that they will introduce more false positives (refer to Figure 14 for details) in vessel segmentation task on the CSC dataset. The above implies that a simple model integration can appropriately enhance the poor cross-domain adaptability of a single model, but the integrated principle of the minority obeying the majority needs to be improved.


[image: Figure 13]
FIGURE 13. Comparison of the domain adaptability based on the AUC: (A) 5-way 3-shot; (B) 4-way 3-shot; (C) 3-way 3-shot; (D) 3-way 4-shot; and (E) 3-way 5-shot.



Table 5. Performance comparison of single model and integrated framework on CSC dataset.

[image: Table 5]


[image: Figure 14]
FIGURE 14. Comparison of the single model and the integrated framework on practical application.


Figure 14 shows the fusion results of the segmented retinal vessels and the fundus color images, in which the black part represents the position information of vessels, the inner area marked by yellow line represents DA, and the blue point is LP. After a careful comparison, it can be found that the integrated framework can segment more retinal vessels than the single model driven by DRIVE or CHASEDB dataset. Although the Base-CHASEDB and the Impro-CHASEDB have advantages in Spe metric, it leads to more false positives (Refer to Table 5) in the actual segmentation results. Moreover, the Base-STARE or the Impro-STARE is generally dominant in the task of vessel segmentation. However, it cannot be ignored that they will bring more discrete vessel segments, which may disturb the LP localization process.

In general, through the above results and discussions, it can be found that the performance of both the Base and Impro models is consistent in the training, validation, and testing processes, which indicates the stability of the two models. In addition, we can see that although the baseline model can adapt to the vessel segmentation task well, it is weaker than the Impro model in terms of adhesion and continuity in wide vessel segmentation as a whole, which also emphasizes the necessity of an upgraded operation. Moreover, compared with some typical machine-learning-based methods listed, the Base and Impro models show superiorities in most cases, but we still need to catch up with the optimal scheme. Furthermore, a single model performs well in the intra- and cross-domain tasks, and overall, either the baseline model or the upgrade model is better in intra-domain tasks. The proposed integrated framework enhanced the vessel segmentation ability of a single model in the cross-domain task to a certain extent, but the integrated idea based on the minority obeying majority needs to be improved in the future to promote the superiority of the integrated framework.




CONCLUSION AND FUTURE WORK

In this paper, a novel few-shot learning-based method for retinal vessel segmentation is proposed. Firstly, from the perspective of a problem scenario migration, the vessel segmentation scene is skillfully transformed into the few-shot learning task, which lays a foundation for vessel segmentation under the condition of few samples. Then, on the basis of the above, two models based on the few-shot learning paradigm are established. In the first step, we build a baseline segmentation model by improving the existing few-shot learning framework, which adapts to the vessel segmentation task well. In the second step, to improve the segmentation performance of the baseline model, we make further efforts from the following three aspects: (1) A multi-scale class prototype extraction technique is designed to obtain more sufficient vessel features for better utilizing the information from the support images; (2) The multi-scale vessel features of the query images inferred by the support image class prototype information are gradually fused to provide more effective guidance for the retinal vessel segmentation task; and (3) A multi-scale attention module is raised to promote the consideration of the global information in the upgraded model to assist the vessel localization. Moreover, the integrated framework is conceived to appropriately alleviate the low performance of a single model in the cross-domain vessel segmentation scene. Extensive experiments on three public retinal image datasets demonstrate that the few-shot learning-based method can effectively carry out the intra-domain vessel segmentation task with a few annotation samples and possess a potential cross-domain application capability. Practical application experiments on our private CSC dataset not only confirms the effectiveness of the integrated framework to improve the cross-domain adaptability of a single model, but also further indicates the clinical application value of the few-shot learning-based method in assisting the CSC laser surgery for retinal vessel localization. However, although we broaden the research ideas for the vessel segmentation in the case of few samples, the limitations of this method cannot be ignored. In the future, we will focus on enhancing the segmentation ability of the proposed models on the small vessels and alleviate the problem of a discontinuous segmentation issue, and try to explore the vessel segmentation scheme based on the few-shot learning paradigm without any annotations.
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Purpose: Portable three-dimensional imaging systems are becoming increasingly common for facial measurement analysis. However, the reliability of portable devices may be affected by the necessity to take three pictures at three time points. The purpose of this study was to evaluate the effectiveness of portable devices for assessing the periocular region.

Methods: In 60 Caucasian volunteers (120 eyes), four facial scans (twice for each instrument) using the portable VECTRA H2 and static VECTRA M3 devices were performed; patients' heads were kept straight, looking ahead, with a neutral facial expression. One assessor set 52 periocular landmarks in the periocular area of each image and subsequently assessed intra- and inter-device reliability by comparing two within-device measurements and one between-device measurement, respectively.

Results: The mean absolute difference (MAD) (0.13 and 0.12 units), relative error of measurement (REM) (0.61 and 0.68%), technical error of measurement (TEM)(1.02 and 0.80 units), relative TEM (rTEM) (5.51 and 4.43%), and intraclass correlation coefficient (ICC) (0.89, 0.89) showed good intra-device reliability for M3 and H2; MAD (0.63, 0.62 units), REM (2.83, 2.69%), TEM (1.31, 1.10 units), rTEM (7.62, 5.57%), and ICC (0.79, 0.83) indicated that inter-device reliability deteriorated compared to intra-device reliability and that the inter-device reliability of the first scan (moderate) was lower than that of the average of the two scans (good).

Conclusions: The portable VECTRA H2 device proved reliable in assessing most periocular linear distances, curve distances, and angles; some improvement in inter-device reliability can be achieved by using the average of two scans.

Keywords: three-dimensional anthropometry, portable stereophotogrammetry devices, validity, reliability, periocular morphology


INTRODUCTION

The anthropometric data of facial soft tissues are widely used in plastic (1) and craniomaxillofacial surgery (2–4). These data are important to develop surgical plans (5) and assess outcome prognosis (6–8). Particularly, the periocular region plays an important role in facial attractiveness, emotional expression, and differentiation by ethnicity (9, 10), gender, and age (11, 12). It is also a major reference indicator for corrective, restorative, or cosmetic surgery (13). In recent years, non-invasive three-dimensional (3D) surface imaging methods, including VECTRA, Artec EVA, and 3D MD systems (14–16) have gradually replaced traditional direct anthropometric techniques (using rulers and calipers) and two-dimensional (2D) photography. Most of the existing 3D photogrammetry systems are static devices, which prominently feature in capturing photos of participants from three different angles at a single time point and composing a 3D photo using a computer. Previous studies have proposed the first standardized periocular anthropometric protocol (17, 18) and showed potential clinical applications, including a novel standardized lower eyelid tension distraction test and a lateral distraction test (19, 20). The reliability (repeatability) and accuracy of the VECTRA M3 static device is very high for linear, curvilinear, angular, area, and volume measurements (21–25). However, the device is expensive, bulky, untransportable, and requires frequent calibration (2, 14, 26–28) to reach this high reliability, which are considerable limitations, especially for patients who cannot walk independently or reside in remote and poor areas.

Currently, portable 3D imaging devices are available in the market. These systems comprise only one digital single-lens reflex camera in addition to a computer system (5). Due to low cost, no need for calibration, and portability, portable 3D photogrammetry systems have high potential to be used extensively in research and routine clinical measurements in the future. Although several publications have conducted facial analyses using older portable devices (5, 16, 29–31), including studies on the reproducibility of these devices (VECTRA H1) in comparison with static devices (3D MD or VECTRA M3) (5, 31), some issues remain to be addressed. First, the primary portable device used in previous studies was the VECTRA H1; the newest generation, VECTRA H2, was not used. Second, there are no studies on the application of portable devices in the periocular area with newly developed standardized landmarks protocols. Finally, many factors, including head and eye movements, camera movements, user dependence, and facial expressions, may affect the reliability of the portable device during the three shots. Therefore, this study aimed to evaluate the reliability of a novel portable stereophotogrammetric device VECTRA H2 compared to the static VECTRA M3 (the current gold-standard 3D imaging system) for three-dimensional periocular analysis and subsequently provide a basis for the feasibility of VECTRA H2 in periocular applications.



METHODS


Study Participants

Sixty Caucasian volunteers (30 men and 30 women, 120 eyes) aged 18–48 years (28.2 ± 6.2 years) were recruited for this study. The study sample size was calculated based on the results of the interdevice comparison between M3 and H2 for 10 volunteers in the pre-test study (LCAm: 67.77 ± 10.65° vs. 62.98 ± 7.09°). With a 2-sided 5% significance level and 80% power, a sample size of 34 patients per group was determined by PASS software (Version 15, UT, USA). Exclusion criteria were deformities, lesions, surgical, or traumatic events involving the face. All participants signed an informed consent form, and this study was performed in accordance with the principles of the Declaration of Helsinki and approved by the ethics committee of Cologne University (approval no: 17-199).



3D Image Acquisition and Data Collection

Before the images were obtained, all volunteers were asked to remove their makeup, take off their jewelry, and pull their hair back to ensure complete exposure of their forehead and eyebrows. Thereafter, the facial images of each volunteer were captured twice by a static VECTRA M3 and a portable VECTRA H2 system (Canfield Scientific, Inc., Parsippany, NJ, USA). Scanning with both devices was performed consecutively in the same room, and the volunteers sat in a neutral posture. For the static VECTRA M3, calibration was performed according to device guidance before each capture. During acquisition, participants looked at the upper-middle mirror in the machine, keeping their eyes between the vertical and horizontal reference lines on the screen. For the portable VECTRA H2, the operator took three consecutive photographs from three angles as required by the device instructions: the first photograph was taken 30 cm below 45 degrees on the right side of the volunteer's face, and the second photograph was taken with the camera in front of the face. Subsequently, the third picture was taken on the left side of the face at 30 cm below 45 degrees (Figure 1). Finally, the computer connected to the camera merged the three photos into one 3D photo using VAM software version 2.8.2 (Canfield Scientific, Inc.).


[image: Figure 1]
FIGURE 1. The process of 3D image acquisition with Vectra H2 portable camera. The volunteer follows the instructions to turn the head to the left (A), turn the head to look forward (B), and finally turn the head to the right (C). The application instruction screen for each step is displayed in the upper right corner.


This study employed 52 3D anthropometric landmarks of the periocular region developed and validated by our research group (Figure 2). The definitions of these landmarks and measurements are detailed in Tables 1, 2. Subsequently, the study measured three categories of data (linear distances, curves, and angles).


[image: Figure 2]
FIGURE 2. Description of periocular anthropometric landmarks used in this study. Periocular anthropometry was performed according to Guo et al. (17).



Table 1. Definition of abbreviations for periocular landmarks, modified from Guo et al. (17).

[image: Table 1]


Table 2. List of linear distance, curve, and angle measurement variables for the periocular region, derived from Guo et al. (17).

[image: Table 2]



Statistical Analysis

Statistical analysis was performed using SPSS 23.0 software (Armonk, NY: IBM Corp.), and graphs were created by GraphPad Prism 9 (GraphPad Software, San Diego, CA, USA). Differences in the age distribution of men and women among volunteers were assessed using the Wilcoxon's signed rank-sum test. All measured data were tested for normality using the Kolmogorov-Smirnov test. For data conforming to a normal distribution, paired t-tests were conducted to assess differences within and between devices. For non-normally distributed data, Wilcoxon's signed-rank test was used. P-values <0.05 were considered to indicate statistical significance.

Intra-device reliability was analyzed by comparing the images captured twice by each device (VECTRA M3 and VECTRA H2), and inter-device reliability was analyzed by comparing the metric parameters obtained from the first scan (using VECTRA H2 and VECTRA M3) and the measured average of the images scanned twice with each device. The intraclass correlation coefficient (ICC) has a value between 0 and 1, and a value closer to 1 indicates high reliability. ICC values allowed the classification of the agreement into three classes: <0.4, poor agreement; 0.4–0.75, satisfactory; and ≥0.75, excellent (32). Given the small periocular measurements, we set the minimum error threshold for the mean absolute difference (MAD) and technical error of measurement (TEM) to 1 unit (millimeter or degree). Relative error of measurement (REM) and relative TEM (rTEM) values can be classified into five categories (excellent, <1%; very good, 1–3.9%; good, 4–6.9%; moderate, 7–9.9%; and poor, >10%) based on the scale proposed by Camison et al. and Andrade et al. (5, 33).




RESULTS

The measurement results (means and standard error, SD) of the M3 and H2 system are shown in Table 3. Repeatability parameters (ICC, MAD, TEM, REM, and rTEM) within and between the VECTRA M3 and H2 devices are presented in Tables 4, 5.


Table 3. Means and standard deviations (SDs) of all measurements (mm or degrees).
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Table 4. Intra-device reliability results of VECTRA M3 and H2 for periocular measurements.
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Table 5. Inter-device reliability results of VECTRA M3 and H2 for periocular measurements.
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Intra-Device Reliability With VECTRA M3

ICC (Table 4, Figure 3) estimates for most M3 intra-device comparisons were excellent (0.81–1.00), except for two upper lid fold-related variables (FPDI: 0.73, FExDI: 0.70) and one eyelid fissure-related variable (LCAm: 0.68). As shown in Table 6 and Figure 4, MAD was <1 unit for 48 of the 49 parameters, and LCAm was between 1 and 2 units. TEM was <1 unit for 42 parameters (87.5% eyebrow-related variables, 100% upper lid fold-related variables, and 60% palpebral fissure-related variables); the largest measurement error was for the palpebral fissure-related variable MCAm (6.05°). The REM and rTEM results for each comparison are shown in Figure 5 and Figure 6. Of seven upper lid fold-related variables, 57.1% of REM values were <1 and 42.9% of values were between 1 and 3.9%. As for rTEM, 71.4% of variables were >10%, except for FExD, which was <7%, and FDPm, which was <10%. FExDI (rTEM = 13.87%) had the largest value. REM was <1% for 73.3% of palpebral fissure-related variables, and 26.7% were in the 1–3.9% range. Except for MCAm (rTEM = 8.63%) and LCAm (rTEM = 13.61%), 86.7% of palpebral fissure-related values showed an rTEM <7% (20% of variables were <1%, 46.7% were between 1 and 3.9%, and 20% were between 4 and 6.9%). Moreover, the rTEM and REM of all brow-related variables were <7%. Additionally, 95.8% of REM values were <1%, 75% of rTEM and 4.2% of REM values were between 1 and 3.9%, and 25% of rTEM values were between 4 and 6.9%.


[image: Figure 3]
FIGURE 3. Intra- and inter-device of intraclass correlation coefficient (ICC) for all periocular region measurements of 3D images. ICC values allowed the classification of the agreement into three classes: <0.4, poor agreement; 0.4–0.75, satisfactory; and ≥0.75, excellent.



Table 6. Percentage of different periocular measurement variables in each reliability rating classification for VECTRA M3 and H2.
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[image: Figure 4]
FIGURE 4. Intra- and inter-device mean absolute difference (MAD) and technical error of measurement (TEM) for periocular measurements on all 3D images. The acceptable error threshold is set to 1 unit.



[image: Figure 5]
FIGURE 5. Intra- and inter-device relative error of measurement (REM) for all periocular region measurements of 3D images. Reliability category criteria were as follows: excellent, <1%; very good, 1–3.9%; good, 4–6.9%; moderate, 7–9.9%; and poor, >10%.



[image: Figure 6]
FIGURE 6. Intra- and inter-device of relative technical error of measurement (rTEM) for all periocular region measurements of 3D images. Reliability category criteria were as follows: excellent, <1%; very good, 1–3.9%; good, 4–6.9%; moderate, 7–9.9%; and poor, >10%.




Intra-Device Reliability With VECTRA H2

Intra-device ICC (Table 4, Figure 3) was above 0.75 for most variables measured by device H2, except for one eyebrow-related parameter (EPDl_M) and three upper lid fold-related variables (FPD, FLl, and FPDl), with an ICC between 0.4 and 0.75. Figure 4 and Table 6 show that all 49 parameters with a MAD and 41 parameters with TEM had a value of <1 unit (87.5% of eyebrow-related variables, 100% of upper lid fold-related variables, and 60% of palpebral fissure-related variables). The largest measurement error was the palpebral fissure-related variable LCAm (4.03°); 28.6% of upper lid fold-related variables showed an REM <1%, 57.1% had variables between 1 and 3.9%, and the maximum value of FPD was 5.163%. All these variables had an rTEM >7%, 28.6% of these variables had an rTEM between 7 and 10%, and 71.4% had an rTEM >10%; the maximum value was FPD (rTEM = 15.76%). All palpebral fissure-related variables showed an REM and rTEM <7% (80% of REM and 26.7% of rTEM values were <1%, 20% of REM and 40% of rTEM values were between 1 and 3.9%, and 33.3% of rTEM values were between 4 and 6.9%). Except for EPDl_M, ELlD_I, and EPD_I with an rTEM >7%, REM and rTEM were <7% across all brow-related variables (87.5% of variables had an REM <1%, 70.8% of rTEM and 12.5% of REM variables were between 1 and 3.9%, and 16.7% of rTEM values were between 4 and 6.9%).



Inter-Device Reliability Between VECTRA H2 and VECTRA M3

When the first captures of both devices (M3 and H2) were used to compare inter-device reliability; 33 variables showed an ICC (Table 5) >0.75 (83.3% of brow-related variables and 73.3% of palpebral fissure-related variables), 15 variables had ICC values between 0.4 and 0.75 (16.7% of brow-related variables, 100% of upper eyelid fold-related variables, and 20% of palpebral fissure-related variables). The smallest ICC value was for a palpebral fissure-related variable, LCAm (ICC = 0.39). Forty-one variables had an MAD <1 unit (100% of eyebrow-related variables, 100% of upper eyelid fold-related variables, and 53.3% of palpebral fissure-related variables), and the highest MAD value was for LCAm (6.825°). Twenty-eight measurements had a TEM <1 unit (62.5% of brow-related variables, 85.7% of upper eyelid fold-related variables, and 40% of palpebral fissure-related variables), and LCAm (8.731°) had the highest TEM value. Only the rTEM of EnD and 14 variables (including EnD) of REM were <1% (41.7% of eyebrow-related variables and 26.7% of palpebral fissure-related variables; Figure 5). Thirteen variables of rTEM (37.5% of eyebrow-related variables and 26.7% of palpebral fissure-related variables) and 24 variables of REM (50% of brow-related variables, 42.9% of upper eyelid fold-related variables, and 60% of palpebral fissure-related variables) were between 1 and 3.9%, respectively; 13 rTEM (45.8% of brow-related variables and 13.3% of palpebral fissure-related variables) and five REM (37.5% of brow-related variables, 28.6% of upper eyelid fold-related variables, and 6.7% of palpebral fissure-related variables) variables were between 4 and 6.9%; four rTEM (12.5% of eyebrow-related variables and 28.6% of upper eyelid fold-related variables) and one REM (28.6% of upper eyelid fold-related variables) variables were between 7 and 10%. Nine rTEM (4.2% of brow-related variables, 100% of upper eyelid fold-related variables, and 6.7% [1/15] of palpebral fissure-related variables) and two REM values (28.6% [1/7] of upper eyelid fold-related variables and 6.7% of palpebral fissure-related variables) were >10%. The largest rTEM value was FPD (17.29%), while the largest REM value was LCAm (10.31%).

When the mean of two scans for each device was used for comparison, 39 variables had an ICC >0.75, and the remaining 10 variables were between 0.4 and 0.75. Forty-four measurements had a MAD of <1 unit, and 35 measurements had a TEM of <1 unit. Four rTEM and 16 REM values were <1%, 14 rTEM and 21 REM values were between 1 and 3.9%, and 17 rTEM and 6 REM values were between 4 and 6.9%. Three rTEM and two REM values were between 7 and 10%, and eight rTEM and one REM values were >10%. Overall, applying the average of the two captures mildly improved inter-device reliability compared to using only the first capture.




DISCUSSION

We validated the reliability of portable devices in periocular applications for the first time using a periocular marker developed by Guo et al. (21). The mean results for the intra-device reliability metrics of MAD (0.13 and 0.12 units), REM (0.61 and 0.68%), TEM (1.02 and 0.80 units), rTEM (5.51 and 4.43%), and ICC (0.89 and 0.89) for devices M3 and H2 were highly comparable. For inter-device comparisons, the mean MAD, REM, TEM, rTEM, and ICC were 0.63 units, 2.83%, 1.31 units, 7.62%, and 0.79 units, respectively (0.62 units, 2.69%, 1.10 units, 5.57%, and 0.83 units if the mean values of H2 and M3 were used). Inter-device reliability decreased compared to intra-device reliability and all reliability metrics improved when quoting average values, indicating that we can reduce inter-device variation by using the average of the two captured images when the H2 device is used for photography.

Guo et al. first introduced 52 new periocular landmarks and validated the high reliability of the static VECTRA M3 stereophotogrammetric system for periocular anthropometry (21). The imaging system and landmarks were highly reliable for most measurements. Intra-rater measurements had the highest reliability, followed by inter-rater and intra-device measurements. The results of the M3 intra-device reliability analysis included MAD (0.98 units), REM (4.66%), TEM (0.96 units), rTEM (4.64%), and ICC (0.96). Our results were generally consistent with the aforementioned study, and some indicators were even more reliable.

Several recent studies have validated the reliability of portable stereophotogrammetric devices for facial imaging (5, 31). Camison et al. (5) verified that the portable VECTRA H1 and static 3dMD devices were highly comparable in facial imaging: 136 linear distances had an inter-device mean rTEM value of 1.13% (range, 0.44–2.48%). Fifty-five of these distances (40.4%) were in the “excellent” category (<1%), while the remaining 81 distances (59.6%) were in the “very good” range (<3.9%) (TEM, 0.84 mm). Gibelli et al. (31) and Kim et al. (34) compared the portable VECTRA H1 device with the static VECTRA M3 device in terms of the linear, angular, surface area, and volume measurement for reliability. The results, except for the lip and periocular regions, showed high repeatability for most linear, angular, and surface area measurements in M3 vs. M3, H1 vs. H1, and M3 vs. H1 comparisons (range, 82.2–98.7%; TEM, range, 0.3–2.0 mm, 0.4–1.8 degrees; rTEM, range, 0.2–3.1%). rTEM was primarily classified to provide excellent intra-device and good inter-device comparisons. Notably, they validated the results mainly for the non-periocular regions of the face, thus assessing significant differences in the linear distance and angular type of validation. The current results are generally less reliable than previous studies, possibly due to the eye movements reported in the previous literature (35, 36). Furthermore, the measurements in the periocular region are all small, and previous studies have reported that reliability decreases as measurements decrease (37, 38).

Specifically, the highest reliability was found for most palpebral fissure-related variables in various comparisons, with rTEM primarily categorized as excellent, very good, or good within devices (M3 vs. M3: 0.26–6.39% and H2 vs. H2: 0.51–6.42%). Simultaneously, M3 and H2 comparisons were also excellent, very good, or good (0.02–5.34% and 0.66–6.20%) (first assessment and mean). The next most reliable assessment was for eyebrow-related variables, and within-device rTEM was mainly classified as very good or good (M3 vs. M3: 1.82–6.49% and H2 vs. H2: 1.33–6.02%), while M3 and H2 comparisons were also good (2.52–6.76% and 2.27–6.51%, respectively) (first evaluation and mean). The worst reliability was for the upper eyelid fold-related variables. Within-device rTEM was mainly classified as moderate or poor (M3 vs. M3: 9.88–13.87% and H2 vs. H2: 7.65–15.76%), while M3 compared to H1 (first evaluation and mean) had poor rTEM (11.15–17.29% and 12.15–15.61%, respectively).

TEM and rTEM values were generally consistent and reliable in their respective intra-device comparisons when using M3 and H2 scans for periocular data measurements. In contrast, TEM and rTEM values deteriorated in the M3 vs. H2 comparison. This result may be due to the strong effect of involuntary head and eye movements during acquisition using the H2 device as it requires three consecutive images to be acquired, while the static M3 device acquires the same images simultaneously.

One limitation of the current study comes from the volunteers; only cooperative adults could be invited to participate because it is difficult to ensure that head, eye, and eyelid positions do not shift in children and non-cooperative individuals. Additionally, all data were collected at a fixed location, thus not fully reflecting the portability of the H2 device. Furthermore, the current study involved linear distance, curve, and angle measurements of the periocular region, without measuring its area and volume. Therefore, this study focused on comparing the differences in periocular measurements between healthy Caucasian adults on the two devices and did not include age, race, and patients in the study. Further studies should evaluate the device's reliability in different age groups, different ethnicities, bedside or other indoor settings for patients with limited mobility and the periocular area and volume measurement.



CONCLUSIONS

The intra-device reliability of the two categories of devices in this study was generally consistent, with a slightly poorer inter-device agreement. The palpebral fissure-related variables and eyebrow-related variables had good reliability both within and between devices. This validation study explored the measurement of linear distance, angle, and curve values in the periocular region with the new portable device VECTRA H2, making an essential contribution to validating the VECTRA H2 device in the periocular region. Previous studies used the earlier generation of portable devices, VECTRA H1, and mainly verified the reliability in non-ocular locations of the face. Compared to static devices, portable instruments are relatively inexpensive and location-independent, allowing photography for patients with limited mobility or in remote areas. However, it is disadvantageous in that it has slightly lower reliability than static devices. Therefore, we need to select the most suitable instrument for future clinical applications according to what the actual situation presents.
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Intrinsic optical signal (IOS) imaging of the retina, also termed as optoretinogram or optoretinography (ORG), promises a non-invasive method for the objective assessment of retinal function. By providing the unparalleled capability to differentiate individual retinal layers, functional optical coherence tomography (OCT) has been actively investigated for intrinsic signal ORG measurements. However, clinical deployment of functional OCT for quantitative ORG is still challenging due to the lack of a standardized imaging protocol and the complication of IOS sources and mechanisms. This article aims to summarize recent developments of functional OCT for ORG measurement, OCT intensity- and phase-based IOS processing. Technical challenges and perspectives of quantitative IOS analysis and ORG interpretations are discussed.
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INTRODUCTION

The retina is a neurovascular network complex that can be frequently affected by eye diseases such as age-related macular degeneration (AMD), diabetic retinopathy (DR), glaucoma, and inherited retinal dystrophies (IRDs). Optical imaging methods, such as light fundus photography and fluorescein angiography (1–3), can reveal morphological abnormalities for eye disease diagnosis and treatment assessment. Scanning laser ophthalmoscopy (SLO) (4, 5) can provide improved spatial resolution and image contrast. Optical coherence tomography (OCT) (6, 7) can provide depth-resolved, cross-sectional images of individual retinal neural layers. As one special OCT modality, OCT angiography (OCTA) (8–11) can enhance the visibility of individual retinal capillary plexuses. Adaptive optics (AO) can be incorporated to enhance the resolution of the fundus camera (12, 13), SLO (14, 15), and OCT (16–18). These methods for morphological imaging of the retina provide vital information for clinical management of eye diseases.

However, retinal diseases are often quite advanced before they draw clinical attention, by which time the retina may be functionally abnormal. Structural and functional abnormalities in the retina are often not correlated in the spatial location and time window. Therefore, an objective method for functional assessment of the retina promises early detection and longitudinal therapeutic assessment of retinal degenerative diseases. Electroretinography (ERG) and multifocal ERG (19, 20) can objectively assess retinal physiological function. However, separate morphological imaging and functional measurement can be costly and time-consuming. Moreover, different spatial resolutions of morphological imaging and functional measurement may challenge clinical evaluation.

Intrinsic optical signal (IOS) imaging of the retina (21–29), also termed as optophysiology (30), optoretinogram (31–35), or optoretinography (25, 36–40) (ORG), promises a non-invasive method for objective assessment of retinal physiological function. The terminology ORG is an analogy to ERG. ERG is based on the electrical measurement of stimulus-evoked electrophysiological activities, while ORG refers to IOS imaging of corresponding light property changes in the retina due to functional activity. Time-lapse light microscopy and fundus camera have been used for two-dimensional IOS imaging study of isolated retinal tissues and intact eyes (21, 22, 28). By providing the unparalleled capability to differentiate individual layers of the retina, OCT has been actively used for IOS imaging of animal and human retinas (25, 29, 31–45). OCT is an interferometric imaging technique that acquires interference fringe patterns generated by the superposition of back-scattered lights from the sample and reference arms. The Fourier transform of the fringe patterns provides intensity information on the scattering object and allows access to information about the axial position of the scattering object within the retina. Thus, intensity and phase information has been utilized in quantifying the stimulus-evoked IOS in the retina. However, clinical deployment of the OCT-based ORG is still challenging due to the lack of a standardized imaging protocol and the complication of signal sources and physiological mechanisms. In the following sections, we will summarize recent developments of functional OCT systems for IOS imaging, OCT intensity and phase-based processing for quantitative IOS analysis. Technical challenges and perspectives of quantitative ORG measurement and interpretation will be discussed.



FUNCTIONAL OCT DEVELOPMENTS FOR INTRINSIC SIGNAL ORG

The retina is thin, transparent, and stratified into distinct cellular layers. Since the stimulus-evoked retinal activity was found to alter intrinsic optical properties at different layers, OCT has been actively investigated for depth-resolved IOS imaging (22, 34). Both time-domain and Fourier-domain OCT systems have been demonstrated for IOS imaging. Time-domain OCT was first demonstrated for depth-resolved observation of IOS in the freshly isolated frog (29) and rabbit (30) retinas. Fourier-domain OCT was later employed to validate in vivo IOS imaging of intact rat eyes (46). A hybrid line-scan SLO and OCT system was also employed for confocal-OCT IOS imaging study of isolated retinas (47). Given the improved imaging speed, Fourier-domain OCT has dominated recent IOS imaging studies of both animal (33, 35, 37, 39, 42, 44, 48–52) and human (25, 31, 32, 36, 37, 53–55) retinas.

Figure 1 shows an exemplary Fourier-domain OCT system used for IOS imaging of the human retina. The system is a point-scan spectral-domain OCT, commonly used for clinical and research purposes. A fixation target is used to minimize eye movements during imaging. The system consists of two light sources, one near infrared superluminescent diode (SLD) for OCT imaging, and a visible light source to produce retinal stimulation. The OCT probe beam is raster-scanned over the retinal tissue. A pupil camera helps to align the OCT probe beam for optimal light incidence through the pupil (Figure 1B1) and to measure the time course of pupillary light response (Figure 1B2). The recording speed is 100 B-scan/s at a 70 kHz A-scan rate. Point-scan OCT benefits from the confocal aperture of the single-mode fiber that rejects multiply scattered light. However, imaging speed is limited for volumetric data acquisition.


[image: Figure 1]
FIGURE 1. (A) Representative functional OCT system for IOS/ORG imaging. BS, beam splitter; CL, collimation lens; Lenses, L1, L2, L3, L4, L5, and L6; PC, polarization controller; SLD, superluminescent diode. (B) Representative pupil image (B1) and pupillary response (B2). Reprinted with permission from Son et al. (25). (C1) Representative OCT B-scan of the human retina and (C2) reflectance profiles of the central fovea (yellow), parafovea (blue), and perifovea (purple). Yellow, blue, and purple windows in (C1) indicate retinal regions for comparative reflectance profile analysis. The green arrow in (C2) indicates a possible band, i.e., Bruch's membrane. T1–T3 indicate trough positions along the reflectance profiles. NFL, nerve fiber layer; GCL, ganglion cell layer; IPL, inner plexiform layer; INL, inner nuclear layer; OPL, outer plexiform layer; ONL, outer nuclear layer; ELM, external limiting membrane; ISe, inner segment ellipsoid; OS, outer segment; IZ, interdigitation zone; RPE, retinal pigment epithelium; BM, Bruch's membrane. Modified with permission from Yao et al. (56).


Line-scan (40) or full-field (57) OCT can significantly improve the imaging speed by the parallel acquisition of lateral and axial information. Full-field OCT allows imaging without lateral phase noise by employing a collimated illumination over the retinal area with detection by a 2D camera. High-speed 3D imaging can reduce intraframe eye movement artifacts, which permits robust registration of frames and tracking of photoreceptors, returning stable OCT phase information. Access to stable phase information allows detecting cellular deformations much smaller than its axial resolution, and the phase information has been recently used to measure light-evoked photoreceptor outer segment (OS) deformation (32, 36, 55, 58). However, the parallel OCT suffers resolution loss from multiple scattering crosstalk. In addition, a tradeoff for increasing imaging speed is a reduction in the imaging area.

AO can be incorporated to improve further the OCT spatial resolution (36, 40). The AO subsystem generally consists of three elements, including the wavefront sensor, the deformable mirror, and the control computer to dynamically measure and correct low- and high-order wavefront aberrations of the eye. The current state-of-art AO-OCT system has the resolution to reveal the 3D reflectance profile of individual cone photoreceptors and provide sufficient sensitivity to detect light-evoked optical path length (OPL) changes as small as 5 nm in the individual cones (36). Azimipour et al. (31) further demonstrated a combined AO-SLO-OCT for ORG measurement of rod and cone photoreceptors in the human retina. The SLO was utilized to guide the type and location of photoreceptors in the OCT volume. However, clinical deployment of AO-OCT is still challenging due to technical factors such as high cost, optical complexity, system size, data volume, and image postprocessing (59).



OCT DATA PROCESSING FOR INTRINSIC SIGNAL ORG

Both intensity and phase-based processing methods have been developed to quantify the stimulus-evoked IOS in the retina.


OCT Intensity-Based IOS Processing

The OCT intensity-based IOS processing can be divided into two categories: OCT brightness change and OCT band analysis. The intensity-based processing takes advantage of the fact that morphological deformation of the retinal neurons can directly affect IOS, and physiological activities in the retinal neurons and vasculature can cause local variation of optical properties, such as refractive index, scattering, reflection, or birefringence.


OCT Brightness Analysis

The OCT brightness change analysis was devised to detect local variations in pixel intensity value due to light stimulus within the retina. Previous studies using brightness change analysis detected localized IOS change both in the inner and outer retina (42, 51, 60–62). Figure 2 illustrates representative time-lapse OCT recording and a result from the brightness change analysis (63). The data processing is described as follows (42, 62, 64). First, raw OCT B-scans need to be registered to compensate for eye movements by a sub-pixel registration algorithm. The intensity of each pixel can then be normalized based on the inner retinal intensity to limit the effect of pupillary response (25). Next, from a sequence of the registered B-scans, the “active” IOS pixels are identified. Any pixel that significantly changes its intensity value after the light stimulus is identified as the active-IOS pixel, which can be either positive (intensity increased) or negative sign (intensity decreased). The number of active IOS pixels can be quantified for comparative study (39, 64). In addition, the intensity value of active IOS pixels can be traced over time after subtracting the background pixel intensity value from pre-stimulus B-scans (61, 63). Figure 2 demonstrates that light-evoked positive (red) and negative (green) IOSs were observed in the human retina. As shown in Figures 2B–D, the fast IOS was promptly observed after stimulus onset and primarily confined within the photoreceptor region. Since ~220 ms time window was available without pupillary response (Figure 1B2), it would be feasible to monitor the fast photoreceptor-IOS in non-mydriatic conditions (25). The brightness analysis has been demonstrated for robust detection of transient photoreceptor response; however, further investigation is needed to scrutinize IOS origin from the inner retina.
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FIGURE 2. Representative OCT intensity-based IOS imaging. (A) Representative OCT image sequence. (B) Corresponding IOS distributions of positive (red) and negative (green) changes. (C) IOS magnitude sequence with 0.1 s time intervals. (D) IOS magnitude sequence with 10 ms time intervals. Reprinted with permission from Son et al. (25).




OCT Band Analysis

The retina is stratified into multiple-layered structures. OCT can probe the axial position of each neural and synaptic layer and visualize these layers as hyper- and hypo-reflective bands. Measuring the band alterations under different light conditions is one of the critical parameters in ORG measurement (35, 54, 65–67). There is a growing interest, especially in assessing outer retinal bands, such as photoreceptor inner segment (IS), OS, and subretinal space (SRS), and retinal pigment epithelium (RPE).

Figure 3 illustrates outer retinal bands and analysis methods. Zhang et al. demonstrated a deconvolution method for band analysis in the mouse retina (Figure 3A). OCT spectra were initially Fourier transformed after four times zero-padding, and the resultant A-scan profiles were remapped onto a linear scale. Next, they used deconvolution to extract additional information from the hyperreflective bands. Specifically, the averaged A-line profiles were deconvolved with the MATLAB “deconvlucy” function, and the hyperreflective bands from each time point fitted with Gaussian functions, providing three parameters (position, amplitude, and full width at half maximum) that can be used for OCT band analysis. This method was used to measure the length of photoreceptor OS over the diurnal cycle in albino mice (35). Messner et al. demonstrated modeling the OCT A-line profiles by fitting normal distribution curves and observing their position changes over time in the human retina (Figure 3B). To better determine the position of outer retinal bands, a signal model for the A-scan averages was developed in the software OriginPro 2019b using the “multiple peak fitting” function. The signal model for the A-scan average provided quantitative parameters by tracking the position of the peaks attributed to the boundaries of the outer retinal layers during baseline and stimulation conditions (54). In addition, Kim et al. recently demonstrated transient band shifting during the initial dark adaptation period in the mouse retina. The high-speed imaging recorded repeated B-scans at the same retinal plane for 5-min dark-adaptation. The volumetric average was conducted for OCT A-line band analysis, and linear interpolation was employed to enhance the sampling density of the average A-line band analysis (65). Yao et al. suggested a more detailed band analysis by accounting for not only hyper-reflective band location but also relative distances between hyper- and hypo-reflective bands to better establish the correlation of each band to the outer retina structure (Figure 1C2). This approach may provide additional insight into the outer retinal structure and its dynamics under different light conditions (56). The band analysis requires clear boundary information, and better axial resolution can resolve more detailed morphological alterations. It should also be noted that the band composition is different depending on the eccentricity (56), and different normalization methods can directly impact outputs.


[image: Figure 3]
FIGURE 3. Representative OCT hyper-reflective band analysis. (A) Deconvolution method. (A1) Depth scattering profiles of the retina of an albino mouse. (A2) Deconvolution analysis reveals that the backscatter band nearest to Bruch's membrane (BrM) on the anterior side comprises two distinct components (question marks are used to indicate that the assignment to structures required confirmation). Reprinted with permission from Zhang et al. (35). (B) A-line signal modeling by summation of seven Gaussian curves. Gray crosses represent the measured data points, and the black line is the summation of the individual model curves (green, blue, red, and gray lines). ELM, external limiting membrane; IS/OS, inner segment/outer segment complex; ROST, rod outer segment tips; RPE, retinal pigment epithelium; CC, choriocapillaris; Cho, choroid. Reprinted with permission from Messner et al. (54).





OCT Phase-Based Processing

Evaluation of the phase of interference fringes allows access to information about OPL changes. Given a pair of clear hyper-reflective bands resolved within the retina, the recent development of phase-resolved OCT can offer sensitivities to photoreceptor OS deformation on a nanometer scale, much smaller than the axial resolution of the OCT system.


OCT Band Boundary Measurements for Optical Path Length Estimation

Given the premise that the photoreceptor OSs change in length by light stimulus, OCT phase information has been used to estimate the OPL change of photoreceptor OSs. The photoreceptor OS is long and narrow; thus, it behaves like an optical waveguide (68). In addition, there are relatively strong reflections from each end of the photoreceptor (IS/OS junction and OS tip), well suited for OPL estimation using hyper-reflective band positions. Recent advances in parallel OCT and incorporated AO subsystem enable the measurement of stable phase information. Since the phase in a single layer does not carry information to evaluate the length change of the photoreceptors, it is necessary to compare two phases between two different retinal layers and between two different time points. Figure 4 demonstrates phase-resolved OCT imaging for OPL estimation. The data processing is described as follows (55). First, the recorded OCT volumes were reconstructed, and each pixel of each reconstructed volume was then referenced to the respective co-registered pixel in one specific volume. Next, the retinal layers carrying the information about the OS length need to be segmented. Two layers used for segmentation are generally photoreceptor OS tips (POST) and inner-outer segment junction (IS/OS). In general, several axial pixels are averaged centered around the peak point of each layer. The temporal evolution of optical phase difference is then computed between the POST and IS/OS (ΦPOST - ΦISOS) to yield a measure of light-induced relative phase changes between POST and IS/OS. The phase difference at the two layers is then converted to OPL using the relation ΔOPL = (λc/4π) × (ΦCOST - ΦISOS), where λc = central wavelength of OCT light source. A study showed that the magnitude of these OPL changes was strongly correlated with light-induced activity, and they utilized this correlation to classify three cone classes (69). In principle, relative OPL changes between any two layers, including inner retinal layers, can be estimated (70); however, the two boundaries must present clear peak bands with a high signal-to-noise ratio. The stability of phase data is crucial in the OPL estimation and is often corrupted by ocular movements. Thus, the phase-resolved ORG measurement generally requires ultrahigh-speed recording and voxel-wise registration. It should also be noted that different shapes of cone OSs presented from the central fovea to the parafovea may affect OPL estimation (71).


[image: Figure 4]
FIGURE 4. Phase-resolved OCT imaging for optical path length (OPL) estimation. (A) Optoretinography experimental paradigm. A three-dimensional (3D) OCT volume with AO allows resolving the cone mosaic in an en face projection and the outer retinal layers in an axial profile corresponding to the ISOS and COST. Stimulus (528 ± 20 nm, green)–driven changes in a cone photoreceptor are accessible by computing the time-varying phase difference between the proximal and distal OCT reflections encasing the outer segment. (B) Optoretinography reveals functional activity in cone outer segments. Illumination pattern (three bars) drawn to scale over the line-scan ophthalmoscopic image. (C,D) The spatial map of OPL changes between the ISOS and COST before (C) and after stimulus (D), measured at 20-Hz volume rate. Reprinted with permission from Pandiyan et al. (32).




Differential-Phase Analysis for Spatiotemporal Mapping at Pixel Resolution

Ma et al. (37) recently demonstrated a new approach that simultaneously monitors the phase changes along the whole retinal depths, called differential phase mapping (DPM). DPM was devised to analyze the spatiotemporal phase change at pixel resolution. The processing flow was as follows (Figure 5A). Digital dispersion compensation, zero-padding, and fast Fourier transform (FFT) were applied to raw data to get a complex matrix with amplitude and phase information. Then, the OCT phase was unwrapped along the A-scan direction. Finally, the unwrapped phase was differentiated along the A-scan direction. If the scatters of the adjacent pixels are both in the center, the value of the pixel in DPM is 4πnL/λc, where n denotes the refractive index of the tissue, L denotes the pixel length, λc denotes the center wavelength of the light source, and the coefficient 4π is because the OCT measures the back-scattered light. If the distance of two scatterers is less than L, the pixel value of DPM will be smaller than 4πnL/λc, vice versa. Therefore, the DPM represents the relative scatter distance of the sample. Compared to the OCT amplitude image (Figure 5B), DPM also reveals the structural information representing scatter locations (Figure 5C). After stimulation, both amplitude and phase IOS appeared at the outer retina layers (Figures 5D,E). The phase IOSs of different layers at different time courses indicated the depth association of phototransduction in the outer retina. Compared to conventional phase-resolved OPL measurement, computing the phase change between two selected locations, DPM shows the phase change over all the retina depths simultaneously, which could help understand the phase dynamics between retinal layers.


[image: Figure 5]
FIGURE 5. Phase-resolved OCT imaging for differential-phase mapping (DPM) analysis. (A) A flow chart of amplitude OCT and DPM processing. (B–E) The amplitude-IOS and phase-IOS distribution. (B) Amplitude image sequence. (C) DPM sequence. (D) Amplitude-IOS sequence. (E) Phase-IOS sequence. Reprinted with permission from Ma et al. (37).






ORG INTERPRETATIONS AND ITS CHALLENGES

ORG measurement and interpretation are challenging due to the multiple signal sources and variable OCT instruments, and experimental protocols.


