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Wolf-Dieter Vogl a, Barbara A. Blodi b, Amitha Domalpally b, Amani Fawzi c, Yali Jia d, 
David Sarraf e, Hrvoje Bogunović a 
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A B S T R A C T   

Retinal fluid as