Retinal Neurovascular Coupling and Inner Retinal Response

Retinal blood flow is actively regulated in response to neuronal activity (72), called neurovascular coupling. The impaired coupling mechanism is commonly associated with microvascular pathologies in the retina (73, 74). Thus, spatiotemporal mapping of transient neural activity and subsequent hemodynamic responses promises early detection of retinal diseases. Based on the intensity-based processing, stimulus-evoked IOS changes have been detected in retinal layers and the vascular network within the retina. Son et al. demonstrated concurrent mapping of neural- and hemodynamic-IOS to monitor retinal neurovascular coupling in the mouse retina (50, 63). They leveraged OCT angiography (OCTA) maps to isolate the retinal vasculature at a single capillary level resolution. The OCTA-guided IOS data processing enables two functional images: a neural-IOS map and a hemodynamic-IOS map. Flicker stimuli were used to induce a robust hemodynamic response. As shown in Figure 6, fast photoreceptor-IOS was first observed right after the stimulus onset, while hemodynamic-IOS was revealed with a significant time delay. The temporal progress of hemodynamic-IOS responses was also varied in different vascular plexuses (Figure 6D). However, the mechanism of the hemodynamic-IOS responses in large blood vessels and capillaries is not understood yet. Only a few hypotheses have been proposed, such as different neural metabolic demands in individual retinal layers, passive dilation of downstream capillaries, and mural cells' intervention on blood flow regulation (63). In addition, 2D cross-sectional imaging would be challenging for monitoring delayed hemodynamic IOS in the human retina due to motion artifacts. Moving correction is impossible if the retina moves perpendicularly to the imaging plane as there is no data to use in correction. High-speed parallel OCT would be desirable for neurovascular coupling study. Another task is to appreciate how local signal variations occur in blood vessel regions associated with flux change, hematocrit, and diameter increase.


[image: Figure 6]
FIGURE 6. Retinal neurovascular coupling and inner retinal IOS response. (A) Representative flattened (A1) OCT B-scan and (A2) spatiotemporal neural-IOS map. (B) Representative flattened (B1) OCTA B-scan and (B2) spatiotemporal hemodynamic-IOS map. Scale bars in (A1,B1) indicate 500 μm. (C) Neural-IOS changes of photoreceptor layer (PL), outer plexiform layer (OPL), inner plexiform layer (IPL), and ganglion cell layer (GCL). (D) Hemodynamic-IOS changes of superficial vascular plexiform (SVP), intermediate capillary plexiform (ICP), and deep capillary plexiform (DCP). (E) Averaged onset times of neural-IOS changes at PL, OPL, IPL, and GCL. (F) Averaged onset times of hemodynamic-IOS changes of SVP, ICP, and DCP. Modified with permission from Son et al. (63). P values for statistical significances are indicated by asterisks: *P < 0.05; **P < 0.01; ***P < 0.001.


Aside from hemodynamic information, the inner retina itself also revealed IOS change (Figure 6C). Previous mouse studies reported that a short pulse stimulation mainly induced the fast-photoreceptor IOS, while increased stimulus duration or flicker stimulation can induce IOS changes in the inner retina (41, 42, 50, 75). Although the signal source is underappreciated, it was postulated that the slow inner retinal IOS might be associated with an integral effect of electrophysiological signal transduction between multiple inner retinal neurons, such as bipolar cells, amacrine cells, horizontal cells, and ganglion cells. The plexiform layer in the retina consists of a complex synaptic network containing numerous dendrites from different types of neurons (76, 77). Their synaptic signaling might affect optical signal properties. Pfäffle et al. (70) recently showed simultaneous imaging of the activation in the photoreceptor and ganglion cell layer/inner plexiform layer (GCL/IPL) in the human retina by using phase-sensitive full-field swept-source OCT (FF-SS-OCT). Although the signals from the GCL/IPL were 10-fold smaller than those from the photoreceptor, GCL/IPL signals were still detectable with suppression of motion artifacts and blood flow pulsations in the retinal vessels. The phase difference of the GCL and the IPL was calculated to evaluate the light-evoked OPL changes, and they found that the OPL between GCL and IPL increased about 40 nm in the stimulated area, and the increase in OPL reached its maximum of about 40 nm after approximately 5 s. However, the mechanism of inner retinal IOS changes from both intensity-based and phase-based results is poorly understood. In addition, retinal vasculature is embedded in the inner retina; thus, blood flow pulsation and inhomogeneous intensity distribution may complicate signal interpretations.



Transient Deformations of Photoreceptor Outer Segment

As the center of phototransduction, retinal photoreceptors are responsible for converting photon energy to bioelectric signals for following vision processing in the retina. Retinal photoreceptors are the primary target cell of retinal degenerative diseases such as AMD and retinitis pigmentosa (RP); thus, non-invasive monitoring of functional integrity of photoreceptors is of great interest. The photoreceptors are the most well studied among retinal cell types by intrinsic signal ORG measurement as they exhibit an exceptionally reproducible light-driven response.

At first, time-lapse near-infrared light microscopy was used to image transient IOS changes in freshly isolated retinas, and it was found that the IOS rapidly occurred in the photoreceptor cells after the visible light stimulus (78, 79). The magnitude and time course of IOS changes were found to be correlated with the stimulus strength (78). In addition, transient shrinkage-induced deformation in photoreceptors was directly observed in both amphibian (80) and mammalian (81) retinas. The shrinkage-induced deformation was mainly observed in the photoreceptor OSs that rapidly shifted toward the direction of the visible light stimulus (47). It turned out that the onset time of the photoreceptor shrinkage was almost identical to that of photoreceptor-IOS change, suggesting that the OS conformational change should correlate with the phototransduction process. A hybrid confocal-OCT study further demonstrated that the photoreceptor OS is the anatomic source of the transient photoreceptor deformation (47). Lu et al. (82) showed vertical shrinkage of isolated frog rod OSs in response to light stimulus, and transmission electron microscopy (TEM) observation confirmed shortened inter-disc spacing in light-adapted rod OSs. To better appreciate the physiological origin of the fast-photoreceptor IOS, comparative measurements of OS deformation and ERG were conducted, and it was consistently observed that the OS deformation occurs earlier than the onset of the ERG a-wave (83). Moreover, substituting a traditional superfusing medium with a low-sodium medium blocked the ERG a-wave response but preserved the stimulus-evoked rod OS deformations (83). In comparative photoreceptor-IOS recording and ERG measurement, previous studies confirmed that the response time of fast photoreceptor-IOS was ahead of the a-wave in the mouse retina (39, 62). This observation provides concrete evidence that the fast-photoreceptor IOS is independent of the OS hyperpolarization, i.e., cyclic guanosine monophosphate (cGMP) gated ion channel closure along the OS plasma membrane, the source of ERG a-wave. Instead, both the fast-photoreceptor IOS and rod OS deformations are associated with the early phase of the phototransduction cascade that involves the sequential activation of rhodopsin, transducin, and cGMP phosphodiesterase (PDE). A recent comparative study of wild-type (WT) and retinal degeneration 10 (rd10) mice demonstrated that fast photoreceptor-IOS occurs even earlier than PDE activation (84). Similarly, recent phase-resolved OCT imaging revealed a stimulus-evoked rapid reduction of OPL in photoreceptor OSs in the human retinas (32, 57, 69). The rapid OPL decrease showed a time course of millisecond level, which is in keeping with the earlier results of stimulus-evoked fast photoreceptor-IOS in animal models (45). Boyle et al. (58) suggested that contraction of the photoreceptor OS may be driven by the charge transfer across the OS disc membrane relevant to early receptor potential (ERP) (32), a fast electrical signal observed in cone photoreceptors under intense flash stimuli (85, 86). The ERP is associated with the conformational change of opsins embedded in the OS disc membrane and is distinct from the changes in the photoreceptor membrane potential.

Intriguingly, phase-resolved OCT imaging revealed not only a rapid (<5 ms) reduction in OPL after the stimulus onset but also a slower (>1 s) increase in OPL of the photoreceptor OSs (31, 32, 57, 69). The elongation response has been consistently observed in phase-resolved ORG studies. Zhang et al. (69) showed that the magnitude of these path length increments was positively correlated with stimulating light dose, and they used the photoreceptor elongation signals to generate maps of the three cone classes. It has been hypothesized that the increase (up to hundreds of nanometers) in the OPL of photoreceptor OSs after light stimulus would be attributable to osmotic swelling, an increase in the cytoplasmic volume due to excess osmolytes produced by phototransduction (66). Based on the intensity-based processing, Lu et al. (87) also observed photoreceptor OS elongation following intense light exposure and subsequent recovery, i.e., photoreceptor OS shortening, in human subjects. Although the increased OPL between IS/OS junction and OS tip is consistent among in vivo phase-resolved ORG measurements, there is a lack of direct evidence of the OS elongation. In fact, ex vivo studies have often shown conflicting results (Figures 7A–C). Comparative TEM observation disclosed shortened inter-disc spacing in rod OSs in light-adapted frog retinas (82). Fast X-ray diffraction studies also revealed a light-induced shrinkage of the disc lattice distance from the frog and mouse rod OSs (90, 91). Moreover, Bocchero et al. (89) recently measured light-evoked 3-axis (X, Y, Z plane) volume changes in the single rod OS from the Xenopus retina. They consistently observed a shortening of the OS on the order of 100–200 nm after a brief flash stimulus. The shortening was transient, and the OS returned to its original size within about 10 s, without further expansion.


[image: Figure 7]
FIGURE 7. Photoreceptor outer segment (OS) shrinkage due to light stimulus. (A1) Stimulus-evoked mouse rod OS movement. The yellow window indicates the stimulation area. (A2) OS changes of a mouse rod photoreceptor. In the center of the stimulation region, the length of the OS shrunk, while in the peripheral region, the OS swung toward the center of the stimulation area in the plane perpendicular to the incident stimulus light. Reprinted with permission from Zhao et al. (88). (B1) Representative light microscopic images of an isolated frog rod OS acquired with an interval of 0.5 s. To better show the light-evoked OS shrinkage, the base of the rod OS in each image is aligned horizontally as shown by the black solid line at the bottom. The black-dashed line at the top represents the position of the rod OS tip at time −1 s. Scale bars (in white) represent 5 μm. (B2) Enlarged picture of the white rectangle in (B1). Scale bars (in white) represent 2 μm. (B3) Time course of the averaged rod OS shrinkage in both length and diameter acquired from eight different rod OSs. Colored areas accompanying the curves represent the standard deviations. Shaded area indicates the 1-second stimulation period. Reprinted with permission from Lu et al. (82). (C) Mechanical response of an X. laevis rod to light flashes. The position of a bead sealed against the tip of the rod OS is monitored with optical tweezers. Following a bright flash of 491 nm, equivalent to about 104 photoisomerization [R*], a transient shrinkage is observed. (C1) Bright-field infra-red image, showing a trapped bead in contact with the tip of the rod OS (scale bar, 10 μm). (C2) Detail of the 3D tracking system. (C3) Light-induced shifts in the Z axis of the trapped bead (downward is negative). (C4) Expansion of the time base in C5 to examine the delay between light stimulus and bead movement. (C5) Bead displacement along the direction of the rod OS (shrinkage is negative, and elongation is positive). (C6) Bead displacement in the direction perpendicular to the rod OS axis. Data are representative of mean ± SD of 5 different experiments. Reprinted with permission from Bocchero et al. (89).


Taken together, there is a growing consensus on the photoreceptor OS shrinkage at the early stage of phototransduction. However, more research is necessary to verify the OS swelling or relaxation mechanism. Note that the different dynamics between retinal explant and isolated single photoreceptor responses were demonstrated (90), and fundamentally, photoreceptor morphology and cellular compartment are different among species (92, 93).



Transient Reflectance Changes in Inner Segment Ellipsoid Zone

The photoreceptor ISe is the center of metabolism, consisting of abundant mitochondria (94). Despite contradictory nomenclatures, the ISe is a biomarker of photoreceptor integrity. The integrity of the ISe band has been correlated with different aspects of retinal function (95, 96). In addition, ISe reflectivity has recently emerged as a sensitive biomarker of photoreceptor structure due to the ISe reflectance changes under degenerative retinal conditions (96). In addition, a recent IOS recording showed that the ISe reflectivity dynamically changed in response to different light conditions (61, 65, 66). Figure 8 shows the ISe IOS in the mouse retina. A study demonstrated that stimulus-evoked IOS change at the ISe appeared with a time delay of ~12 ms after the stimulation, which is rather slower than fast-OS response, suggesting that the slow ISe IOS might reflect the metabolic reaction of mitochondria, following the phototransduction in the OS (61). Under metabolic stresses, the morphological structure and motion dynamics of mitochondria are all varied (97, 98), which could alter the optical signal properties of the ISe zone, resulting in OCT reflectance changes. In addition, Kim et al. recently found a significant reduction in ISe reflectance during dark adaptation in the mouse retina. This observation further emphasizes light-modulated ISe reflectivity could serve as a sensitive biomarker for photoreceptor dysfunction (65). However, Zhang et al. (66) hypothesized that phototransduction reactions associated with complete activation of G-protein alpha-subunit transducin might induce osmotic swelling, and the swelling, combined with the mass redistribution of transducing proteins from the disc membranes into the cytosol, might underlie the scattering increases at the IS/OS and OS tips. There is no doubt that the ISe reflectivity can be actively regulated under different light conditions, and it would be a potent biomarker for photoreceptor dysfunction. However, the ISe IOS source is still ill-defined, and both mitochondrial metabolic activity and redistribution of G proteins could simultaneously affect the signal. In addition, there is an unmet need to resolve ambiguity as to how well ISe reflectivity correlates with underlying photoreceptor structure (56).


[image: Figure 8]
FIGURE 8. Metabolic response of photoreceptor inner segment. (A) IOS M-scan within 100 ms, the white and red arrowheads show the onsets of IS-IOS and OS-IOS, respectively. (B) Average IS-IOS and OS-IOS from six mice. The average OS-IOS showed a biphasic curve. The dark and gray arrowheads show the first rapidly increasing phase and the second gradually increasing phase, respectively. GCL, ganglion cell layer; IPL, inner plexiform layer; INL, inner nuclear layer; OPL, outer plexiform layer; ONL, outer nuclear layer; ELM, external limiting membrane; ISe, inner segment ellipsoid; IZ, interdigitation zone; RPE, retinal pigment epithelium; Ch, Choroid; IS, photoreceptor inner segment; OS, photoreceptor outer segment. Reprinted with permission from Ma et al. (61).




Subretinal Space Changes Under Different Light Conditions

The SRS is the extracellular fluid space between the ELM and the apical RPE, which is isolated by tight junctions at these two borders, and the ELM and RPE appear as hyper-reflective bands in OCT, which facilitates band change analysis. In fact, the SRS has been a well-recognized region that actively deforms under different light conditions (99). Thus, SRS dynamics could become a potential biomarker for outer retinal dysfunction.

Using Fourier-domain OCT with intensity-based processing, Li et al. (100) found a notable thinning of the outer retina in dark-adapted mouse eyes. They further demonstrated that volume changes in the outer retina varied with the different stages of retinal degeneration in the rd10 mouse model (67). Berkowitz et al. (101) observed that a light-driven expansion of the outer retina was more distinguished in C57BL/6 mice than 129S6/SvEvTac mice. In addition, Gao et al. (102) recently demonstrated a significant reduction of the magnitude and width of a hypo-reflective band between the photoreceptor OS and RPE in the dark-adapted mouse and human retina. Lu et al. (87) also showed a rapid decline in the IS/OS-RPE distance after a light stimulus. Figure 9 illustrates the dark adaptation effects on the mouse retina. Kim et al. (65) recently demonstrated the dynamic SRS thinning of the mouse retina during light to dark transitional moment and found that dark-induced retinal response was reflected by transient structural (i.e., the SRS thinning) and physiological (i.e., ISe intensity reduction) changes. High-speed OCT recording further identified a strong correlation between the SRS thinning and ISe intensity reduction in the outer retina (65). The SRS thinning mechanism is understood by RPE-mediated water transport from the SRS. The light to dark transition is accompanied by an increase in photoreceptor metabolism, leading to increased oxygen consumption in the retina (103), which can acidify the outer retina due to increased CO2 and wastewater production, and eventually upregulate water removal co-transporters in the RPE. This removal of the acidified water has been linked to the SRS thinning (99, 104).


[image: Figure 9]
FIGURE 9. Subretinal space changes during dark adaptation in the mouse retina. (A) OCT images of light- and dark-adapted retina of a two-month-old C57BL/6J mouse. Color arrows to indicate outer retinal bands: 1st ELM band (yellow), 2nd ISe band (blue), 3rd IZ and OS tip band (red), 4th RPE band (white). (B) A sequence of OCT images obtained every 5 min up to 30 min during dark adaptation. During dark adaptation, ISe intensity reduction rapidly occurred, and the SRS became thinner. In addition, the 3rd outer retinal band (red arrow) faded over time. NFL, nerve fiber layer; IPL, inner plexiform layer; INL, inner nuclear layer; OPL, outer plexiform layer; ONL, outer nuclear layer; ELM, external limiting membrane; ISe, inner segment ellipsoid; IZ, interdigitation zone; RPE, retinal pigment epithelium; CH, choroid. Scale bars: 100 μm. Modified with permission from Kim et al. (65).


However, human study has sometimes shown intriguing but puzzling results. Messner et al. (105) observed a distance decrease between IS/OS junction and RPE after the light stimulus. They observed that the OS tips and RPE were drawn closer together after light exposure, speculating that this might be associated with a decrease in volume of the SRS (105), which is conflicting with previous observations (99). In addition, Azimipour et al. observed that the RPE band appears to split, with its apical portion moving toward the cone OS tip after the light stimulus. They speculated that light-driven translocation of melanin observed in amphibians (49) or a consequence of inward water movement across the RPE/Bruch's complex could be a potential signal source (106). In the human retina, photoreceptor cell population, rod/cone ratio, photoreceptor length, and morphology are largely different depending on eccentricity. The appearance of outer retinal bands also varies among different OCT systems (56). Thus, various factors that can potentially affect ORG measurement should be carefully accounted for and documented.




DISCUSSION


Emerging Issues in ORG Measurements

As demonstrated above, outer retinal structures including the photoreceptor IS and OS, SRS, and RPE have been highlighted in ORG recording because of their structural clarity in OCT and importance as a primary target of retinal degenerative diseases. However, ORG recording has been conducted by different OCT systems and experimental protocols. Thus, there are often challenges for quantitative analysis using OCT reflectance information. Lee et al. (96) recently provided a valuable discussion about challenges associated with ISe intensity measurement using clinical OCT. They emphasized the importance of the pupil entry position of the OCT beam due to the altered reflectivity profile of the retinal image (107, 108). The reproducibility of ISe reflectivity measurements largely depends on the standardization of pupil entry point acquisition. There is also the importance of using appropriate intensity scales. Clinical OCT images are generally presented on a logarithmic scale, but this can misrepresent fundamental differences in reflectivity and a loss of information (109, 110). Adjusting intensity values can result in broadened hyper-reflective retinal bands, and accordingly vertical position of the hyper-reflective bands can be altered within the scan (109). Another issue is inter-device variation in ISe intensity, as each OCT device has different acquisition and optimization methods (111). Thus, it is necessary to establish a standardized normalization method (96). Meleppat et al. further demonstrated that the reflectivity from the inner retinal layers and ELM are also highly directional. The reflectance declines sharply with the angle of incidence of the OCT beam on the mouse retina (112). Notably, in albino mice, the reflection from Bruch's membrane was highly directional as well (112).

Aside from the issues of image acquisition and analysis, the unmet need for advancing ORG measurement is to establish anatomic correlation with underlying photoreceptor structure. Yao et al. (56) recently provided a valuable discussion about the interpretation of anatomic correlates of outer retinal bands in OCT. Clinical OCT, laboratory prototype OCT without AO, or AO-OCT can resolve four distinct hyperreflective bands in the outer retina (Figure 1C). Recent resolution improvement allows further separation of the RPE/Bruch's membrane complex into the individual layers (76). However, our understanding of anatomical correlates to each outer retinal band is not keeping pace with the recent development of OCT imaging technology. Understanding anatomical correlates to OCT bands is crucial to translate ORG information for diagnostic purposes. The interpretations of the 1st ELM and 4th RPE/Bruch's membrane of the outer retina are consistent; however, the interpretations of 2nd band of ISe or IS/OS junction and 3rd band of interdigitation zone (IZ) or OS tips remain a great controversy (109, 113, 114). The inconsistency is mainly found between clinical OCT and AO-OCT images. Comparative alignment of the outer retinal OCT bands with a scale model of outer retinal morphology showed the ISe and IZ as the correlates to the 2nd and 3rd outer retinal bands (115). The 2014 International OCT Nomenclature Meeting also affirmed the ISe and IZ as the anatomic correlates of the 2nd and 3rd bands of the outer retina (116). However, with improved spatial resolution, AO-OCT revealed a much thinner 2nd outer retinal band than the ISe band observed in clinical OCT (117). AO-OCT measurement demonstrated that the 2nd band thickness was about 4.7 μm (117), while the 2nd band thickness in clinical OCT was about 16–20 μm (56). In addition, AO-OCT illustrated that the 2nd band peak is closer to the 3rd band peak, relative to the 1st band peak. Taken together, it was suggested that the 2nd band in AO-OCT corresponds to the IS/OS junction rather than the ISe. A similar phenomenon was also found in the 3rd outer retinal band. The 3rd band thickness was 4.3–6.4 μm and 14–19 μm in AO-OCT and clinical OCT, respectively (118). Yao et al. described that the AO-OCT might enhance the sensitivity for imaging ballistic photons from the IS/OS junction while partially rejecting the diffusive photons within the ISe region due to better sectioning capability (56). Thus, in clinical OCT, both IS/OS junction and ISe can non-exclusively contribute to the 2nd band; and OS tips and RPE apical processes can simultaneously contribute to the 3rd band. Also, weighting factors including system resolution, effective pupil size, imaging orientation, and aberrations can differentially affect the signal detection in clinical OCT and AO-OCT. Moreover, the OCT band profile is also known to be affected by optical dispersion (119). Therefore, it should be acknowledged that the contributing factors for individual band correlates are variable in different instruments, testing protocols, and eye conditions.



Future Perspectives

Growing evidence indicates that morphological examination may be limited to detecting the early stage of retinal degenerative diseases, including but not limited to AMD (120), DR (121), and IRDs (122). Given that timely management of the diseases is the key to the preservation of vision (123–126), functional assessment of retinal photoreceptors and neurovascular coupling has gained increasing importance. Ongoing development in OCT-based ORG measurement is one of the most promising methodologies for screening people at risk. With unparalleled depth-resolved capability, recent advances in OCT further provide multi-modalities, ultrahigh-speed recording, single-cell resolution, and ultrawide field recording. Moreover, advanced ORG processing algorithms allow the mapping of various functional activities over morphological images. While the implementation of OCT-ORG in clinics is still at an early stage, recent studies demonstrated the feasibility of ORG measurement in human subjects (25, 31, 32, 36, 37, 54, 57, 69, 70, 102, 105). To facilitate clinical transition, it would be necessary to refine experimental procedures and shorten the examination time, including the light/dark adaptation to reduce the subject's burden. In addition, there is a broad range of existing testing methods for functional examination, and each has benefits and limitations. In this regard, OCT-ORG should be conducted alongside the existing tests as a multimodal evaluation, which can provide a better understanding of retinal physiology and corresponding IOS sources. Standardized imaging protocol and processing methods also need to be established as there are significant variations in imaging quality, the appearance of the retina, and following results due to different systems and processing algorithms. Above all, our understanding of functional activity and the corresponding IOS is quite limited. Thus, there is an unmet need to seek direct evidence of biological processes to visual stimulus, which helps translate distinct intrinsic signal sources at different retinal locations to target retinal disorders. Both in vivo and ex vivo studies using mutant animal models would be helpful. We anticipate that further development of the OCT system and ORG processing methods promises an objective measurement of neural and hemodynamic dysfunctions in the retina, allowing early detection and therapeutic assessment of AMD, DR, IRDs, and other retinal diseases.
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Chromatic dispersion is a common problem to degrade the system resolution in optical coherence tomography (OCT). This study is to develop a deep learning network for automated dispersion compensation (ADC-Net) in OCT. The ADC-Net is based on a modified UNet architecture which employs an encoder-decoder pipeline. The input section encompasses partially compensated OCT B-scans with individual retinal layers optimized. Corresponding output is a fully compensated OCT B-scan with all retinal layers optimized. Two numeric parameters, i.e., peak signal to noise ratio (PSNR) and structural similarity index metric computed at multiple scales (MS-SSIM), were used for objective assessment of the ADC-Net performance and optimal values of 29.95 ± 2.52 dB and 0.97 ± 0.014 were obtained respectively. Comparative analysis of training models, including single, three, five, seven and nine input channels were implemented. The mode with five-input channels was observed to be optimal for ADC-Net training to achieve robust dispersion compensation in OCT.
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INTRODUCTION

Optical coherence tomography (OCT) is a non-invasive imaging modality that can provide three-dimensional information for clinical assessment (1, 2). By providing micrometer scale resolution to visualize retinal neurovasculature, it has been widely used for fundamental research and clinical management of eye conditions (3–5). Given the reciprocal relationship between the axial resolution and bandwidth of the light source, high resolution OCT requires a broadband light source (6, 7). However, the broadband light source induces chromatic dispersion, i.e., light wavelength dependence of the optical pathlength difference between the sample and the reference arms. The reference arm generally houses a reference mirror that has a uniform reflectance profile, but the sample arm usually contains dispersive media (such as a biological tissue). Optical dispersion induces phase shifts among different wavelength signals in OCT detection, and thus degrades the axial resolution. Dispersion can also produce chirping noise and hence reduce the quality of the OCT image. Both hardware and numeric methods have been developed for dispersion compensation to enhance OCT image quality.

The hardware-based method involves additional dispersive media, such as water, BK7 glass (8), fused silica (9), etc. in the reference arm to balance the dispersion in the sample arm. Physical dispersion compensation can also be achieved by using grating-based group and phase delay detectors (10). Faster speed and a higher range of tunability were achieved by using acousto-optic modulator (11) and tunable optical fiber stretchers (12). However, hardware compensation leads to a bulky optical system due to the need of additional components. Moreover, the hardware compensation is typically effective only when the sample subject is stable with a fixed dispersion.

Numerical dispersion compensation has been established as a useful alternative to hardware-based techniques. Numeric dispersion correction is based on the digital processing of OCT spectrogram, providing the flexibility of adjustable correction values of the dispersion induced phase error. Fercher et al. (13) proposed a numeric compensation technique where a depth-dependent kernel was correlated with the spectrogram to compensate dispersion. However, this method relies on the availability of information related to the dispersive characteristics of the sample which can vary for biological tissues. Fractional Fourier transform for dispersion compensation was introduced by Lippok et al. (14) where the performance is dependent on the accuracy of the value of an order parameter and acquiring this value for biological samples can be challenging. A spectral domain phase correction method, where the spectral density function is multiplied with a phase term, was demonstrated by Cense et al. (15). However, to determine the precise phase term, isolated reflections from a reference interface with a uniform reflectance profile, which might not be available in clinical setup, are required. A numeric algorithm based on the optimization of a sharpness function, which was termed to be divided by the number of intensity points above a specified threshold, was presented by Wojtkowski et al. (16) where a pair of dispersion compensation coefficients were derived to compensate dispersion in the entire B-scan. But due to the depth varying changes in biological tissues, the dispersion effect can vary at different depths and hence a single pair of dispersion compensation coefficients may not be able to compensate dispersion for all depths effectively in one B-scan.

Entropy information of the signal acquired in the spatial domain was utilized as the sharpness metric by Hofer et al. (17) to compensate dispersion. However, the numeric techniques which are based on sharpness metrics are susceptible to the prevalent speckle noise in OCT B-scans and can lead to overestimation or underestimation when the system lacks high sensitivity. A depth-reliant method was proposed by Pan et al. (18) where an analytical formula was developed to estimate the second-order dispersion compensation coefficients in different depths based on a linear fitting approach. But this method relies on the accurate estimation of second order coefficients at specific depths and the analytical formula can differ for different biological subjects. Besides, the lower degree of freedom available in a linear fitting method can lead to inaccurate estimation of the coefficients at different depths. Spectroscopic analysis of A-scan's spectrogram was conducted to estimate and correct dispersion by Ni et al. (19) where information entropy estimated from a centroid image was used as a sharpness metric. However, this technique leads to lower resolution and requires a region of analysis without transversely oriented and regularly arranged nanocylinder. In general, these classical numerical methods can be computationally extensive when it comes to the widescale application as they are usually designed based on specific conditions and may require additional optimization for the generalized application. Hence these methods may lead to computational complexity in real-time application.

Deep learning has garnered popularity in medical image processing (20–24), with demonstrated feasibility for real-time application due to its capability to handle large datasets, computational efficiency, high accuracy, and flexibility for widescale application. Deep learning-based algorithms have been used in image denoising (25, 26), segmentation (27–31), classification (32–34), etc. In this study, we propose a deep learning network for automated dispersion compensation (ADC-Net) that is based on a modified UNet architecture. Input to ADC-Net comprises OCT B-scans which are compensated by different second-order dispersion coefficients and hence are partially compensated for certain retinal layers only. The output is a fully compensated OCT B-scan image optimized for all retinal layers. We quantitatively analyzed the proposed model using two parameters namely MS-SSIM and PSNR. Comparative analysis of training models, including single, three, five, seven and nine input channels were implemented. The source code along with necessary instructions on how to implement it have been provided here: github.com/dleninja/adcnet.



MATERIALS AND METHODS

This study has been conducted in compliance with the ethical regulations reported in the Declaration of Helsinki and has been authorized by the institutional review board of the University of Illinois at Chicago.


Data Acquisition

Five healthy human subjects (mean age: 30 ± 4.18 years; mean refractive error: −2.28 ± 1.53D) were recruited to acquire the OCT images for training and testing the proposed ADC-Net. These subjects had no history of ocular medical conditions. All human subjects affirmed their willful consent before participating in the experimental study. Moreover, two patients diagnosed with proliferative diabetic retinopathy (DR) were recruited for technical validation of the ADC-Net performance on OCT with eye conditions. Patient 1 was a 58-year-old female diagnosed with proliferative DR without macular edema. Patient 2 was a 68-year-old male also diagnosed with proliferative DR but with macular edema. Data were acquired from the left eye for both the patients. For OCT imaging, the illumination power on the cornea was 600 mW which is within the limit set by the American National Standards Institute. The light source used for this experiment was a near infrared (NIR) superluminescent diode (D-840-HPI, Superlum, Cork, Ireland). A pupil camera and a dim red light were used for localizing the retina and as a fixation target, respectively. The purpose of the fixation target is to minimize voluntary eye movements. Axial and lateral pixel resolutions were achieved as 1.5 and 5.0 mm respectively. The OCT spectrometer that was used for data recording consisted of a line-scan CCD camera. The total number of pixels in the CCD camera was 2,048 pixels and the line rate was 70,000 Hz. The recording speed for OCT imaging was 100 B-scans per second with a frame resolution of 300 A-lines per B-Scan. A total of 9 OCT volumes were captured. Each OCT volume consists of 1200 B-scans. Seven of these OCT volumes (8400 B-scans) were used for training the model, and another two (2400 B-scans) were used as testing set.



Dispersion Compensation

The signal acquisition in OCT involves recording the spectrogram obtained by interfering back-reflected light from different interfaces of the sample with the back-reflected light from the reference mirror. The fringe pattern generated by this interference signal is detected by the spectrometer and corresponding OCT signal can be represented by the following equation (18):
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In this equation, In(k) and Ir(k) represent the back-reflected light intensity obtained from the n-th sample layer and reference arm respectively. The wavenumber is denoted by k while the difference in optical path length is denoted by Δzn. The phase term ϕ(k.Δzn) denotes the phase difference between the sample interfaces and the reference mirror and this includes the higher order dispersive terms. We can express the phase term as:

[image: image]

Where βn represents dispersion coefficient, while a2 and a3 are second and third order dispersion compensation coefficients. While nn is the sample's n-th layer's refractive index, nn,g is the effective group refractive index. Numeric dispersion compensation can be done by modifying the phase term through the addition of a phase correction term which eliminates the dispersive phase. The following equation shows second and third order dispersion compensation phase correction:
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Where a2 and a3 can be adjusted to compensate second-order group velocity and third-order phase dispersion. However, since dispersion in biological tissue is different at different depths, dispersion compensation using a single pair of second and third-order coefficients might not be sufficient for all depths. Numerically estimating and applying different compensation coefficients for different depths can be computationally extensive for widescale application. In following Section Model Architecture, we present ADC-Net, a deep learning-based dispersion compensation algorithm for automated implementation of full depth compensation. Input to ADC-Net can be of single or multiple channels of partially compensated B-scans. These partially compensated B-scans can be obtained by using the phase correction method in Equation (3). For simplicity, we have compensated the B-scans using second order compensation only. All depth dispersion compensated ground truth data were also crafted from an array of partially compensated B-scans and the detailed procedure is elaborated in Section Data Pre-Processing.



Model Architecture

The ADC-Net is a fully convolutional network (FCN) based on a modified UNet algorithm, which consists of an encoder-decoder architecture (Figure 1). The input to the ADC-Net can be of a single channel or a multichannel system. Each input is an OCT B-scan image which was compensated by different second-order dispersion compensation coefficients and hence the B-scans in each channel are optimally compensated at different layers or depths. The output is dispersion compensated OCT B-scans where all layers in different depths are compensated effectively.


[image: Figure 1]
FIGURE 1. Overview of the ADC-Net architecture. Conv stands for convolution operation. The input section is comprised of OCT B-scans compensated by different second order coefficients (n = 3, 5, 7, and 9 for three, five, seven, and nine input channel models. A single image is used as input for the single input channel model). The output image is a corresponding fully compensated OCT B-scan.


The encoder segment is a combination of convolutional, max pooling, dense, and transitional blocks. The primary function of the decoder segment is to deduce useful features from the image. To ensure precise feature localization and mapping for generating output images, bridging between the encoder and the decoder is established. The convolution blocks, which perform summing operations, constitute the dense blocks. The skip connections, which alleviate the vanishing gradient problem, are used to link each subsequent block to previous blocks. A transition block is connected to each dense block, which is to reduce the dimension of output feature map.

The decoder segment consists of up-sampling operations along with the decoder blocks. Using the decoder block, the outputs obtained from the convolution operation of the fitting transition blocks and the up-sampling operations are concatenated. Image features can then be localized precisely by convolving the generated feature maps.

In the ADC-Net, two types of functions, namely batch normalization function and ReLU activation function trail all the convolution operations. On the other hand, a SoftMax activation function follows the terminal convolutional layer.

Moreover, transfer learning is employed to avoid overfitting errors by utilizing the ImageNet dataset. The ImageNet dataset is a visual database that consists of millions of everyday images. These images differ from the OCT B-scans but facilitate in training the CNN model to learn about simple features such as edges, color codes, geometric shapes, etc. in the primary layers and complex features in the deeper layers by utilizing CNN's bottom-up hierarchical learning structure. Transfer learning can then facilitate the network to relay these simple features to learn complex features which are related to the OCT B-scans. A fully connected layer that consists of 1,000 neurons along with a SoftMax activation function exists in the pre-trained encoder network model. When the pre-training was concluded (after achieving about 75% classification accuracy on the ImageNet validation dataset), the fully connected layer was removed. The decoder network was then fed with transitional outputs from the encoder network. Adam optimizer which had a learning rate of 0.0001 was used to train the FCN model along with a dice loss function. The proposed network has a deeper layer and utilizes lesser parameters compared to the classical UNet model which ensures higher learning capability with reduced computational burden and thus makes it more robust. It is similar to a previously reported model (33) where it has been shown that this network can generate higher mean IOU and F1 scores when compared to classical UNet architecture.

The hardware environment used for implementing the proposed ADC-Net had Windows 10 operating system equipped with NVIDIA Quadro RTX Graphics Processing Unit (GPU). The software model was written on Python (v3.7.1) utilizing Keras (v2.2.4) with Tensorflow (v1.31.1) backend.



Data Pre-processing

Figure 2 briefly illustrates the ground truth preparation method for a single B-scan. Raw OCT data were acquired using the SD-OCT system described in Section Data Acquisition. An array of B-scans ranging from I1 to IN (In this study, N = 5) were reconstructed from the same raw data frame using the usual procedure that involves background subtraction, k-space linearization, dispersion compensation, FFT, etc. However, each of the B-scans were compensated with different second order dispersion compensation coefficients ranging from C1 to CN (N = 5). Technical rationale of numeric compensation has been explained in Section Dispersion Compensation. Since the tissue structure in a biological subject differ at different depths, the dispersion effect also varies accordingly and thus a single second order coefficient can effectively compensate dispersion errors at a specific layer only. Thus, required values of second order dispersion compensation co-efficient, ranging from C1 to CN, were selected empirically so that dispersion at all depths were compensated optimally. In I1, the region demarcated by the red box along the inner retina had been dispersion compensated and optimized using C1. However, as we move further away from the inner layers the dispersion effects appear to be more prominent due to ineffective compensation. Image IN on the contrary has the region demarcated by the yellow box at the outer retina optimized and well compensated. To prepare the ground truth B-scan, the red and yellow demarcated region from I1 and IN were extracted and stitched in proper sequence to obtain dispersion compensated layers at the inner and outer retina. Similarly, the remaining layers acquired from I2 to IN−1 which were compensated by C2 to CN−1 respectively. Optimally compensated layers were extracted and stitched sequentially to obtain the all-depth compensated ground truth B-scan. To prepare the training and test data for the single, three, five, seven, and nine input channel models, 1, 3, 5, 7, and 9 arrays of B-scans were re-constructed respectively from each raw volume while each array were compensated with different second order dispersion compensation coefficients. These coefficients were selected in equal intervals between C1 to CN. To acquire the OCT data and for digital image processing, LabView (National Instruments) and MATLAB 2021 software environments were used, respectively.


[image: Figure 2]
FIGURE 2. Ground truth preparation. An array of images ranging from I1 to IN were utilized to prepare the ground truth image. Each image was compensated by a single second order co-efficient ranging from C1 to CN. Well compensated layers from each image were extracted and stitched together to form the ground truth image. In I1 the inner retinal segment (demarcated by the dashed red box) is better compensated compared to the inner retinal segment in IN. On the other hand, the outer retinal segment in IN (demarcated by the dashed yellow box) is better compensated compared to that of I1. The ground truth was prepared by stitching the inner retinal segment S1 from I1 and outer retinal segment SN from IN. The adjacent layers were similarly extracted and stitched from the subsequent images between I1 and IN.




Quantitative Parameters

Two parameters, namely peak signal to noise ratio (PSNR) and structural similarity index metric at multiple scales (MS-SSIM) were used for quantitative analysis and objective assessment of our proposed method. The two parameters are defined as follows:


Peak Signal to Nose Ratio

PSNR can be defined as the ratio of maximum signal strength to the corrupting background noise which was computed using the following equation (35):
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Where s is the maximum pixel intensity value in the reconstructed image. Mean squared error (MSE) between the reference image f (ground truth) and reconstructed image g (output) can be defined by the following equation:

[image: image]

Where M, N denotes the number of rows and columns while (fij − gij) denote the pixel-wise error difference between f and g.



Structural Similarity Index Metric at Multiple Scale

MS-SSIM was computed to quantify the structural similarities between the ground truth and the corresponding output images obtained from the ADC-Net when implemented with different input channels models. MS-SSIM utilizes three visual perception parameters namely the luminance, contrast and structural parameters when calculated at multiple scales and thus it incorporates detailed image information at different resolutions and visual perceptions which make it a robust and accurate quality metric.

If x and y denote two image patches which are to be compared, the luminance parameter is defined by (36):
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The contrast parameter is defined by:
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The structural parameter is defined by:
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Where μx and μy represent the mean, σxy represents the co-variance, σx and σy represent the standard deviation of x and y respectively. The constants C1, C2, and C3 can be obtained by:
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Where, L is the pixel dynamic image range and K1 (0.01) and K2 (0.03) are two scalar constants. Thus, SSIM can be defined as:
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In order to obtain multi scale SSIM, an iterative approach is employed where the reference and the output images are scaled M-1 times and down sampled by a factor of 2 after each iteration. The contrast and structural parameter are calculated at each scale while the luminance parameter is computed only at the M-th scale. The final quantitative parameter is obtained by the combining the values obtained at all the scales using the following relation:

[image: image]





RESULTS


Qualitative Assessment

Figure 3A shows representative OCT B-scan images obtained from different input channels models along with a raw uncompensated OCT B-scan. For better visualization, 6 neighboring B-scans at the macula region of a human retina were averaged and the images are displayed on a logarithmic scale. Figure 3A1 represents the uncompensated image and due to the dispersion effect, the B-scan suffers from low axial resolution and the different retinal layers appear to be blurry and overlapping as the detailed structural information is lost. Figures 3A2–A6 illustrate the representative OCT B-scans obtained from single to nine input channels models respectively. In Figure 3A2, which was obtained from the single input channel model, even though the inner retinal layer appears to be well compensated, the central and outer bands suffer from blurring and the dispersion effect is not optimally compensated. When the input was increased to 3, 5, 7, and 9 B-scans, the quality of the output image was enhanced. As shown in Figures 3A3–A6, both the inner and outer layers were better compensated compared to single input channel model and showed sharp microstructural information. As described in Section Data Acquisition, input models with 3, 5, 7, and 9 input channels had input B-scans with both inner and outer retinal layers compensated. However, 5, 7, and 9 input channels performed slightly better compensation compared to the model with 3 input channels and this improvement can be better visualized in Figure 3B which were generated for a detailed illustration of the differences in performance of the different models. To generate these images, pixel-wise, intensity difference between the corresponding ground truth and Figures 3A1–A6 were computed, and the resultant intensity differential images were displayed in a jet colourmap. Here, the bright regions indicate higher differences in intensity while the darker blue region indicates lower to no difference. These images serve two purposes. First, the pixel wise extent of dissimilarity between each of the images and the ground truth can be observed. The lesser difference with the ground truth means higher similarity and thus indicates better performance. Second, the detailed differences in performance between the different input models and the uncompensated image can be better visualized using the difference between these images and the ground truth as a qualitative metric. Figure 3B1 shows that the uncompensated image depicts more difference from the compensated ground truth due to lack of dispersion compensation. While Figure 3B2 shows slightly better performance but more bright regions at the outer retina depict that the single input model could not compensate dispersion properly at the lower depths. Figure 3B3 illustrates that the model with three input channels performed better than the single input channel model. However, Figures 3B4–B6 show almost similar performance and the least amount of difference with the ground truth and thus the higher performance than the other two models.
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FIGURE 3. (A) Representative OCT of a human retina with no dispersion compensation (A1), and dispersion compensated by single (A2), three (A3), five (A4), seven (A5), and nine (A6) input channel models. (B) Corresponding differential intensity images which were generated by computing the pixel-to-pixel intensity differences between the ground truth image and the images in (A1–A6), respectively.




Quantitative Assessment

The two quantitative parameters described in Section Quantitative Parameterswere calculated from the resultant images obtained from different input channels models along with the corresponding uncompensated images to perform a quantitative assessment of the proposed ADC-Net. Before computing the quantitative parameters, the four repetitive B-scans at the same locations were averaged. MS-SSIM and PSNR were calculated, and the result is graphically represented in Figure 4. Mean values with standard deviation were used for representative purpose. In Figure 4, UC represents uncompensated images while M1, M3, M5, M7, and M9 represent the output obtained from single, three, five, seven, and nine input channels models respectively. In Figure 4A, we can observe that the lowest mean MS-SSIM score was obtained for UC (0.85 ± 0.025) which depicts the least similarity with the ground truth image. Due to the dispersion effect the image quality degrades significantly without compensation. The MS-SSIM score obtained from the single input channel model (M1) is 0.94 ± 0.021 which shows an improved performance in terms of dispersion compensation compared to the raw uncompensated image. The similarity score for three (M3) and five (M5) input channels models show a gradual improvement in performance with MS-SSIM values of 0.95 ± 0.018 and 0.97 ± 0.016 respectively. However, the graph flattens after M5 as seven (M7) and nine (M9) input channels models show a similarity score of 0.97 ± 0.014 and 0.97 ± 0.014 which are within the 1 standard deviation range of the five-input channels model. We can observe a similar trend in Figure 4B which depicts the mean PSNR. Highest PSNR of 29.95 ± 2.52 dB was calculated for the five input channels model (M5) while seven and nine input channels model had a mean PSNR of 29.91 ± 2.134 dB and 29.64 ± 2.259 dB respectively. Output from the three input channels model recorded a slightly lower PSNR value of 27.49 ± 1.606 dB and the downward slope continued for the single input channel model (M1) with a mean value of 25.86 ± 1.677 dB and the least PSNR of 20.99 ± 0.021 dB was observed for the uncompensated B-scans.
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FIGURE 4. Quantitative evaluation of MS-SSIM (A) and PSNR (B). Average values are used for the graphical representation. UC represents the uncompensated images; M1, M3, M5, M7, and M9 represent the images acquired from ADC-Net with the single, three, five, seven, and nine input channel models.




Intensity Profile Analysis

Figure 5 illustrates comparative reflectance intensity profile analysis of the outer retina. The yellow vertical line in Figure 5A shows the retinal region for OCT intensity profile analysis (Figure 5B). Figure 5B illustrates axial intensity profiles at the parafovea and encompasses the outer retinal bands. Six neighboring B-scans were averaged and 5 adjacent A-lines at the region of interest were averaged from the averaged B-scan before generating the intensity profiles. Figure 5A is displayed in logarithmic scale for enhanced visualization, but the intensity profile analysis in Figure 5B is shown in linear scale. The intensity profiles are depicted in Figure 5 where GT and UC represent the intensity profiles obtained from the ground truth and the uncompensated images, respectively. Whereas M1, M3, M5, M7, and M9 stand for the intensity profiles obtained from single, three, five, seven, and nine input channels models respectively.


[image: Figure 5]
FIGURE 5. Intensity profile analysis of the outer retinal bands. (A) OCT B-scan of a human retina at the macula region with different retinal layers labeled accordingly. The bright orange line represents the A-line segment of the outer retina at the parafovea region where the intensity profiles in (B) were computed. (B) Intensity profiles generated from different image models. GT, ground truth; UC, uncompensated; M1, single input channel; M3, three input channels; M5, five input channels; M7, seven input channels; M9, nine input channels; NFL, nerve fiber layer; GCL, ganglion cell layer; IPL, inner plexiform layer; INL, inner nuclear layer; OPL, outer plexiform layer; INL, outer nuclear layer; ELM, external limiting membrane; IS/OS, inner segment/outer segment junction; OPR, outer plexiform layer; RPE, retinal pigment epithelium; BM, bruch's membrane.


The ELM band profile is known to reflect the point spread function (PSF), i.e., the axial resolution. From GT we can observe a sharper and narrower PSF at the ELM layer when compared to UC and M1, where the PSF is flat and wider. The ELM band profile becomes slightly better for M3, but M5, M7, and M9 depict thinner and analogous band profile to GT. Blurred RPE band profiles can also be observed for UC and M1 at the RPE which overlaps with the Bruch's Membrane (BM) region (37). On the contrary, GT, M3, M5, M7, and M9 show sharper peaks which can be distinguished separately. This means that the RPE and Bruch's membrane can be observed separately from the reconstructed images. The IS/OS and OPR bands in UC have distinguishable peaks but still depict thicker profiles, compared to GT. M1 and M3 show slightly thinner IS/OS and OPR bands, compared to UC. On the other hand, GT, M5, M7, and M9 depict sharper and thinner OCT band profiles.

Dispersion can also shift the location of the interfaces in a multilayered sample which can affect the depth measurement of different layers (38). We comparatively evaluate the peak locations of the ELM, IS/OS, OPR, and RPE in the intensity profiles demonstrated in Figure 5 to assess the performance of our proposed method in terms of depth measurement where the GT was taken as the reference of assessment. The GT's peak location at the ELM and IS/OS layer aligns with M3, M5, M7, and M9. However, the peak location for M3 shifts at the OPR and RPE when compared to the peak location of the GT where M5, M7, and M9 demonstrate aligned peaks with the GT. For M1 and UC, the peaks observed at ELM and RPE are flat and overlapping while the peaks are shifted at the IS/OS and OPR layer.



Automated Dispersion Compensation in 3D Volume OCT

Figure 6 illustrated the performance of the ADC-Net model for automated processing of 3D volume OCT. Figure 6A shows an OCT enface image. For 3D volumetric OCT, with the model of five input channels, the ADC-Net was used to compensate for individual B-scans sequentially. Figures 6B,C show three representative B-scans before (Figure 6B) and after (Figure 6C) dispersion compensation. Figures 6C1–C3 have higher contrast, sharpness and retain better structural integrity when compared to the uncompensated images in Figures 6B1–B3.
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FIGURE 6. Automated processing of 3D volume OCT dataset. (A) Depicts an enface image with the horizontal lines, line 1 (blue), line 2 (yellow), and line 3 (red), demarcating the regions from where representative B-scans were extracted. The corresponding B-scans are shown in (B,C). The compensated B-scans (C1–C3) demonstrate higher sharpness, contrast and better visibility of structural layers when compared to the raw uncompensated B-scans (B1–B3).




Performance Validation With OCT Images of DR

Performance of the proposed ADC-Net was also assessed using OCT images with eye conditions. Two OCT volumes acquired from two different subjects diagnosed with DR were used for this technical validation. Patient details have been discussed in Section Data Acquisition. and the representative B-scans have been illustrated in Figure 7. Figures 7A1,B1 depicts the raw uncompensated images obtained from patient 1 and 2, respectively. Figures 7A2,B2 depicts the corresponding compensated B-scans obtained from our proposed ADC-Net when implemented using 5 input channels. Compared to the uncompensated B-scans, Figures 7A2,B2 depict better contrast and signal quality, and the retinal layers are sharper and can be visualized more effectively. The distortion in retinal layers can also be depicted from the compensated images.


[image: Figure 7]
FIGURE 7. Representative OCT B-scans of proliferative diabetic retinopathy (DR) patients without (A) and with (B) macular edema (blue arrowheads). The compensated B-scans (A2,B2) obtained from the proposed ADC-Net illustrate higher contrast and sharpness compared to the raw uncompensated B-scans (A1,B1).





DISCUSSION

Dispersion compensation is necessary to obtain high axial resolution and retain detailed structural information in OCT. Traditional numeric dispersion compensation approaches can be computationally expensive. Numerically devised methods also require optimization based on specific contexts, and thus may lack flexibility for generalized application. The demonstrated ADC-Net can be automated for real-time implementation due to its higher computational flexibility and simplicity. Once trained with the optimum number of input channels and well-crafted ground truth data, ADC-Net can automatically compensate dispersion effectively and generate OCT B-scans with high quality. We made the proposed ADC-Net available through an open-source platform (github.com/dleninja/adcnet-) for easy accessibility to a robust and automated dispersion compensation algorithm.

The performance of ADC-Net peaked when employed using five, seven, and nine input channels models. While a single input channel model performed better than a raw uncompensated image in terms of image resolution, the output images still depicted blurring effects. The output obtained from the three input channels model was better than the single input channel model but slightly worse than the five, seven, and nine input channels.

Since the proposed FCN is built on a modified UNet structure and follows an encoder-decoder pipeline, the model trains itself by acquiring features from the input and the ground truth data to reconstruct dispersion compensated images. For a single input channel model, the input B-scans were compensated by a single second-order dispersion compensation co-efficient which can optimize dispersion in a specific retinal layer only. For our experiment, the second-order dispersion compensation parameter was selected close to C1 and thus the input B-scans had optimum compensation along with the inner retinal layer only. Consequently, the output B-scans had the inner retinal layer optimized only. The input model with three input channels had three arrays of B-scans and each array was compensated by different second-order dispersion compensation coefficients which were selected equally spaced between C1 to CN. The three input channels thus provided more information related to more layers being compensated and thus the model performed better compared to the single input channel model. Similarly, for five, seven, and nine input channels models, the input channels had more B-scans with more layers being compensated which in terms provided more features to the model to train itself better. Hence the performance was better compared to single and three input channels models. However, quantitative analysis revealed that five, seven, and nine input channels models depict similar performance, and thus optimum all-depth dispersion can be obtained using five input channels.

The dispersion effect broadens OCT band profiles and thus degrade the axial resolution. In a well-compensated OCT image, such as the ground truth image, this blur effect would be minimized, corresponding to thinner and sharper band profiles. On the other hand, as illustrated in the intensity profile obtained from the uncompensated image, the band profiles would be thicker due to dispersion effect which in terms would affect the image resolution. This would impact the thickness measurement of the retinal bands as they would appear to be thicker than the actual value. From our proposed ADC-Net we obtained sharp and thin OCT band profiles from input models with five, seven, and nine channels which were analogous to the intensity profile obtained from the ground truth image. The peaks for the outer retinal layers were also aligned which shows the promise for accurate depth measurement. Hence the proposed ADC-Net demonstrates its capability to generate B-scans with high resolution that can retain intricate structural information. Implementation of this automated process can be beneficial in clinical assessment and ophthalmic research by providing accurate retinal thickness and depth measurement in healthy and diagnosed patients. Artificial intelligence may reduce the technical complexities and streamlining tasks in a clinical setting.

The major challenge of our proposed ADC-Net is the availability of finetuned ground truth data which requires all depth compensation. However, once the required values of the coefficients for different depths and ranges are obtained for one volume, it can be applied to other volumes directly. Thus, for one OCT system, calibrating the system once would be enough. Once our proposed ADC-Net is trained with all depth compensated ground truth, it can automatically generate fully compensated B-scans with retinal layers optimized. Therefore, this ADC-Net process can be effectively implemented for real-time application. The performance of the ADC-Net has been validated with OCT images acquired from both healthy and diseased eyes. We are aware that the OCT image quality of diseased eyes in Figure 7 was relatively poor, compared to that of healthy subjects. However, the feasibility of automatically generating dispersion compensated images from diseased eyes has been validated with the ADC-Net.

In conclusion, a deep learning network ADC-Net has been validated for automated dispersion compensation in OCT. The ADC-Net is based on a redesigned UNet architecture which employs an encoder-decoder pipeline. With input of partially compensated OCT B-scans with individual retinal layers optimized, the ADC-Net can output a fully compensated OCT B-scans with all retinal layers optimized. The partially compensated OCT B-scans can be produced automatically, after a system calibration to estimate the dispersion range. Comparative analysis of training models, including single, three, five, seven and nine input channels were implemented. The five-input channels implementation was observed to be sufficient for ADC-Net training to achieve robust dispersion compensation in OCT.
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The retinal macula is at the center of our visual field, and thus pathological damage in the macula significantly impacts an individual's quality of life. The parafoveal vessels form the inner retina provide oxygen perfusion, and the measurement of parafoveal oxygen saturation (sO2) can evaluate macular metabolism and provide pathophysiological insight. In this paper, for the first time, we present a baseline study of microvascular oxygen saturation (sO2) in perifoveal macular region using visible light optical coherence tomography (VIS-OCT) on normal eyes. The arterial and venous sO2 from all eyes was 92.1 ± 7.1 (vol %) and 48.4 ± 5.0 (vol %) (mean ± SD), respectively. Arteriovenous sO2 difference was 43.8 ± 9.5 (vol %). Marginal correlation was found between venous sO2 and intraocular pressure (IOP) among eyes. No significant correlation was found between sO2 and vessel topological features, including length, diameter, and distance to fovea. This baseline study could serve as a benchmark for the future sO2 investigation of retinal macular pathologies.
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INTRODUCTION

Oxygen supply supports the metabolism of the human retina, and abnormal oxygen perfusion is associated with various retinal conditions leading to vision damage and blindness, including glaucoma, age-related macular degeneration, diabetic retinopathy, and vascular occlusions (1). Therefore, the measurement of blood oxygen saturation within the retinal circulation is not only essential to understanding the physiopathology of retinal diseases, but also can play important role for detection and monitoring.

Label-free optical retinal oximetry harnesses the oxygen-dependent spectral contrast of endogenous hemoglobin to non-invasively measure oxygen saturation quantitatively in the human retina (2–6). A fundus camera based multi-wavelength oximetry has been previously reported in several clinical studies on retinal conditions (7). However, the technique lacks depth resolution, and the measurement is complicated by the reflections from vessel surface. So far, only readings from large vessels in the peri-papillary region have been reported.

Visible light optical coherence tomography (VIS-OCT) is a recent development that provides the necessary 3D imaging capacity to eliminate confounding signals from other retinal layers and the choroid (8–12). The much stronger absorption in visible light range than conventional near infrared light (8), in conjunction with 3D segmentation of retinal blood vessels, permits reliable spatio-spectral analysis for microvascular retinal oximetry (11). By combining OCT angiography, capillary oximetry in the human retina has been recently reported which is a significant technical contribution. The initial report of in vivo oximetry using VIS-OCT was introduced in 2011 (13), then VIS-OCT oximetry was applied in rat's retina in 2013 (8). After several years of development, the technique has been successfully demonstrated in human retina in pathological cases for clinical research, including glaucoma, retinal ischemia, diabetic retinopathy (DR), central retinal vein occlusion (CRVO) and sickle cell retinopathy (SCR) (14–16).

Being responsible for the central vision field and acuity, macular region contains >30% of the total ganglion cells in the whole retina (17) in addition to being enriched with cone photoreceptors. The quantification of macular vascular sO2 has important implications for macular retinal function and metabolism. However, existing reports so far have evaluated the sO2 of large retinal vessel around the optic nerve head (ONH) (4, 18–20). Due to lack of resolution in fundus-based 2D oximetry, macular region vascular sO2 has not been sufficiently studied before. In this study, for the first time, we report a baseline study of sO2 of parafoveal arterioles and venules. We analyze the association of the arterial and venous sO2 with ophthalmic exam, and OCT macular and ONH scans. The result will serve as an important reference for the future comparison with pathological data.



MATERIALS AND METHODS


Human Subjects

This study was conducted at Boston Medical Center, whose Institutional Review Board reviewed and approved the study. The study was compliant with the Health Insurance Portability and Accountability Act and adhered to the tenets of the Declaration of Helsinki. Written informed consent was obtained from all subjects before participation. Healthy subjects were recruited through the Boston Medical Center Optometry clinics. Cataracts were evaluated using the Lens Opacification System II based upon color and opalescence (21). The system uses a 4-point grading system with increasing number consistent with increasing maturity. Severe cataracts graded more than 2+ were excluded. All the subjects went through a regular ophthalmic examination including refractive error, tonometry for intraocular pressure (IOP), stereoscopic optic disc assessment, as well as clinical OCT scans of optic nerve head (ONH) and macula by Zeiss Cirrus OCT device. The OCT thickness of circumpapillary retinal nerve fiber layer (cpRNFL) and macular ganglion cell complex (GCC: ganglion cell layer + inner plexiform layer) were recorded, as well as cup to disc ratio (CDR). Dual-channel VIS-OCT was performed subsequently, and parafoveal vessel oxygen saturation (sO2) were quantified by post-processing. The subjects were imaged by trained technicians.



Study Device and Method

The detailed setup of self-built vis-OCT system can be referenced in our previous publication (22). The pattern of raster scanning was 512 × 256 pixels and signals were received by a line camera with a line rate of 50 kHz and an exposure time of 19.1 μs. The image field of view (FOV) was 5 × 5 mm taking 2.62 s to acquire. The laser power on the cornea was <0.25 mW which is safe under the ANSI standard of ophthalmic instrument. After acquiring the raw interference signals, 3D data vis-OCT was generated by removing DC, converting the signals in k-space, digitally compensating the dispersion, and performing Fourier transform to prepare for later retinal boundary segmentation.



Image Segmentation

We first detected the retinal pigmented epithelium (RPE) layer as the outer retina boundary. We blurred each B-scan by the Gaussian filter with a standard deviation of 7, then identified the RPE depth by detecting the maximum intensities along the A-line. Several factors can influence the accuracy of detection results, including the vessel shadows, high intensities in the retinal nerve fiber layer (RNFL) and system noise. To address these factors, we performed a correction by using a two-step outlier detection and replacement, as detailed below.

We used a third-order polynomial to fit the detected RPE curve within each B-scan, then calculated the difference between the fitted and detected curves. The mean and standard deviation (SD) of the difference were obtained. When the difference is outside the range of mean ±1.8 × SD, this point on the detected RPE curve was considered as an outlier and deleted. Then we used the remaining points to generate the new polynomial fitting curve to replace the outliers and iterated this process until no outlier was found. We also calculated the coefficient of variation (COV) of each final fitted curve within each B-scan. After processing all B-scans, we obtained a COV curve over all B-scans, then we performed the outlier detection in the COV curve using the same standard to find the outliers. The values of COV of each fitting curve in adjacent images is expected to be similar. If the COV of two adjacent curves changed greatly in some frames, that usually mean the segmentation failed, and we discarded the outlier curve and used the previous curve to replace it. After this method, the retina was flattened based on accurate RPE labeling as shown in Figures 1A,B. In the next step, the inner limiting membrane (ILM) can be easily determined by the greatest gradient changes of intensities in the region above the RPE (Figure 1B).


[image: Figure 1]
FIGURE 1. Illustration of the data processing workflow for sO2 calculation. (A,B) Examples of image segmentation for RPE detection, and (b) retina flattening and ILM layer detection. (C) Illustration of sO2 mapping of parafoveal vessels. ρmin and ρmax is the minimum and maximum distance from each vessel segment to fovea. (D,E) Short time Fourier transform to extract depth-resolved spectra. Yellow dashlines indicated the depth range for spectra extraction (F) sO2 regression by least square fitting. (G) Flow chart of data processing procedures. Scale bar: 250 μm.


We averaged the signals 20 pixels above RPE to generate the en face image. The vessel mask was obtained by binarizing the en face image with an adaptive threshold (23). Based on this vessel mask, we manually selected the vessel in the region of interest (ROI) as illustrated in Figure 1C. We considered the vessels branching from grandparents, to parents, and to children. Because of the strong blood absorption in VIS-OCT, the large grandparent vessels can be challenging to locate the vessel bottom and lack regional specification. Therefore, we focused on smaller parafoveal vessels and stopped at major branching points. When the two vessels were intersecting, we avoided selecting the overlaying portions. Tiny children vessels were also neglected as the adaptive threshold algorithm failed to recognize them.



Oxygen Saturation Calculation

We generated the wavelength-dependent four-dimensional (4D) data I (x, y, z, λ) by the Short-time Fourier transform with 11 Gaussian windows sweeping the spectral interferogram (Figure 1D). We flatten all A-lines within each vessel ROI with respect to ILM and averaged all the A-lines of 4D data to generate the spectra in terms of depth I (z, λ) (Figure 1E). These spectra were then normalized by the averaged spectrum from non-vascular RNFL (22). To locate the vessel bottom, we averaged over λ and obtained an averaged A-line signal as the curve shown in Figure 1E. The location of the second reflective peak from ILM is identified as the vessel bottom. We then averaged the signals in the range of 5 pixels above and 10 pixels below the vessel bottom (area between the two yellow dash line in Figure 1E) in I (z, λ) to generate the single spectrum (Figure 1F).

Finally, we used a least square fitting on the extracted spectra to calculate the sO2 of ROI vessels. The model and algorithm were clarified in our previous work (22).

[image: image]

Where I0(λ) is the spectrum of light sources; R0 is the reflectance of reference arm which is assumed to be constant; r(λ) (dimensionless) is the reflectance at the vessel wall, modeled by a power law r(λ) = Aλ−α, with A being a dimensionless constant and α modeling the decaying scattering spectrum from the vessel wall. Both A and α were included in the spectral fitting process. The detailed calculation for r(λ) can be found in reference (22). For the parameters μHbO2 and μHb, the optical attenuation coefficient μ is determined by the coefficients of absorption μa and scattering μs, where. μ(λ) = μa(λ)+Wμs(λ). W is the scaling factor for the scattering coefficient which was 0.2 used here (8).



Vessel Topographic Feature Analysis

Several topographic features of manually selected vessels were quantified, including length (L), area (A), diameter (D), the minimum distance (ρmin) and maximum distance (ρmax) from fovea to vessel segments. Based on the en face images, the length and area were defined as the converted length of vessel centerline and area of whole vessel ROI segment. The diameter D was obtained by top and bottom of the vessels from averaged A-line signals. The accurate location of fovea was targeted manually by going through the 3D data combined with the en face image. With the known fovea location and selected vessel masks, we calculated ρmin and ρmax for each vessel segment.



Statistical Analysis

Statistical analysis was performed by MATLAB (The MathWorks, Inc.). Pearson's linear correlation coefficients were calculated between each pair of parameters, and unpaired parametric t-statistics were executed for the p-values. When the p < 0.05, the statistics was defined as the significant.




RESULTS

Fourteen healthy subjects in total were recruited in this study. Four subjects were excluded due to the failure of fixation, or low image quality. Fixation failures were due to significant eye movements during imaging where fovea was not present in the images, or the vessel locations were not recognizable. Lower image qualities caused the unsuccessful segmentation, leading to the failure of vessel selection and sO2 calculation. Additional four eyes were excluded by the same criterion within the left ten subjects. The demographic information and the ophthalmic measurements are summarized in Tables 1, 2. Sixteen eyes in total were used for the analysis. Nine eyes have mild Grade 1 cataract.


Table 1. Demographic information of subjects.

[image: Table 1]


Table 2. Characteristics of ocular measurements from all eyes.

[image: Table 2]

The sO2 value for all arterioles and venules were first averaged within each eye, as shown in Figure 2. The mean arterial (AsO2) and venous sO2 (VsO2) were 92.1 ± 7.1 (vol %) and 48.4 ± 5.0 (vol %) respectively. The mean arteriovenous sO2 difference (A-V sO2) was 43.8 ± 9.5 (vol %). The mean and standard deviation of vessel sO2 for both arterioles and venules from all eyes are shown in Supplementary Figure 3.


[image: Figure 2]
FIGURE 2. The sO2 of arterioles, venules, and A-V sO2 difference from all eyes. ****p < 0.0001.


Table 3 summarizes the correlation coefficients and p values between parafoveal AsO2, VsO2, A-V sO2 and ophthalmic measurements including refractive errors, IOP, thickness of macular ganglion cell complex (GCC) and circumpapillary RNFL (cpRNFL). No significant correlation was found except between VsO2 and IOP, cup/disk ratio (CDR) and age. Figure 3 shows the correlation matrix map between sO2 per eye and other ophthalmic parameters.


Table 3. Correlation between clinical parameters and vessel sO2 based on eyes.
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[image: Figure 3]
FIGURE 3. Scatterplot with linear fit for a pair of correlated variables (Panels below the diagonal. Correlation coefficients area labeled in panels. Red: p < 0.05). Diagonal panels are histograms of each variable.


We further analyzed the correlation between sO2 and vessel topographic parameters, which were in the Supplementary Figures 1, 2. No significant correlation was found between sO2 and vessel length (L), area (A), diameter (D), and the distance of ρmin and ρmax.

For the venules, A and L is significantly correlated as expected by geometry. The diameter positively correlated with the length and area of venules but with no significance. The minimum distance (ρmin) has a negative correlation with length, area, and diameter, but only has a significant dependency on the latter two. The maximum distance (ρmax) has significant dependencies on all the other dimensions except diameter. For the arterioles, sO2 has no significant correlation with topographic parameters. All the topographic parameters have significant correlation with each other, except for the ρmin with length, area, and diameter.

Table 4 summarizes the topographic parameters and sO2 values from all of arterious and venous segments. The AsO2 and VsO2 per segments are 91.0 ± 8.0 vol % (n = 57) and 50.9 ± 8.8 vol % (n = 43), and the diameter of venules is significantly larger than the arterioles' (P < 0.001). For the other parameters, no significant difference was found. It is noted that diameters of both arterioles and venules are smaller than 40 μm.


Table 4. Vessel segment topographic parameters and sO2 (n = 57 for arterioles, n = 43 for venules).

[image: Table 4]



DISCUSSION

In this paper, we report the first baseline study on parafoveal vessel oxygen saturation (sO2) in healthy eyes. We quantified the topographic features of those vessels and found no significant correlation with sO2 values. There is no significant correlation between sO2 and cpRNFL, GCC thickness or refractive error. IOP moderately correlated with VsO2; however, A-V sO2 had no significant correlation with IOP. The significant association between VsO2 and age and CDR was also found.

We found the negative correlation between VsO2 and age in healthy subjects was significant, which is consistent with previous reports (24–26). We also found correlation between VsO2 and IOP. There has been sparse literature investigating the association between VsO2 and IOP. Liu et al. reported no association between IOP and sO2 for the healthy children under 18 (27). However, there is a significant age difference in our study and thus it is difficult to compare. It is plausible that IOP was positively correlated to the age of people under 60 (28), leading to the negative correlation to the VsO2. The positive association between VsO2 and CDR was marginally significant, which can also be found in Vandewalle et al. (29). Despite above significant correlation, we found no significant correlation between A-V sO2 with age, IOP or CDR.

Compared to fundus-based or multi wavelength SLO oximetry (7, 30), VIS-OCT provides better depth resolution enabling precise segmentation from the bottom of the vessels, and avoids noise from other layers. The parafoveal vessels in this study have a modest diameter ranging from 20 to 30 μm where visible light may penetrate fully. Without the depth segmentation, the penetrated light would diffuse through other layers and create confounding factors in the fundus camera. This would also compromise the resolution and contrast and make macular oximetry challenging for 2D image-based methods. We also note that the relative smaller caliber of the parafoveal vessels may be better suited for VIS-OCT than larger peripapillary vessels around ONH, since the bottom of the vessels were easier to image than large vessels to create a strong reflectance signal.

While this is the first study of the parafoveal vessel sO2 in normal human subjects using VIS-OCT oximetry, there are limitations worth noting. First, we had limited subject number in this pilot study. Therefore, we refrained from advanced multivariable statistical analysis and rather performed simple two-sample t-tests and Pearson's linear correlation. Marginal significances were found in some parameters stated above. A larger cohort would be needed in the future study to validate those significance by a multiple-variable analysis to incorporate variable interactions and other confounding factors. Second, there are the technical limitations that we would like to improve in the future. The spectral bandwidth in the current device is limited in exchange for large imaging depth for better alignment. With our new linear-K spectrometer design and extended imaging depth (31), the spectral bandwidth can be increased to improve the robustness and accuracy of sO2 calculation.

In summary, we investigated parafoveal microvascular sO2 using VIS-OCT on healthy subjects in this initial baseline study. The statistical analysis reveals that no significant association between sO2 and vessel topographic features. Also, there are no significant correlations for the eye sO2 and clinical parameters except the relation of VsO2 and IOP, CDR and age. This study will provide a normal (an initial) database for later sO2 investigations in ocular diseases.
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Purpose: To investigate the influence of induced aniseikonia on stereopsis measured by contour-based and random-dot-based stereograms using a new method.

Methods: Unlike previous studies in which aniseikonia was induced using magnifiers, which potentially influenced the position of the test symbols in the half-view, here the image was magnified while maintaining each test symbol’s central position within the half-view. A phoropter and two 4K smartphones were used to measure stereopsis in seventeen young adults aged 20–28 years old. Stereopsis was tested using both contour-based and random-dot-based stereograms under overall or meridional aniseikonia with magnifications ranging from 2.5 to 30%. Repeated measures ANOVA was used to evaluate the effect of aniseikonia on stereopsis.

Results: Stereopsis decreased with an increase in aniseikonia magnification in the overall, horizontal, and vertical directions. Stereopsis values (log arcsec) increased from 1.29 ± 0.14 at baseline to 2.38 ± 0.16 with 30% overall aniseikonia of contour-based stereograms. In random-dot based stereograms, stereopsis values increased from 1.29 ± 0.16 at baseline to 2.24 ± 0.23 with 22.5% overall aniseikonia. Overall aniseikonia caused a significantly greater impairment on stereopsis as compared with the changes in meridional directions. In contour-based stereograms, vertical aniseikonia had significantly less impact on stereopsis than horizontal aniseikonia of identical magnification. The opposite phenomenon was found in random-dot-based stereograms.

Conclusion: Stereopsis decreased with an increase of magnification of induced aniseikonia. Magnifying patterns (overall, horizontal, or vertical) also significantly affected stereopsis. The conflicting impact of meridional aniseikonia on stereopsis measured by contour-based and random-dot-based stereograms may be associated with the uniqueness of the two test systems.

Keywords: stereopsis, induced aniseikonia, contour, random-dot, disparity, smartphone


INTRODUCTION

Aniseikonia is a condition where images seen with both eyes are perceived as being different in size and/or shape (1, 2). The possible causes of aniseikonia are optical, retinal, and cortical (3, 4). Optical aniseikonia is used to denote aniseikonia due to a physically measured difference in the sizes of the retinal images that typically arises in anisometropia, aphakia, and pseudophakia, among others (5, 6). Retinal aniseikonia may be due to the stretching or compression of the retina, leading to the alteration in spacing between the photoreceptors, which changes the perceived image size (1). Common causes include epiretinal membrane, macular edema, and central serous chorioretinopathy (7). Cortical aniseikonia may occur when apparent image sizes are perceived as differently due to abnormalities in the higher levels of visual processing system above beyond the retina (1, 3).

The apparent unequal size may be uniform (i.e., magnified or minified for all meridians). However, the size difference can also be meridional, wherein one image is larger or smaller in one specific meridian relative to the corresponding meridian in the other eye. This phenomenon can be observed when astigmatic anisometropia is present (1, 6). Discrepant image sizes may also be perceived by both eyes in retinal diseases such as epiretinal membrane (8) and macular edema (7).

Studies have suggested that the visual system can tolerate low amounts of aniseikonia without complete disruption of binocular fusion (9, 10). As the degree of aniseikonia increases, stereopsis becomes disrupted (11). Several studies discussed this issue by evaluating the effects of various degrees of induced aniseikonia on stereopsis, but the results varied widely, with stereopsis being reported to be perceived in aniseikonia of 4% or lower (4), 5% or lower (10), and 19% or lower (9). Most of these studies used size lenses to enlarge or reduce images in front of one eye. However, we observed that the enlargement of one eye’s image may introduce an additional disparity whether the size of the image is changed uniformly or solely in one meridian. This principle can be demonstrated with a four-circle test pattern like the Fly Stereo Acuity Test (Vision Assessment Corporation, Elk Grove Village, IL, United States).

If a size lens is placed in front of the left eye, then the left eye image is uniformly enlarged, whereas the right eye image is unchanged, resulting in aniseikonia. The locations of the centers of the circles viewed by the left eye are changed, whereas the locations of the centers of the circles viewed by the right eye are unchanged; this causes a shift in the position of the centers of the circles of the left eye. More specifically, in the left eye image, the center of the left circle would be shifted to the left for a certain distance, and the center of the right circle would be shifted to the right by the same distance. An uncrossed disparity would be created simply by moving the circle leftward in the left eye image, without considering the effect of magnification. Similarly, a crossed disparity would be created by moving the circle rightward in the left eye image, regardless of the effect of magnification. Consequently, four circles would appear at different depths; the circle on the left would seem farthest, the circle on the right side would seem nearest, and two circles located in the middle position would appear in the middle distance. In this situation, the participant’s ability to distinguish the stereo target is affected not only by the magnification effect over one eye, but also by the set disparities of the test material.

A similar situation exists in the random-dot test pattern such as “Pacman” symbol (TNO stereotest; Lameris Ootech BV, Ede, Netherlands). If a size lens is placed in front of the left eye, then the left eye image is uniformly enlarged, whereas the right eye image is unchanged. Consequently, uncrossed disparity would be created on the left side of the fused image, and crossed disparity would be created on the right side of the fused image. The additional induced disparities might rotate the random-dot pattern clockwise along the vertical axis. The “mouth” of the “Pacman” would be identified easily when facing left or right. However, the participant would experience difficulty in judging the orientation of the mouth when facing up or down because of the difficulty of dislocation fusion in the vertical direction.

In summary, the judgment of stereo symbols is complicated because of the newly introduced disparities by a lens that uniformly magnifies images. In order to minimize the introduction of additional disparities in the process of inducing aniseikonia, we adopted a new method to induce aniseikonia. The test image seen by the left eye was magnified. Four test symbols were utilized as conventional measurement methods (one out of four choose mode). For each test unit, the four symbols were arranged vertically in a line and each center of the four symbols was kept unchanged in the process of magnification. Meanwhile, the test image seen by the right eye was unchanged, so the location of each test symbol’s center viewed by the right eye was unchanged and the center of each test symbol’s pair still coincided in binocular view. Then we measured stereoacuity under induced aniseikonia. Since the interference of additional disparity was minimized as much as possible, the real effect of stereopsis by aniseikonia was evaluated.

Clinically, there are two commonly used stereopsis measurements: the contour-based stereograms (which are used to test local stereopsis) and random-dot-based stereograms (which are used to test global stereopsis). Some studies suggested that stereopsis values varied when measured by these two kinds of stereograms (12, 13). Lovasik et al. (14) reported a more rapid loss of stereoacuity with induced aniseikonia when measured by the contour stereogram relative to the loss measured by the random-dot stereogram. Therefore, in this study, the effect of aniseikonia on stereopsis was measured by both the contour-based and random-dot-based stereograms.



MATERIALS AND METHODS


Participants

A total of 17 participants (5 men and 12 women) aged 20–28 years were recruited to this study. The best-corrected visual acuity of all participants was 0 logMAR or better. The stereothresholds of all participants were 40′′ or better, as measured using the Fly Stereo Acuity Test. All participants provided written informed consent before participating in the study. The research protocol observed the tenets of the Declaration of Helsinki and was approved by the ethics committee of the Second Hospital of Jilin University (No. 2020-110).



Test System


Equipment

A stereopsis measurement system was established with two 4K smartphones and a phoropter, as previously described (15–17). The resolution of the smartphone screen was 3840 × 2160 (Sony Xperia XZ Premium; Sony Mobile Communications Inc., Tokyo, Japan). With the aid of two approximately 5.5Δ based out Risley prisms, two smartphones are capable of creating a minimum 10′′ (1-pixel) disparity at a viewing distance of 0.65 m at the near-vision test rod of the phoropter (Topcon VT-10, Topcon Corp, Tokyo, Japan) (Figure 1).
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FIGURE 1. Photograph of the testing system.




Test Symbols


Contour-Based Symbols

The contour-based symbols were created to reproduce quantitative measurements using the Fly Stereo Acuity Test. However, the arrangement of the circles was modified in our testing regime. Specifically, four test circles were arranged vertically, and one of them was randomly chosen as the stereo target. The target circle appeared to stand out from the plane due to the crossed disparity. Three comparison circles were set along both sides of the test circles to maintain consistency with the Fly Stereo Acuity Test as much as possible. The participant identified the stereo target when the threshold of their stereopsis was lower than the setting disparity. In the newly designed test system, while magnifying the left eye image to induce aniseikonia, all test circles appeared to be rotated at a certain angle clockwise along the vertical axis of the screen. To minimize the influence of the rotation effect on the disparity evaluation, the test symbols in each test unit were arranged vertically.



Random-Dot-Based Symbols

The random-dot-based pattern comprised four squares composed of random dots arranged vertically. One circle was randomly hidden in one of the four squares. The participant was asked to determine the square comprising a circle protruding from the plane, which occurred when the participants’ stereopsis threshold was lower than the disparity of the depth-containing circle. The minimal size of the random dot was 6 × 6 pixels (equivalent to 0 logMAR resolution) to ensure that all of the dots could be distinguished by the participant (18).




Test Pages


Agreement Between Vertical and Conventional Arrangement Pattern

To test the agreement between the vertical arrangement pattern and the conventional arrangement of routine tests, we designed two tests including contour-based and random-dot-based patterns. In the contour-based test, the quantitative measurement section of the Fly Stereo Acuity Test was chosen for comparison (Figure 2A). In the random-dot-based test, the quantitative measurement section of the Random Dot 3 Stereo Acuity Test (Vision Assessment Corporation, Elk Grove Village, IL, United States) was chosen for comparison (Figure 2B).
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FIGURE 2. Simulation of the perceptions generated by the test images. If a patient’s stereothreshold is lower than the displayed disparity, the target appeared as protruding. (A) Contour-based pattern comparison test between four circles arranged in quadrilateral form and vertical line form. The disparity of the four circles arranged in both formations was 40′′, 30′′, 20′′, and 10′′, respectively. (B) Random-dot pattern comparison test between four circles arranged in quadrilateral and vertical line forms. The disparity of the four circles arranged in both forms was 40′′, 30′′, 20′′, and 10′′, respectively. In the quadrilateral arrangement, the other three circles had the same amount of disparity as the target but were designed to be uncrossed and appeared dented into the planes.




Determining the Threshold of Stereopsis

Both the contour-based test and random-dot-based test used the same test pattern. There were two grade menus in the test system. The first grade menu comprised eight test units with a step range of 90′′, that is, 640′′, 550′′, 460′′, 370′′, 280′′, 190′′, 100′′, and 10′′. The second grade menu also comprised eight test units, but the step range was 10′′. There were seven test pages in the second grade menu (page 1, 20′′–90′′; page 2, 110′′–180′′; page 3, 200′′–270′′; page 4, 290′′–360′′; page 5, 380′′–450′′; page 6, 470′′–540′′; page 6, 560′′–630′′). A program written with C# was used to produce all stereograms with crossed disparity.




Aniseikonia Test Unit

To induce aniseikonia, the test image seen by the right eye was unchanged, and the test image seen by the left eye was enlarged to provide either overall, horizontal, or vertical magnification. Overall magnification enlarged the image consistently (Figure 3). Horizontal magnification only enlarged the image horizontally without enlarging the image vertically (Figure 4), while vertical magnification enlarged the image vertically without horizontal enlargement. The magnification rate ranged from 1.025 to 1.3, with a step range of 2.5%. The specific magnification rates were 1.025, 1.05, 1.075, 1.1, 1.125, 1.15, 1.175, 1.2, 1.225, 1.25, 1.275, and 1.3. While enlarging the test image, each test symbol was enlarged separately, with the location of its center unchanged in order to coincide the center of each test symbol’s pair on binocular view.
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FIGURE 3. Legend of contour-based pattern of the first grade test page with 15% induced overall aniseikonia. (A) Left eye image. (B) Right eye image. (C) Simulation of the perception of the test images. The disparity of the target circle was 640′′, 550′′, 460′′, 370′′, 280′′, 190′′, 100′′, and 10′′. The center of the comparison circles was at the same point when fused correctly, but the size of test symbols in left eye image was enlarged by 15% because of the induced aniseikonia. All test circles appeared to be rotated at a certain angle clockwise along the vertical axis of the screen.
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FIGURE 4. Legend of random-dot pattern of the second grade test page (110′′–180′′) with 20% induced horizontal aniseikonia. (A) Left eye image. (B) Right eye image. (C) Simulation of the perception of the test images. The disparity of the target circle was 180′′, 170′′, 160′′, 150′′, 140′′, 130′′, 120′′, and 110′′. The center of the comparison hidden circles was at the same point when fused correctly, but the size of test symbols in left eye image was enlarged by 20% in the horizontal direction to induce aniseikonia. All squares appeared to be rotated at a certain angle clockwise along the vertical axis of the screen.




Test Procedure


Agreement Between Vertical and Conventional Arrangement Pattern

The participant was asked to distinguish the stereo circle from both the original pattern (40′′–10′′) and vertical arrangement pattern (40′′–10′′). The minimal stereo symbol that could be distinguished was recorded as the stereopsis threshold of the participant. The test sequence of contour-based and random-dot based stereograms was randomly determined.



Determining the Threshold of Stereopsis Under Induced Aniseikonia Conditions

The test sequence of contour-based pattern or random-dot-based pattern was random. Random test sequences were also used for the overall, horizontal and vertical magnifications. A magnification of 1.3 was adopted at the beginning of the test, and then 1.275, 1.25, and so on, until it reached 1.025. At the beginning of the test, the first grade page was shown, and the participant was asked to find the stereo target from 640′′ to 10′′. If the participant pointed correctly at 10′′, then their stereopsis was recorded as 10′′. If the participant could point to the stereo target at 190′′ but failed to do so at 100′′, then the second page of the second grade menu (including 110′′–180′′) was chosen for the next examination. At this time, if the participant could ascertain the target circle at 160′′ but failed to do so at 150′′, then the stereopsis was recorded as 160′′. However, if they were unable to point to the stereo circle at 640′′, then the stereopsis was recorded as “nil.” Under this test procedure, the stereopsis of the participant could be determined from 10′′ to 640′′ with a measurement accuracy of 10′′ (Figure 5).
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FIGURE 5. Flowchart of test procedure of determining the threshold for stereopsis under induced aniseikonia conditions. Test groups included three random-dot-based patterns (overall, horizontal, or vertical aniseikonia) and three contour-based patterns (overall, horizontal, or vertical aniseikonia). One group was selected randomly to test a participant. Two-step choices were conducted to measure the stereopsis threshold with a magnification of 1.3, and then 1.275, and so on, until it reached 1.025. Randomly, another group was chosen to do the examination again, and so on, until finishing all the six groups’ tests.






Statistical Analysis

Statistical analysis was performed using SPSS (version 20.0; IBM Corp, Armonk, NY, United States) and GraphPad Prism (version 8.0.1; GraphPad Software Inc., San Diego, CA, United States). The Wilcoxon signed-rank test and Kendall’s coefficient of concordance (Kendall’s W) were conducted to examine the agreement between vertical and conventional arrangement patterns. Stereopsis values under aniseikonia were transformed to log arcsec values for analysis. The normality of the distribution of the stereoacuity (log arcsec) was checked by the D’Agostino and Pearson test, and 64 of 69 sets of data were normally distributed. On this basis, repeated measures ANOVA was applied to determine significant main effects and interactions at p = 0.05. Partial eta-squared (ηp2) was calculated as an effect size measure. Greenhouse-Geisser correction was used if the assumption of sphericity was not met, and the Bonferroni test was used in post-hoc analysis. Minitab Statistical Software (version 19; Minitab Inc., State College, PA, United States) was used to compare the slopes of the change in stereopsis with induced aniseikonia for the contour-based and random-dot based stereograms.




RESULTS


Agreement Between Vertical and Conventional Arrangement Patterns

The Wilcoxon signed-rank test showed that there was no significant difference between the stereopsis threshold measured by vertical and conventional arrangement patterns (Z = −0.577, P = 0.564 in both contour-based and random-dot-based stereograms). Kendall W tests showed a significant agreement between stereopsis threshold measured by vertical and conventional arrangement patterns (Kendall W = 0.853, P = 0.038 in contour-based stereograms; Kendall W = 0.927, P = 0.020 in random-dot-based stereograms).



Stereopsis Changes With Different Aniseikonia

Raw stereopsis values under different conditions of aniseikonia are provided in Supplementary Tables 1–7. Stereopsis values were transformed to log arcsec for analysis. The mean ± standard deviation (SD) of stereopsis values (log arcsec) for baseline and each aniseikonia condition for contour-based and random-dot-based stereograms are shown in Table 1. The stereopsis values increased with the increase in aniseikonia magnification; this was observed in the overall, horizontal, and vertical directions, in both stereogram types (Figure 6). In contour-based stereograms, stereopsis was present until the magnification increased to 30% for overall, horizontal, and vertical patterns. The stereopsis values (log arcsec) at baseline averaged 1.29 and increased to 2.38 with 30% overall aniseikonia. In random-dot-based stereograms, for overall aniseikonia, stereoacuity was measured for magnifications ranging from 2.5 to 22.5%; several of the participants (7/17) failed the stereopsis test under 25%; most participants (12/17) failed the test under 27.5%, and all participants failed the test under 30%. In horizontal and vertical aniseikonia, stereoacuity could be measured under all magnifications ranging from 2.5 to 30%. The stereopsis values (log arcsec) at baseline averaged 1.29 and increased to 2.24 with 22.5% overall aniseikonia.


TABLE 1. Mean ± SD of stereopsis values (log arcsec) tested under different conditions of aniseikonia.
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FIGURE 6. Relationship between induced aniseikonia and stereopsis values (log arcsec). (A) Contour-based stereograms. (B) Random-dot-based stereograms. Datapoints and error bars represent mean with standard deviation (SD). The final three data points of overall magnification curve in the random-dot stereogram image were not plotted because some participants failed to pass the test when magnification increased to 25, 27.5, and 30%.




Differences Between Overall, Horizontal, and Vertical Aniseikonia

Repeated measures ANOVA was conducted with magnification and magnifying pattern (overall, horizontal, or vertical) as within-subject variables. In contour-based stereograms with aniseikonia (2.5–30%), a significant main effect of magnification (F(3,48) = 190.91, P < 0.001, ηp2 = 0.923), of magnifying pattern (F(1,23) = 163.31, P < 0.001, ηp2 = 0.911) and a significant interaction between magnification and magnifying pattern (F(6,96) = 22.42, P < 0.001, ηp2 = 0.584) was found. Bonferroni’s post-hoc test showed that stereoacuity under each magnifying pattern was significantly different from the other two patterns in identical aniseikonia from 10 to 30% (P < 0.001 to P = 0.015).

In random-dot-based stereograms with aniseikonia (2.5–22.5%), a significant main effect of magnification (F(2,40) = 162.30, P < 0.001, ηp2 = 0.910), of magnifying pattern (F(2,31) = 34.38, P < 0.001, ηp2 = 0.682) and a significant interaction between magnification and magnifying pattern (F(6,102) = 17.18, P < 0.001, ηp2 = 0.518) was observed. Bonferroni’s post-hoc test showed that stereopsis values (log arcsec) were significantly higher for overall aniseikonia than for meridional aniseikonia, ranging between 7.5 and 22.5% (P < 0.001 to P = 0.026). Vertical aniseikonia values of 15, 17.5, and 22.5% yielded significantly (P = 0.003 to P = 0.047) higher stereothresholds compared with the same values of horizontal aniseikonia.



Differences Between Contour-Based and Random-Dot-Based Stereograms

Repeated measures ANOVA was conducted with magnification and test method (contour-based stereogram, random-dot-based stereogram) as within-subject variables. For overall aniseikonia (2.5–22.5%), there was a significant main effect of magnification (F(4,58) = 201.92, P < 0.001, ηp2 = 0.927). However, there was no significant main effect of test method and no significant interaction between magnification and test method.

For horizontal aniseikonia, there was a significant main effect of magnification (F(4,60) = 190.31, P < 0.001, ηp2 = 0.922), of test method (F(1,16) = 6.19, P = 0.024, ηp2 = 0.279), and a significant interaction between magnification and test method (F(5,76) = 4.96, P = 0.001, ηp2 = 0.237). Bonferroni’s post-hoc test showed that stereopsis values (log arcsec) under horizontal aniseikonia of 17.5, 20, and 22.5% measured by contour-based stereograms was significantly higher than that of random-dot-based stereograms (P = 0.016 to P = 0.045).

For vertical aniseikonia, a significant main effect of magnification (F(3,42) = 95.79, P < 0.001, ηp2 = 0.857), of test method (F(1,16) = 64.07, P < 0.001, ηp2 = 0.800), and a significant interaction between magnification and test method (F(3,41) = 8.65, P < 0.001, ηp2 = 0.351) was found. Bonferroni’s post-hoc test showed that stereopsis values (log arcsec) measured under conditions of induced vertical aniseikonia ranging from 7.5 to 30% with contour-based stereograms were lower than those measured using random-dot-based stereograms (P < 0.001 to P = 0.008).

For overall aniseikonia, there was no significant difference of the linear regression slopes for stereoacuity over magnification between two test methods (contour-based stereograms slope 3.82; random-dot-based stereograms slope 4.09; P = 0.350). For horizontal aniseikonia, the slope of the regression line of the contour-based stereograms was significantly higher than that of random-dot-based stereograms (2.91 for the contour-based stereograms; 2.30 for the random-dot-based stereograms; P = 0.003). For vertical aniseikonia, the slope of the regression line of the contour-based stereograms was significantly lower than that of the random-dot-based stereograms (1.60 for the contour-based stereograms; 2.60 for the random-dot-based stereograms; P < 0.001).




DISCUSSION

The relationship between induced aniseikonia and stereopsis has been investigated for decades (9, 10, 19–21). Highman (9) examined 30 participants with different degrees of myopia. Each participant wore a contact lens in the eye with a smaller diopter and wore the appropriate correcting lens in a trial frame over the more myopic eye to induce aniseikonia of various magnitudes. The Titmus Stereo-circles Chart was used to test stereopsis under different magnifications of aniseikonia. Findings indicated that stereopsis can be measured even with 19% of induced aniseikonia. Oguchi and Mashima (10) investigated the impact of artificial aniseikonia on binocular vision both psychophysically and objectively. They used a random-dot stereogram to measure stereoacuity and visual evoked potential under conditions of aniseikonia induced by size lenses ranging from 2 to 15% in six participants with normal stereoacuity. Their findings showed that stereopsis could be perceived with aniseikonia of 5% or lower. Moreover, they found a declining trend in the amplitude of visual evoked potential as the aniseikonia increased.

The measurement of stereoacuity might be interfered by the additional disparities introduced by size lenses that uniformly magnifies images. To minimize the interference of additional disparities in the process of inducing aniseikonia, the images used in our study were magnified while maintaining the position of each symbol’s center. Then the stereoacuity was measured under induced aniseikonia so that the real effect of aniseikonia on stereopsis could be accessed with the minimal interference of additional disparities. The consistency between the vertical and conventional arrangement patterns was first evaluated to ensure the possibility of substitution. There was a high degree of agreement between the vertical and conventional arrangement stereograms in both contour-based and random-dot-based stereograms.

In our study, stereopsis declined with an increase in aniseikonia magnification measured by both contour-based and random-dot-based stereograms. This is consistent with previous studies (3, 14, 22). Atchison et al. (3) used afocal magnification lenses of 3, 6, 9, and 12% to induce aniseikonia. Stereoacuity was tested using random-dot stereograms with a “Pacman” shape. They transformed the stereoacuity to log values and found that the threshold of stereopsis increased with an increase in aniseikonia, and the loss was approximately proportional to the square of aniseikonia. Lovasik and Szymkiw (14) induced aniseikonia using magnifiers of 26 magnifications ranging from 1.2 to 32.3% and measured stereoacuity using both the Titmus stereo test and the Randot test. Their results indicated that the value of stereopsis (arcsec) increased with increasing aniseikonia in a curvilinear manner.

In our study, the effect of overall aniseikonia was always larger than that of meridional aniseikonia of identical magnification. This was similar to the results of Atchison et al. (3), who found that the mean loss of stereopsis with meridional aniseikonia was approximately 64% of that for overall aniseikonia with identical magnification.

In this study, participants’ response to contour-based and random-dot-based stereograms was different in relatively high aniseikonia. For overall aniseikonia, the stereopsis still presented up to 30% when testing with contour-based stereograms, whereas, some participants failed at magnifications of 25, 27.5, and 30% when tested with random-dot-based stereograms.

In the contour-based stereogram, the effect of vertical aniseikonia was significantly smaller than that of horizontal aniseikonia of identical magnification. In random-dot-based stereograms, the opposite trend was found in three out of nine magnifications (15, 17.5, and 22.5%). This difference may be related to variations in the characteristics of the two test targets. Stereopsis is affected primarily in the horizontal meridian. In contour-based stereograms, image matching between the two eyes is determined by the contour. When the vertical direction of the half-view of one eye is enlarged with respect to the fellow half-view, the horizontal direction remains unchanged, which could help participants to distinguish the target symbols more easily. Conversely, when the horizontal direction of the half-view of one eye is enlarged with respect to the fellow half-view, the position of the lines in the horizontal direction changed simultaneously; this is likely to have a greater effect on depth perception and may explain why stereopsis was better under vertical, as opposed to horizontal aniseikonia. Whereas in random-dot-based stereograms, the participant is required to match dense random dots between the left and right eyes and fuse them into a single image. Since vertical disparities are less tolerated by the visual system, the processing capacity of fusing is more powerful in the horizontal than in the vertical direction (23, 24). Thus, it was easier for our participants to fuse images when enlarging one image in the horizontal direction than when enlarging one image in the vertical direction.

This study had some limitations. The participants that were recruited were young and had good stereoacuity; they therefore cannot accurately represent the general population. Induced aniseikonia may differ from that experienced by individuals with actual aniseikonia, and the adaptation of aniseikonia was not considered in this study. Besides, this test could not be achieved in a real circumstance to induce aniseikonia like size lens. It was carried out under an artificial test condition which is partly different from the actual situation of aniseikonia that occurred in the clinic. Moreover, the interference of additional disparities was minimized but was not eliminated completely.



CONCLUSION

In this study, stereopsis decreased with increasing aniseikonia induced by both overall and meridional magnification. Overall aniseikonia decreased stereopsis more than meridional aniseikonia of similar magnitudes. Horizontal aniseikonia impaired the stereopsis of the contour-based stereograms significantly more than random-dot-based stereograms, whereas vertical aniseikonia impaired the stereopsis of random-dot-based stereograms significantly more than the contour-based stereograms.
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Non-invasive spatially resolved functional imaging in the human retina has recently attracted considerable attention. Particularly functional imaging of bipolar and ganglion cells could aid in studying neuronal activity in humans, including an investigation of processes of the central nervous system. Recently, we imaged the activity of the inner neuronal layers by measuring nanometer-size changes of the cells within the inner plexiform layer (IPL) using phase-sensitive optical coherence tomography (OCT). In the IPL, there are connections between the neuronal cells that are dedicated to the processing of different aspects of the visual information, such as edges in the image or temporal changes. Still, so far, it was not possible to assign functional changes to single cells or cell classes in living humans, which is essential for studying the vision process. One characteristic of signal processing in the IPL is that different aspects of the visual impression are only processed in specific sub-layers (strata). Here, we present an investigation of these functional signals for three different sub-layers in the IPL with the aim to separate different properties of the visual signal processing. Whereas the inner depth-layer, closest to the ganglion cells, exhibits an increase in the optical path length, the outer depth-layer, closest to the bipolar cell layer, exhibits a decrease in the optical path length. Additionally, we found that the central depth is sensitive to temporal changes, showing a maximum response at a stimulation frequency of around 12.5 Hz. The results demonstrate that the signals from different cell types can be distinguished by phase-sensitive OCT.

Keywords: optoretinography, optical coherence tomography, phase-sensitive OCT, functional imaging, inner plexiform layer, retina


1. INTRODUCTION

Non-invasive, cellular imaging of the neuronal activity in humans is compelling for clinical diagnosis and basic science (1). Currently, only optical methods may achieve the necessary resolution for this purpose. In addition, the retina is the only site, where the central nervous system is directly accessible for optical imaging. Besides being part of the central nervous system (CNS) and thereby providing diagnostic information on neuronal diseases, the initial information processing of visual impressions, which is mainly performed by the bipolar, amacrine, and ganglion cells, can be studied here (2–4). Each of these cell classes can be further divided into different functional cell types, which are sensitive to specific features of the visual signal. Currently, around 13 different types of bipolar and around 30 types of ganglion cells are known. They are responsible for processing different aspects for the visual information, e.g., brightness, color, as well as spatial and temporal variations, thus splitting the visual information into different feature channels (2, 5).

In recent years, there has been extensive research to identify these different cell types and assign them to different functional tasks (2–5). Although many types have already been classified, there are still gaps in the knowledge about these different cells. To access these cell classes one can use retinal imaging with functional contrast. Suitable functional signals in the inner layers of the retina could be detected with different imaging methods [reviewed in (6)]. Techniques capable of identifying different cell types make, for example, use of calcium imaging (7, 8). However, these methods require insertion of genetically encoded calcium indicators and are thus only available for animal studies.

Several other, non-invasive techniques could be and partially were applied to the living human eye. For example, electroretinogram (ERG) measurements provide information about the overall activity of the retina (9), but cannot spatially resolve contributions from different cell types in the retina. Furthermore, neurovascular coupling using laser Doppler flowmetry (10, 11) or optical coherence tomography angiography (OCTA) (12) can measure increased blood flow when the retina is stimulated. This has already been used to measure the sensitivity of the retina to temporal changes of the visual signal in cats (10, 11) and mice (12). The techniques may also achieve a relatively high resolution by measuring blood flow in the capillaries. Still, these techniques do not allow distinguishing of the functional contributions of individual functional cell types.

Furthermore, it has been shown that light-stimulated activation of the retinal function may lead to a change in reflectivity of the IPL that can be measured with optical coherence tomography (OCT). These changes in reflectivity due to functional activation could be demonstrated in different animals, for example, ex vivo in frog retina preparations (13), in paralyzed tree shrews (14), and in a few studies even in vivo in human (15). However, such measurements of changing reflectivity exhibit a high noise level, making it particularly challenging to extract the functional information from in-vivo measurements.

One technique, that emerged in the past years for non-invasive detection of the functional changes is phase-sensitive OCT. This technique can detect variations in the optical path length between the different retinal layers with a resolution of a few nanometers (16). Additionally, due to the tomographic character of OCT, such variations can be assigned axially and laterally to specific locations with a resolution better than 10 μm, which makes it in principle possible to assign functional changes to single cells. This cellular phase-based functional contrast has so far been demonstrated for the photoreceptor outer segments (OS) with several OCT techniques including Fourier-domain scanning (17–20), line-field (21), and full-field (16, 22) systems. Recently, by using a full-field swept-source OCT (FF-SS-OCT) system, we were able to show functional phase-changes in the inner plexiform layer (IPL) (23), where the synaptic connections of the bipolar, amacrine, and ganglion cells are located. However, low contrast, an order of magnitude smaller optical path length changes, and heart-beat induced pulsatile retinal motion make this endeavor extremely challenging in the inner neuronal layers. In the first demonstration of functional signals in the IPL, the resulting noise was minimized by extensive averaging of the phase over several voxels in the axial dimension. Due to this averaging, the contributions from all different functional bipolar/ganglion cells were integrated and no differentiation of the functional change in the IPL was possible. Unfortunately, the structural sensitivity of FF-SS-OCT has been insufficient to image individual ganglion or bipolar cells, although single ganglion cell imaging was demonstrated for other OCT systems by averaging hundreds of images (24).

Here, we use a recently demonstrated phase evaluation that takes advantage of the statistical properties of random and systematic phase changes to minimize phase noise (25) and use the stratification of the synaptic connections to differentiate signals from different cell types in the living human retina. With this phase evaluation, phase averaging in the axial dimension can be avoided to a large extent, so that the functional changes could be assigned to their origin in the retina with much higher accuracy allowing the evaluation of sub-layers. At the same time, the reduced noise levels enable a better investigation of the lateral dependency of the signal in the IPL. Although, single cell functional imaging of the inner neurons is still not possible due to the limited structural sensitivity, we could use the increased axial resolution and the improved signal-to-noise ratio (SNR) to distinguish the contributions of different functional cell types to the change in optical path length. To this end, we exploit the interconnection behavior of the different cell types in the IPL. Since certain functional bipolar and ganglion cell types form their synaptic connections only in a specific depth of the IPL, the corresponding properties of the visual impression are also processed at a specific depth of the IPL (2–4). Basically, 5 different sub-layers of approximately equal thickness can be distinguished histologically (26) and with visible light OCT (27). Thus, it can be expected that this stratification of the IPL enables a differentiation of functional cell types without resolving individual cells by investigating the phase changes in different depths or sub-layers of the IPL.



2. RESULTS

Here, the functional response of sub-layers to different visual stimuli was investigated in order to see if we can distinguish the response of different bipolar and ganglion cell types. During OCT imaging, the retina of a volunteer with no known diseases or ametropia was stimulated with a white LED combined with a transmission mask that projects a square-shaped pattern at 10° superior of the fovea on the retina (Figure 1A). At this position, very little distortion of the actual stimulation pattern and the functional OCT signal was observed (23) due to the wiring of the photoreceptors by the Henle fibers to the inner layers of the retina (28). In addition, at this position in the retina, the size of the dendritic fields of the ganglion cells are in the range between 100 and 200 μm for non-midget cells, or even lower for the midget cells (29). The size of the square shaped stimulation pattern is 1mm × 1mm, so that the resolution of the stimulated area in the IPL is expected to be sufficient to analyze the stimulation pattern. The irradiance on the retina was about 57nW/mm2, which corresponds to a luminance of 140cd/m2 and is therefore in the photopic vision regime (30). In order to investigate the functional phase change in different sub-layers of the IPL, the lower edge of the IPL was segmented (see Section 5 for detailed information). Phase differences were calculated in depths with constant distance to the segmented lower edge of the IPL. Due to the limited axial resolution of the OCT system, it was only possible to evaluate the optical path length change of three different sub-layers in the IPL, in which the 5 histologically differentiable layers partially overlap (see Figures 1B,C). The functional phase changes in the three different sub-layers after 8 s of continuous stimulation are shown in Figures 2A–C. For comparison, an en-face image showing the functional change in the photoreceptor OS of the same measurement is shown in Figure 2J. The response of the photoreceptors OS matches the essentially uniform stimulation pattern. The slightly washed out edges probably result from aberrations of the projection of the stimulation pattern on the retina and ocular motion. In contrast, the functional imaging of the IPL shows a pronounced signal at the edge of the stimulation pattern, while the optical path length changes in the center of the stimulation pattern are weaker for all three layers (Figures 2G–I). By this inhomogeneous behavior, the contrast at the edge regions of the stimulation pattern is increased and a prominent contour becomes visible. Furthermore, the functional changes in the sub-layers of the IPL also differ. The greatest change in the optical path length is in the inner sub-layer (closest to the ganglion cell layer). Here, a change in the optical path length of approx. 25nm is observed in the edges and an increase of approx. 15nm in the center. In the central layer, only a change in the edges of the stimulation pattern is observed (approx. 10nm), while no change is observed in the center. Additionally, in the outer layer, the optical path length decreases during stimulation. Here, it is not possible to distinguish between edges and center of the stimulation pattern. The time courses of the three layers are shown in Figure 2K (solid lines). The curves were obtained by averaging the phase differences over the central area of the stimulation pattern. Residual motion artifacts, caused for example by vascular pulsation, were corrected by subtracting a background that was obtained by averaging the phase change in an area in a safe distance (at least 200 μm) from the stimulation site.


[image: Figure 1]
FIGURE 1. (A) Scanning laser ophthalmoscope (SLO) image at 815 nm (Spectralis, Heidelberg Engineering); yellow marked region corresponds to the field of view at 10◦ superior to the fovea. (B) B-scan of the retina imaged with an FF-SS-OCT system at this position. (C) Yellow marked region from (B) and close-up with a schematic drawing of the neuronal connections in the IPL. The different sub-layers of the IPL, for which the optical path length changes were obtained, are marked by the blue, green, and red areas.



[image: Figure 2]
FIGURE 2. Functional changes of three different layers of the IPL as shown in Figure 1 after 8 s of stimulation with a square-shaped pattern. En-face images of the phase changes after 8 s of continuous stimulation, of the first layer (A), the second layer (B) and the third layer (C). En-face images of the optical path length changes after 8 s stimulation with a 12.5 Hz flickering light, of the first layer (D), the second layer (E), and the third layer (F). (G–I) Profile of the optical path length change after 8 s stimulation. The phase changes are vertically averaged over 150 px (600 μm). (J) For comparison, phase changes in the photoreceptor OS are shown 0.5 s after the beginning of the stimulation. (K) Corresponding time courses of the optical path length changes averaged over the central part of the stimulated area.


In Figures 2D–F en-face images of the phase change for the three different layers after 8 s of flicker stimulation (square waveform of 12.5 Hz) with the same square pattern are shown. The corresponding time courses are shown in Figure 2K (dashed lines). Here, the functional changes in the inner sub-layer (blue, closest to the ganglion cells) and the outer layer (red, closest to the bipolar cells), do not differ significantly from the functional changes caused by continuous stimulation. However, a clear difference can be observed in the central layer. Here, the functional change under flicker stimulation is significantly increased, showing not only a stronger response in the edges of the stimulation pattern, but also a change in the center of the stimulation pattern, which shows an increase in the optical path length of about 15nm and is therefore about the same strength as the signal from the inner sub-layer.

Since the central layer is the only one that showed an increased response to flicker stimulation, it was investigated more closely to evaluate the sensitivity to different stimulation frequencies. In order to do so, the stimulation was performed with a continuous illumination and 11 different flicker frequencies of square waveform ranging from 1 to 55Hz with a duty cycle of 50%. Consequently, the number of photons reaching the retina was kept constant for all frequencies and halved compared to the constant stimulus. In order to quantify the sensitivity of the phase changes in the central IPL to the temporal frequencies, only the phase changes after 8s in the central part of the stimulation pattern were evaluated. Signal changes in the edge regions of the stimulation pattern were neglected for this investigation, since they were not effected by different stimulation frequencies in our observations. To reduce the influence of noise or remaining artifacts caused by the arterial pulsation, the optical path length changes over the last 625ms were averaged. Figure 3 shows the response of the central layer of the IPL to the different stimulation frequencies. As expected, continuous or low-frequency stimulation with 1Hz only resulted in a minimal change in the optical path length. The signal increased for higher frequencies (2−6.7Hz) and reached a maximum of around 15nm for stimulation frequencies of 12.5−16.6Hz. At even higher frequencies, the response decreased again and reached an optical path length change comparable to a continuous stimulation at 50Hz.


[image: Figure 3]
FIGURE 3. Frequency dependence of the functional phase change in the IPL. The optical path length changes I reached after 8 s were evaluated. Each point corresponds to an individual measurement. The line connects the average of the two measurements at each frequency.




3. DISCUSSION

For a functional evaluation of the phase in the human IPL in vivo, it is particularly important to have sufficient stability of the phase. Besides the general requirements for a phase-stable OCT system, as it is needed for the functional evaluation of the photoreceptors, a robust phase evaluation is crucial for a stable measurement of functional changes in the IPL, since a fast decorrelation of the speckle pattern is observed there, which is likely caused by metabolic processes in the inner retinal layers.

In contrast to other techniques that attempt to more directly assess retinal function and have been mostly used ex vivo or in animals, FF-SS-OCT relies on the changes in the phase of the backscattered light. The technique relies heavily on suitable post-processing of the data. As such, even on a state-of-the-art GPU (Radeon VII) accompanied by an Intel i7 8700 and 64 GB of RAM, the processing of the camera's data to suitably segmented OCT volumes takes almost 7 min, when excluding disc I/O. Afterwards almost 2 min are required for the phase evaluation (25), which is done on the CPU (Intel i7) and requires sufficient RAM to achieve this processing time.

The proposed technique is robust enough to be applied to the living human retina as it was demonstrated here. Previous techniques that classified and measured the different ganglion cell types are invasive and can only be applied in animal models or are even limited to cell cultures. An important disadvantages is still that it does not allow functional imaging of individual cells but rather has to rely on the stratification of the dendrite connections in the IPL.

The most important parts to obtain the results presented here is the phase-stable and fast data acquisition, combined with the phase evaluation taking statistical properties into account. In contrast, the exact algorithms used for registration and segmentation could be replaced by other algorithms, however, given the low SNR of the used OCT volumes, many existing solutions fail.

The observed functional changes can be well-explained by the stratification behavior of bipolar and ganglion cell types in the IPL. The OFF-bipolar cells, for instance, only connect in the outer layers (closest to the bipolar cells) with the OFF-ganglion cells, while the synaptic connection of the ON-bipolar and ganglion cells form in the inner layers (closest to the ganglion cells) (2, 3). Since the ON-cells get activated by light onset and the OFF-cells get inactivated, those two cell types react in opposite ways to the same visual stimulus. The increase of the optical path length observed here correlates with the stratification of the ON-bipolar and ganglion cells, while the observed decrease in optical path length coincides with the connection of OFF-bipolar and ganglion cells. Furthermore, we observed a high sensitivity to flickering light in the central layer of the IPL, whereas the response of the innermost and outermost layers was not affected by changes in time of the stimulation. This behavior fits well to the known stratification of sustained and transient cells. Sustained bipolar cells, which process slow visual changes, stratify on the inner and outer edges of the IPL, while transient bipolar cells, which process fast visual changes, tend to stratify in the middle of the IPL (2). Since the functional response in the inner and outermost layer does not change under flicker stimulation, those signals are probably caused by cell types that are sensitive to a different property in the visual signal such as intensity or chromatic information.

The temporal dependence of the IPL response of the middle layer with a maximum between 10 and 20 Hz and a return to the background above 50 Hz fits well to whole retina measurements using flicker ERG, electrical ex-vivo measurements on individual cells (31, 32), and measurements of increased blood flow (10). In all these experiments, a decrease in the functional contrast was observed for temporal frequencies at about 30 Hz and above. The frequency dependence measured here also follows the temporal contrast sensitivity curve of the human eye (33). It should be noted, however, that only slow changes in optical path length are measured here and that potential high-frequency changes in optical path length cannot be detected with the used volume rate (8 Hz). Furthermore, based on results obtained for photoreceptors by Tomczweski et al. (22), we expect the amplitude of the fast response to be more than one order of magnitude lower and, at these frequencies, it will be difficult to differentiate from heart-beat induced pulsation (34). Finally, while the observed response is linked to the neuronal activity, the time course of the observed path length changes may differ and show a slower temporal response.

A further interesting effect is the edge sensitivity of the functional changes across the stimulated area, which can be explained by the center-surround processing within the receptive fields of some bipolar and ganglion cell types (35, 36). In this processing scheme, stimulation of the marginal (surround) region of the receptive field acts antagonistically to stimulation in the central region. Areas in which the center of the receptive field and only part of the surrounding are stimulated thus produce a greater functional change than areas in which both the entire center and surround are stimulated. Such a processing scheme makes the cells particularly sensitive to edges in the visual signal (37). However, either the center activation has a higher influence than the surround inhibition, or additional cells contribute that lack the center-surround processing within their receptive field, causing a functional signal in the center of the stimulation pattern.



4. CONCLUSION

Here, we demonstrated that FF-SS-OCT combined with suitable post-processing provides sufficient phase stability and spatial resolution to analyze the neuronal signal processing in the human retina. Although, the functional changes of the optical path length in the IPL detected in this study can so far not be directly correlated with a specific physiological origin or molecular process, they are in good agreement with the existing knowledge of the visual signal processing of bipolar and ganglion cells.

It seems promising that phase-sensitive FF-SS-OCT can be used in the future to study the function of different, so far unclassified cell types in vivo. This could help monitoring innovative clinical treatments for ophthalmic diseases such as stem cell or optogenetic therapy in the retina (38, 39). Given the currently time-consuming nature of the measurements presented here, future studies will be required to simplify the procedure, confirm robustness and reproducibility of the signals in multiple individuals, and to evaluate the physiological parameters that can be extracted.

Differentiating functional groups of ganglion and bipolar cells does not need to resolve individual cells, but is possible by studying signals from different depths in the IPL, where their synaptic connections are stratified. This work thus demonstrates the potential of phase-sensitive OCT to study complex neurological function and signal processing in vivo, which opens avenues for functional studies in humans.



5. METHODS


5.1. Setup

All measurement were done with a Michelson-interferometer based FF-SS-OCT [see e.g., (40–42)]. It uses a tunable light source (Superlum Broadsweeper, BS-840-1) with 51nm tuning range centered at λ0 = 841nm, resulting in an axial resolution of 8.4 μm (FWHM) in air. The light source illuminates an area of 2.6mm × 1.5mm on the retina. The total radiant flux on the retina from the sample illumination was about 5mW. The light backscattered by the retina was superimposed with a collimated reference beam and detected by an ultra-high speed camera (Fastcam SA-Z, Photron) at a frame rate of 60kHz at 640 × 368pixels. During the wavelength scan the camera acquired 512 images per volume, which results in a volume rate of 117 Hz at full duty cycle. The data had to be stored with 8-bit precision on an internal storage of about 8 GB. With the image size used and the number of frames required for each volume, this ultimately restricts the number of volumes in one imaging sequence to about 70. To achieve 8s of measurement time, a volume was triggered only every 125ms, corresponding to a volume rate of 8 Hz. Longer time intervals were hardly useful, because macroscopic and microscopic motion frequently destroyed the phase correlation between successive volumes.

During measurements, the retina was stimulated with a white LED and a transmission mask, which projected a square pattern on the retina. The stimulation light was coupled via a cold mirror into the sample arm and an infrared long pass filter in front of the camera ensured that no stimulation light disturbed the OCT imaging. The stimulation irradiance was about 57 nW/mm. The conversion from the irradiance [image: image], which was obtained from the spectrum of the used LED, to the illuminance [image: image] is done by the following equation:

[image: image]

Here, V(λ) is the luminous efficiency function (43) and [image: image] is a conversion factor. The conversion to luminance [image: image] is done according to

[image: image]

where Ap is the pupil area for a dilated pupil (50mm2) and D = 17mm is the distance from the pupil to the retina.



5.2. Measurements

All measurements shown here were carried out on a single female volunteer with no known diseases or ametropia. Written informed consent was obtained. Compliance with the maximum permissible exposure (MPE) of the retina and all relevant safety rules was confirmed by the ethics board of the University of Lübeck. All methods and measurements were performed in accordance with the relevant guidelines and regulations. The study was approved by the ethics board of the University of Lübeck (ethics approval Ethik-Kommission Lübeck 16-080). To optimize the light detection, the pupil of the volunteer was dilated by mydriatic eye drops to a diameter of approximately 8mm. Before the beginning of each measurement session, the subject was dark-adapted for at least 20 min and all measurements were performed in a darkened room. Between measurements, a break of at least 5 min enabled a complete regeneration of the stimulated area in the retina. All stimulation (continuous and flicker) started at the 5th recorded volume, and continued for the full duration of the measurement, so that the first 4 volumes served as baseline.



5.3. Data Processing

After the reconstruction of the OCT data, numerical corrections for axial motion, dispersion (44), and aberrations (41, 45) were done for all 70 volumes in a dataset.


5.3.1. Registration

Afterwards, the movement between successive volumes was compensated by a non-rigid registration of the data. The registration utilizes correlation of sub-areas of the different volumes to determine their relative displacement and finally interpolates a three-dimensional displacement map between all volumes.



5.3.2. Segmentation

In order to investigate the functional changes in different layers of the IPL, the lower edge of the IPL was segmented in a volume after aligning the volumes according to their registration. The utilized segmentation was loosely based on the work of Kafieh et al. (46). First, data points with a particularly high axial gradient were selected from a coarse-grained volume. Afterwards, a 3D-graph based algorithm called diffusion maps (47) was used. This algorithm maps the selected data points into a new coordinate system, where they are rearranged according their connectivity, i.e., based on their transition probability after multiple time-steps given only their transition probability in a single time-step. The single time-step transition probability of the graph was thereby determined from the local proximity of the data points to each other and the local curvature of the surface, assuming that transitions along a surface curvature are more likely than those that deviate from the local curvature. The mapped data points are then clustered by a density-based algorithm, called DBSCAN (48), separating them into different layers and finally interpolated to give the respective layers in the high resolution dataset.

Based on the segmentation, the curvature of all 70 complex-valued volumes was removed using the Fourier shift theorem and the individual A-scans were aligned, resulting in the lower edge of the IPL being flat.



5.3.3. Phase Evaluation

After segmenting, the phase changes of the volumes were evaluated for different sub-layers. This phase evaluation was done by using an adaption of the extended Knox-Thompson algorithm (49–52), which is described in more detail elsewhere (25). For the evaluation, the cross-spectrum ΔU(x, y, z, t, Δt) is calculated, which contains all possible temporal phase differences between the times t and t+Δt for each position (x, y, z),

[image: image]

where U(x, y, z, t) represents the complex-valued OCT volumes.

Following, the spatial phase-differences were calculated between two layers Z1 and Z2, each consisting of two voxels in depth, with constant distance to the segmented lower IPL edge. In order to receive a better SNR the phase-information for each layer were averaged over the 2 voxels in depth, according to

[image: image]

In the upper layers of the retina, the phase evaluation is especially challenging, since metabolic processes and blood flow cause strong molecular movements here. For this reason, decorrelation of the speckles occurs very fast and makes the phase evaluation difficult.

To minimize this kind of noise, an ensemble average of the phase differences over several adjacent lateral points is formed by convolving the phase with a lateral Gaussian function according to

[image: image]

Here, * denotes a circular convolution and [image: image] is a Gaussian function with standard deviation of σ = 4 pixels. The resulting, averaged cross-spectrum [image: image] was then used to find a phase function ϕ(x, y, t) that is consistent with all entries of the cross-spectrum (25).

From the resulting en-face phase images, the area in which a functional change occurs were determined. The phases in the area were averaged using an adapted mask to obtain a more stable ensemble average. Additional movement in the IPL, for example by vascular pulsation and other metabolic processes resulted in a continuously changing and non-reproducible background, which is superimposed to the functional signal. For correction and removal of the background noise, the phase changes in a second area that was not stimulated was subtracted from the functional changes (see Figure 4). The mask for the functional change was obtained manually for each measurement since the stimulated area could change slightly. The mask for the background noise was the same for all measurements.


[image: Figure 4]
FIGURE 4. Phase changes of the central layer of the IPL after 8 s stimulation with 12.5Hz. Areas used for the background corrections are indicated. The green marked area is the mask for the functional changes that is used to extract the time courses; the yellow marked area corresponds to the mask used to obtain the background noise.
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Purpose: To evaluate the diagnostic value of spectral-domain optical coherence tomography (SD-OCT) for polypoidal choroidal vasculopathy (PCV).

Methods: A search of electronic databases was conducted from 2010 to 2021 to review the relevant literature on SD-OCT to identify PCV and other lesions causing serious or serosanguinous retinal pigment epithelial detachment (PED), specifically neovascular age-related macular degeneration (nvAMD). The QUADAS-2 scale was used to evaluate the quality of the literature. We performed a meta-analysis, including heterogeneity tests, analyze and synthesize the study data, meta-regression analysis, subgroup analysis, Fagan's plot, sensitivity analysis and publication bias tests.

Results: A total of 12 related studies involving 1,348 eyes were included in this study, and the random-effects model was used for meta-analysis. The results showed that the pooled sensitivity of SD-OCT in the diagnosis of PCV was 0.87 (95% CI: 0.84–0.89), the pooled specificity was 0.83 (95% CI: 0.80–0.86), and the pooled positive/negative likelihood ratios were 5.38 (95% CI: 3.28–8.80) and 0.16 (95% CI: 0.10–0.25), respectively. The diagnostic odds ratio (DOR) was 36.07 (95% CI: 15.98–81.40), and the area under the sROC curve (AUC) was 0.9429. When the pre–test probability was set at 20%, the post-test positive and negative probabilities were 58% and 4%, respectively. Meta-regression indicated that race was the primary source of heterogeneity (P <0.05). The Deeks' funnel plot showed no significant publication bias in this study (P>0.05).

Conclusion: SD-OCT has high sensitivity and specificity for the diagnosis of PCV, as well as significant clinical applicability. Since color fundus photography (CFP) is more clinically available and can improve the diagnostic efficacy, we recommend SD-OCT combined with CFP to diagnose PCV, especially without indocyanine green angiography (ICGA).

Systematic Review Registration: https://inplasy.com/inplasy-2021-12-0048/, identifier: INPLASY2021120048.

Keywords: spectral-domain optical coherence tomography, polypoidal choroidal vasculopathy, sensitivity, specificity, diagnostic value, meta-analysis


INTRODUCTION

Polypoidal choroidal vasculopathy (PCV) is characterized by choroidal vascular abnormalities with or without abnormal branching vascular networks (BVNs), as shown by indocyanine green angiography (ICGA). The disease occurs most frequently in Asian populations (1, 2) and presents as a subretinal orange-red lesion in the fundus with recurrent serous or serosanguinous retinal pigment epithelial detachment (PED) (3). In the past, due to the lack of understanding of PCV and limitations of examination methods, many scholars considered it a subtype of neovascular age-related macular degeneration (nvAMD), which is characterized by type 1 aneurysmal choroidal neovascularization (4–6). However, there are significant differences between the two in terms of pathogenesis, clinical characteristics, natural course and prognosis, especially in terms of response to treatment. Photodynamic therapy (PDT) promotes regression or stabilization of choroidal polypoidal lesions and even improves visual acuity in patients with PCV (7), so it has a better therapeutic effect than in AMD (8). Anti-vascular endothelial growth factor (VEGF) drugs are the essential treatment for typical nvAMD. Although they effectively inhibit exudation caused by polypoidal lesions or abnormal BVNs, alleviate retinal edema, and improve visual acuity in PCV patients, they do not fundamentally degenerate polypoidal lesions and abnormal BVNs (2). Recently, the EVEREST II study (9), a 24-month phase IV double-blind, multicenter, randomized clinical test, recommended the combination of PDT and Anti-VEGF drugs to improve patients' vision. Therefore, it is very important to distinguish PCV and nvAMD in the initial diagnosis.

Currently, ICGA is the best visual diagnostic method for PCV, and it has been proven to be the gold standard for diagnosis (7). However, it is an invasive and expensive method, and ICGA is contraindicated in some patients due to impaired liver and kidney function, allergy to contrast agents, and pregnancy. In addition, a shortage of reagents or equipment in developing countries limits its clinical application (10). SD-OCT can clearly display the detailed structure of retinal cross-sections at the histological level. In addition, it is non-invasive, convenient, economical and non-contact, thus gaining increasing use in the diagnosis of PCV. Since De Salvo et al. (11) first diagnosed PCV with SD-OCT in 2014, other studies have used individual SD-OCT diagnostic strategies to diagnose PCV in different populations with varying sensitivity and specificity. At present, no studies have summarized and analyzed these data to draw a consistent conclusion. Therefore, we performed a systematic review and meta-analysis to explore the diagnostic value of SD-OCT for PCV.



MATERIALS AND METHODS


Protocol and Registration

This systematic review and meta-analysis was designed and reported in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) (12). The protocol for this systematic review was registered with the International Platform of Registered Systematic Review and Meta-analysis Protocols (INPLASY) (registration number: INPLASY2021120048; https://inplasy.com/inplasy-2021-12-0048/).



Search Strategy

We systematically searched electronic databases such as Pubmed, Embase, Cochrane, Web of Science, China National Knowledge Infrastructure (CNKI), Wanfang database (Wanfang Data), China Science and Technology Journal Database (VIP), and China Biomedical Literature on disc (CBMdisc) from 2010 to 2021. Relevant Chinese and English literature were searched. Database searches were performed using a combination of MeSH and keywords. The search keywords were “polypoidal choroidal vasculopathy,” “PCV,” “tomography, optical coherence,” “coherence tomography, optical,” “OCT tomography,” “tomography, OCT,” “optical coherence tomography,” “spectral-domain optical coherence tomography,” “spectral domain optical coherence tomography,” “SD-OCT,” “sensitivity and specificity,” “predictive value of tests,” and “accuracy.” Details of the search strategy are listed in the Supplementary Digital Content (Supplementary Appendix). One author (JY) performed the strategy, and the other author (QSX) reviewed the process independently. When the two authors disagreed, the decision was made through open consultation.



Eligibility Criteria

The inclusion criteria for the published articles in this meta-analysis were as follows. (1) Study type: published trials related to PCV diagnosis by SD-OCT; (2) PCV cases confirmed by ICGA (polypoidal hyperfluorescence with or without abnormal BVNs on ICGA). Fundus fluorescein angiography (FFA) may be included as an additional diagnostic criterion; (3) SD-OCT examination or any angiography used to identify serous or serosanguinous PED in the macular area involving nvAMD, central serous chorioretinopathy (CSC), occult or idiopathic choroidal neovascularization (occult or idiopathic CNV), or retinal angiomatous proliferation (RAP).

Exclusion criteria were defined as the following. (1) Basic investigations such as animal experiments; (2) Reviews, systematic reviews, and meta-analyses; (3) Literature without extractable data items of the fourfold table: true positive (TP), false positive (FP), true negative (TN), and false negative (FN); (4) Duplicate studies; (5) Participants with other common eye diseases such as pathological myopia, diabetic retinopathy, and retinal artery or vein occlusion; (6) Participants suffering from low visual acuity, or inferior fixation, or with unobtainable SD-OCT images due to severe refractive interstitial opacification or severe subretinal hemorrhage; (7) Eyes of patients who had received treatment, including photocoagulation, intravitreal injection of anti-VEGF drugs, PDT, or vitrectomy.



Data Extraction and Quality Assessment

The main elements of data extraction included author, year of publication, country or region, sample size of the PCV group and the control group, control group's disease type, gold standard, SD-OCT diagnostic strategy, detection method, device type and data items of the fourfold table: TP, FP, TN and FN.

Quality assessment was performed according to the QUADAS-2 scale, a revised version of the Quality Assessment of Diagnostic Accuracy Studies published by the QUADAS R&D team (13). This tool is comprised of four domains: patient selection, index test, reference standard, and flow and timing. Each domain is assessed for the risk of bias, and the first three domains are also evaluated for issues of applicability. The degree of risk by bias is determined as “low,” “high,” or “uncertain” based on “yes,” “no,” or “uncertain” answers to the relevant landmark questions in each section. A given domain is rated as low risk if all answers are “yes” and high risk if the answer to any informational question is “no.” A designation of “uncertain” refers to a lack of clarity in the study that makes it difficult to judge. If one answer is “uncertain,” the risk assessment is “uncertain.” One author (JY) independently assessed the quality of the literature, while the other author (SQ) independently reviewed the strategy. When the opinions of the two authors differed, the strategy was decided by open consultation.



Statistical Analysis

Quality assessment was performed with Review Manager V5.3 (Cochrane Collaboration, London, UK) software. We performed meta-analyses using Meta-DiSc (Clinical Biostatistics Group, Hospital Ramón y Cajal, Madrid, Spain) software. First, the Spearman correlation coefficient was calculated between the logarithm of sensitivity and the logarithm of (1-specificity), and the summary receiver operating characteristic (sROC) curve was plotted. If the sROC curve shows a typical “shoulder-arm” shape, or if the correlation coefficient is significantly positive, this indicates a threshold effect of heterogeneity. The Cochran-Q test and the I2 statistic were further used to analyze the heterogeneity of non-threshold effect among the studies. If the included studies were not statistically heterogeneous (P > 0.05, I2 < 50%), a fixed-effects model (Mantel-Haenszel method) was used to pool the effect sizes. Otherwise, we adopted a random-effects model (DerSimonian-Laird method) to pool the effect sizes. Pooled sensitivity (Se), specificity (Sp), positive likelihood ratio (PLR), negative likelihood ratio (NLR), diagnostic odds ratio (DOR), summary receiver operating characteristic (sROC) curve, and area under the curve (AUC) were then calculated. The closer the AUC was to 1, the greater the diagnostic value. If heterogeneity was significant, a meta-regression analysis was performed to analyze the source of heterogeneity, and further subgroup analysis was performed. Fagan's plot was drawn with Stata V15.0 (StataCorp LLC, Texas, America) software to assess the clinical applicability of the diagnostic test. Sensitivity analysis was performed by sequentially omitting individual studies and calculating pooled estimates for the remaining studies to verify the stability and reliability of the results. Publication bias was assessed by Deeks' funnel plot asymmetry test.




RESULTS


Literature Search

A total of 389 studies were identified through the initial database search. After removing duplicates, reviews, systematic reviews, meta-analyses, and animal studies, 190 studies were obtained. Based on the titles and abstracts, we excluded 167 studies with inconsistent content and were left with 23 works. Then, we read the full-text versions in detail according to the eligibility criteria. Finally, 12 studies (11, 14–24) were included in the current meta-analysis, including three Chinese publications (16, 23, 24) and 9 English publications (11, 14, 15, 17–22). The PRISMA flow chart for the literature search is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Literature retrieval flow chart.




Study Characteristics

After we comprehensively summarized the descriptive characteristics of the 12 studies, 1,348 eyes were included in our study, of which 706 eyes belonged to the PCV group and 642 eyes were in the control group (including nvAMD, dry-type AMD, CSC, serous PED, CNV, occult or idiopathic CNV and RAP). Patients in three studies (11, 20, 22) came from Caucasians, while those in 9 studies (14–19, 21, 23, 24) belonged to Asians. The descriptive characteristics of the eligible studies are presented in Table 1. The individual diagnostic strategies of the included studies are summarized in Supplementary Table 1.


Table 1. Characteristics of the included studies (n = 12).

[image: Table 1]



Quality Assessment

The QUADAS-2 assessment of eligible studies indicated a potential risk of bias in terms of patient selection, index test, flow and timing. In terms of patient selection, seven studies were rated as “unclear” and did not specify whether the included cases were continuous or not. For the index test, since there is currently no standardized consensus OCT diagnosis strategy, seven studies adopted strategies proposed or improved by previous literature, four studies determined their strategy based on AUC ≥ 0.8, and one study had an uncertain source of the diagnostic strategy. In terms of flow and timing, not all cases met the eligibility criteria in this part because some patients did not meet the inclusion requirements, or the collection of results was incomplete. With regard to the reference standard, no bias risk was evident. Detailed descriptions of the results are shown in Figures 2, 3 and Supplementary Table 2.


[image: Figure 2]
FIGURE 2. Bar chart of literature quality assessment.



[image: Figure 3]
FIGURE 3. Summary of bias risk and clinical applicability. Figure 2 combined with Figure 3 together describe literature quality assessment.




Heterogeneity Tests

The Spearman correlation coefficient between the logarithm of sensitivity and logarithm of (1-specificity) was −0.865 (P = 0.000 < 0.05). Simultaneously, the sROC curve showed a “shoulder-arm” shape, indicating the presence of a threshold effect in this study. The Cochran-Q test for DOR was 64.76, P = 0.000 < 0.05, indicating non-threshold effect heterogeneity in this study. In addition, I2 for Se, Sp, PLR, NLR and DOR were all 50% (P < 0.05 for all Cochran-Q tests), so we adopted a random-effects model to pool the five effect sizes mentioned above.


Assessment Criteria for Diagnostic Tests

The pooled sensitivity (Se) was 0.87 (95% CI: 0.84–0.89; Figure 4A), pooled specificity (Sp) was 0.83 (95% CI: 0.80–0.86; Figure 4B), pooled positive likelihood ratio (PLR) was 5.38 (95% CI: 3.28–8.80; Figure 4C), and pooled negative likelihood ratio (NLR) was 0.16 (95% CI: 0.10–0.25; Figure 4D). The pooled diagnostic odds ratio (DOR) was 36.07 (95% CI: 15.98–81.40; Figure 4E), area under the sROC curve (AUC) was 0.9429, and Q* index was 0.8812 (Figure 4F).


[image: Figure 4]
FIGURE 4. Meta-analysis forest plots of the relevant effect sizes. (A) The pooled sensitivity (Se). (B) The pooled specificity (Sp). (C) The pooled positive likelihood ratio (PLR). (D) The pooled negative likelihood ratio (NLR). (E) The pooled diagnostic odds ratio (DOR). (F) The summary receiver operating characteristic curve (sROC) and area under the curve (AUC).




Meta-Regression and Subgroup Analysis

Based on the apparent heterogeneity of non-threshold effect in this study, we extracted race [Asians, n=9 (14–19, 21, 23, 24); Caucasians, n = 3 (11, 20, 22)], sample size [eyes <100, n = 5 (11, 14, 22–24); eyes≥100, n=7 (15–21)], and device type [Spectralis HRA + OCT or Spectralis OCT, n=7 (11, 14–18, 22); others: including Cirrus HD-OCT, unknown, n =5 (19–21, 23, 24)] to identify the source of heterogeneity by meta-regression. The results indicated that race might be the primary source of heterogeneity in this study (RDOR=5.95, P = 0.0204 < 0.05; Table 2).


Table 2. Parameters of meta-regression analysis.

[image: Table 2]

In addition, we performed the subgroup analysis according to race [Asians, n = 9 (14–19, 21, 23, 24); Caucasians, n = 3 (11, 20, 22)], detection method [SD-OCT alone, n = 9 (11, 14–16, 18, 20, 22–24); color fundus photography (CFP) + SD-OCT, n = 3 (17, 19, 21)], and disease type in controls [nvAMD only, n = 6 (15, 16, 18, 19, 23, 24); others: including dry-type AMD, serous PED, CSC, CNV, idiopathic or occult CNV, RAP with or without nvAMD, n = 6 (11, 14, 17, 20–22)]. The results indicate that the diagnostic efficacy of SD-OCT for PCV was more satisfactory in Asians than in Caucasians across all observed indexes (Se, Sp, PLR, NLR, DOR and AUC). Also, the diagnostic efficiency of SD-OCT combined with CFP was superior to that of SD-OCT alone for various observed indexes. Meanwhile, patients were divided according to the type of disease in the control group. The diagnostic accuracy of SD-OCT was better in patients with only nvAMD in the control group than in patients with other types included in the control group (Table 3).


Table 3. Parameters of subgroup analysis.
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Clinical Application Value

We assumed a 20% probability of diagnosing PCV based on symptoms and ophthalmologists' personal experiences. After a positive test by SD-OCT, the accuracy of diagnosing PCV increased to 58% with reference to Fagan's plot (Figure 5). Conversely, with a negative test, the diagnostic accuracy was 4%. Therefore, the diagnosis of PCV by SD-OCT provides good accuracy and significant clinical application value.


[image: Figure 5]
FIGURE 5. Fagan's plot.




Sensitivity Analysis

A “leave-one-out” sensitivity analysis was performed by STATA V15.0. The result showed that excluding individual original studies of the current analysis one by one did not cause the calculated results to be sensitive(Figure 6).


[image: Figure 6]
FIGURE 6. Sensitivity analysis.




Publication Bias Tests

Publication bias was assessed by the Deeks' funnel plot asymmetry test with STATA V15.0. The Deeks' funnel plot had DOR as the horizontal axis and the inverse square root of the effective sample size (1/ESS) as the vertical axis. Our study showed that the regression coefficient was −4.83, P = 0.76 > 0.05, t = −0.31 (95% CI: −39.84–30.18) and the funnel plot was basically symmetrical, indicating that there was no significant publication bias in this meta-study (Figure 7).


[image: Figure 7]
FIGURE 7. Deeks' funnel plot.






DISCUSSION

This systematic assessment and meta-analysis first summarized the diagnostic value of SD-OCT for PCV and revealed that SD-OCT has high sensitivity, specificity and significant clinical application value. However, when it was negative, SD-OCT did not identify PCV well. Therefore, we recommend the combined use of color fundus photography (CFP) to improve the diagnostic efficacy.


Characteristic Manifestations of PCV on SD-OCT

The characteristic manifestations of PCV on SD-OCT have been described in previous reports. A polypoidal lesion of PCV on SD-OCT exhibits a thumb-like retinal pigment epithelium (RPE) protrusion or a sharp peak PED (17, 25), as well as a hyporeflective halo surrounded by a hyperreflective ring underneath the PED (15, 18). The abnormal BVNs and exudation can superficially detach the RPE and Bruch's membrane, forming a “double-layer” sign on SD-OCT images (25, 26). A notch-like lesion at the edge of the PED presents a “V”-shaped depression between the two PEDs, which is associated with CNV, especially occult CNV (27). In addition, multiple PEDs and hyperreflective intraretinal hard exudates can also be observed on SD-OCT (11, 16). Although these features are not unique to PCV, many similar studies (11, 15, 16) have demonstrated statistically significant differences in the proportion of these features in patients with PCV and nvAMD, making it possible to diagnose PCV on SD-OCT.



Interpretation of Meta-Analysis Results

This meta-analysis showed that the sensitivity and specificity of SD-OCT to diagnose PCV were high, 87% and 83%, respectively, which is consistent with previous studies. De Salvo et al. (11) first utilized SD-OCT to diagnose PCV in 2014 with the following findings: multiple PEDs, a sharp PED peak, a PED notch, a visible hyporeflective lumen within hyperreflective lesions adherent to the outer surface of the retinal pigment epithelium, and hard exudates. At least three of these features were used to diagnose with a sensitivity of 94.6% and a specificity of 92.9%. Based on De Salvo's diagnostic strategy, Xia et al. (16) added a “double-layer” sign representing the abnormal BVNs, and the sensitivity and specificity were 87.5% and 86.8%, respectively. Since PCV is a choroidal thickening disease (28–31), Chang et al. (15) recently adopted the additional criterion of subfoveal choroidal thickness 300 um. They found that the sensitivity increased from 85.7% to 89.8%, while the specificity decreased from 86.2 to 84.5%.

In contrast, the sensitivity and specificity of our results presented slightly reduced because the literature we enrolled in covered a broader selection of samples. In addition to nvAMD, our control group included other diseases such as CSC, idiopathic or occult CNV and RAP. Our study has greater clinical significance since macular hemorrhage, intraretinal hard exudates, or shallow detachment of the macular neuroepithelial layer accompanying the above diseases can also severely impair patients' vision. According to subgroup analysis, we found that for all test indexes (Se, Sp, PLR, NLR, DOR, and AUC), the diagnostic accuracy of SD-OCT was superior for the group with only nvAMD included in the control group than for other types of disease included in the control group. That resulted in a slight decrease in detection accuracy after the overall combination. Furthermore, PCV is more prevalent in Asians, accounting for 22.3–61.6% of patients with suspected nvAMD diagnosed by ICGA, compared to approximately 8–13% in Caucasians (1, 2), which slightly decreased the PCV detection rate by SD-OCT in this study.

The DOR can objectively reflect the diagnostic value of a diagnostic test. When DOR > 1, the higher the value, the better the discrimination of the test; when the value is <1, a normal person is more likely to be judged positive than a true case; when the value is 1, it means that the test cannot distinguish a normal person from a case. The DOR value in our study was 36.07 (95% CI: 15.98–81.40), which is very satisfactory, indicating that SD-OCT has a high diagnostic value for PCV. To assess the accuracy of the sROC curve, we also calculated the Q* index. The larger the index, the closer the AUC is to 1, indicating the higher accuracy of a diagnostic test. In the present study, the AUC was 0.9429, and the Q* index was 0.8812, indicating that SD-OCT has high diagnostic accuracy.

The PLR and NLR are not affected by prevalence in the test population and are relatively independent clinically meaningful indicators for assessing the effectiveness of diagnostic tests. The likelihood of identifying or excluding a specific disease is greatly increased when PLR > 10 or NLR < 0.1. Our study indicated the pooled PLR and NLR were 5.38 and 0.16, respectively, suggesting that SD-OCT does not identify PCV well in the presence of negative results. To improve the diagnostic efficacy, we recommend combining SD-OCT with color fundus photography (CFP). Cackett et al. (32) found that serosanguinous PEDs were more common in eyes with PCV than CNV (PCV vs. CNV = 45.7 vs. 3.9%) in Chinese patients. The drusen are often peripapillary in Caucasians but rare in colored individuals with frequently located in the macular area (33). Furthermore, a Japanese PCV Study Group (34) suggested that definitive diagnostic criteria for PCV should satisfy at least one of these findings: (1) Fundus examination shows protruded elevated orange-red lesions. (2) characteristic polypoidal lesions are seen in ICGA findings. In suspected cases, abnormal BVNs in ICGA or recurrent serous or serosanguinous PED can be observed. Thus characteristic manifestations by fundoscopy can provide ophthalmologists with clues for PCV.

Compared with traditional fundoscopy, the use of CFP does not require mydriasis and can avoid the risk of drug-induced glaucoma. It also provides a digital image, which is objective and reliable, easy to store and transmit, and can be used for long-distance diagnosis. In addition, the image capture process is fast, less costly, and has high patient compliance, which is why CFP is widely utilized in small or medium-sized medical institutions in developing countries. We analyzed the diagnostic efficacy of SD-OCT combined with CFP as a detection method. According to the subgroup analysis, the PLR increased from 4.49 to 9.27 and NLR decreased from 0.18 to 0.12 in the SD-OCT combined with CFP group compared with the SD-OCT alone group. This result indicated that SD-OCT combined with CFP could improve the diagnostic and differential efficiency (Table 3). Simultaneously, all diagnostic indicators (Se, Sp, PLR, NLR and AUC) were higher in the SD-OCT combined with CFP group (Table 3). Furthermore, Chaikitmongkol et al. (17) found that the accuracy of SD-OCT in diagnosing PCV varied in different prevalent regions due to the different clinical experience and background knowledge of ophthalmologists. However, this difference was not seen in the SD-OCT combined with CFP group, indicating that the diagnosis of SD-OCT combined with CFP is stable. In conclusion, we recommend combing SD-OCT with CFP to diagnose PCV, especially in the absence of ICGA in developing countries.

PCV has a bilateral tendency. The presence of PCV in one eye implies an increased risk of similar clinical changes in the other eye, especially in Caucasians (7, 33). However, ICGA is an invasive test, and it is not realistic to monitor the contralateral eye. In our study, the probability of diagnosing PCV after a positive test by SD-OCT increased to 58%, compared with the pre-test probability set at 20%, which confirms the significant value of SD-OCT in clinical applications. Meanwhile, SD-OCT is non-invasive, convenient, and can be repeated in a follow-up mode. Therefore, SD-OCT examination can be routinely applied to monitor the progression of PCV patients.

Sensitivity analysis is an important indicator to test the stability of a meta-analysis. Our current meta-analysis's robustness was relatively stable by sequentially omitting individual studies. Deeks' publication bias test is based on linear regression to detect whether the funnel plot is symmetrical. The slope of the regression line (regression coefficient) is equal to 0, indicating that the funnel plot is entirely symmetrical. The regression coefficient of our study was −4.83, with P = 0.76 > 0.05, t = −0.31 (95% CI: −39.84–30.18), and the studies enrolled in this paper were basically symmetrically distributed around the centerline of the funnel plot, so it was concluded that there was no significant publication bias in the current study. In summary, the results of this study are stable and reliable.



Sources of Heterogeneity

The high heterogeneity for our study was caused by both threshold and non-threshold effects. Due to the current lack of a standardized or conventional assessment strategy for SD-OCT, different diagnostic criteria were adopted in individual original studies, thus contributing to the heterogeneity of threshold effect. After summarizing the characteristics of previous literature, we suggest that the SD-OCT diagnostic strategy for PCV should at least include the following findings. (1) Fundus examination shows retinal orange-red elevated lesions. (2) Single or multiple PEDs, a sharp PED peak, PED notches, “double-layer” signs, or a hyporeflective lumen underneath the PED representing the polyp lesion should be observed on SD-OCT. (3) If necessary, the measurement of subfoveal choroidal thickness can be added to the diagnosis.

In addition to the threshold effect, differences in test population, sample size, and test conditions probably contributed to the non-threshold heterogeneity in this study. Therefore, we integrated factors such as race, sample size, and SD-OCT device type into the meta-regression analysis. The results showed that race might be the primary source of non-threshold effect heterogeneity (P < 0.05). RDOR=5.95 indicated that the diagnostic accuracy of SD-OCT was 5.08 times higher in Asians than in Caucasians. Several studies have shown that 92% of PCV lesions in Asians occur in the macula (7), while in Caucasians, PCV is more common outside the macula, including around the optic disc and in the peripheral fundus (2, 33, 35). In general, fundus scans on SD-OCT are performed at 30° around the posterior pole, where most maculopathies are located. When PCV lesions are situated away from the macular area or in the peripheral fundus, it is difficult for SD-OCT to detect abnormal lesions.



Limitations

Nevertheless, several other limitations were encountered in this review study. First, the number of cases was limited due to the low prevalence of PCV in the population. Second, our study only covered English and Chinese literature. Although the publication bias of this paper was not significant, the language potentially restricted the quality of our article. Finally, this study only included naïve PCV patients. Whether treatment can reduce the diagnostic efficiency of SD-OCT for PCV remains unknown.




CONCLUSION

In conclusion, our results suggest that SD-OCT has high sensitivity, specificity, and significant clinical applicability for differentiating PCV from diseases such as nvAMD that tend to cause serous or serosanguinous retinal pigment epithelial detachment. Since color fundus photography (CFP) is more accessible in the clinic and can improve the diagnostic efficacy of SD-OCT, we recommend combining SD-OCT with CFP, especially without ICGA.
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Geographic atrophy (GA), the late stage of age-related macular degeneration, is a major cause of visual disability whose pathophysiology remains largely unknown. Modern fundus imaging and histology revealed the complexity of the cellular changes that accompanies atrophy. Documenting the activity of the disease in the margins of atrophy, where the transition from health to disease occurs, would contribute to a better understanding of the progression of GA. Time-lapse imaging facilitates the identification of structural continuities in changing environments. In this retrospective pilot study, we documented the long-term changes in atrophy margins by time-lapse imaging of infrared scanning laser ophthalmoscopy (SLO) and optical coherence tomography (OCT) images in 6 cases of GA covering a mean period of 32.8 months (range, 18–72). The mean interval between imaging sessions was 2.4 months (range, 1.4–3.8). By viewing time-lapse sequences we observed extensive changes in the pattern of marginal hyperreflective spots, which associated fragmentation, increase and/or disappearance. Over the entire span of the follow-up, the most striking changes were those affecting hyperreflective spots closest to margins of atrophy, on the non-atrophic side of the retina; a continuum between the successive positions of some of the hyperreflective spots was detected, both by SLO and OCT. This continuum in their successive positions resulted in a subjective impression of a centrifugal motion of hyperreflective spots ahead of atrophy progression. Such mobilization of hyperreflective spots was detected up to several hundred microns away from atrophic borders. Such process is likely to reflect the inflammatory and degenerative process underlying GA progression and hence deserves further investigations. These results highlight the interest of multimodal time-lapse imaging to document cell-scale dynamics during progression of GA.

Clinical Trial Registration: clinicaltrials.gov, identifier: NCT04128150 and NCT04129021.

Keywords: age-related macular degeneration, geographic atrophy, scanning laser ophthalmoscopy, optical coherence tomography, time-lapse imaging


INTRODUCTION

In western countries, dry age-related macular degeneration (AMD) is a major cause of visual disability (1). In its late stage, it progresses to a stage named geographic atrophy (GA), which causes expanding zones of atrophy of the retinal pigment epithelium (RPE). The inexorable expansion of atrophic lesions may have a severe impact on quality of life, in particular when the central zone of the retina, the fovea, is involved. The risk of developing AMD results from an interplay of age, genetic background and chronic inflammation (2–5). The cellular mechanisms underlying the propagation of RPE and photoreceptor atrophy is comparatively less known.

In the margins of GA, where the transition from health to disease occurs, among the most conspicuous changes areas are hypereflective spots, commonly termed pigment mottling. In the early stages of AMD, that is, even before the occurrence of GA, pigment mottling is a biomarker of the risk of progression from early to late AMD (6–10). By histology, several phenotypes and locations of pigment mottling have been described (11–15), which can be intraretinal (therefore called hyperreflective foci, HRF), subretinal or in the subepithelial space. Along margins of atrophy, duplication of the RPE layer has also been described (16), which may account for short wavelength hyperautofluorescence seen clinically (17). Whether this pigment mottling corresponds to detached RPE cells (14, 15) transdifferentiated RPE cells (18, 19) or macrophages that have phagocytozed RPE cells (20, 21) is still a matter of debate.

The mechanisms of atrophy expansion are difficult to ascertain by histology because the latter provides only snapshots; therefore it is likely that the in vivo dynamics are of interest to further understand the mechanisms of progression. Time-lapse imaging, which consists of viewing a series of images registered using predefined landmarks, is a practical tool to identify structural continuities in changing environments. We previously reported that time-lapse adaptive optics ophthalmoscopy is helpful to detect motion of pigment spots during GA (22). Using time-lapse OCT, migration of pigment foci (hyperreflective foci, HRF) within the retina has also been reported (23). Here, we investigate if time-lapse sequences of SLO images could improve the characterization of the dynamic changes in fundus features associated with GA progression.



PATIENTS AND METHODS

This institutional retrospective study was carried out according to the principles outlined in the Declaration of Helsinki and was approved by an ethics committee (Comité de Protection des Personnes Sud-Est III), independent from our institution, as required by French law. The present study is an ancillary study on GA imaging registered in clinicaltrials.gov (NCT04128150 and NCT04129021). All participants gave informed consent to take part in this study. Standard procedures were used for multimodal imaging including color fundus photographs (Topcon TRC-501X) and infrared (IR) and short wavelength autofluorescence (swAF) scanning laser ophthalmoscopy (SLO), and optical coherence tomography (OCT) (Spectralis®, Heidelberg Engineering, Heidelberg, Germany). Near infrared autofluorescence (NIRAF) was captured using the Heidelberg Retina Angiograph (Heidelberg Engineering).

Cases were selected based on the quality of images, frequency of follow-up and presence of hyperreflective spots along atrophy margins by IR SLO. Thus, 6 eyes from 6 patients (4 females and 2 males; age range 64 to 80 years; visual acuity, counting fingers to 20/20; refraction range, −2/+0.5) fulfilling these criteria were identified. One (case 4) was reported in a previous paper (22). The mean follow-up was 32.8 months (range, 18–72); mean interval between imaging sessions was 2.4 months (range, 1.4–3.8).

SLO and OCT images were exported in portable network graphic (PNG) format. Careful registration and equalization of successive images of time-lapse videosequences is crucial to neutralize wobbling and hence document a continuum of microscopic features over time. Adjustment of brightness and contrast of each SLO frames was performed manually to smooth differences between frames using Adobe Photoshop 7.0 (Adobe Corporation, Mountain View, CA). To build up time-lapse SLO sequences, successive images were aligned with i2k Align Retina (DualAlign, LLC, Clifton Park, NY) using default settings (rigid registration). The results were evaluated by three of the authors (MP, NN, KG). Accuracy of registration and quality of equalization was based on stability of anatomical landmarks such as retinal and choroidal vessels, and the absence of scintillation. SLO scans that were obviously distorted, overexposed or out of focus were discarded. Low quality frames were easier to identify while viewing the sequence rather than separately. Residual shakes in videosequences were manually corrected using either iterative registration procedures or Photoshop. If not satisfactory, additional registration and equalization procedures were done; this process was iteratively performed as needed. Recently, we used the registration plugin of Fiji (available in the public domain at rsb.inf.nih.gov/ij; National Institutes of Health, Bethesda, MD) which improved the procedure. Then, by manually scrolling the time-lapse sequence back and forth repeatedly at various frame rates (typically 5 - 10fps), microscopic features were visually tracked individually.

Time-lapse OCT B-scan sequences were constructed in a similar way, using the Bruch's membrane and the pattern of choroidal vessels as landmarks. Building time-lapse sequences of OCT was more difficult because of the narrow plane of OCT scans and of the limitations of the performances of eye tracking of the Spectralis system; this often resulted in micrometric displacement of the plane of the scan and hence loss of features to be tracked. Other difficulties were related to the variability of the signal-to-noise ratio and to the scan deformations.



RESULTS

On initial examination, the size of atrophic lesions ranged from 1.03 to 3.2 mm2 (average, 2.14 mm2). On OCT scans, atrophic margins presented features typical of complete RPE and outer retinal atrophy (24) bordered by an external limiting membrane descent. On SLO IR images a variable amount of hyperreflective spots were present along the margins of atrophy (Figure 1; Supplementary Figure 1). These spots, which varied in shape, size and amount were mostly NIRAF positive and produced a shadow effect on OCT scans. Short wavelength hyperautofluorescence was less consistent than NIRAF. Accordingly, NIRAF is believed to be both more specific and more sensitive than swAF for the detection of melanin (25–28).


[image: Figure 1]
FIGURE 1. Cases 2 (top row) and 5. Multimodal imaging of GA. Arrowheads show examples of hyperreflective spots. Hollow arrowheads in OCT images point to the shadow effect.


During follow-up, atrophy expanded from an average surface area of 2.14 to 7.47 mm2 (+349 %; mean progression 1.95 mm2/year). The median (±SD) radial growth rate of atrophy was 127.2 μm/year (±8.7). On SLO time-lapse videosequences, atrophic areas were seen to expand in all directions (Supplementary Videos 1–3). In margins, hyperreflective spots showed extensive changes, consisting of a various association of change in shape, fragmentation, expansion or disappearance (Figure 2). Despite such variability, careful observation of the entire SLO time-lapse sequence of some of the hyperreflective spots revealed a continuum of the successive positions of hyperreflective spots (Figure 3). This continuum gave the impression of a centrifugal motion of some of these spots away from the expanding atrophic area, which is best viewed by the videos.


[image: Figure 2]
FIGURE 2. Case 4. Successive SLO images illustrating the change in the shape of a hyperreflective spot during follow-up.



[image: Figure 3]
FIGURE 3. Case 6. Top row, SLO IR and NIRAF images. Bottom row, progression of atrophy. Time-points relative to the first image are indicated in the second and third images. Note the changing aspect of the hyperreflective spot (arrowheads; see also Supplementary Video 2).


To provide a more detailed view of these changes, SLO time-lapse sequences were cropped to isolate individual spots and compare their successive positions (Figure 4; Supplementary Figure 2, Supplementary Video 3). This also showed that the successive positions of these spots were temporally and spatially correlated with atrophy progression. Over the entire follow-up, that is, over several years, some spots could be tracked over distances up to from 41 to 489 μm (examples in Figure 4). In addition, some spots located more distally (i.e., several hundred microns from atrophy margins) underwent mobilization and apparent displacement away from atrophy (example in Figure 4, shown by arrow 2, Supplementary Video 3).


[image: Figure 4]
FIGURE 4. Case 4. Spatiotemporal (xt) plot. Images from regions of interest (boxed in A) were registered and rotated in (B) in order to display the progression from left to right; the x axis represents distance, the y axis time. Arrowheads show two hyperreflective spots that are followed-up. Note the deviation from verticality of the virtual line joining the successive positions of the hyperreflective spot shown by arrowhead 2, which is initially located 620 μm away from the margins. See also Supplementary Video 3.


Time-lapse sequences of OCT scans are shown in Figure 5 and Supplementary Videos 4–6. Since OCT scans were seldom placed along the successive position of spots, we experienced more difficulties in tracking individual hyperreflective spots than by SLO. The case showed in Supplementary Video 4 shows progressive thinning of the outer nuclear layer following atrophy. Supplementary Video 4 also shows a HRF, that is, a hyperreflective spot located within the outer plexiform layer, which remained at the same location during follow-up. Two time-lapse sequences captured a subretinal hyperreflective spot (Figure 5; Supplementary Videos 5, 6). In both cases a subretinal hyperreflective spot could be detected in margins during atrophy progression. No clear evidence of upward migration (i.e., toward inner layers) was noted.


[image: Figure 5]
FIGURE 5. Case 2. Follow-up by SLO and OCT of a subretinalhyperreflective spot. Top, SLO IR image showing the area displayed below. Bottom shows magnifications at three time-points. Arrowheads follow a hyperreflective spot seen by SLO IR (left column) and OCT (See also Supplementary Video 5).




DISCUSSION

Here we used time-lapse sequences of SLO and OCT images to track the changes in microscopic features of margins during GA progression. We paid particular attention to the changes over time in the distribution and aspect of hyperreflective spots, a prominent feature of AMD. We observed that these hyperreflective spots are most often NIRAF positive, suggesting that they contain melanin. They were located within the RPE/Bruch's membrane complex, hence they were not what is called HRFs, which are within the retina, close to the outer plexiform layer. We observed that over the course of months these spots show conspicuous changes, either changing shape, fragmenting, growing or disappearing. Intriguingly, time-lapse imaging also revealed in many case a continuum between the patterns of hyperreflective spots. In fact, over the entire follow-up viewing the time-lapse sequence gave the impression that some of these spots underwent centrifugal displacement in synchrony with atrophy progression. This contrasted with our observation of a HRF which remained static during follow-up. In the literature, migration of a HRF toward the inner retina was previously reported (23) as well as stability over several years (19) but not centrifugal migration. Hence, taken collectively, these data suggests that subretinal hyperreflective spots and HRFs may behave differentially.

The fact that hyperreflective spots show mobilization is rather unsurprising since such motion of intraretinal cells has already been shown in vivo (29); it may be related to the fact that macrophages, which are migrating in response to inflammatory stimuli, are present in eyes affected by GA and may contain melanin from phagocytized RPE cells (2). The significance of the apparent continuum in the successive positions of these spots is uncertain. This does not necessarily mean that there is physical motion of these spots. Indeed, pigment deposition along margins of atrophy may be agonal changes affecting RPE cells and transmitted neighbor to neighbor, hence the apparent displacement could be due to propagation of RPE cell death, more or less like the propagation of a fire; however, the apparent mobilization of more distally located spots challenges this interpretation since it occurs in areas that only transformed into atrophy months later. An alternative hypothesis for centrifugal migration of subretinal hyperreflective spots could be that pigment mottling actually undergoes displacement.

Our study shows that careful construction of time-lapse sequences may be of interest to reveal the microscopic dynamic changes associated with progression of retinal diseases. Time-lapse image sequences can be constructed using commercially available software. Yet, despite the fact that some OCT systems provide built-in registration procedures in our experience there is still a need for manual processing and expert supervision, and often iterative procedures of alignment, sometime with different software to obtain satisfactory time-lapse sequences. Careful pixel-to-pixel registration and expert examination of the successive frames is indeed crucial to neutralize wobbling and hence document a continuum of microscopic features in the long term. The precision of registration is commensurate to the likeliness of distinguishing small changes from background noise. In order to track microscopic features, it is also important, to acquire images at close enough intervals. Indeed, the possibility to detect the continuity of a given feature from one time point to the next is strongly related to the time sampling, that is, the interval between two examinations. This is particularly crucial when addressing a complex and changing environment. A potential limitation of time-lapse imaging in cases with inappropriate time sampling is that it may cause false recognitions of motion patterns, similarly to a stroboscopic effect. Hence, the shorter the time between two images, the more accurate is the information brought by time-lapse imaging. It is not easy, however, to determine a priori the adequate interval to study a given process, which depends on its particular dynamics. Therefore, the interval between imaging sessions we used here for hyperreflective spots surrounding GA may not be necessarily appropriate for other disease processes. We also observed that display conditions (frame rate and back and forth) affects the possibility to detect features; in particular, back-and-forth viewing greatly improved the recognition of mobilization.

Whatever the interpretation of our data, our observations demonstrate that time-lapse sequences may be useful to investigate the long-term progression of AMD. Our findings may provide new insights into the cellular dynamics accompanying GA. Further work using time-lapse imaging may contribute to better characterize structural changes associated with GA progression. Higher resolution imaging systems such as adaptive optics ophthalmoscopy may provide a better access to the dynamics of microscopic features such as photoreceptors or RPE cells.
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Supplementary Figure 1. Multimodal imaging and evolution of case 1.Top row, SLO, OCT and NIRAF images showing a subretinal hyperpigmented spot (arrows). Bottom row, progression of atrophy. Time-points relative to the first image are indicated in the second and third images (see also Supplementary Video 1).

Supplementary Figure 2. Multimodal imaging and spatiotemporal (xt) plot of cases 3. Registered images from regions of interest (boxed in A) were extracted in order to display the progression from left to right (B). Arrow points to a hyperreflective spot.

Supplementary Video 1. Time-lapse infrared SLO of case 1. Note the hyperreflective spot moving ahead of the progression front (11 frames; real time duration, 24 months). The sequence is displayed back and forth to facilitate the identification of moving features.

Supplementary Video 2. Time-lapse infrared SLO of case 6. Note the successive positions of a hyperpigmented spot (arrowhead in OCT images) moving ahead of the progression front (15 frames; real time duration, 28 months). The corresponding time-lapse OCT is shown in Supplementary Video 4.

Supplementary Video 3. Time-lapse SLO of case 4, shown in Figure 4 (16 frames; real time duration, 4 years). The boxed area is displayed in the kymograph.

Supplementary Video 4. Time-lapse OCT of case 6 (15 frames; real time duration, 28 months). Note the progressive thinning of the retina overlying the RPE loss (center of the OCT image) and the expansion of atrophy (tracked by arrows). Note also on the right a HRF in the outer plexiform layer that remains static over the entire sequence.

Supplementary Video 5. Time-lapse infrared SLO and OCT of case 2. Note the hyperreflective spot (arrowhead in OCT images) moving ahead of the progression front (9 frames; real time duration, 5 years).

Supplementary Video 6. Time-lapse infrared SLO and OCT of case 5. Note the hyperreflective spot (arrowhead in SLO and OCT images) moving ahead of the progression front (8 frames; real time duration, 18 months).
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The field of ophthalmic imaging has grown substantially over the last years. Massive improvements in image processing and computer hardware have allowed the emergence of multiple imaging techniques of the eye that can transform patient care. The purpose of this review is to describe the most recent advances in eye imaging and explain how new technologies and imaging methods can be utilized in a clinical setting. The introduction of optical coherence tomography (OCT) was a revolution in eye imaging and has since become the standard of care for a plethora of conditions. Its most recent iterations, OCT angiography, and visible light OCT, as well as imaging modalities, such as fluorescent lifetime imaging ophthalmoscopy, would allow a more thorough evaluation of patients and provide additional information on disease processes. Toward that goal, the application of adaptive optics (AO) and full-field scanning to a variety of eye imaging techniques has further allowed the histologic study of single cells in the retina and anterior segment. Toward the goal of remote eye care and more accessible eye imaging, methods such as handheld OCT devices and imaging through smartphones, have emerged. Finally, incorporating artificial intelligence (AI) in eye images has the potential to become a new milestone for eye imaging while also contributing in social aspects of eye care.
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INTRODUCTION

No more than four decades ago, images of the eyes were limited to just slit-lamp photographs, fundus photographs, fluorescein angiography (FA), and ultrasounds. Since then, a tremendous growth in technology has given birth to a plethora of techniques to image the eye and has drastically transformed patient care. The invention of optical coherence tomography (OCT) in 1991 was a breakthrough in the field of ophthalmology and has shifted the way patients are managed. Several iterations of OCT are currently utilized, and more are being investigated that would allow researchers and clinicians to obtain a much more in-depth insight into ocular diseases. More recently, evolutions in the field of artificial intelligence (AI) and machine learning (ML), termed by many the “fourth industrial revolution,” have been proved to outperform human evaluations in several aspects, thus providing potential as powerful supplementary tools to help physicians in all aspects of ophthalmic care. The goal of this review is to summarize major advances in the most important aspects of eye imaging, describe novel emerging imaging techniques, and evaluate their use in clinical settings. Hence, imaging modalities widely used in clinical practice (OCT, fundus imaging) and promising imaging techniques (AO) and analysis tools (AI) were selected to be described in more detail.



OPTICAL COHERENCE TOMOGRAPHY

Optical coherence tomography was introduced in 1991 (1). It is a non-contact and non-invasive technology that uses low-coherence interferometry, in which a beam from a low coherence interferometer is scanned by moving a reference arm that serves as a reference for depth in the axial direction. In the eye, backscattered light from retinal layers is detected sequentially pixel by pixel to form a depth profile (A-scan) (2). Scanning this beam in the transverse plane creates a B-scan, combining all the acquired A-scans. This provides high resolution two-dimensional images of tissue depth structure and can be applied to the entire anatomy of the eye (retina, optic nerve, cornea, and angle). By collecting a sequential series of B-scans, a three-dimensional image can be produced, with volumetric information on the tissue interrogated.

The first iteration of OCT was time-domain OCT (TD-OCT), which interprets the location of the backscattered light as described above. The image acquisition speed of TD-OCT is constrained by the mechanics of the device; in the first TD-OCT systems, a cross sectional image was acquired in roughly 190 s (3). To address this limitation, high-sensitivity interferometric receivers, optical fiber, and galvanometric beam steering devices were implemented that resulted in an increase in scanning speed (up to 100 A-scans/s), producing the first commercial OCT device, launched in 1996 (4). Further developments in TD-OCT allowed for a maximum speed of 400 A-scans/s (third-generation TD-OCT) (3).

Ten years after the introduction of TD-OCT (2001), new methods of signal acquisition were presented. Fourier-domain OCT (FD-OCT) was the next generation of OCT imaging, with the major changes being that the reference mirror remained fixed, and the frequency spectrum of the reflected light was measured simultaneously and transformed from the frequency to the time domain using Fourier transform. These systems are divided into spectral-domain OCT (SD-OCT) and swept-source OCT (SS-OCT): for SD-OCT, the signals are separated by a grating into different wavelengths, whereas, for SS-OCT (introduced in 2012), the light emitted from the laser source sweeps through frequencies in sequence (3). The center wavelength of these two techniques also differs: most commercial SD-OCT devices use a center wavelength of 850-nm versus 1,050 nm of SS-OCT; the longer wavelengths enable for better penetration and thus improved imaging of deeper structures (5). These implementations allowed for a tremendous increase in scan acquisition speed of commercial devices, from 400 A-scans/s to roughly 100,000 A-scans/s for SD-OCT and more than 200,000 A-scans/s for SS-OCT (5–7). Apart from the scanning speed, these techniques also resulted in improved sensitivity and a signal-to-noise ratio, overall better scan quality, and the ability to perform 3-D imaging.

Optical coherence tomography has become standard in ophthalmology, with multiple applications in diagnosis, monitoring, and management of eye conditions across the board (8). Major advances and implementations in OCT are discussed in the following section, which provide novel and exciting applications in the field of ophthalmic imaging.


Optical Coherence Tomography Angiography

Optical coherence tomography angiography (OCT-A) utilizes the motion of red blood cells within blood vessels to image vessels and vascular flow. Commercially available devices developed in 2015 use different algorithms of signal decorrelation from 2 or more repeated B-scans of the same region to display areas of motion: AngioVue (OptoVue, Fremont, CA, United States) uses split-spectrum amplitude-decorrelation angiography (SSADA), whereas Cirrus AngioPlex and PLEX Elite (Zeiss, Dublin, CA, United States) use an OCT-microangiography complex algorithm that is a full-spectrum, complex number-based algorithm (9). The benefits of OCT-A versus other vascular imaging modalities (fluorescent angiography, indocyanine green angiography) are the lack of extrinsic dye injection, leading to adverse effects, and the ability to image vascular networks in different depths (Figure 1). While dye-based angiography can reveal vessel leakage, OCT-A cannot.
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FIGURE 1. Optical coherence tomography angiography (OCT-A) fields of view and segmentation layers (Angiovue). The normal left eye of a 56-year-old Caucasian man using the Angiovue optical coherence tomography angiography (OCTA) software of the RTVue XR Avanti (Optovue, Inc., Fremont, CA, United States). (A) Full-thickness (internal limiting membrane to Bruch’s membrane) 3 mm × 3 mm OCT angiogram. (B) Full-thickness 6 mm × 6 mm OCT angiogram. (C) Full-thickness 8 mm × 8 mm OCT angiogram. (D) Fluorescein angiography cropped to approximately 8 mm × 8 mm or 30 degrees demonstrates a less capillary detail than (A–C). (E) 3 mm × 3 mm OCT angiogram of the “Superficial” inner retina. (F) 3 mm × 3 mm OCT angiogram of the “Deep” inner retina. (G) 3 mm × 3 mm OCT angiogram of the outer retina shows absence of vasculature. The white represents noise. (H) 3 mm × 3 mm OCT angiogram of the choriocapillaris is generally homogenous. There is black shadowing from retinal vessels. (I) Enface intensity OCT image. (J) Highly sampled OCT b-scan image. This figure was reprinted from de Carlo et al. (507) with permission.


Scans acquired with OCT-A can be processed to improve the signal-to-noise ratio (SNR) and display very small vessels more accurately. Denoising methods, such as Gaussian filter (10), compressive sensing (11–20), and Bayesian estimation (11, 21), can suppress noise while maintaining vasculature information. Filters that focus on the specific structure of vessels are also applied, such as Frangi filter (22, 23), Gabor wavelets, and Fuzzy-C-Means Classification (24). Quality limiting factors with OCT-A imaging are the presence of artifacts (projection, motion), visibility of vessels dependent on the rate of blood flow and scan speed, and low output image contrast (25, 26).

The OCT-A can be utilized for conditions involving vascular damage or choroidal neovascularization (CNV) (25). Apart from allowing the subjective identification of vascular abnormalities, OCT-A can also provide quantitative data (vessel density, blood flow, and foveal avascular zone size) that could be employed as vascular biomarkers (27–32).

Diabetic retinopathy (DR) is a disease affecting, among other tissues, the retinal microvasculature (33, 34). It is the leading cause of blindness in the middle-aged and elderly population (35). Early in the disease process, deeper retinal capillary plexuses are primarily affected (36–40). OCT-A can detect both microaneurysms (the hallmark of early DR) and neovascularization (in proliferative disease) in various depths (25, 38, 41–44). Being non-invasive and high resolution, OCT-A can be used for early diagnosis and possible screening of DR when compared to fluorescein angiography (FA) (3, 45). Ong et al. and Russell et al. have proposed new models for DR staging and progression based on OCT-A findings (46, 47).

In the setting of age-related macular degeneration (AMD), OCT-A can detect impaired blood flow at sites of drusen or pseudodrusen (48, 49) and geographic atrophy (GA) (50–52) with high reproducibility when compared to SD-OCT (53). It can also identify CNV (sensitivity, 81% and specificity, ≥93%) with more detail and better contrast than FA (54–64).

In glaucoma, various studies have demonstrated reduced blood flow and blood vessel density at the level of the optic nerve head (ONH) and peripapillary area (65–72). OCT-A scans from macular and ONH scans in glaucoma have been shown to display good reproducibility, which supports the use of OCT-A longitudinally as well (73). Vessel density parameters have also been associated with visual field progression (74, 75).

For other conditions, Zhu et al. have recently proposed that OCT-A metrics can be used to assess and detect myopia development in adolescents (76).

A limitation of OCT-A compared to other vessel imaging techniques is the limited area visualized. Kawai et al. have proposed the introduction of a front prism that would generate ultra-wide field panoramic images and allow imaging of the peripheral chorioretinal vessels, while applying image averaging to correct for the drop-off in image quality (77, 78). Miao et al. also introduced the use of megahertz-rate OCT-A as a faster imaging technique that also yields better contrast images (79). Post-processing methods (angiogram subtraction, distortion correction) and eye tracking during scan acquisition have also significantly improved the scan quality and reduced artifacts (80–86). Furthermore, new types of software have been developed to automate the analysis of OCT-A images; Viekash et al. have also established software to automatically quantify the foveal avascular zone, a region affected by various ocular diseases (87), while tools have been constructed to automatically process, segment, and quantitatively analyze the blood vessels (88–90).



Visible Light Optical Coherence Tomography

Vis-OCT, first reported by Povazay and coauthors in 2002 (91), has been developed most intensively in the last decade. It relies on light sources from the visible spectrum (555–800 nm), which provides a better axial resolution than typical OCT devices that use near-infrared (NIR) illumination (1.2–1.4 μm versus 1.7–7.5 μm, respectively) (92–96). Other benefits of Vis-OCT include a smaller bandwidth to achieve the same resolution, leading to easier dispersion compensation, and higher image contrast due to higher scattering coefficients (97). One of the advantages of Vis-OCT is the ability to measure oximetry in blood vessels. Blood, which contains oxyhemoglobin (HbO2) or deoxyhemoglobin (Hb), exhibits more contrast at the isosbestic point in the wavelengths of Vis-OCT than in the NIR. Combining this property with simultaneous measurement of the blood flow rate using Doppler OCT methods, many metabolic parameters of retinal circulation can be extracted, such as O2 saturation (sO2), O2 extraction fraction, total retinal O2 delivery, and the metabolic rate; Vis-OCT has been validated and is superior to NIR-OCT for these parameters (97–103).

Vis-OCT has been widely studied in disease models in animals and is now transitioning to clinical practice. Rodents with DR and retinopathy of prematurity (ROP) have been studied using Vis-OCT, and metabolic changes in both conditions were apparent before structural changes (103–105). The first use on humans was performed by Yi et al. on a single healthy subject, with Vis-OCT displaying increased contrast of the inner (the retinal nerve fiber layer – RNFL) and outer (a photoreceptor inner/outer segment, a retinal pigment epithelial layer, Bruch’s membrane) retinal layers compared to NIR-OCT (106). Vis-OCT has since been used for calculating metabolic parameters with upgraded light sources, decreased noise, and great axial resolution (96). Shu et al. also developed a Vis-OCT platform than can be used for humans and demonstrated it successfully in conditions such as retinal occlusive diseases and DR (107). Given its ability to provide metabolic information about oxygenation and circulation, and its advantages of retinal layer imaging over NIR-OCT, Vis-OCT might be a better imaging candidate for conditions affecting these cell layers, for example, the RNFL, inner plexiform layer (IPL), and inner nuclear layer (INL) in glaucoma or the outer retinal layers and retinal pigment epithelium (RPE) in AMD. Its ability to provide metabolic information about oxygenation and circulation, contributors to retinal and optic nerve diseases, reinforces this point.

Vis-OCT has continued to develop. Registration and averaging of multiple volumes have allowed the visualization of single cells, and the concept of Vis-OCT fibergraphy (Vis-OCTF) of imaging-specific retinal ganglion cell (RGC) axon bundles has been introduced in animal models (108–110). Ultrahigh resolution Vis-OCT (UHR Vis-OCT) is capable of imaging sublayers within retinal layers, such as the IPL (Figure 2), and improvements in the axial resolution have also been made using rapid spectral shaping, axial tracking, and in vivo spatially dependent numerical dispersion compensation (111–113). Zhang et al. have also developed a circumlimbal scanning method to image the anterior segment, capable of visualizing the Schlemm canal and the limbal microvascular network (114). In addition, Wang et al. have recently devised a dual-channel system with both Vis-OCT and NIR-OCT-A capable of simultaneous retinal imaging and metabolic measurement acquisition; the use of a fiber-based dual channel Vis- and NIR-OCT to image the human retina was first reported by Song et al. (115, 116). In a clinical setting, this dual channel system was initially reported to quantify RNFL spectroscopic markers in glaucomatous subjects and glaucoma suspects, which were correlated with disease severity (117). A combination of both Vis-OCT and OCT-A (Vis-OCT-A) has also been reported by Song et al., with narrow bandwidth spectrometers, optimized image protocols, and improved acquisition speed (100,000 A-scans/s) (118).
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FIGURE 2. Inner plexiform layer (IPL) sublayer visualization with Vis-OCT. (A) A speckle-reduced vis-OCT image from a healthy eye. A horizontal bar: 500 μ m; a vertical bar: 50 μ m. (B) A magnified view of the region highlighted by the dashed box in (A) (15 srA-lines segments). (C) A depth-resolved OCT amplitude profile of the IPL sublayers. We averaged 15 srA-lines, corresponding to approximately 88 μ m along the lateral direction within the highlighted region in (A). (D) Illustration of the lamination of ganglion cells from RNFL to the IPL. The “red” ganglion cells (ON center) are laminating dendrites to the “b” sublamella of the IPL whereas “blue” cells (OFF center) laminate to the “a” sublamella. The “green” ganglion cell is bi-laminating. (E) A speckle-reduced vis-OCT image from a glaucoma eye. (F) A magnified view of the region highlighted by the dashed box in (E). (G) A depth-resolved line profile of the glaucoma eye IPL sublayers. This figure was reprinted from Ghassabi et al. (113) with permission under a Creative Commons Attribution 4.0 International License.




Handheld Optical Coherence Tomography

In a typical OCT imaging session, the patient sits upright with the head stabilized with a chin rest and headrest. The use of portable or handheld OCT is indicated in cases where this positioning is not possible. Populations included in this category are bedridden or postoperative patients, the pediatric population and cases where access to health care is limited or difficult. Portable HH-OCT would potentially offer an easier-to-use and less-expensive alternative to current commercial OCT devices. Chen et al. displayed that measurements from HH-OCT have good repeatability and reproducibility of both axial and transverse measurements when compared to Heidelberg Spectralis (119).

The HH-OCT is widely used nowadays for pediatric ocular conditions. HH-OCT/OCT-A systems can reliably visualize and measure vitreous opacities and bands, perifoveal vessels, the macular shape, anterior chamber features, retinal tumors, and ganglion cell complex (GCC)/IPL/RNFL thickness in both premature and full-term infants (120–130). Hence, they are useful in conditions, such as congenital and pediatric glaucoma, macular edema, macular hole, epiretinal membrane, retinoschisis, retinal dystrophies, and other conditions (128, 129, 131–133). Some measurements obtained, mostly from the fovea, could potentially be used to screen for conditions like ROP (132). HH-OCT-A in specific is extremely useful in cases of CNV in children, such as ROP, retinal dystrophies, inflammatory disorders, trauma or cases of unexplained visual loss (134–136). Ocular measurements, specifically RNFL thickness, have been shown to be associated with systemic health conditions in infants (low birth weight, sepsis, and necrotizing enterocolitis) (137).

The approaches to making OCT devices more mobile are promising. HH-OCT probes have been developed and are currently used in animal experimental models (Leica, Heidelberg); this allows for transportation of the device, although the probes are tied to bulky mobile carts (138, 139). Smaller versions of OCT machines have also been achieved that offer comparable results to bench-top OCT devices, with some offering en face reflectance, OCT-A volumes, combination with SLO and supine imaging (140–148). Handheld SS-OCT devices have also been created, containing ultrahigh speed and averaging capabilities (Lu et al.) or capable of imaging both the anterior and posterior segments in quick succession (Nankivil et al.) (149, 150). Ni et al. have recently proposed models for high-speed scanning (the HH-SS-OCT model using a 400 kHz VCSEL light source, scanning speed, 1,720 MHz; volume acquisition time, 1.875 s) and an increased field of view scanning to 105 degrees (Figure 3) (151, 152).


[image: image]

FIGURE 3. High-speed and widefield handheld SS-OCT-A with a VCSEL light source. (A) A photograph of the front of fully assembled handheld OCTA system in a portable cart. (B) A photograph of the handheld probe. This figure was reprinted from Ni et al. (151) with permission.




Intraoperative Optical Coherence Tomography

Intraoperative OCT (I-OCT) can aid surgeons by providing a live imaging feedback during surgery. The devices currently used for I-OCT are either handheld or integrated in microscopes or probes (153). HH-OCT in this setting is best utilized when mounted onto the surgical microscope to improve stability and precise movement. The images obtained with that method are fast, accurate, and reproducible; drawbacks include pausing the surgery for image acquisition and potential requirement of technician assistance (154). I-OCT integrated within the surgical microscope partially resolves these issues, as it can be used without pausing the operation or additional specialized technical support; additionally, there are opportunities to enhance I-OCT with decision-making algorithms and high-tech instrumentation (e.g., heads-up display) (155). An advanced technique is implementation of OCT scanners in ophthalmic probes, creating an instrument for intraocular use, especially for vitreoretinal surgery (156).

The I-OCT can provide insight into diagnosis and surgical planning, optimal outcome confirmation, complication prevention and control, prognosis, and education. Ehlers et al. in two studies (PIONEER and DISCOVER) reported that I-OCT findings can affect surgical decision-making in 29–68% of select surgery types (154, 157). For epiretinal membrane peeling, I-OCT can precisely locate the margins of the membrane, dictate the best start and end points for peeling, and confirm successful peels without further complications (a point of disagreement between subjective observation and I-OCT) (154, 157–160). In macular hole repairs, I-OCT can confirm the release of traction, effectiveness of the tamponade or flap and hole closure; on the latter, Kumar et al. recognized residual tissue at the hole edge (a “hole-door” sign) as an imaging factor predicting the rate of hole closure (161–166). Recently, Cehajic-Kapetanovic et al. have reported to be the first group using I-OCT to guide a robot-assisted drug delivery during vitreoretinal surgery; in that context, I-OCT can be used to guide all kinds of retinal and subretinal treatments, including highly promising gene therapies for retinal conditions (167–169).

In surgeries of the anterior segment, the ease of imaging of the cornea makes it an attractive I-OCT target (153). For deep lamellar anterior keratoplasty (DALK), where the corneal stroma is dissected, I-OCT allows the surgeon to evaluate the depth of the dissection, make on-the-spot adjustments, and confirm layer separation and integrity of Descemet’s membrane (153, 170–173). Implementations of I-OCT in DALK have been shown to lead to successful outcomes (171, 174, 175). Posterior corneal procedures like Descemet stripping (automated) endothelial keratoplasty (DSEK/DSAEK) and Descemet membrane endothelial keratoplasty (DMEK) can also benefit from the use of I-OCT. The handling, unfolding, and positioning of the graft can be performed more quickly and definitively with simultaneous I-OCT, which can also verify its correct orientation (176–181). Apart from this, fluid between the cornea and the graft (interface fluid) and areas of graft non-adherence or folds can be assessed and addressed (176, 182–184). In the setting of cataract extraction surgery, I-OCT could be beneficial for identifying and handling complications, confirming adequate placement of the lens and further improve the accuracy of refractive calculations and aid in the development of future lens designs (153, 185–187).



Whole-Eye Optical Coherence Tomography

Different parts of the eye require imaging configurations specific to the area examined (anterior segment versus retina), mainly due to different natural properties. For anterior segment, imaging light has to pass only through the air to the tissue of interest versus the refractive structures (cornea and lens) for retinal imaging. The scan depth using standard OCT is typically about 2 mm, well below the typical axial length of the eye (188). Whole-eye OCT offers the opportunity to acquire a view of the eye from anterior to posterior segments with a single scan.

Multiple approaches have been implemented for that goal. Commercial systems (Heidelberg Spectralis, OptovueiVue, Leica Bioptigen C-series) are able to scan 2 areas in sequence by changing the scan configurations, for example, the reference arm length. In addition, changing the imaging optics (by adding lenses or using an adjustable lens) or alternating the volume frames helps decrease the differences of the structures imaged (150, 189–191). The main drawback of switching scan configurations is the time gap for changing the settings. Recently, Luo et al. have demonstrated an SS-OCT prototype that utilizes a single source and a single detection channel for sequential imaging (192).

Newer approaches of whole-eye OCT aim to capture images of all structures at the same time and be true whole-eye scanners. Approaches include the use of 2 practically separate subsystems (the first for anterior segment and the second for retina) or a single system with either one or two different imaging depths (193–196). The latter is the most advanced method, with the dual-depth polarization system focusing on both structures at the same time, using either one or two interferometers (197, 198). Its big advantage is the focusing of each area while also achieving standard fields of view greater than 24 degrees to image both the macula and the ONH.

In clinical application, whole-eye OCT can provide biometric data for the entire eye (axial length and lens thickness); this, along with information about possible retinal comorbidities and/or microstructural lenticular changes (for example, posterior capsule integrity), can be useful in planning of refractive or cataract surgeries (199–202). Following cataract extraction surgery, it can also verify correct lens positioning and capsule integrity (202, 203). Moreover, visualization of the entire eye could be relevant to patients with high myopia and potentially provide insight into possible causes of pathologic myopia. In certain conditions involving multiple ocular structures, such as the anterior chamber angle and the RNFL in glaucoma, whole-eye OCT could provide data for multiple regions of interest (204).



Anterior Segment Optical Coherence Tomography

The interest of imaging the anterior segment became apparent soon after OCT’s introduction in 1991. A decade and a half later, OCT systems designed specifically for that purpose were developed that utilized TD-OCT [Visante (Carl Zeiss Meditec, Dublin, CA, United States; 2005), Slit-Lamp OCT (Heidelberg Engineering GmbH, Heidelberg, Germany; 2006)] or SS-OCT [Casia SS OCT (Tomey, Nagoya, Japan); 2008] and were able to image the entire anterior segment.

The AS-OCT can be a tool in diagnosing conditions involving the anterior segment. A common condition is dry eye disease (DED), in which diagnosis can be a challenge due to poor association of corneal findings and actual symptoms (205). AS-OCT can measure the precorneal tear film thickness and individual tear film layers (lipid and aqueous) and the tear meniscus (area, height, depth, and radius) (Figure 4); these parameters correlate with objective corneal findings, subjective symptoms, and other tests used in DED (such as the Schirmer test) or can be used to evaluate treatment response and monitoring (206–214). For other corneal pathologies, AS-OCT can also be an aid in diagnosing various types of keratitides (fungal, viral, bacterial, and parasitic), ocular surface neoplasias, corneal edema, corneal dystrophies, differentiate pterygium from pseudopterygium and assessing keratoconus morphology (95, 215–223).
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FIGURE 4. Assessment of tear meniscus using UHR-OCT. Automatic segmentation of the lower tear meniscus in a healthy subject. Calculated parameters (represented in yellow) are (A) the tear meniscus area, (B) height, (C) depth, and (D) radius of curvature. Green crosses represent the points used for the estimation of the radius of curvature. The yellow arrows indicate mirror artifacts of the true upper meniscus boundary due to internal reflectors in the optical setup of the system. This figure was reprinted from Stegmann et al. (209) with permission.


A special utilization of AS-OCT is in the setting of glaucoma research. Elevated intraocular pressure (IOP) in primary open angle glaucoma (POAG) is due to increased resistance in the aqueous outflow system, and AS-OCT can be used for evaluation and for better understanding of the pathophysiology. In POAG, the decreased Schlemm canal cross-sectional area has been reported compared to healthy subjects (224, 225). AS-OCT can also visualize the anterior chamber angle qualitatively and quantitatively (angle opening distance, angle recess area, and trabecular-iris space area), with these findings correlating well with ultrasound biomicroscopy (226, 227). Baskaran et al. reported the correlation of angle closure on AS-OCT and gonioscopic angle closure (228). Risk factors for angle closure can be identified using AS-OCT, such as iris thickness/area, anterior chamber width, lens vault, and anterior chamber area/volume (229–231). Further AS-OCT advances would allow better understanding of the inciting events of angle closure glaucoma. The response of the trabecular meshwork to elevated IOP can be visualized and quantified (232). In the laboratory, using automated software, a 3D reconstruction of the entire SC and collector channels is now possible; changes in these structures can help in guiding glaucoma surgeries and predict or monitor IOP-lowering treatment success (both medical and surgical) (233–237). Ruggeri et al. have recently combined AS-OCT with a wavefront-based aberrometer, which was capable of using the OCT beam to acquire refractive error measurements and allow for simultaneous imaging, autorefraction, and biometry (238).

Recent advances in the field of OCT have also been applied to modern AS-OCT, namely, increased scanning speeds (up to 2 million A-scans/s), greater depth, and improved axial resolution (up to 1 μm) (239–246). These have allowed the imaging of most structures of the anterior segment, including all the corneal layers and the precorneal tear film, the outflow system (trabecular meshwork, Schlemm canal, collector channels, and scleral veins), and the anterior chamber angle (247–250).



Full-Field Optical Coherence Tomography

In FF-OCT, a light emitting diode is used to illuminate the entire scanning field simultaneously, which captures images orthogonal to the optical axis (en face) and avoids transverse scanning (251). Challenges to FF-OCT include eye movements and difficulties matching of the length of the optical path; cameras with high acquisition speeds and combinations with TD-OCT and FD-OCT aim to resolve these issues. Although time-domain FF-OCT (TD-FF-OCT) is possible, its slow volumetric capture capability limits is use (252). Fourier-domain FF-OCT (FD-FF-OCT), on the other hand, can capture 3D volumes of the cornea and retina with scanning speeds reaching 38.6 MHz (253). The single phase of FD-FF-OCT across the entire field does not introduce motion artifacts seen between A-scans in conventional OCT and allows for the use of higher scanning power, leading to fewer aberrations and less signal loss (252, 254).

The FF-OCT can be used to image and study structures of the anterior segment. Mazlin et al. presented the first FD-FF-OCT system capable of corneal imaging the corneal epithelium, stroma, and endothelium (255). The same team later created a system, combining FF-OCT with SD-OCT capable of cellular level imaging of the entire ocular surface (256). Using a common path (NIR light-emitting diode), the SD-OCT arm was used to track axial and lateral eye movements and adjust the optical arm lengths of the FF-OCT accordingly. This allowed for in vivo detailed imaging of all the corneal layers, sometimes even to the cellular level (superficial epithelium and stromal keratinocytes), including nerve plexuses. Apart from the cornea, quantitative parameters from structures, such as the tear film (tear flow velocity, amount of particulate matter, and evaporation time after blinking) and the corneal limbus (blood vessel morphology, blood flow velocity, and blood flow direction), were also measured. These can be useful for research studies of relevant anterior segment pathologies (DED, anterior chamber inflammation, and conditions leading to scarring). This approach is comparable to confocal microscopy, as it images the same corneal microscopic features much faster, in a non-contact manner and from a broader (nine times larger) field of view, with high axial resolution and without the requirement of fluorescein administration. These features make FF-OCT an excellent candidate for in vivo histological studies without sample preparation.

A similar approach with combination of FF-OCT and SD-OCT has been used for retinal imaging. A device using that principle was presented by Xiao et al., which was able to image the RNFL and photoreceptor layer in great detail (orientation of nerve fibers and cone photoreceptor mosaic, respectively) (257). These images were comparable to AO-OCT commercial devices (discussed below in greater detail), although the SNR was lower in the photoreceptor layer and not adequate to image other retinal layers, such as the ganglion cell layer and RPE; visualization of layers also required averaging of multiple images after acquisition. Other teams have also succeeded in imaging the photoreceptor layer with FF-OCT (258). For remote retinal scanning with FF-OCT, von der Burchard et al. have also proposed a low-cost device, which patients can use to examine themselves and monitor disease progression from their homes (259).




ADAPTIVE OPTICS

By using wavefront technology first utilized in astronomy and defense systems, adaptive optics (AO) systems have been implemented in ophthalmology with the goal of correcting for ocular anatomical and physiological higher order (optical/wavefront) aberrations (cornea, lens, and pupil), which cannot be corrected by glasses, contact lenses or refractive surgery (260). As a result, AO vastly improves the transverse (lateral) resolution as well as the speckle width and increases the SNR via imaging through a larger pupil, allowing more light to enter the eye. Further improvements in the lateral resolution have also been made by the addition of mirrors and error budget analyses (261–264). AO has so far been implemented in multiple imaging modalities, such as OCT (AO-OCT), scanning laser ophthalmoscopy (AO-SLO), and two-photon ophthalmoscopy (AO-TPO) (265, 266).

The improved lateral resolution of AO systems has enabled the visualization of single cells within the retina (Figure 5). By combining this feature with the high axial resolution of OCT, a resolution voxel smaller than most retinal cells is acquired: the lateral resolution achieved (2–3 μm) is about 5 times higher and overall resolution 36 times greater than commercial OCT (267–272). The big advantage, therefore, of AO is the ability to track cellular changes over time either for studying disease processes or monitoring treatment responses, both of which could be very useful clinical applications.
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FIGURE 5. Adaptive optics optical coherence tomography (AO-OCT) volume image of the outer retina of a 52-year-old normal subject. Ten en face (C-scan) images are shown selected from the volume and color-coded by depth in the outer retina, as denoted in the cross-sectional slice (B-scan) on the left. Each C-scan image is normalized to itself and presented on a log intensity scale. The AO-OCT volume image is an average of approximately 2,200 registered volumes that were acquired at 3.7° temporal to the fovea. AO-OCT, adaptive optics optical coherence tomography; COST, cone outer segment tip; ELM, external limiting membrane; INL, inner nuclear layer; IS, inner segment; IS/OS, inner segment/outer segment junction; ONL, outer nuclear layer; OPL, outer plexiform layer; OS, outer segment; ROST, rod outer segment tip; RPE, retinal pigment epithelium. This figure was reprinted from Miller et al. (262) with permission.


Cone photoreceptors are the cells most widely studied using both AO-OCT and AO-SLO. Anatomically, they have been shown to possess a wide range of reflectance properties, and their major components (inner segment, outer segment, somas, and axons) can be visualized, with results corresponding to histology. They can also be functionally distinguished by their light sensitivity in different types (short, medium, and long wavelengths). Photoreceptors are normally organized in a lattice hexagonal pattern in the retina, and their architecture can be extracted by semi-automated segmentation methods (273, 274). After identification, mapping the structure formation (Voronoi analysis) allows for descriptive quantitative measurements (cone density, cone spacing, and mosaic regularity), which can be utilized with good inter-device reproducibility (2.5–6.9%) as biomarkers or used to construct normative databases for research or clinical practice (Figure 6) (275–278). The calculation of functional biomarkers (cone reflectance) is also possible (279). Rods are more difficult to visualize than cones since they have a smaller diameter (especially peripherally), different refractive indices, and greater interference with the RPE (280). Despite these drawbacks, AO-SLO studies using improved AO systems have demonstrated visualization of rods in both normal and diseased subjects (281).


[image: image]

FIGURE 6. Voronoi analysis of photoreceptors from AO-OCT. An original AO-OCT image taken at ∼6.5° retinal eccentricity is displayed in (A), and the center of the cones (magenta) and the Voronoi map (green) is overlaid onto the image in (B). In (C), the Voronoi cells are shaded based on the number of neighbors, and, in (D), the cells are shaded based on their area. A scale bar, 50 μ m. This figure was reprinted from Heisler et al. (508) with permission.


Imaging of several retinal cell types is possible with AO. These include individual RNFL bundles and sublayers of the ONL, which has been shown to consist of two distinct sublayers (somas and axons) (262, 269). These are mostly visible with AO-OCT, since the limited axial resolution of AO-SLO cannot easily image the transparent, multi-cell thick inner layers (280). Confocal AO-SLO, in which light is focused on a single spot and the backscattered light is refocused on a confocal aperture, is capable of imaging some of these structures (photoreceptor segments and nerve fibers), as well as blood vessels and the lamina cribrosa (282). AO-SLO-FA can also capture blood flow and detect vascular leaks. Other non-confocal detection modes (offset aperture, dark-field, split-detection, and offset pinhole) and the implementation of multi-volume averaging have also been implemented in order to visualize the ganglion cells and RPE (277, 283–285).

These features allow a detailed study of the retina and its cellular microstructure both in normal eyes and in ocular pathologies, making AO a useful adjunct to other OCT imaging technologies. In AMD, retinal layer and RPE changes can be monitored in areas of drusen/pseudodrusen or GA (286). Panorgias et al. have demonstrated both losses in reflectivity between the photoreceptor inner and outer segments in areas of GA (287). This could be extremely helpful in determining the progression of events in AMD and determining which tissues are affected first during the disease onset (277, 288).

Decreased cone density in areas of RNFL thinning was also displayed in glaucoma and other neuropathies (289, 290). Multiple groups have demonstrated that RNFL bundles are lost in areas of scotomas in glaucoma, and that the polarization properties change in the disease course (270, 271, 291). The increased transverse resolution of AO-OCT can also be utilized to better visualize the microstructure of the lamina cribrosa in glaucoma, a site of early damage, and, therefore, aid in earlier diagnosis (291).

The 3D representation of retinal microvasculature with AO-OCT can also make it a valuable tool in the assessment of DR, especially in combination with OCT-A, for study of microaneurysms, vessel tortuosity, and capillary dropout (270, 292–295). Decreased cone density has also been reported to be 10% lower in DR, which could suggest a method for earlier detection (296).

Finally, the cellular identification of either AO-OCT or AO-SLO can be used to study disease mechanisms of inherited color defects and monitor treatment response in stem cell transplantation therapies for said retinal diseases or central serous chorioretinopathy (280, 297, 298). For treatment of retinitis pigmentosa specifically, multiple AO modalities (AO-OCT and AO-SLO) can be used to stage the disease based on individual cell health, assess visual function from the cellular structure, and select candidates that could benefit from treatment (299, 300).

The application of AO-OCT in routine clinical settings is still challenging, mostly due to high cost, size, and complexity of the devices, time-consuming image acquisition and analysis, a limited scan area (generally no larger than 200 μm × 200 μm transversely), data size, and the lack of established normative databases (280). Some additional limitations are particularly present with specific populations who would benefit from AO applications, for example, unstable fixation in young children with inherited retinal dystrophies. For these reasons, AO-SLO and AO-OCT remain primarily research tools but are applicable to a number of ongoing clinical trials (301).

Despite these challenges, there have been developments over the last few years in the AO systems. Reumueller et al. have recently though developed AO-OCT prototypes that are promising and can be applied in patients with the aforementioned pathologies (302, 303). Improvements over the standard AO-SD-OCT, such as point-scanning sensorless SD-OCT, computational AO, and line-scanning SD-OCT, are currently being investigated (277, 304, 305). The acquisition speed of images has been improved by various groups up to 1 million A-lines/s, the fastest retinal SD-OCT at the time, while the implementation of AO in SS-OCT systems allows for even higher speeds (262, 269, 291, 306–308). The increased scanning speeds have aided in resolving the issue of motion artifacts, an issue also addressed by means of active retinal tracking (integration of AO-SLO with wide field or tracking SLO) and registration of multiple scans (306, 309–314). The registration and image averaging of scans also allows for temporal tracing of cellular processes in time and improves the SNR and contrast, which make individual cells more apparent; examples include better visualization of the RPE, RGC somas, IPL bands, and hyalocytes on the internal limiting membrane (ILM) (262, 285, 315–319). These cellular parameters are attractive, as they can be used as biomarkers for screening or longitudinal follow-up. As an example, AO-SLO can detect cell destruction in retinal degenerations before the onset of symptoms, which would allow the formation of therapeutic clinical trials, while vision is still salvageable in these patients (280, 320). At the same time, improvements in the axial resolution of OCT devices via increasing the bandwidth of imaging sources (greater than 100 nm) have allowed the development of AO ultra-high-resolution OCT (AO-UHR-OCT) (267). Pandiyan et al. implement techniques (increased source bandwidth, improved Nyqyist sampling, increased illumination beam size at the pupil, spherical mirror-based telescopes instead of lens-based telescopes, optimized design software and tools) that improve the resolution of both structure and function, achieving visualization of both individual foveal rods/cones in en face projections and RGCs; this has also been achieved by other groups (321, 322).


Phase-Sensitive Optical Coherence Tomography and Optoretinogram

The AO has the potential to capture images of single cells from a snapshot in time. Assessment of the temporal function is also possible through the development of phase-sensitive OCT. It is known that the reflectivity of retinal cells, caused by photoisomerization of pigment chromophores, can vary after application of visual stimuli (optical phase changes) (323). Measurement of these changes is possible with either OCT, hence the term “phase-sensitive OCT” (324). This is the foundational basis of the optoretinogram (ORG), which allows recording of responses to visual stimulation. The ability to detect the function of individual photoreceptors would allow detection of retinal dysfunction in a microscopic scale. As opposed to OCT assessment, where the result is binarized (alive versus lost photoreceptors), ORGs provide a spectrum of function and identify cells that could be salvaged (280).

The implementation of ORG in a clinical setting still has some drawbacks. Studies, so far, have only focused on healthy individuals or patients without severe conditions, whose imaging might pose challenges, such as poor fixation, pathologies hindering image quality, and long periods of dark adaptation not easily tolerable. Furthermore, even after image acquisition, processing of these images is hours long. Despite these difficulties, ORG can potentially be implemented in other devices currently used (SLO and AO-SLO, OCT/OCT-A and AO-OCT) with minimal additions (a stimulus channel and appropriate software) to provide a functional component to structural measurements.




ARTIFICIAL INTELLIGENCE AND INTEGRATED MACHINE LEARNING

The implementation of AI in the field of ophthalmology has been a revelation. Ophthalmology offers a great basis for AI to grow and be utilized, owing to the combination of data availability for highly prevalent conditions (glaucoma, AMD, and DR), which are always rising as the population ages, developments in teleophthalmology, and the reliance of these conditions on low-cost, easily performed images (predominantly fundus images and OCT) (325). AI strives to solve some major obstacles in many aspects of eye care: It can provide valuable feedback for diagnosis, monitoring and follow-up, correct treatment decisions, and prediction of disease course. These benefits are especially relevant to conditions requiring highly specialized care by experts; its use by comprehensive ophthalmologists can provide a highly reliable solution to difficult specialist access, further hindered by the impact of the ongoing pandemic. These obstacles impact specific populations more than others, and broader access to eye care can help unveil true racial variations otherwise attributed to merely genetic differences. Improving medical decisions can also lead to lower eye care cost since the cost of specialist access, referrals, and treatment of advanced eye conditions is very high. As a result, apart from the medical benefits, the implementation of AI also has a strong social aspect, as it could provide solutions to health, clinical, racial, and financial equity.

The utilization of AI in ophthalmic imaging requires the cooperation of a variety of healthcare professionals, including but not limited to physicians, patients, researchers, government officials, and pharmaceutical and imaging device companies. With the collective goal of improving patient care and fostering equity as mentioned above, and with the potential of AI to substantially transform the management of patients, the Collaborative Community on Ophthalmic Imaging (CCOI) was founded in 2019. Experienced experts of the CCOI operate under the values of teamwork, transparency, innovation, and efficiency in a patient-centered approach, strive to resolve any potential issues in eye imaging, and establish the best strategies for the practical use of software in ophthalmology in a way that respects the basic principles of bioethics (325–328).


The Principles of Artificial Intelligence

The foundation of AI is the completion of tasks by computers through mimicking human (natural) intelligence and cognitive functions. Brain neurons receive signals (input), process that information, and generate results (outputs); these neurons are connected and form networks (neural networks – NNs) capable of complex calculations. These calculations are not static, as the brain can learn from previous data and experience. AI replicates that approach using computer networks, a process referred to as machine learning (ML); inputs are provided to computer models that process them under sets of parameters and give outputs (329). The caveat in that process, which is the basis of supervised learning (SL), is that the real outputs are provided and, accordingly, the model learns to adjust these parameters (training) to calculate the outputs as accurately as possible. Over the past decade, the vast increase in data availability, computer hardware improvement (mostly graphics processing units – GPUs), and the theoretical improvements in NNs have led to an exponential growth of AI.

There are multiple approaches to AI network arrangements, and AI models range from very simple to highly complex. The most simple form of SL is linear regression, where multiple inputs are given to a model that then best adjusts the parameters of each input to provide the most accurate result (330). Logistic regression is an algorithm that adds a sigmoid function to linear regression and displays these results in a probabilistic format (values between 0 and 1) (330). Taking this approach a step further, whereas linear regression tests inputs independently of each other, non-linear regression has the ability to examine interactions between inputs and outputs in several layers (known as multilayer perceptrons), and this is the concept of feed forward neural networks (FFNNs) (330). As the algorithm processes many relationships in several layers, the NN can learn these associations, hence the name deep learning (DL) (331). The metrics of performance for these algorithms are the area under the curve (AUC) in the receiver-operator curve (ROC), sensitivity, specificity, and accuracy.

Specifically in ophthalmology and imaging, NNs have been fine-tuned to process imaging data and are called convolutional NNs (CNNs) (331). Convolution is a mathematical operation that applies filters to images (matrix of parameters) to produce image outputs with different channels (features), whose parameters are continuously tested; this process can be repeated in sequences and actually constructs an FFNN. Inputs can be images in either two- or three-dimensional slices, which is preferred as eye structures between slices are considered as a whole. The final outputs mostly fall into two categories: classification (categorical outputs) or segmentation (image outputs). These can provide both accurate staging of conditions and better-quality images through denoising for clinicians to interpret, since up to 46.3% of SD-OCT scans are prone to artifacts or segmentation errors (330, 332, 333).



Artificial Intelligence and Glaucoma

Glaucoma is a field that has recently attracted a lot of interest in the integration of AI to ophthalmology and imaging due its involvement of multiple eye structures (anterior chamber angle, iris, retina, and ONH), high prevalence, and reliance on multiple methods to establish a diagnosis. Current clinical assessment of glaucoma relies on a combination of various diagnostic tools to assess anatomy, structure, and function, such as gonioscopy, fundus examination of the ONH, tonometry, OCT scans, and perimetry (a visual field) testing, with none being totally sensitive or specific of its own (325, 334). The interpretation of these results also varies among clinicians (335).

The AI can significantly aid in differentiating glaucomatous from healthy eyes. On this matter, emphasis should be given on moderate glaucoma, where symptoms of early vision loss are apparent or very likely (327). DL algorithms can provide segmentation-free image analysis to quantify relevant structures and can even perform better than traditional segmentation approaches of retinal layers (332, 336). For structural assessment, algorithms could detect changes and signs of optic neuropathy from fundus pictures with greater sensitivity and specificity than clinicians (up to 96.2 and 97.7%, respectively); this can be advantageous, given the subjective and inconsistent interpretation by physicians (325, 337–340). AI can be used on fundus pictures to also differentiate glaucoma from other pathologies of the optic disc, such as papilledema, ischemic optic neuropathy, optic nerve atrophy, compressive optic neuropathy, hereditary optic neuropathy, hypoplasia, and toxic optic neuropathy (341–343). The standard modality of assessing structure, though, is OCT imaging; algorithms can provide assessment of the anterior chamber angle as well as segmentation of the RNFL adjusted for other parameters (age, gender, and eye biometry metrics) to improve the accuracy of the measurements (344–346). Studies have focused on many parameters of the retina and ONH (RNFL, prelaminar area, RPE, choroid, peripapillary sclera, Bruch membrane opening, and minimum rim width), and their performance was highly accurate in identifying glaucomatous eyes (>94%); AI analysis of OCT-A vascular abnormalities of the ONH also yields excellent results (347–354). When comparing various ML classifiers, Wu et al. showed that ganglion cell layer measurements were important in early glaucoma detection, whereas RNFL metrics were more useful during disease progression; in fact, Shin et al. showed that wide-field SS-OCT scans can even outperform the conventional parameter-based methods (355–357). In a recent meta-analysis, including data from numerous studies, Wu et al. reported remarkable overall performance in detecting glaucoma from both fundus pictures (AUC, 97%) and OCT (AUC, 96%), with similar outcomes in classifying glaucoma as well (358). Aside from layer segmentation, the analysis of raw unsegmented OCT volumes (feature agnostic approach) of the ONH has been shown to provide better results than classical ML techniques (AUC of 94% versus 89%) (359). The existing issues with AI applications to OCT, though, are the potentially poor image quality, limited generalizability of certain algorithms to multiple devices and patient-specific factors (anatomy and comorbidities) undermining OCT thickness values (325). To detect functional changes in the visual fields, CNN algorithms have been developed by various teams that mark visual field tests as either normal or glaucomatous with high precision (87.4–87.6%) (360, 361).

A very attractive approach is to use AI to combine structural information with functional outcomes. Glaucoma diagnosis is improved when using both ONH parameters and VF outcomes: algorithms capable of predicting 10-2 VF parameters from macular OCT scans, and 24-1 VF parameters from both macular and ONH OCT scans have been developed (362–365). Also, various teams (Lazaridis et al., Christopher et al., Datta et al., and Xiong et al.) have recently developed algorithms (RetiNerveNet and FusionNet) capable of using both OCT metrics (various layer thickness values) and raw OCT or fundus images to predict VF changes with high accuracy (366–370). Overall, combination of structural and functional information has been shown to outperform structural or functional assessment alone.

These results are especially encouraging when it comes to screening for glaucoma; these imaging techniques are simple and inexpensive and would allow for identification of glaucoma at early stages. As opposed to diagnosis at a more advanced stage, early treatment initiation can both prevent irreversible vision loss and avoid expensive, invasive techniques used for later glaucoma stages, as the cost of management increases with glaucoma progression; its performance, however, still needs to be improved (327). The implementation of DL to AS-OCT is a field-attracting attention; Li et al. have very recently developed a novel 3D deep-learning-based digital gonioscopy system that identified angle closure suspects and that could be used as a screening method for primary angle closure glaucoma (371–376).

AI can also be a valuable tool in establishing the prognosis of glaucomatous progression. Functionally, Wen et al. reported that AI can estimate VF loss up to 5.5 years in the future with minimal error, given only a single test as a starting point (377). Algorithms are also capable of identifying slow disease progression consistently earlier than conventional methods, too (3.5 years versus >3.9 years) (378). Structurally, Christopher et al. reported that RNFL analysis can also predict glaucoma progression more accurately than VF testing (95% versus <86%), and with less error than standard linear regression models (325, 379). Sedai et al. have developed multimodal models using a combination of clinical, structural, and functional information to predict RNFL changes in healthy subjects, patients with glaucoma patients, glaucoma suspects with greater performance than standard linear trend-based estimation (380). These predictive algorithms, however, have not yet been implemented clinically.



Artificial Intelligence and Age-Related Macular Degeneration

With more than 200 million people affected worldwide, AMD constitutes the most common cause of blindness in developed countries (381). Although no AI device has yet been made commercially available for AMD yet, several algorithms to potentially aid physicians’ decisions do exist.

Up to 25% of patients with AMD can remain undiagnosed by primary care providers, and the use of AI would not require an advanced skillset to operate or retinal expertise (328, 382). An ideal method of AMD screening should be able to efficiently detect AMD and distinguish it from other similar diseases, be cost-effective, and autonomous. Hence, the low cost and simplicity of fundus photographs make it a great candidate for wide AMD screening; models that can classify AMD based on the need for treatment have been developed, which function with great accuracy compared to professional graders (up to 92%) (383). This distinction is important when evaluating algorithms, as early treatment can significantly prevent vision loss in select cases of AMD (large drusen and intermediate AMD, CNV), and the cost of error is high for missing wet AMD; high sensitivity is, therefore, preferable (384). Macular OCT scans have the advantage of depicting the pathological findings of AMD in 3 dimensions and with high resolution; hence, they can be utilized as a next step, following the initial screening with fundus photographs to rule out false positive cases and further classify the true positives (385). De Fauw et al. have developed a screening algorithm capable of identifying multiple retinal conditions, which was able to outperform retinal specialists on both screening success and avoidance of severe and costly errors (386).

Models can also substantially assist physicians in establishing diagnosis of AMD. This can sometimes be challenging, as AMD findings can potentially go unnoticed or appear similar to other retinal conditions (polypoidal choroidal vasculopathy, macular dystrophies, CSR, and others) (328, 384). For this purpose, a variety of algorithms has been offered, focusing on different imaging modalities (fundus pictures, OCT and OCT-A, FA) to detect multiple pathological findings (drusen and pseudodrusen, intra- and subretinal fluid, GA); similar to DR, structural and vascular biomarkers are also utilized for AMD (387–392). As a representative example, Yan et al. were able to utilize a model for identification of drusen, inactive and active CNV with high precision (84.3–97.7%) and AUC (94.–99.%) (393). Keenan et al. also used SD-OCT data across 10 years from the AREDS2 study to construct a model capable of identifying retinal fluid with high accuracy, sensitivity, and specificity compared to retinal specialists (85.1%, 82.2%, 86.5% versus 80.5%, 46.8%, 97.%, respectively) (394).

Even though the use of AI tools in the context of AMD has not been fully optimized, tools capable of prognosis and monitoring the condition are starting to emerge. Algorithms can perform better than specialists in some cases, but their accuracy can be improved; classification accuracy has been reported to be up to 76% and 5-year prognosis accuracy up to 86% in recent studies (395, 396). For classification, Peng et al. developed a model (DeepSeeNet) that more accurately classified AMD, when compared to retina specialists (397). This is especially important in the setting of edema in wet AMD, where anti-VEGF injections are indicated; Potapenko et al. have recently trained a CNN identifying retinal edema with accuracy of 90.9% (398). Even more so when combined with HH-OCT, algorithms can be proved to be a powerful tool in self-monitoring of the condition and more easily identify patients in need of antiangiogenic treatment. As to predicting the disease course, algorithms will help tackle issues, such as predicting conversion to wet (neovascular) AMD, personalize anti-VEGF treatment and predict their response, and increase the use of supplements to decrease the rate of progression. Sarici et al. have recently reported a set of outer retinal biomarkers (ellipsoid zone and RPE attenuation and thickness) useful to predict evolution of dry AMD to subfoveal GA, while Abdelfattah et al. used drusen volume to predict development of wet AMD within 2 years (399, 400). Finally, tools that could be utilized in predicting response to anti-VEGF treatment have also been developed with accuracy comparable to retinal experts (65.4% vs. 53.8–76.9%) (401). A detailed review of tools for AMD progression prediction by fundus photographs or OCT has been constructed by Romond et al. (402).

The implementation of AI on AMD care still faces some challenges. The limitations of OCT (high cost, artifacts, low signal strength, and poor focus) still apply in this field. There is also a great need for dataset diversity in terms of age, race, and socioeconomic status in data analysis to provide broader and more accurate AI outputs, as baseline factors and phenotypes can vary among populations (389, 403).

In general, the impact of AI tools in the setting of AMD can be proved useful in screening, diagnosis, and differentiation of similar appearing conditions, prognosis, and disease monitoring. Whether or not they can benefit physicians and potentially influence clinical decisions remains to be seen.



Artificial Intelligence and Diabetic Retinopathy

Using AI in the setting of DR is one of the most promising applications in medicine. As opposed to general monitoring of diabetes, which can be performed easily (blood glucose testing, HbA1c levels and others), DR requires qualitative evaluation.

The modalities more commonly used for diagnosis and monitoring of DR are fundus pictures, OCT, and OCT-A scans (as mentioned above). AI has the potential to detect disease in early (even asymptomatic) stages, classify it, predict the disease course, and thus guide treatment in select eyes (404–406). Tools can match or even outperform physicians and can make access to screening broader and less expensive; algorithms and devices are already clinically available (IDx-DR by Digital Diagnostics, Coralville, IA, United States; SELENA+ by EyRIS, Singapore) and have been authorized for use in multiple fundus cameras (407–412). Training models for AI has been steadily increasing for diagnosing DR from fundus pictures, with accuracy, sensitivity, and specificity improving over time (reaching 95.7, 97.5, and 98%, respectively) (412–416).

Similar results are also seen when using CNNs for DR severity grading; Ryu et al. have recently developed a fully automated algorithm to classify DR stages with accuracy of 91–98%, sensitivity of 86–97%, and specificity of 94–99% (417, 418). Application of these models can also establish biomarkers useful for diagnosis and treatment response; these could be structural (retinal layer measurement, hyperreflective foci) or vascular (areas of non-perfusion, vascular leakage, microaneurysm count, and neovascularization) (387).




TELEOPHTHALMOLOGY AND SMARTPHONE FUNDUS IMAGING

Telemedicine is defined as “the use of electronic information and communications technologies to provide and support health care when distance separates the participants” (419). In response to its growing demand in recent years, further enhanced by the COVID-19 pandemic, ophthalmologists have begun to implement techniques and technologies more widely to better facilitate patient care in a remote setting. This would make access to eye care more accessible, easier and more convenient for patients, faster, and more cost-effective. In terms of ophthalmic care, teleophthalmology is mostly applicable to ophthalmic emergencies, screening, and monitoring of chronic conditions.

One such technique is imaging of the eye with a smartphone (smartphone imaging – SI). The use of smartphones for clinical imaging in ophthalmology was first introduced by Lord et al. in 2010 (420). It was demonstrated that an iPhone could be used to capture external photos of the orbit and surrounding structures, indirectly image the anterior segment and the fundus of the eye when used with a slit lamp fitted with a 78D lens or a handheld 20D lens (420).

Since its introduction, external attachments and phone applications that offer features, such as image storage and improved user-interface, have been developed with the aim of improving the image quality and utility of SI. Although many variations and distributors exist, a commonly used attachment is a macro lens that can be clipped over the camera of a smartphone to provide supplemental co-axial illumination, making imaged features of the eye more distinguishable (421). The ability for smartphones to be paired with additional attachments and other devices has given rise to techniques that make it applicable in a wider range of clinical scenarios than most other forms of imaging (421).

The current capability of SI in the observation of anterior segment features is promising. Refined techniques using either gonio or macro lens combinations make it possible to capture high-quality videos and standstill images of the iridocorneal angle (422, 423). A trial conducted by Pujari et al. found that inferior angle measurements acquired using the iPhone-macro lens combination demonstrate excellent correlation with measurements acquired using AS-OCT (424). SI can also be used for the analysis of globe torsion. Using a 360° protractor application, the axis of the eye can be compared between smartphone-macro lens images before and after surgical intervention to quantify torsion of the iris and retina (425, 426). It is possible to perform pupillometry using SI, giving smartphones additional utility in the management of neuro-ophthalmological disease (427, 428). McAnany et al. observed excellent agreement when comparing smartphone pupillometry with infrared camera pupillometry, and found significant correlations in pupillary light reflex and re-dilation size between both methods (429). Additionally, methods have been developed for smartphone photography to be used in measuring implantable contact lens vault and assessing the intraocular lens alignment of patients (430–432).

With respect to posterior segment features and pathology, SI can be used to assess and monitor the fundus of patients. While studies have outlined successful techniques for imaging of the optic disk with smartphones (Figure 8) (433–435), Pujari et al. document a strategy to evaluate the ONH using a macro lens phone attachment and 90D handheld lens (436). With a combination of a battery, an LED light source, a barrier, and an excitation filter fitted to an iPhone, Suto et al. also demonstrated for the first time that fundus FA can be captured with a smartphone, producing images comparable to those obtained by indirect ophthalmoscopy (437). More recently, Sivaraman et al. have come forward with a smartphone-coupled device capable of capturing widefield images of the retina beyond the posterior pole, with a field of view of 65° with a single take (438).

The SI is suited for the screening of common diseases, such as glaucoma, AMD, and DR (439–441). SI-based screening for glaucoma, using frequency doubling technology and a head-mounted display, was found to be comparable to Humphrey VF testing with good agreement and correlation between both techniques (440). Photographs of the ONH can also be acquired with SI, with moderate agreement with in-person evaluation and respectable positive and negative predictive values (77.5 and 82.2%, respectively) (441–443). Home monitoring of IOP with rebound tonometers or contact lenses is also possible (441, 444, 445). Teleophthalmology in the setting of AMD screening mostly aims to detect conversion from dry to neovascular form; Li et al. were the first group to demonstrate similar wait times between remote screening in tertiary clinics and referral to retinal specialists, although with increased wait times for treatment initiation (446). Monitoring for AMD progression with Amsler grids or macular VF testing (for example, a ForeseeHome device by Notal Vision Ltd., Tel Aviv, Israel) is more promising and can be beneficial for high-risk patients (441, 447). For DR, screening can be accomplished with imaging modalities, such as non-mydriatic ultrawide-field and multifield fundus photographs, and has been proved to be reliable and cost-effective; Tan et al. compared smartphone ophthalmoscopy to standardized techniques and found that SI had an overall sensitivity of 87% and specificity of 94% (441, 448–450).

Like with many other current ophthalmic imaging modalities, the future of SI may lie in AI. Algorithms, such as AlexNet, EyeArt, and Medios, are accessible and can be coupled with SI for the screening for disease (451). Studies have demonstrated that SI analysis performed using AI is able to improve the sensitivity and specificity of SI in diagnosing retinal disease (452, 453).



FLUORESCENCE LIFETIME IMAGING OPHTHALMOSCOPY

The retina exhibits intrinsic autofluorescence: reactive to light stimulation, chemical compounds absorb photons, and promote electrons to a higher power state that subsequently return to their stable state, emitting red-shifted protons in the process. The intensity and patterns of fluorescence can be detected with high-sensitivity detectors in fundus cameras and ophthalmoscopes, mapped and used to diagnose and monitor many macular conditions (454). Since the majority of the signals originate from lipofuscin in the RPE, its high intensity predominates and shadows other retinal molecules that also emit fluorescence. The new technique of FLIO measures the decay lifetime of retinal fluorophores (FLIO lifetimes – FLTs), which are unique to molecules (Dysli et al. have described the lifetimes of each fluorophore in detail) and, therefore, more sensitive of weak fluorophores that are masked using fundus autofluorescence (FAF) (455–457). Hence, FLIO can reveal not only structural but also metabolic and biochemical changes in the retina.

In a clinical setting, the first FLIO device used was developed by Heidelberg Engineering in 2012 and has been shown to be highly reproducible (458–460). FLIO patterns have been identified for a variety of retinal diseases and can be valuable in early detection and detailed monitoring. In AMD, FLIO displays a characteristic pattern of ring-shaped prolongation of the FLTs around the fovea, which is present in the early stages of the disease even before the appearance of drusen and increases as the disease progresses (greater in advanced AMD) (461). Apart from this sign, areas of GA and drusen also display FLT prolongation, and this information could be proved useful in the understanding of their pathogenesis and metabolism as well as monitoring their development (461–463). Since AMD can appear similar to Stargardt disease, FLIO can be used to differentiate the two, since FLTs in Stargardt disease are not prolonged, and the typical ring pattern of AMD is not present. Most importantly, retinal flecks in Stargardt disease appear in FLIO about a year earlier than in other imaging methods like FAF (464). In the case of hydroxychloroquine toxicity, where early toxicity detection is challenging, FLIO could provide a better alternative to electroretinogram (ERG) or OCT, since it can detect prolonged FLTs before structural changes appear (465, 466). FLIO has also been used to identify changes in other retinal conditions as well, including DR (Figure 7), vascular occlusive diseases, CSR, choroideremia, RP, and macular holes, and is believed to be a promising diagnostic method (463, 467–473).
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FIGURE 7. Funds autofluorescence (FAF) lifetime images (FLIO) and FAF intensity images in diabetic retinopathy (DR). Mean funds autofluorescence (FAF) lifetime images (FLIO) from two spectral channels, as well as FAF intensity images from the retina of a healthy control (Left) and a diabetic retinopathy patient (Right). The middle left panel comprises a standardized ETDRS grid. This figure was reprinted from Bernstein et al. (455) with permission.



[image: image]

FIGURE 8. Representative retinal images taken with D-eye. (A) A normal optic disk in an undilated child. (B) A normal posterior pole in a dilated 29-year-old woman. (C) Dry age-related maculopathy in an undilated 75-year-old man. (D) Optic nerve glioma in a 23-year-old undilated woman. (E) Posterior vitreous detachment in a dilated 72-year-old pseudophakic woman. (F) Waxy disk pallor and pigmentary changes in a 50-year-old man with retinitis pigmentosa (G,H). Depiction of the same optic nerve head by D-Eye and Canon CR-2 Retinal Camera. This figure was reprinted from Russo et al. (434) with permission.




MULTIMODAL IMAGING

Multimodal imaging involves the incorporation of two or more imaging technologies for a single purpose. Combinations of imaging modalities make it possible to perform a more comprehensive examination of tissue by compensating for the individual limitations of a single device. Multimodal imaging is often used to improve the utility of commonly used OCT technologies.

The OCT-A is an example of a modality that greatly benefits from multimodal imaging. Although it provides significant clinical utility through its ability to capture the vasculature of the retina, limitations in the acquisition speed of OCT-A create prolonged susceptibility to motion artifacts, and other reductions in image quality. Combining OCT-A, as well as other OCT variations, with SLO (OCT-SLO) allows for the implementation of motion tracking to compensate for involuntary eye movements during imaging (474–477). Commercially available systems that already currently use integrated OCT-SLO technology include the Zeiss PLEX Elite, Heidelberg Spectralis, and Optos Silverstone. Handheld OCT-SLO devices have also been implemented and have expanded the accessibility of multimodal imaging for pediatric, bedridden, and immobilized patients (143, 144). Additionally, OCT-A devices can be combined with vis-OCT to establish a complementary endogenous contrast, which allows for blood oxygen saturation to be quantified and used as a biomarker for DR and AMD (96, 102, 105, 106, 478–482).

While no clinical system is commercially available, photoacoustic microscopy (PAM) is an imaging modality that can be used in ophthalmology to detect the distribution of emitted acoustic waves in vascular tissue, with the ability to map blood absorption without the use of exogenous contrast. Combining PAM with OCT imaging establishes complementary structural and vascular contrast, which has been used to capture neovascularization associated with DR and wet AMD in animal models (483–487). Nguyen et al. further demonstrated that the multimodal combination of PAM with OCT has utility in monitoring vascular and structural changes associated with vascular occlusion (488, 489). PAM has additionally been combined with Doppler OCT to measure retinal oxygen metabolism with the potential to aid in an earlier diagnosis of DR, AMD, and glaucoma (478, 490).

Other experimental imaging techniques that have begun to make headway in multimodal research include polarization-sensitive OCT, photothermal OCT, and optical coherence elastography, which, when combined with more standard techniques, have been shown to allow for the differentiation between depolarizing and birefringent tissue (491, 492), establishment of molecular contrast (493–496), and biomechanical assessment of tissue, respectively (497, 498).



CONCLUSION

The field of ocular imaging is rapidly advancing. The sheer number of imaging modalities that exist nowadays provides physicians and researchers with a substantially high number to study eye conditions and gather information. This variety of available technologies (Figure 9) provides a multimodal approach to eye imaging, which will inevitably lead to optimization of imaging techniques for each condition individually.
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FIGURE 9. A summary of the modern ocular imaging modalities.


Most innovations are centered around OCT, since it has become the gold standard of managing most retinal diseases; a summary of the OCT imaging modalities is displayed in Table 1. As hardware components and image processing improve, OCT is bound to be improved in multiple ways: faster and higher quality scanning, lower costs, and greater population coverage. These are applications that can be applied worldwide and elevate the standard, commercially available OCT scanner. Some of the new technologies described previously, such as AS-OCT, I-OCT, and HH-OCT, are beginning to be used more widely and are already making a significant impact on medical decisions. Others, like Vis-OCT, FF-OCT, and AO-OCT, that are still rapidly evolving, will undoubtedly be improved and optimized for routine clinical use.


TABLE 1. Review and evolution of optical coherence tomography (OCT) imaging technologies in chronological order (3, 195, 196, 252, 255, 265, 308, 312, 499–506).
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The most exciting prospect of eye imaging is the incorporation of AI. AI is becoming more accessible and broadly studied, and ophthalmology provides the perfect foundation for its rapid evolution. As such, it is fairly safe to assume that ophthalmology will be among the first medical specialties to transition from a traditional, physician-only care approach to a collaboration between human and software decision-making. The ability to provide valuable data from simple images can help millions of people get eye care in the first place but also improve and optimize the way patients are managed and treated. There are still, though, issues to be considered before safely applying AI in the routine care; these range from mostly technical, namely, the issue of performing AI tasks in most imaging devices, to medical in order to ensure its efficacy and reliability, as well as ethical. Despite these hurdles, AI will be a huge step toward ultimately decreasing blindness and providing equal health care across the entire population.

In conclusion, the evolution of ocular imaging is truly fascinating. The next years will be critical in its evolution and will definitely contribute to the ultimate goals of minimizing blindness and ensuring optimal care for patients.
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ABBREVIATIONS

AI, artificial intelligence; AMD, age-related macular degeneration; AO, adaptive optics; AUC, area under the receiver-operator characteristic curve; CNV, choroidal neovascularization; CSR, central serous retinopathy; DALK, deep anterior lamellar keratoplasty; DED, dry eye disease; DL, deep learning; DR, diabetic retinopathy; FA, fluorescein angiography; FAF, fundus autofluorescence; FD-OCT, fourier-domain optical coherence tomography; FFNN, feed forward neural network; ILM, internal limiting membrane; IPL, inner plexiform layer; GA, geographic atrophy; GCL, ganglion cell layer; INL, inner nuclear layer; IOP, intraocular pressure; IPL, inner plexiform layer; LDH, laser doppler holography; ML, machine learning; NIR-OCT, near-infrared optical coherence tomography; NN, neural network; ONH, optic nerve head; OCT, optical coherence tomography; OCT-A, optical coherence tomography angiography; ORG, optoretinogram; POAG, primary open angle glaucoma; RGC, retinal ganglion cell(s); RNFL, retinal nerve fiber layer; ROP, retinopathy of prematurity; RP, retinitis pigmentosa; RPE, retinal pigment epithelium; SD-OCT, spectral-domain optical coherence tomography; SNR, signal-to-noise ratio; SS-OCT, swept-source optical coherence tomography; TD-OCT, time-domain optical coherence tomography; VF, visual field(s); Vis-OCT, visible light optical coherence tomography.
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High-resolution ophthalmic imaging devices including spectral-domain and full-field optical coherence tomography (SDOCT and FFOCT) are adversely affected by the presence of continuous involuntary retinal axial motion. Here, we thoroughly quantify and characterize retinal axial motion with both high temporal resolution (200,000 A-scans/s) and high axial resolution (4.5 μm), recorded over a typical data acquisition duration of 3 s with an SDOCT device over 14 subjects. We demonstrate that although breath-holding can help decrease large-and-slow drifts, it increases small-and-fast fluctuations, which is not ideal when motion compensation is desired. Finally, by simulating the action of an axial motion stabilization control loop, we show that a loop rate of 1.2 kHz is ideal to achieve 100% robust clinical in-vivo retinal imaging.
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1. INTRODUCTION

A major challenge for in vivo retinal high resolution ophthalmic imaging with optical coherence tomography (OCT) is posed by artifacts caused by constant involuntary axial eye motion, from sources including head and body motion, physiological phenomena such as cardiac cycle, blood flow, pulsation, muscular, and/or respiratory activity (1, 2). For simple B-scan acquisition with SD-OCT devices, motion related artifacts can be automatically corrected during post-processing, but with the growing popularity of imaging methods based on volumetric SDOCT acquisitions with en face image reconstruction such as motion contrast-based OCT-Angiography (OCTA) (3), axial eye motion may provoke enough decorrelation to cause the false positive appearance of flow, significantly degrade the image quality, and add distracting artifacts in reconstructed en face slices (4).

Axial eye motion is also an important consideration for camera-based OCT techniques which acquire directly in the en face direction, such as time-domain full-field optical coherence tomography (FFOCT). FFOCT is an imaging modality capable of recording high-speed en-face sections of a sample at a given depth (5). One very attractive characteristic of FFOCT is the use of spatially incoherent illumination to make the FFOCT lateral resolution robust to symmetric optical aberrations (6), which are the dominant aberrations in the eye (around 90%) (7). By exploiting this phenomenon, we were able to apply FFOCT for high 3D resolution imaging of the living human retina. This achievement was possible owing to recent advances in FFOCT, including shaping the temporal coherence gate to match the retina curvature, achieving a wide field-of-view (5 × 5°) (8), stabilizing the axial retinal motion in real-time (9), and increasing signal-to-noise ratio (SNR) using the adaptive-glasses approach for ocular aberration correction (10). Given its relative simplicity and small footprint, FFOCT holds promise for adoption by clinicians (11).

When acquiring a single en-face image in FFOCT, a micrometer stabilization precision can be obtained. However, longer acquisition durations on the order of a few seconds may be necessary in the clinical setting in order to allow image averaging to improve SNR. Therefore, it is necessary to accurately compensate for axial motion during image acquisition by moving the reference or the sample arm of FFOCT accordingly (9). A few methods exist, but they are either used in conventional OCT, thus not suitable for FFOCT en-face imaging (12, 13), or are not sufficiently stable to remain within the coherence gate for acquisition durations over several seconds (9). Indeed, our previous work (9) achieved an RMS error of around 10 μm, i.e., greater than the coherence gate width of 8 μm, which was nevertheless sufficient for a satisfactory 60% imaging success rate in subjects with good fixation. However, for imaging in patients who may have poorer fixation, and eventual extension to in vivo functional imaging with dynamic FFOCT (14), a greater precision of axial tracking is desirable. Although the causes of axial retinal motion are well understood, the literature on axial retinal motion is still incomplete, as collected data had low temporal and axial resolution (1), and tested relatively few subjects (1, 9, 13), so that general conclusions on the most suitable design of a retinal axial motion stabilization control-loop could not be drawn.

In this article, we present the first characterization of the axial retinal motion with both high temporal resolution (200,000 A-scans/s) and high axial resolution (4.5 μm in water), over a typical data acquisition duration of 3 s. Characterization is performed on a 14-subject population, making it possible to come up with a statistical description reflecting the inter-subject variability. We also evaluate for the first time the direct influence of breathing on axial motion in our population, as this is a parameter that is clinically feasible to control during short image acquisition durations and which may affect stability. Finally, we draw conclusions on design considerations of axial retinal motion stabilization for robust clinical in vivo retinal OCTA and FFOCT imaging.



2. METHODS

To measure the retinal axial position, we used a commercial spectral domain OCT system (SD-OCT; GAN611, Thorlabs). The SD-OCT system comprises a broadband superluminescent diode with 930 nm central wavelength and 100 nm bandwidth, providing a theoretical axial resolution of 4 μm in water. It presents an A-scan rate up to 248 kHz with a sensitivity of 84 dB and 1,024 axial pixels, comprising an axial range of 2.2 mm in water. The galvanometer scanners of the SD-OCT were conjugated to the eye's pupil with a 4-f system. The SD-OCT light beam arrives in the eye's pupil with a 4 mm diameter. The experimental setup is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Schematic drawing of the experimental setup used for retinal axial motion measurement, consisting of a commercial SD-OCT, a 4-f system conjugating the scanner in SD-OCT to the eye's pupil, and a LCD projector to display the target for eye fixation. The SD-OCT light beam arrives in the eye's pupil with a 4 mm diameter.


To obtain statistics on axial retinal motion, 14 healthy subjects (age 22–80 years) free of ocular disease were invited to participate in the study. Research procedures followed the tenets of the Declaration of Helsinki. Prior to data collection, the nature and possible consequences of the study were explained, and informed consent was obtained from all subjects. This study was authorized by the appropriate ethics review boards [CPP and ANSM (IDRCB number: 2019-A00942-55)]. Subjects were seated in front of the system and stabilized with a chin and forehead rest, without any pupil dilation nor cycloplegia. Image acquisition was realized in a dark room, maximizing the pupil dilation. They were asked to gaze at a yellow fixation cross displayed on a black screen using an LCD projector, maintaining fixation for about 4 s until acquisition was complete. To provide a good trade-off between acquisition speed and SNR, we chose to scan 1° field of view (FOV) of the retina with 256 A-scans at 200 kHz A-scan rate, corresponding to 1.28-ms exposure time for a single B-scan. With a 2-ms fly-back time, we were able to achieve a B-scan rate of 300 Hz. During image acquisition, the output power measured at the eye pupil plane was 850 μW, which is below the ocular safety limits established by the ISO standards for group 1 devices. To study the influence of breathing on axial retinal motion, two groups of data were obtained from our 14-subject population: while subjects held their breath for around 5 s or while they were breathing normally. The participants would indicate if they succeeded in holding their breath during acquisition. In the case of ambiguous data, a new dataset would be acquired.

After image acquisition, SD-OCT B-scan images were used to measure the retinal axial position using a previously introduced algorithm based on normalized cross-correlation and parabolic fitting to obtain a subpixel precision (9). Blinks were automatically detected by an intensity-based algorithm (9). We extracted blink-free B-scan sequences, resulting in 3-s time series of retinal axial position data for all 14 subjects. Temporal power spectral densities (PSD) were calculated by a FFT routine.



3. RESULTS AND DISCUSSION


3.1. Temporal Fluctuation of Retinal Axial Position

Figures 2A–D presents four typical examples of retinal axial position as a function of time. A good superposition of measured axial position (red line) and averaged A-scan time series has validated the proposed data processing method. As exemplified here, slow drifts and relative fast oscillations could be observed in all 14 subjects. Still, the slow and fast motion amplitude and frequency varied among subjects. Figures 2E–H present the corresponding axial motion power spectra density (PSD) for the same subjects in Figures 2A–D. All PSDs present similar behavior, with an energy decay in a f−p power-law, where f is the frequency, before reaching the noise-level plateau around 150 Hz. Note that the presence of pronounced peaks between 1 and 4 Hz varied in the population.


[image: Figure 2]
FIGURE 2. Dynamics of retinal axial position. (A–D) Four examples of acquired averaged A-scan time series over 3 s without blinks. The red line indicates the measured axial position temporal evolution. (E–H) Corresponding temporal PSD computed for the retinal axial position. Note that subjects 1 and 12 held their breath, while subjects 4 and 9 breathed normally.


To draw statistics of retinal axial motion, and to investigate the effect of breathing on motion, we computed the standard deviation of each axial position time series for each of 14 subjects. Figure 3 shows temporal fluctuation of axial position under breath holding (blue bars) and normal breathing (red bars) conditions. Note that 9 subjects out of 14 presented a lower temporal fluctuation while holding their breath. Greater variations observed in subjects 12 and 13 are caused by larger drifts, most probably due to head motion. Two participants (subjects 1 and 6) were trained for eye fixation tasks. In contrast to retinal lateral motion, where experience in fixation can play an important role in the temporal fluctuation (15, 16), here no significant difference was noted, apart from a decrease of slow-and-large drifts linked to breathing and head motion. Additionally, although fixational microsaccades, i.e., fast and large amplitude lateral motion (15), took place during acquisition, axial retinal motion is not impacted by microsaccades.


[image: Figure 3]
FIGURE 3. Fluctuations of axial position for 14 subjects tested during breath-holding (blue) and normal breathing (red), calculated as the standard deviation of axial position.


We computed the median ± standard deviation over the population of peak-to-valley (PV) amplitude, mean deviation from zero, root mean square (RMS) value and speed of 3-s time series of retina axial positions for both breath-holding and normal breathing conditions. Results of this statistical analysis is summarized in Table 1. During normal breathing, retinal axial motion presents higher PV amplitude, meaning that slow drifts are more important compared with the breath-holding condition. Indeed, it has been shown that breathing may cause slow and large drifts due to the movement of the subject's head (1). Not surprisingly, after filtering out slow drifts corresponding to <2 Hz temporal frequency, we found similar PV amplitude value for both conditions, 158 ± 52 μm for normal breathing compared to 160 ± 46 μm for breath-holding. Similar values of mean deviation from zero (26 ± 15 against 25 ± 11 μm) and RMS (32 ± 18 against 31 ± 12 μm) were also obtained for normal breathing and breath-holding conditions respectively. These results suggest that respiration induces axial motion at temporal frequencies up to 2 Hz, whereas respiration rate is around 0.2 Hz (1). On the other hand, the breath-holding condition exhibited a faster axial movement of 988 ± 209 μm/s, compared to 941 ± 194 μm/s in the case of normal breathing, for which the causes are still unclear. In both cases, computed speeds are in line with 958 μm/s median speed previously reported (2), and are assumed to be related to the systolic phase of the heart pulse.


Table 1. Axial motion statistics (median ± standard deviation) over the 14-subject population.

[image: Table 1]

Figure 4 presents the averaged PSD over all 14 subjects in both breath-holding and normal breathing conditions. The averaged PSD has a f−2.2 mean power-law before reaching the experimental noise-level at 150 Hz. Temporal frequencies below 1Hz present a factor of two lower PSD in the breath-holding condition than the normal breathing condition, highlighting the influence of respiration on axial motion. Remarkably, this difference is more pronounced at temporal frequencies associated to heartbeat (1–2 Hz), showing a link between breathing and heartbeat on retinal axial motion. Indeed, apnea can induce a reduction in cardiac output and peripheral vasoconstriction (17, 18). Both normal breathing and breath-holding conditions presented a similar behavior in the range of 3–6 Hz, with some marked peak rises around 3–4 Hz, which may be a high order harmonic of heartbeat rate (1) or related to pulsatile blood flow in the retina or in the choroid (19). Meanwhile, similar to the computed speed behavior, the PSD in the range of 7–150 Hz is more important in the breath-holding condition than under normal breathing.


[image: Figure 4]
FIGURE 4. Averaged PSD over 14 subjects in breath-holding (blue trace) and normal breathing (red trace) conditions. The black dashed line gives a linear regression of the PSD following a f−2.2 behavior.




3.2. Axial Tracking Loop Simulation

Having characterized retinal axial motion, and knowing that breathing, heartbeat and pulsatile blood flow each play an important role, we next addressed the question of how fast the stabilization control-loop should run to precisely compensate for retinal axial motion in real-time for in vivo retinal imaging. To answer this question, we simulated the action of a retinal axial motion stabilization loop and integrator-based control scheme with a 0.5 gain (ensuring 45° stability margin) (20), assuming a two-frame delay (21). Figure 5 displays the overall distribution of axial RMS tracking errors among all participants and for different stabilization control loop rates. This result provides a valuable tool for selecting the acquisition frequency for retinal axial motion measurement, and consequently the control-loop rate for stabilization. For instance, it indicates that at 150 Hz loop-rate, the residual axial motion should be ~10 μm rms in a normal breathing condition.


[image: Figure 5]
FIGURE 5. Box plot representation of residual RMS motion for different acquisition frequencies. The line within the box identifies the median. The blue and red traces indicate median RMS tracking errors during breath-holding and normal breathing, respectively. The length of the box represents the interquartile range (IQR), with the edges being the 25th (lower quartile) and 75th (upper quartile) percentiles. The ends of the whiskers represent minimum and maximum values. Values more than 1.5 IQRs are labeled as outliers (+). Note that the figure is plotted in a logarithmic scale.


In the context of applying dynamic (D-) FFOCT in vivo, the use of singular value decomposition (SVD) processing was recently proposed to filter out the axial displacement of the sample from the local fluctuations linked to intracellular motility (22). This study showed that axial motion suppression works as long as residual axial motion after correction is smaller than the temporal coherence gate width (22, 23). In FFOCT high-resolution in vivo retinal imaging, a temporal coherence gate of 8 μm is used (10). Therefore, if we approximate the temporal fluctuation of retinal axial motion as a Gaussian distribution, one can establish that an RMS error below 4 μm will ensure a residual axial motion of amplitude lower than the 8 μm coherence gate width more than 95% of the time. An RMS error of 4 μm can be achieved on average with a stabilization control-loop rate of 400 Hz under normal breathing conditions. The same precision can be obtained under the breath-holding condition, but with a higher loop rate, here around 600 Hz, showing that holding breath does not necessarily help axial motion stabilization but may in fact hinder it. Indeed, although breath holding decreases low temporal frequencies, these are the frequencies that are better managed by an integrator-based control scheme (9, 20). On the other hand, breath holding amplifies high temporal frequencies, which are also amplified by an integrator-based control scheme (9, 20).

In clinical application of FFOCT, one needs to consider the temporal fluctuation variability among subjects and ensure that the stabilization precision is enough to achieve robust imaging for 100% of the patients. Figure 6 highlights the proportion of subjects (of the 14 in total) where stabilization precision below 4 μm was obtained throughout the entire time series (i.e., 3 s) for different stabilization control-loop rates. To ensure robust FFOCT acquisition in all subjects, a control-loop rate of at least 1.2 kHz is necessary. Enticingly, this level of stability would also theoretically allow the first in vivo acquisition of dynamic FFOCT datasets, as axial motion would remain within the coherence gate width over the 3 s acquisition time required for a dynamic FFOCT image stack to probe temporal frequencies carrying intracellular dynamic signal (typically between 1 and 10 Hz) (14). This finding further supports the work of Pircher et al. (13) who found that increased high loop rate of 1 kHz enabled the reduction of the residual axial motion below 5 μm in transverse-scanning OCT. As commonly done in OCTA, the reduction of the axial resolution can help to decrease the sensitivity to axial motion, thus relaxing the control loop rate (4). For instance, a 600 Hz loop rate would be sufficient to ensure a residual RMS motion less than 8 μm in 100% of the patients for a 16 μm axial resolution (Figure 6). Another strategy to alleviate the control loop rate is the use of Linear-quadratic-Gaussian (LQG) control law (24). Indeed, such an LQG approach could incorporate in the control strategy the specific spatio-temporal statistical structure of the axial retinal motion. The implementation of the LQG control strategy will be explored during future system optimization. An interesting way to reduce axial motion dynamics would be to perform measurements when the subject is lying down. Indeed, Kinkelder et al. (1) showed that the movements of the subject's head were reduced in a supine position. However, this posture is impractical for patients in clinical applications and so was not considered in our study. Correcting the axial motion in real-time in volumetric SDOCT and OCTA en-face projections can also present advantages such as artifact suppression, optimization of SNR—given that the sensitivity decay with depth position would be avoided—access to the highest axial resolution, and decrease in the computational complexity of 3D registration algorithms.


[image: Figure 6]
FIGURE 6. Proportion of data with residual RMS motion below 4 μm with respect to 8 μm axial resolution for in vivo FFOCT imaging, and below 8 μm with respect to 16 μm axial resolution for different acquisition frequencies. Blue and green traces for breath-holding, red and black traces for normal breathing.





4. CONCLUSION

In conclusion, this study has been one of the first attempts to thoroughly quantify and characterize retinal axial motion with high temporal resolution. The results of this experiment show that head motion during breathing, heartbeat and pulsatile blood flow significantly account for involuntary retinal axial displacement in the low-frequency domain below 5 Hz. We also demonstrated that breath holding can help decrease large-and-slow drifts. However, contrary to expectations, when holding breath, axial motion presented a higher speed and higher PSD for temporal frequencies from 7 to 150 Hz, which is not ideal when motion compensation is desired. Further investigation is necessary to understand the mechanism behind this phenomenon. Finally, by simulating the action of an axial motion stabilization control loop, we showed that a loop rate of 1.2 kHz is ideal to achieve 100% robust FFOCT in in vivo human retina, and could even pave the way to acquiring dynamic FFOCT in vivo. To relax the loop-rate constraint, a practical solution can be the combination of lower axial resolution and LQG control law.
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Abbreviation of
landmarks

En
Ex

Pc

FUm
EUm
EUm"
EUm’

Lm’

FLm
ELm
ELm"
ELm’
Ps

Pi

FPs
EPs
EPs”
EPs’

w

FU
ELl
EL"
EL

Definition

Endocanthion, inner commissure of the palpebral fissure

Exocanthion, outer commissure of the lower and upper
eyelash roots of the palpebral fissure

Pupilary center

Medial comeoscleral imbus point horizontal to pupillary
center

Lateral corneoscleral limbus point horizontal to pupilary
center

Inferior margin point of the medial eyebrow end (sometimes
locates at the same place with EEn);

superior margin point
middle point

Inferior margin point of eyebrow vertical to En
Superior margin point of eyebrow vertical to En
Middle point of eyebrow vertical to En

Middle point between En and L’ at the upper palpebral
margin on the lash roots

Middle point between En and Lm" at the lower palpebral
margin on the lash roots.

Point vertical to U at the lid fold superioris

Point vertical to Um at the inferior margin of eyebrows
Point vertical to Um at the superior margin point

Point vertical to Um at the middle point

Point vertical to Lm at the upper palpebral margin on the lash
roots

Point vertical to Lm at the lower palpebral margin on the lash
roots

Point vertical to Lm at the lid fold superioris

Point vertical to Lm at the inferior margin of eyebrows
Point vertical to Lm at the superior margin of eyebrows
Point vertical to Lm at the middle margin of eyebrows

Palpebrale superioris, Point vertical to Pc at the upper
palpebral margin on the lash roots

Palpebrale inferioris, Point vertical to Pc at the lower palpebral
margin on the lash roots

Point vertical to Pc at the lid fold superioris
Point vertical to Pc at the inferior margin of eyebrows
Point vertical to Pc at the superior margin of eyebrows
Point vertical to Pc at the middle margin of eyebrows

Point vertical to L at the upper palpebral margin on the lash
roots

Point vertical to L at the lower palpeboral margin on the lash
roots

Point vertical to LI at the ld fold superioris.
Point vertical to LI at the inferior margin of eyebrows
Point vertical to L at the superior margin of eyebrows.
Point vertical to Li at the middle margin of eyebrows

‘The middle between Ex and LI" at the upper palpebral margin
onthe lash roots

The middle between Ex and LI" at the lower palpebral margin
on the lash roots

FUI Point vertical to Ul at the lid fold superioris

Point vertical to Ul at the inferior margin of eyebrows

Point vertical to Ul at the superior margin of eyebrows

Point vertical to Ul at the middle margin of eyebrows

Point vertical to Ex at the lid fold superioris

Point vertical to Ex at the inferior margin of eyebrows

Point vertical to Ex at the superior margin of eyebrows

Point vertical to Ex at the middle margin of eyebrows

Point vertical to Ex at the id fold superioris in lateral view
Point vertical to Ex at the inferior margin of eyebrows in lateral
view

Point vertical to Ex at the superior margin of eyebrows in
lateral view

Point vertical to Ex at the middle margin of eyebrows in lateral
view

inferior margin of the lateral eyebrow end

‘superior margin of the lateral eyebrow end

middle margin of the lateral eyebrow end
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PV (um) Mean deviation (km) RMS (im) Speed (xm/s)

Normal breathing 276 154 57+36 6842 941x194
Holding breath 230 £ 98 42+24 5228 988 + 209

Statistics were rawn in both normal breathing and breath-holding conditions in time
series of 3-s duration. PV, peak-to-valley amplitude.
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Variables

icc
Excellent (20.75)
Satisfactory (0.4-0.75)
Poor (<0.4)

MAD

<1 unit

>1 unit

TEM

<1 unit

>1 unit

REM

Excellent (<1%)
Very good (1-3.9%)
Good (4-6.9%)
Moderate (7-9.9%)
Poor (>10%)

TEM

Excellent (<1%)
Very good (1-3.9%)
Good (4-6.9%)
Moderate (7-9.9%)
Poor (>10%)

Upper lid fold-related variables (7/7)

M3-M3

71.4% (5/7)
28.6% (2/7)
0% (017)

100% (7/7)

100% (7/7)

57.1% (4/7)
42.9% (3/7)
0% (0/7)

14.3% (1/7)
14.3% (1/7)
71.4% (6/7)

H2-H2

57.1% (4/7)
42.9% (3/7)
0% (0/7)

100% (7/7)

100% (7/7)

28.6% (2/7)
57.1% (477)
14.3% (1/7)

28.6% (2/7)
71.4% (5/7)

M3-H2

0% (0/7)
100% (7/7)
0% (0/7)

100% (7/7)

85.7% (6/7)
14.3% (1/7)

42.9% (3/7)
28.6% (2/7)
14.3% (1/7)
14.3% (1/7)

100% (7/7)

M3-H2 (Mean)

0% (0/7)
100% (7/7)
0% (0/7)

100% (7/7)

100% (7/7)

28.6% (2/7)
42.9% (3/7)
28.6% (2/7)

100% (7/7)

Palpebral fissure-related variables (15/15)

M3-m3

93.3% (14/15)
6.7% (1/15)
0% (0/15)

93.3% (14/15)
6.7% (1/15)

60% (9/15)
40% (6/15)

73.3% (11/15)
26.7% (4/15)

20% (3/15)
46.7% (7/15)
20% (3/15)
6.7% (1/15)
6.7% (1/15)

H2-H2

100% (15/15)
0% (0/15)
0% (0/15)

100% (15/15)

60% (9/15)
40% (6/15)

80% (12/15)
20% (3/15)

26.7% (4/15)
40% (6/15)
33.3% (5/15)

M3-H2

73.3% (11/15)
20% (3/15)
6.7% (1/15)

53.3% (8/15)
48.7% (7/15)

40% (6/15)
60% (9/15)

26.7% (4/15)
60% (9/15)
6.7% (1/15)

6.7% (1/15)

46.7% (7/15)
26.7% (4/15)
6.7% (1/15)
6.7% (1/15)

M3-H2 (Mean)

86.7% (13/15)
13.3% (2/15)
0% (0/15)

73.3% (11/15)
26.7 (4/15)

46.7% (7/15)
53.3% (8/15)

33.3% (5/15)
46.7% (7/15)
6.7% (1/15)

6.7% (1/15)

26.7% (4/15)
26.7% (4/15)
40% (6/15)

6.7% (1/15)

Eyebrow-related variables (24/24)

M3-mM3

100% (24/24)
0% (0/24)
0% (0/24)

100% (24/24)

87.5% (21/24)
12.5% (3/24)

95.8% (28/24)
4.2% (1/24)

75% (18/24)
25% (6/24)

H2-H2

95.8% (28/24)
4.2% (1/24)
0% (0/24)

100% (24/24)

87.5% (21/24)
12.5% (3/24)

87.5% (21/24)
12.5% (3/24)

70.8% (17/24)
16.7% (4/24)
12.5% (3/24)

M3-H2

83.3% (20/24)
16.7% (4/24)
0% (0/24)

100% (24/24)

62.5% (15/24)
37.5% (@/24)

41.7% (10/24)
50% (12/24)
4.2% (1/24)
4.2% (1/24)

37.5% (9/24)
45.8% (11/24)
12.5% (3/24)
4.2% (1/24)

M3-H2 (Mean)

95.8% (28/24)
4.2% (1/24)
0% (0/24)

100% (24/24)

75% (18/24)
25% (6/24)

45.8% (11/24)
45.8% (11/24)
8.3% (2/24)

41.7% (10/24)
45.8% (11/24)
12.5% (3/24)
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Device
comparison

1CC (C1 95%)

Liner distances (mm)

PFW
PFH
EEnD_|
EEND_M
EEnD_S
FPDm
EPDm_|
EPDmM_M
EPDM_S
FLmD
ELmD_|
ELmD_M
ELmD_S
FPD
EPD_I
EPD_M
EPD_S
FLID
ELID_I
ELID_M
ELID_S
FPDI
EPDLI
EPDL_M
EPDLS
FEXD
EExD_|
EEXD_M
EEXD_S
FEXDI
EEXD_
EEXDI_M
EEXDLS

Curvatures (mm)
UPML
UPMLm
LPML
LPMLm
ELI

ELM
ELS
Angles (°)
MCA
MCAm
LA
LcAm

cr

Mean

Cl, confidence interval.

*Represents p-values calculated from Wilcoxon's signed-rank test and the rest derived from paired-samples t-test. Results with P < 0.05 are marked in bold.

083 (0.46-0.99)
0.80 (0.70-0.86)
0.79 (0.71-0.85)
0.88(0.83-091)
0.90 (0.87-0.98)
0.66 (0.45-0.78)
0.81(0.73-0.86)
086 (0.80-0.90)
0.89(0.84-0.92)
059 (0.46-0.70)
0.7 (0.67-0.84)
0.80 (0.73-0.86)
085 (0.79-0.89)
069 (0.59-0.78)
0.71(0.54-081)
0.71(0.58-0.79)
081(0.73-0.87)
063 (0.51-0.79)
083 (0.60-091)
0.74(0.54-0.84)
0.84(0.76-0.89)
045 (0.20-0.58)
0.83(0.82-092)
0.60 (0.46-0.70)
0.83(0.83-091)
045 (0.28-0.59)
092 (0.89-0.94)
0.90 (0.86-0.93)
0.90 (0.86-0.93)
0.64(0.42-0.77)
089/(0.43-0.96)
087 (0.55-0.95)
089 (0.79-0.94)
085 (0.79-0.89)
0.90 (0.98-0.99)
0.95 (0.93-0.98)
0.95 (0.65-0.98)

076 (0.52-0.82)
0,65 (0.39-0.79)
087 (0.69-0.93)
072 (0.27-087)
089 (0.84-0.92)
0.96 (0.94-097)
095 (0.92-0.96)

0.77 (0.64-0.85)

0.79(0.70-0.86)

0.71(0.58-0.80)

0.39(0.11-0.58)

0.79 (0.66-0.88)
079

MAD

0.67
027
0.33
0.18
0.07
0.45
0.01
0.27
0.33
0.07
0.38
0.22
0.12
0.13
0.64
0.48
0.43
0.04
0.78
0.66
0.48
0.27
0.43
0.44
0.18
0.49
0.20
0.11
0.05
0.46
1.12
0.84
0.67
0.02
0.05
0.33
0.98

1.02
1.00
0.68
1.03
0.16
0.41
0.61

124
1.86
1.22
6.83
1.14
0.63

M3 vs. H2

TEM

0.73
0.63
0.88
0.78
0.89
0.69
0.82
0.76
0.85
0.45
0.94
0.89
0.99
0.60
1.09
1.05
1.16
0.64
1.00
0.98
1.06
0.82
0.93
151
097
0.98
0.86
0.72
0.88
0.69
111
0.61
1.05
0.19
029
0.65
0.96

137
1.38
111
112
1.89
1.80
2.02

218
4.32
2.61
8.73
1.68
131

ITEM

2.46
5.18
5631

327
3.13
15.10
591

3.60
333
11.15
8.77
5.02

448
17.29
11.16
6.56
5.65
16.85
8.98
5.86
494

17.27
6.76
794

4.09
13.63
485
311

3.26
15.15
7.80
3.21

458
1.67

0.88
1.04

1.06

3.56
5.34
3.28
an
3.18
252
293

5.14
71
6.49
13.18
1.00
7.62

REM

225
223
1.98
0.74
0.24
9.86
0.05
126
1.27
1.65
353
1.24
0.56
3.86
6.60
299
208
1.00
6.97
3.93
226
5.68
3.10
232
0.78
6.80
111
0.46
0.17
10.03
7.85
4.41
293
0.16
0.14
0.52
1.08

266
3.87
1.99
4.34
027
0.57
0.88

293
3.06
3.04
1031
0.68
2.83

p-value

<0.001
0.001

0.004
0.080
0.549
<0.001
0.951

0.006
0.003
0.432

0.056
0346
o.108"
<0001t
<0.001
0.004
0962t
<0.001
<0.001
<0.001
0074t
<0.001
0.001t
0.143
0.004
0077
0255
0686
<0.001
<0.001
<0.001
<0.001
0.454
0.763"
0.005
<0.001

<0.001
<0.001
<0.001
<0.001
0519
0.048"
0.020

<0.001
0.001
<0.001
<0.001
<0.001

1CC (C1 95%)

082 (051-0.91)
0.86 (0.81-0.90)
0.85 (0.76-0.90)
0.92 (0.88-0.95)
0.95 (0.93-0.96)
0.72 (0.48-0.84)
0.85 (0.79-0.90)
0.90 (0.85-0.98)
0.92 (0.88-0.95)
0.68 (0.57-0.77)
0.80 (0.72-0.86)
0,84 (0.78-0.88)
0.88 (0.83-0.92)
0.73 (0.63-0.80)
0.76 (0.63-0.84)
0.7 (067-0.84)
0.85 (0.79-0.89)
0.73 (0.63-0.80)
0.84 (0.64-0.92)
0.78 (0.61-0.87)
0.86 (0.80-0.90)
0.56 (0.42-0.68)
0.88 (0.80-0.93)
0.74 (0.64-0.81)
0.89 (0.85-0.92)
0.53 (0.36-0.66)
0.94 (0.90-0.96)
091 (0.87-0.94)
091 (0.88-0.94)
0.70 051-0.81)
0.89 (0.29-0.96)
0.88 (0.43-0.96)
0.90 (0.76-0.95)
087 0.81-0.91)
099 (0.99-1.0)
0.98 (0.92-0.99)
0.96 (0.91-0.99)

0.82 (0.68-0.89)
0.73(0.48-0.85)
087 (0.75-0.92)
0.75 (0.24-0.89)
0.92 (0.89-0.95)
0.97 (0.95-0.98)
0.96 (094-0.97)

0.84 (0.75-0.89)

0.83 (0.69-0.90)

0.7 (0.58-0.86)

0.47 (0.04-0.70)

0.84(0.63-091)
083

M2 vs. H2 (Mean)

MAD

0.65
0.12
0.39
022
0.12
0.44
0.02
023
027
0.08
027
011
0.02
0.18
061
0.39
034
0.05
0.68
057
041
023
0.49
0.41
0.19
045
031
0.19
011
0.37
1.18
0.88
074
0.08
0.02
0.39
0.90

0.70
0.80
0.55
0.96
0.16
0.36
0.52

084
241
1.62
7.42
1.09
062

TEM

0.76
0.50
0.73
061
0.64
0.61
071
0.66
073
0.56
0.86
081
0.90
0.55
0.92
091
1.04
051
0.89
0.88
1.02
0.64
0.89
1.09
0.93
0.87
0.76
0.68
0.84
0.59
1.09
0.88
097
0.17
0.22
0.44
0.0

1.09
1.09
0.85
1.00
151
1.65
1.78

1.75
3.76
2.26
7.81
1.46
1.10

ITEM

256
4.07

4.39
258
227

13.17
5.09
311

283
13.97
8.05
4.58
4.04

15.61
9.39
5.68
5.04

13.42
7.99
5.26
4.75
13.52
6.51

571

3.92

12.15
4.29
293
3.08
13.04
7.7

4.64

423
1.39
0.66
071

1.00

284
421
251
421
254
232
257

412
6.20
5.69
11.76
0.87
557

REM

2.20
0.94
2.32
0.93
0.41
9.56
0.1
1.08
1.05
2.09
251
0.61
0.10
5.18
522
2.44
1.62
1.36
6.07
3.38
1.89
4.92
353
215
0.78
6.28
1.76
0.84
0.40
8.26
8.31
4.63
3.20
0.52
0.06
0.62
1.00

1.81
3.10
1.61
4.06
0.27
0.50
0.75.

1.96
3.98
3.76
117
0.65
269

p-value

<0.001
0.073
<0.001
0.005
0.160
<0.001
0.869
0.007
0.004
0.249
0.005"
0.304
0.848
o011t
<0.001t
0.001
0.012
0.552t
<0.001
<0.001
0.002
0.004
<0.001*
0.003
0.124
<0.001
0.001
0.025
0315
<0.001
<0.001
<0.001
<0.001
0.003
0.713t
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
0.406
0.096
0.023

<0.001
<0.001
<0.001
<0.001
<0.001
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comparison

ExD*
Curvatures (mm)
UPML
UPMLm
LPML
LPMLm
EL

ELM
ELS
Angles (°)
MCA
MCAm
LCA
LCAm

ot

Mean

Cl, confidence interval.

*Represents p-values calculated from Wilcoxon's signed-rank test and the rest derived from paired-samples t-test. Results with P < 0.05 are marked in bold.

1CC (C1 95%)

iner distances (mm)

084 (0.77-0.88)
086 (0.79-0.90)
0.89 (0.85-0.93)
0.90 (0.86-0.99)
092 (0.89-0.95)
086 (0.81-0.90)
088 (0.83-091)
091 (0.87-099)
093 (0.91-0.95)
085 (0.79-0.89)
089 (0.85-0.92)
089 (0.84-0.92)
092 (0.88-0.94)
086 (0.81-0.90)
0.90 (0.87-0.93)
088 (0.83-0.92)
091 (0.88-0.94)
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092 (0.89-0.94)
087 (0.81-0.90)
091 (0.87-0.94)
0.73 (0.63-0.80)
094 (0.91-0.96)
0.90 (0.86-0.93)
092 (0.89-0.95)
0.81(0.73-0.86)
0.96 (0.94-0.97)
093 (0.91-0.95)
094 (0.91-0.96)
0.70 (0.59-0.80)
0.96 (0.95-0.98)
095 (0.93-0.96)
094 (0.92-0.96)
083 (0.76-0.88)
0.99 (0.90-1.00)
1.00 (1.00-1.00)
099 (0.98-0.99)
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087 (0.81-091)
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084 (0.77-0.88)
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022
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M3 vs. M3

TEM

0.74
0.49
0.66
0.68
077
0.44
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077
0.44
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074
0.49
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rTEM
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253
11.28
6.49
3.97
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0.16
034
227
0.20
0.43
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0.42
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0.43
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021
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0.62
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047
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0.45
0.41
0.13
0.32
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037
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1.43
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p-value

0948
<0001t
0544
0665
0.331
0075
0.765
0259
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0.183
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0.540"
0001t
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0956
0242"
0695
0550
0676
0.828
0241
0.380
0.463
0.427
0.152
0.077
0.086
0.050
0.684
0.801
0.609
0,037
0457t
0.921
0.241

0.092
0.238
0.042
0276
0.585
0.354"
0.138

0.009
0.384
0.077
0.201
0.335

ICC (C195%)

0.95 (0.93-0.96)
0.87 (0.82-091)
0.92 (0.89-0.94)
0.97 (0.96-0.98)
0.98 (0.97-0.99)
089 (0.85-0.92)
091 (0.87-0.94)
0.96 (0.94-097)
0.98 (0.97-0.98)
0.78 (0.70-0.84)
0.88 (0.83-091)
091 (0.87-0.94)
0.94 (0.92-0.96)
0.70 (0.59-0.78)
0.79 (0.71-0.85)
0.84 (0.77-0.88)
0.92 (0.89-0.96)
0.64 (0.53-0.74)
0.87 (0.81-091)
0.84 (0.78-0.89)
0.93 (0.90-0.95)
0.73 (0.64-081)
0.94 (0.91-0.96)
067 (0.56-0.76)
0.95 (0.93-097)
0.83 (0.77-0.88)
0.97 (0.96-0.98)
095 (0.93-096)
0.96 (0.95-0.97)
0.79 (0.71-0.85)
0.96 (0.95-0.98)
0.95 (0.93-0.97)
0.96 (0.94-0.97)
0.90 (0.85-0.99)
099 (0.99-1.0)
0.96 (0.94-0.98)
0.9 (0.98-0.99)

0.83(0.75-088)
0.78 (0.70-084)
0.90 (0.86-0.93)
0.93 (0.90-0.95)
0.94 (0.92-0.96)
0.9 (0.98-0.99)
0.9 (0.98-0.99)

0.86 (0.81-0.90)

0.90 (0.85-0.99)

0.87 (0.82-091)

0.82(0.75-087)

0.95 (0.92-0.96)
0.89

MAD

0.05
0.12
0.06
0.06
0.00
0.08
0.06
0.01
0.03
001
0.10
011
011
0.19
022
0.19
0.19
0.07
0.16
0.13
011
0.06
0.02
0.14
0.07
013
011
0.03
0.04
0.00
0.16
0.10
0.08
0.03
0.04
0.12
0.04

0.42
0.26
011
0.04
0.09
0.12
0.08

023
0.72
0.15
0.18
0.06
0.12

H2vs. H2

TEM

0.38
0.64
051
0.39
041
0.37
0.52
0.43
0.40
0.42
0.64
0.61
0.65
057
0.86
0.84
0.78
0.60
078
0.75
077
0.59
0.61
1.33
0.63
0.60
051
0.49
055
0.48
059
053
0.63
0.15
0.21
0.62
052

1.09
0.97
078
0.54
1.82
1.01
0.92

174
3.09
174
4.03
0.85
0.80

fTEM

127
4.42
3.09
164
1.45
7.65
375
2.02
1.56
10.34
6.02
3.49
2.92
15.76
8.98
5.30
381
16.72
723
4.52
362
12.04
4.56
7.03
268
8.17
290
213
201
11.03
432
2.86
2.76
1.22
0.66
1.00
057

281
369
227
224
222
1.42
1.33

4.05
5.20
439
6.42
051
4.43

REM

0.16
1.01
0.38
0.22
0.00
1.67
0.32
0.06
0.10
0.27
0.92
0.64
0.47
5.16
2.32
1.19
0.93
1.68
151
0.77
0.52
1.23
0.12
0.73
0.31
174
0.61
0.15
0.14
0.07
1.15
0.54
0.34
0.27
0.12
0.19
0.04

1.08
0.98
0.31
0.16
0.15
0.17
0.11

0.55
121
0.38
0.29
0.08
0.68

p-value

0332
0078
0349
0305
0996

0.062"
0508
0848
0622
0.860
0237
0.160
0211
0.110
0.044
0810
0.057

0.468"
0.107
0.185
0268
0.430
0840
0.421
0373

0.169"
0.105
0591
0587
0.960
0.039
0.144
0341
0.085

0.369"
0298
0692

0.002
0.141t
0.286
0577
0617
0.345
0513

0.208
0.071
0.506
0.730
0.606
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Parameters M3 H2

Capture 1 Capture 2 Capture 1 Capture 2

Mean sD Mean sp Mean sp Mean sD
Liner distances (mm)
PFW 29.33 1.76 29.37 186 30,05 1.69 30.00 1.68
PFH 12,01 1.28 1219 126 12.28 1.46 12.15 1.49
EEND_| 16.78 1.95 1684 207 16.46 1.87 16.39 1.72
EEnD_M_ 23.81 2.11 23.84 211 2363 226 2358 225
EEND_S_ 28.45 281 2855 271 2838 291 2838 293
FPDm 437 1.16 447 147 483 1.42 491 113
EPDM_ 13.93 1.95 13.96 211 13.94 1.77 13.98 171
EPDM_M 21.05 1.97 21.14 204 2132 2.1 2133 2,09
EPDM_S 25.50 2.49 25.64 252 25.83 262 25.85 259
FLMD 3.96 114 393 116 402 0.86 4.04 091
ELmD_| 10.88 2,04 10.76 247 10.50 1.81 10.60 177
ELmD_M 17.75 1.96 17.64 215 17.53 200 17.65 2.08
ELmD_S 2223 256 22.13 269 22.10 258 2221 266
FPD 339 1.16 3.48 118 352 0.97 371 1.08
EPD_ 10.08 2,01 1008 1.92 9.43 1.91 966 1.83
EPD_M 16.26 1.82 16.28 1.88 15.78 1.98 15.97 213
EPD_S 20.83 257 20.83 270 20.40 274 2059 2.86
FLID 377 1.08 3.80 1.08 381 1.02 3.87 0.99
ELID_I 11.54 2.43 11.50 228 10.76 223 10.92 2.04
ELD_M 17.41 1.90 17.06 1.97 16.45 1.80 16.58 1.95
ELID_S 2168 257 2163 282 2119 271 2130 290
FPDI 462 094 463 089 489 1.20 483 1.04
EPDLI 18.90 278 14.01 268 13.48 251 13.46 238
EPDI_M 19.24 2.14 19.32 219 18.80 253 18.94 203
EPDLS 23.75 278 23.83 299 2357 275 2364 2.94
FEXD 693 105 689 108 742 1.47 7.29 1.47
EEXD_I 17.88 3.09 18.01 3.1 17.69 291 17.58 2.89
EEXD_M 23.07 235 2321 2.44 22.96 214 22.93 214
EEXD_S 27.13 292 27.30 297 27.09 271 27.13 279
FEXDI 4.77 117 461 1.18 431 1.04 4.32 1.02
EEXDLI 14.77 321 14.73 321 13.65 3.13 13.49 3.08
EEXDLM 19.44 258 19.42 257 18.60 2.42 18.50 238
EEXDLS 23.38 3.19 23.43 313 2271 3.03 22,63 3.04
D 11.91 049 11.97 049 11.90 0.46 11.86 0.44
EnD" 3245 260 32.48 271 32.40 272 32.44 275
PD* 62.71 324 62.72 326 62.39 3.14 6227 3.19
ExD* 89.93 429 90,04 422 90.91 428 90.87 427
Curvatures (mm)
UPML 38.01 275 3825 262 39.03 264 3861 255
UPMLM 25.32 222 25.46 2.12 2632 218 26,06 1.89
LPML 33.60 234 33.75 220 3428 2.41 34.17 252
LPMLm 23.20 1.95 23.30 1.71 2423 1.97 24.19 1.97
ELL 50.14 563 50.22 5.43 59.30 564 59.39 530
ELM 7096 928 71.19 9.7 7137 874 71.49 855
ELS 68.91 8:86 60.16 884 60.52 835 69.59 831
Angles (°)
MCA 41.79 445 4238 407 4304 452 42.80 478
MCAm 61.65 9.36 62.03 871 59.79 9.40 59.07 954
LcA 40.93 466 4136 463 39.70 479 3955 478
LCAm 69.64 1056 7065 10.59 62.82 9.4 6264 930
cr 168.33 358 168.18 344 167.19 3.62 167.13 367
*N = 60; for the rest, N = 120; SD, standard deviations.
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Abbreviation

Liner distances
PFW

PFH

EEnD_I

EEnD_M_

EEND_S_

FPDm

EPDm_I

EPDmM_M

EPDM_S

FLmD

ELmD_|

ELmD_M

ELmD_S

FPD

EPD_I

EPD_M

EPD_S

FLD

ELID_|

ELID_M

ELD_S

FPDI

EPDLI

EPDLM

EPDLS

FEXD
EExD_I

EExD_M

EExD_S

FEXDI

EExDL_I

EExDI_M

EExDL_S

Curvatures
UPML

UPMLm

LPML

LPMLm

Angles
MCA
MCAm
LCA
LCAm

Definition

Palpebral fissure width
Palpebral fissure height
Eyebrow-endocanthion distance of
the inferior point
Eyebrow-endocanthion distance of
the middle point
Eyebrow-endocanthion distance of
the inferior, midde, or superior point
Upper lid fold-palpebral margin
distance (medial)
Eyebrow-palpebral margin distance
(medial) of the inferior point
Eyebrow-palpebral margin distance
(medial) of the middle point
Eyebrow-palpebral margin distance
(medial) of the superior point

Upper lid fold-palpebral margin
distance (medial limbus)
Eyebrow-palpebral margin distance
(medial limbus) of the inferior point
Eyebrow-palpebral margin distance
(medial limbus) of the middle point
Eyebrow-palpebral margin distance
(medial limbus) of the superior point
Upper lid fold-palpebral margin
distance, similar to upper lid fold
height

Eyebrow-palpebral margin (Ps)
distance of the inferior (similar to
upper lid height) point
Eyebrow-palpebral margin (Ps)
distance of the middle point
Eyebrow-palpebral margin (Ps)
distance of the superior point
Upper lid fold-palpebral margin
distance (iateral limbus)
Eyebrow-palpebral margin distance
(ateral limbus) of the inferior point
Eyebrow-palpebral margin distance
(ateral imbus) of the middle point
Eyebrow-palpebral margin distance
(lateral imbus) of the superior point
Upper lid fold-palpebral margin
distance (iateral)
Eyebrow-palpebral margin distance
(lateral) of the inferior point
Eyebrow-palpebral margin distance
(lateral) of the middle point
Eyebrow-palpebral margin distance
(latera) of the superior point

Upper lid fold-exocanthion distance
Eyebrow-exocanthion distance of the
inferior point

Eyebrow-exocanthion distance of the
middle point

Eyebrow-exocanthion distance of the
superior point

Upper lid fold-exocanthion distance
(ateral)

Eyebrow-exocanthion distance
(ateral) of the inferior point
Eyebrow-exocanthion distance
(lateral) of the middle point
Eyebrow-exocanthion distance
(ateral) of the superior point

Iris diameter

Inner intercanthal distance
Interpupillary distance

Outer intercanthal distance

Upper palpebral margin length

Upper palpebral margin length (more
points)

Lower palpebral margin length

Lower palpebral margin length (more

points)

Inferior eyebrow length

Middle eyebrow length

Superior eyebrow length

Medial canthal angle
Medial canthal angle (medial)
Lateral canthal angle

Lateral canthal angle (medial)
Canthal it

Landmarks

En-Ex
Ps-Pi
EEn-En

EEn"-En
EEn"-En
FUm-Um
EUm-Um
EUm'-Um
EUm™-Um
FLm-Lm’
ELm-Lm’
ELm'-Lm’
ELm"-Lm’

Ps-FPs

Ps-EPs

Ps-EPS’
Ps-EPs”
FLAL
ELI-L"
ELI-L"
ELP-LP
FUI-UI
EUI-UI
EUr-Ul
EUP-Ul

FEX-Ex
EEx-Ex

EEX'-Ex
EEX"-Ex
FExI-Ex
EExI-Ex
EExIEx
EExXI™Ex

Lm-Ll

En (eft}-En (right)
Pe (ieft)-Pc (right)
Ex (left)-Ex (right)

En-Um-Lm'-Ps-
U-UREx
Including 4 more.
midpoints
between
Lm'"-Ps-LIUl-Ex
En-Um'-Lm"-Pi-
LI-Ur-Ex
Including 4 more
midpoints
between
Lm™-Pi-LI™-Ur-Ex
Em-EEn-EUm-
ELm-EPs-EL-EUI-
EEx-EEx-El
Em'-EEn"-EUm’-
ELm'-EPs™-ELI-
EUP-EEx-EExI-E
Em"-EEn"-EUm"-
ELm™-EPS™ELI"-
EUI"EEX™EExI"
e

Ps-En-Pi
Um-En-Um’
Ps-Ex-Pi

UkEx-Ur

Ex (eft)-En (eft)-En
(right), or Ex
(right)-En (right)-En
(eft)
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Parameters

CRE
TRDV
RDV-15
RDV-30
RDV-45
RDV-S
RDV-l
RDV-T
RDV-N

Mean

-4.74
-3.56
-4.32
-3.95
-3.63
-3.71
—3.49
-3.87
-3.09

sD

1.89
1.82
1.90
1.86
1.85
1.90
1.90
1.95
1.98

0.27
0.27
0.33
0.30
0.28
0.45
0.37
0.50
0.50

TRT

0.76
0.75
0.92
0.852
0.79
1.25
1.08
1.39
1.41

icc

0.993
0.992
0.990
0.991
0.992
0.980
0.987
0978
0977

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; RDV-30, the difference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; ROV-I, refraction diifference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal; SD, standard deviation; Sw;, standard deviation; TRT, test-retest repeatabilit

ICC, intraclass correlation coefficient.
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Parameters Mean sD Sw TRT icc

CRE —-2.97 0.82 0.41 113 0.909
TROV —2.45 0.84 0.38 1.07 0917
RDV-15 -3.08 1.01 0.42 147 0.937
RDV-30 -2.7 0.96 0.38 1.06 0.942
RDV-45 —247 0.86 0.36 1.01 0.934
RDV-S -2.75 0.84 0.52 1.44 0.833
RDV-I —243 1.19 0.63 1.76 0.889
RDV-T -2.65 0.92 0.48 1.34 0.89%
RDV-N -1.98 1.08 0.62 171 0.869

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; RDV-30, the difference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; RDV-I, refraction difference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal: RDV-N, refraction
difference value-nasal: SD, standard deviation; Sw;, standard deviation; TRT, test-retest repeatability; ICC, intraclass correlation coefficient.
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Parameters

CRE
TROV
RDV-15
RDV-30
RDV-45
RDV-S
ROV-I
RDV-T
RDV-N

Mean

—5.41
—4.76
-531
-5.00
-4.78
-5.05
-456
-5.12
-4.33

sb

0.95
1.09
1.05
1.05
1.07
1.11
1.23
1.33
1.09

sw

0.39
0.39
0.50
0.44
0.39
0.57
0.46
0.42
0.53

TRT

1.09
1.09
1.39
1.24
1.09
1.59
127
1.16
147

icc

0.936
0.956
0912
0.933
0.953
0.897
0.949
0.964
0.920

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; RDV-30, the difference of CRE and paracentral refractive error from center to 30°0f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; RDV-I, refraction diifference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal; SD, standard deviation; Sw;, standard deviation; TRT, test-retest repeatabilit

ICC, intraclass correlation coefficient.
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Parameters

CRE
TRDV
RDV-15
RDV-30
RDV-45
RDV-S
RDV-l
RDV-T
RDV-N

Mean

-5.28
—4.53
-56.00
—4.77
—-4.56
—4.80
—4.41
-4.85
—-4.07

SD

1.96
1.89
1.89
1.88
1.88
1.88
194
2.04
1.94

Sw

0.37
0.36
0.42
0.38
0.35
051
0.50
0.43
051

TRT

1.04
1.02
1.16
1.08
0.98
1.43
1.39
1.20
1.42

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; RDV-30, the difference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; RDV-I, refraction difference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal: SD, standard deviation; Sw, standard deviation; TRT, test-retest repeatabilt

ICC, intraclass correlation coefficient.
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Characteristics

Sphere (Diopter)
Cylinder (Diopter)

I0P (mmHg)

CDR

GCC (um)

CPRNFL (um)

Superior cpRNFL (um)
Nasal cpRNFL (um)
Inferior cpRNFL (m)
Temporal cpRNFL (um)
AsO2 (vol %)

Vs0; (vol %)

A-V sO; (vol %)

Mean (std)

~050 (1.59)
0.7 0.97)
15.4(2.3)
0.33(0.09)
7808.9)
907 (10.0)
1156.9 (14.0)
70.3(14.9)
116.6 (17.4)
61.6(10.3)
92.1(7.1)
48.4(5.0)
438(95)
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Subject numbers 10

Gender (female/male) 5/5
Eyes (OD/OS) 88
Ages (years) 61+133
Race (White/AA/NA) 413
Ethnicity (Not Latino/Latino/NA) 7721

AA, African American; NA, Not available.
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Study Number of Number of Number of
design  hypertensive hypertensives control eyes
eyes

Cross- 137 7 79 43
sectional

Cross- 73 73 40 40
sectional

Cross- 60 30 30 15
sectional

Cross- 116 7 74 a1
sectional

Cross- 28 17 31 18
sectional

Cross- 94 % 46 46
sectional

Cross- 78 78 90 %
sectional

Cross- 169 169 30 30
sectional

Cross- 57 57 4 40
sectional

Cross- 84 84 117 17
sectional

Cross- 85 85 100 100
sectional

Number of
controls

Age and Sex
(male)

Age:
hypertensives
(692 +/-7.6),
controls (67
+/-6.8) Sex:
hypertensives (26),
controls (15)

Age:
hypertensives
(64.32 +/- 2.99),
controls (65.65
+/-2.89) Sex:
hypertensives (32),
controls (17)

Age:
hypertensives
(54.1 +/-5.38),
controls (52.18
+/-4.73) Sex:
hypertensives (15),
controls (8)

Age:
hypertensives
(66.75 +/-9.09),
controls (65
+/-14) Sex:
hypertensives (44),
controls (25)

Age:
hypertensives (56
+/-19), controls
(62 +/-16) Sex: -

Age:
Hypertensives
(64.77 +/-9.03),
controls (58.3
+/-4.62) Sex:
hypertensives (47),
controls (21)

Age:
hypertensives
(61.72 +/-9.27),
controls (60.1
+/-89) Sex
(Male):
hypertensives (37),
controls (38)

Age:
hypertensives
(63.54 +/- 1085,
controls (63.6
+/-9.2) Sex
(male):
hypertensives (83),
controls (15)

Age:
Hypertensives
(65.67 +/~3.02),
controls (65.65
+/-2.89) Sex:
Hypertensives
(22), controls (17)

Age:
hypertensives
(6853 +/~9.14),
controls (66.4
+/-12.68) Sex:
hypertensives (38),
controls (63)

Age:
hypertensives
(618 +/-12.2),
controls (60.4
+/-12.6) Sex:
hypertensives (45),
controls (51)

Major modifiable
cardiovascular
risk factors

Smoking: -
BM

Dyslipidemia: ~
Diabetes: -

Smoking: -
BMI:
Dyslipidemia: -
Diabetes: -
Systolic BP:
hypertensives
(125.76 +/-
12.92), controls
(119.6 +/-8.72)
Diastolic BP:
hypertensives
(80.01 +/-7.88),
controls (76.8 +/-
592)

Smoking: -
BMI
Dyslipidemia: ~
Diabetes: —
Systolic BP:
Hypertensives
(13088 +/-5.91),
Controls (113.2
+-7.41)
Diastolic BP:
hypertensives
(81.64 +/-6.09),
controls (69.82
+/-6.73)
Smoking:
hypertensives (2),
controls (2)

hypertensives (25),
controls (1)

hypertensives
(12088 +/-
12.46), controls
(124 4/~ 11)
Diastolic BP:
hypertensives
(80.04 +/- 8.36),
controls (72 +/-8)
Smoking: -
Dyslipidemia: -
Diabetes: -
Systolic BP: -

Diabetes: -
Systolic BP:
hypertensives
(150.82 +/~
17.37), controls
(128.35 +/-
11.04)

Diastolic BP:
hypertensives
(78.64 +/- 8.52),
controls (70.97
+/-6.62)
Smoking: -
BMI:
Dyslipidemia: -
Diabetes: -
Systolic BP:
hypertensive:
(118.07 +/- 8.56),
controls (116.6
+/-9.7)

Diastolic BP:
hypertensives
(81.93 +/-7.34),
controls (79.8 +/-
7.6)

Smoking:
hypertensives (16),
controls (3)

BMI:
hypertensives
(24.53 +/- 3.06),
controls (24.1 +/-
1.9)
Dyslipidemia: -
Diabetes: -
Systolic BP:
hypertensives
with retinopathy
(135; range
130-149), no
retinopathy (136;
range 127-147)),
controls (117;
range 110-122)
Diastolic BP:
hypertensives
with retinopathy
(85; range 80-95),
no retinopathy (85;
range 79-93)],
controls (75; range
65-81)

Smoking: -

BMI
Dyslipidemia: -
Diabetes: -
Systolic BP
(mmHg):
hypertensives
(120.75 +/-8.42),
controls (119.6
+/-8.72)
Diastolic BP
(mmHg
hypertensives
(78.35 +/-5.27),
controls (76.80
+/-5.92)
Smokers:
hypertensives (24),
controls (19)

B
Dyslipidemia: -
Diabetes: -
Systolic BP:
hypertensives
(1229 +/- 13.8),
controls (119.2
+/-14.4)
Diastolic BP:
hypertensives
(82.9 +/-8.7),
controls (81.0 +/-
7.4)

Smoking: -
BMI:
Dyslipidemia: -
Diabetes: -
Systolic Bl
Diastolic BP: -

Type of
hypertensive
patients

Type of OCTA
machine used

77 patients (137
eyes) with
untreated
hypertension

AngioVue

Group A: 32
hypertensive
patients (32 eyes)
with intensive BP
control (systolic
BP < 120) Group
B: 26 hypertensive
patients (26 eyes)
with standard BP
control (systolic
BP 120-140)
Group C: 15
hypertensive
patients (26 eyes)
with poor BP
control (systolic
pressure >140)
Group 2: 15
patients (30 eyes)
with newly
diagnosed hypertension
Group 3: 15

patients (30 eyes)

with

treated hypertension

AngioVue

AngioVue

Good BP control  PLEX Ele 9000
(systolic BP < 140
and/or diastolic
BP < 90):53
hypertensive
patients (87 eyes)
Poor BP control
(systolic BP > 140
and/or diastolic
BP > 90): 18
hypertensive
patients (29 eyes)

17 patients (28 PLEX Eiite 9000
eyes) with

hypertensive crisis.

(systolic BP = 180

and/or diastolic

BP = 110)

94 patients (94
eyes) with
systemic
hypertension

AngioVue

Group 1:38 Cirrus AngioPlex
patients (38 eyes) 5000

with hypertension

< 10 years Group

2: 40 patients (40

eyes) with

hypertension >

10 years

Group A: 113
patients (113 eyes)
with

hypertensive retinopathy
Group B: 56

patients (56 eyes)
without

hypertensive retinopathy

AngioVue

Group A: 35
patients (35 eyes)
with a history of
hypertension for
>10 years Group
B: 22 patients (22
eyes) with a history
of hypertension for
5-10 years

AngioVue

Group 1:32 Girrus AngioPlex
patients (32 eyes) 5000

with hypertension

< 5 years Group

2:52 patients (52

eyes) with

hypertension =

5 years

Group A: 45 Cirtus AngioPlex
patients (45 eyes) 5000

with hypertension

of at least 10 years

Group B: 40

patients (40 eyes)

with refieved

hypertensive

retinopathy (grade

IV, <1 year prior)

OCTA
parameters
analyzed

Macula: vessel
density, skeleton
density, foveal
avascular zone,
vessel diameter
index,

fractal dimension
Optic nerve
head:

vessel caliber
Macula:

Vessel density
Optic nerve
head: peripapillary
Vessel density,
inside disc
perfusion density

Macula: vessel
density, foveal
avascular zone
Optic nerve
head: peripapillary
Vessel density

Choriocapillaris
flow deficits
(macula): density,
size, number

Macula: vessel
density, skeleton
density, vessel
diameter index
Choriocapillaris
flow deficits
(macula): density,
size, number
Macula: vessel
density, foveal
avasoular zone

Optic nerve
head: vessel
density (length),
peripapilary vessel
density

Macula:
vessel density
Optic Nerve
Head:
peripapilary
vessel density

Macula:
vessel density
Optic nerve
head: inside disc
perfusion density

Macula: vessel
density (superficial
only), foveal
avascular zone

Macula: vessel
density (superfical
only), foveal
avascular zone

Age is shown as mean +/- SD in years, sex is shown as number of males, smoking is shown as number of smokers, BMI is shown as mean +/- SD in kg/m2, dyslipidemia is shown as number of participants with dyslipidemia, diabetes

is shown as number of participants with diabetes, systolic and diastolic BP is shown as mean +/- SD in mmHg.
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Inner region
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Density ~0724 <0.001
Spacing 0726 <0.001
Regularity -0.168 0.101
Dispersion 0372 0053

Significant difference bolded.

Outer region
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Cone density, cells/mm? Cone spacing, um Cone regularity, % Cone dispersion, %

r P r P r P r P
Choroidal thickness, um 0.297 0.003 -0.202 0.004 0.052 0617 0016 0.880
ORL thickness, pm 0.332 0.001 -0.311 0.002 0.195 0.057 -0.221 0.031
INL thickness, pm 0111 0.282 —0.101 0.327 0.224 0.028 —-0.228 0.025
GCC thickness, pm 0.051 0.621 -0.046 0.655 0.157 0.127 —-0.160 0.119

Significant difference bolded.
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Variable

Age, years
Range
Mean = SD
Min, Median, Maximum
Gender
Men
‘Women
SE.D
EMAM
Range
Mean = SD
Min, Median, Maximurm
MM
Range
Mean = SD
Min, Median, Maximum
HM
Range
Mean = SD
Min, Median, Maximum

Total (n = 136)

21-32
24.07 £2.33
21,24,32

52 (38%)
84 (62%)

37 @7%)
+0.50 10 ~2.75
-1.60+1.12
—2.75, -2.00,0.00
52 (38%)
~8.00t0 -5.75
~492+0.81
~5.75, -5.00, ~3.00
47 (35%)
<6.00
~7.69£1.20
~11.50, ~7.25, ~6.00

Data values are n (%) or mean + SD. SD, standard deviation; SE, spherical equivalent;
EM/LM, emmetropia and low myopia; MM, moderate myopia; HM, high myopia.
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L (mm)
A(1072 mm?)
D (wm)

Pmin (Mm)
pmax (M)
$O; (vol %)

Arterioles

1.19+£0.48
325£17.3
248 +3.9
1.11£0.39
208 £051
91.0+80

Two sample t-tests. Bold: p < 0.05.

Venules

1.23+0.42
37.1£166
28.4+3.2
116+ 053
226+£052
509+88

0.709
0.184
<0.001
0.604
0.081
<0.001
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Clinical Parameter

Sphere
Cylinder
IoP
COR
Gce
CPRNFL
Age

AsO2
R P
—0.185  0.492
0195 0524
0253  0.344
-0173 0521
—0.007 0.880
—0.180  0.504
0.174 0520

VsOz

-0.368
0.184
—0.530
0514
—0.168
0.283
-0.546

Pearson'’s correlation was performed. Bold: p < 0.05.

0.160
0546
0.035
0.042
0.534
0.288
0.029

AVsO,

r p
0055 0838
0.045 0.884
0466 0069

-0398  0.127
0083  0.760
-0282 0291
0414 0110
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ACV (mm?)

Before correction (ACV-BC)
After correction (ACV-AC)
AAGY

AACV / ACV-AC, %

P value (AGV-BC vs. ACV-AC)
WV (mm?)

Before correction (V-BC)
After correction (IV-AC)

AV

ANV /IN-AC, %

P value (V-BC vs. IV-AC)

Narrow-angle

85.47 + 19.40
84.46 % 19.51
-1.00+0.78
—1.18+1.06
0.003

20.94 £599
33.43 £5.56
3.49£2.10
1043 + 11.23
0.001

Wide-angle

160.34 £ 26.37
157.51 +26.71
-1.83£1.18
-1.16+0.76
0.001

38.38 £2.73
41.49 +2.46
311£1.13
7.50+3.24
<0.001

P value

0.09
0.89

061
0.450

Data are presented as mean  SD. Bold values indicate statistical significance. ACV,
anterior chamber volume; IV, iris volume; and A, changes in volume before and after

manual correction.
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Characteristic Angle recess Iris root Posterior surface of iris Pupil margin Anterior surface of lens

OR, 3 OR, P OR, 3 OR, 3 OR, 3
(95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% Cl)

ACD 0.1 <0.001 003 <0.001 0.09 <0.001 0.12 <0.001 407 <0.001
(0.03-0.40) (0.01-0.06) (0.05-0.13) (0.09-0.16) (1.40-6.87)

coT 1.08 0470 066 0387 1.30 0.486 0.76 0753 1.02 <0.001
(0.65-1.75) (0.03-1.19) (0.87-2.69) (0.45-2.23) (1.01-1.03)

% 530 <0.001 2.40 0230 1.69 0315 242 0154 285 0.165
(@.72-7.37) (0.57-10.09) (0.61-4.71) (0.72-8.16) (0.65-12.55)

AW 0.652 0.001 0016 <0.001 1.50 0.486 0.96 0753 832 <0.001
(0.51-0.84) (0.003-0.09) (0.48-4.69) (0.75-1.29) (8.42-20.25)

Bold values indicate statistical significance. OR, odds ratio; Cl, confidence interval; ACD, anterior chamber depth; CCT, central comeal thickness; LV, lens vault; ACW, anterior
chamber width.
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Variables Total

(N =50)
Age (y) 68.6+09.1
Gender 37/18
(male/female)
ACD (mm) 249045
CCT () 537 £29
LV (mm) 0.60+0.36

ACW(mm) 1188049

Narrow-angle

=25

689+80
18/7

2.08+0.17
536 £ 25

0.83 +0.20
11.56 £0.38

Wide-angle
(N =25)

68.3+9.9
19/6

2.80+0.33
538 + 31
0.42 +£0.34

12.14 £ 0.40

P value

0.653
0.891

<0.001
0.691
<0.001
<0.001

Data are presented as mean = SD. Bold values indicate statistical significance. ACD,
anterior chamber depth; CCT, central comeal thickness; LV, lens vault; ACW, anterior

chamber widith.
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Categories Total Narrow angle  Wide angle P value
(1=12800)  (1=6400) (1 =6,400)

Anglerecess 10,760 (84.06%) 5520 (86.24%) 5,240 (81.88%) <0.001

Irs root 11,942 (93.30%) 6,135(95.86%) 5,807 (90.73%) <0.001
Posterior 1,683 (18.15%) 943 (14.74%)  740(11.66%)  <0.001
surface of ris

Pupilmargin 7,679 (69.21%) 4,546 (71.08%) 3,033 (47.40%) <0.001

Anterior surface 3,234 (25.27%) 1,407 (21.98%) 1,827 (2854%) <0.001
of lens.

n refers to numbers of SS-ASOCT scans reviewed. Data are presented as no. (%). Bold
values indicate statistical significance.
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Se/95%Cl

Race
Asians (1= 9) 0.89/(0.86-0.92)
Caucasians (1 = 3) 0.78/(0.70-0.84)
Detection method

SD-OCT (n = 9) 0.86/(0.83-0.89)
SD-OCT + CFP (0 = 8) 0.90/(0.84-0.94)
Disease type in controls

AVAMD (n = 6) 0.89/(0.86-0.92)
Others (0= 6) 0.83/(0.78-0.87)

Sp/95%Cl

0.86/(0.82-0.88)
0.67/(0.56-0.77)

0.80/(0.77-0.84)
0.90/(0.84-0.94)

0.87/(0.83-0.90)
0.77/0.71-082)

PLR/95% CI

6.28/(3.87-10.19)
2.92/(1.08-7.87)

4.49/(2.50-7.79)
9.27/(3.75-22.89)

6.78/(5.24-8.78)
3.88/(1.82-8.28)

NLR /95% CI

0.13/(0.10-0.16)
0.28/(0.12-0.67)

0.18/(0.10-0.30)
0.12/(0.06-0.25)

0.12/(0.09-0.16)
021/(0.10-0.42)

DOR/95%C1

49.01/(25.94-92.61)
12.30/(2.00-75.61)

27.05/(10.47-69.89)
85.02/(18.16-398.16)

55.87/(36.61-85.27)
21.21/(5.26-85.54)

Auc

0.9531
0.9021

0.9382
0.9622

0.9488
0.9302

Se, sensitiity; Sp, specificity; PLR, positive likelihood ratio; NLR, negative lielhood ratio; DOR, diagnostic odds ratio; AUC, area under the SROC curve; 95%Cl, 95% confidence
interval; SD-OCT, spectral-domain optical coherence tomography; SD-OCT+CFR. spectral-domain optical coherence tomography combined with color fundus photography; nvAMD,
neovascular age-related macular degeneration; others, inculding cry-type AMD, central serous chorioretinopathy, serous retinal pigment epithelial detachment, retinal angiomatous
proliferation, choroidal neovascularization, idiopathic/occult choroidal neovascularization with and without nvAMD. n, number of included studies.
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Coef Std.Err P RDOR

Race 1.783 0.6346 0.0204* 5.95
Sample size -0.711 0.6652 0.3165 0.49
Device type 0.238 0.6619 0.7298 127

“Indicates statistical significant P-values.

95%Cl1

1.42-24.99
0.11-2.28
0.27-8.07
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References Country ~ Sample size
(Pcv/
Controls)
Chaikitmongkol et al. (17) Thailand 4871
Liuetal. (18) China 13/75
Cheung et al. (14) Singapore  28/27
Yang et al. (19) China 52/51
Chang etal. (15) Korea 147/116
Lains et al. (20) Portugal 47/53
Chaikitmongkol et al. (21) Thailand 65/59
De Salvo et al. (11) United Kingdon87/14
Eraydin et al. (22) Turkey 69/24
Liao et al. China 24/38
(23)
Zhang etal. (24) China 25/38
Xia etal. China 56/76
(1)

PCV; Polypoidal choroidal vasculopathy; nvAMD, neovascular age-related macular degeneration; wAMD, wet age-related macular degeneration; CSC, central serous chorioretinopathy;
RAP, retinal angiomatous prolferation; GNY, choroidal neovascularization; PED, pigment epithelial detachment; ICGA, indocyanine green angiography; FFA, fundus fluorescein
angiography; SD-OCT, spectral-domein optical coherence tomography; CFF color fundus photography; Spectralis OCT, Heidelberg Engineering Inc., Heidelberg, Germany; Spectralis
HRA+OCT, Heidelberg Engineering Inc., Heidelberg, Germany; Girrus HD-OCT, Carl Zeiss Meditec Inc., Dublin, United States; Cirus HD-OCT 4000, Cerl Zeiss Meditec Inc., Dublin,

Disease
type of the
controls

nvAMD
nvAMD

occult CNV

VAMD,
csc,

RAP,
idiopathic
onv
occult CNV

dry-type
AMD, nvAMD,
csc

WAMD

WAMD

WAMD

Detection
method

CFP4SD-
ocT

SD-0CT
SD-0CT
CFP+

SD-0CT

SD-OCT

SD-OCT

CFP+
SD-OCT

8D-0CT

8D-OCT

8D-OCT

SD-OCT

SD-OCT

United States; TP, true positives; FP, false positives; TN, true negatives; FN, false negatives.

Gold
Standard

ICGA

FFA/ICGA

FFA/ICGA

FFA/ICGA

ICGA

ICGA

FFA/ICGA

FFA/ICGA

ICGA

FFA/ICGA

FFA/ICGA

FFA/ICGA

Device type

Spectralis
ocT

Spectralis
HRA+OCT

Spectralis
ocT

unclear

Spectralis
HRA+OCT

Spectralis
HRA+OCT
and Cirrus
HD-OCT

unclear

Spectralis
HRA+OCT
Spectralis
HRA+OCT

unclear

Cirrus
HD-OCT
4000

Spectralis
HRA+OCT

™

40

101

46

132

32

62

52

22

23

49

FP

10

™

FN

59

56

66
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Parameters

CRE
TRDV
RDV-15
RDV-30
RDV-45
RDV-S
RDV-l
RDV-T
RDV-N

Mean

-7.33
-6.39
-6.97
—6.63
-6.43
—6.80
-6.26
-6.79
-5.92

SD

0.85
081
0.78
0.76
0.78
0.92
0.90
0.94
0.0

Sw

0.32
035
0.30
0.30
0.33
0.46
041
0.46
0.38

TRT

0.89
0.98
0.85
0.84
0.92
1.29
1.15
1.29
1.05

0.936

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; ADV-30, the diference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; ROV-I, refraction difference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal: SD, standard deviation; Sw, standard deviation; TRT, test-retest repeatabilt

ICC, intraclass correlation coefficient.
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Parameters

CRE
TROV
RDV-15
RDV-30
RDV-45
RDV-S
RDV-I
RDV-T
RDV-N

Mean

—2.46
—1.45
-2.03
171
—1.44
-1.68
-1.31
-1.66
-0.92

sD

0.64
0.65
0.63
0.63
0.65
0.83
077
0.73
097

sw

0.24
0.20
022
0.19
021
0.36
0.29
0.23
035

TRT

0.67
0.67
0.63
0.64
0.60
1.02
0.81
0.65
097

icc

0.921
0.965
0.952
0.966
0.962
0.925
0.951
0.964
0.952

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; RDV-30, the diference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; RDV-I, refraction difference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal: SD, standard deviation; Sw, standard deviation; TRT, test-retest repeatabilt

ICC, intraclass correlation coefficient.
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Parameters

CRE
TRDV
RDV-15
RDV-30
RDV-45
RDV-S
RDV-I
RDV-T
RDV-N

Mean

-486
-3.74
—450
—4.13
-382
-3.83
-372
—447
-3.21

SD

0.81
1.00
0.88
0.88
0.95
1.31
1.04
1.28
1.12

Sw

0.31
0.28
0.36
0.32
0.28
0.54
037
0.67
0.56

TRT

0.88
0.78
1.00
0.88
0.79
151
1.04
1.86
1.56

icc

0.943
0.972
0.939
0.954
0.968
0.934
0.953
0.895
0.899

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; ADV-30, the diference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; ROV-I, refraction difference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal: SD, standard deviation; Sw, standard deviation; TRT, test-retest repeatabilt

ICC, intraclass correlation coefficient.
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Parameters

CRE
TRDV
RDV-15
RDV-30
RDV-45
RDV-S
RDV-l
RDV-T
RDV-N

Mean

—6.77
-5.39
-6.30
-5.88
-5.52
-5.52
-56.32
-5.66
-5.01

sD

0.86
0.94
0.83
0.85
0.90
1.09
1.09
1.10
1.16

Sw

0.26
0.31
0.38
0.37
0.33
0.41
0.43
0.47
0.56

TRT

0.71
0.86
1.05
1.03
0.93
113
119
1.32
157

icc

0.968
0.961
0919
0.926
0.949
0.948
0.944
0.933
0.905

CRE, central refractive error; TRDV, peripheral refractive error from center to peripheral 53°0f retina; RDV-15, the difference of CRE and paracentral refractive error from center to 15°0f
retina; RDV-30, the difference of CRE and paracentral refractive error from center to 30°f retina; RDV-45, the difference of CRE and paracentral refractive error from center to 45°0f
retina; RDV-S, refraction difference value-superior; ROV-I, refraction diifference value-inferior; RDV-T, refraction difference value- refraction difference value-temporal; RDV-N, refraction

difference value-nasal; SD, standard deviation; Sw;, standard deviation; TRT, test-retest repeatabilit

ICC, intraclass correlation coefficient.
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OCH (n = 40) 0sC(n =18) P-value

Gender
Female 24 (60%) 8 (44%)

Male 16 (40%) 10 (56%) 041
Age 49 (40-57) 47 (41-50) 062
Involvement

Left 20 (50%) 8 (44%)

Right 20 (50%) 10 (56%) 091
Intraconal 39 18

Extraconal b 0

Tumor

Size(mm®) 4776.07 7602.30 0.03
Sphericity 0.70 (0.69-0.74) 0.66 (0.64-0.69) o.11
T1WI MEAN SIGNAL INTENSITY 573.43 (358.29-765.61) 711.15 (400.96-917.29) 030
T2WI mean signal intensity 662,62 (574.92-769.09) 792,05 (608.97-971.64) 0.15

Tumor size was calculated based on the ROL Tumor sphericity took values between 0 and 1, the higher the value (closer to 1), the closer to sphere the tumor. All values of tumor size,
sphericity and signal intensity were from the features extracted.
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Sequences

m

11l =172

Features

Image_original Maximum
shape_MajorAxisLength
shape_Maximum2DdiameterSlice
glem_JointEnergy
gldm_DependenceEntropy
glszm_SmallArealowGrayLevelEmphasis
shape_MajorAxisLength
shape_Maximum2DdiameterSlice
glom_Imet

glem_MCC
gldm_DependenceEntropy
shape_MajorAxisLength
shape_Maximum2DdiameterSlice
shape_Maximum2DdiameterColumn
shape_SurfaceVolumeRatio
glem_DifferenceVariance

glom_MCC

glom_Imc2

glom_SumSquares.

Bold font indicates the universal features used for al three sequences. gicm, gray level
co-occurrence matrix; glom, gray level dependence metri; glszm, gray level size zone
matrix; Im, informational measure of comelation; MCC, maximal correlation coefficient.
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Sequences Models

l LR
SWM

oT

RF

T2 LR
SVM

oT

RF

T+ T2 LR
SVM

oT

RF

ACC

77% (67%~83%)
86% (82%~95%)
85% (82%~929%)
83% (75%~92%)

93% (85%~100%)

92% (91%~100%)
89% (83%~92%)
89% (83%~100%)
88% (84%~91%)
93% (91%~96%)
83% (79%~87%)
88% (83%~92%)

AuC

91% (84%~97%)
93% (89%~98%)
97% (96%~99%)
96% (94%~98%)
91% (89%~92%)
95% (94%~97%)
97% (96%~99%)
97% (94%~100%)
85% (84%~86%)
98% (97%~99%)
96% (95%~97%)
97% (95%~98%)

Models with an ACC over 90% are marked in bold font. ACC, accuracy; AUC, area under the curve; LR, logistic regression; SVM, support vector machine; DT, decision tree; RF,

rancom forest.
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patents
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(131 without MRI

40 OCH patients
18 OSC patients

30%
test group
T T2

feature extrication

train group test group

T1 group | T2 group E(ﬂ: T1 group | T2 group L:;‘f:

test the model
feature selection

‘model construction

i

{ train model
TieT2
T1model | T2model| 114

evaluation
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Patient 1

2019

1,636 pixels
(©.8mm)

496 pixels.
(1.9mm)

6.41 pnvpixel
3.87 pm/pixel
ON (16 averaged)
38dB
ON
49

30° x 10°
(9.8 x 3.3mm)

68um

Patient 2
2017 2019
768 pixels 1,024 pixels
©.1mm) (6.1mm)
496 pixels 496 pixels
(1.9mm) (1.9mm)
11.79 pmvpixel  6.00 pm/pixel
387 pipixel 387 prvpixel
ON (@ averaged)  ON (15 averaged)
4208 26 dB
OFF ON
61 49
30° x 25° 20° x 20°
©.1x75mm) (6.1 x 6.1mm)
126pm 128 um





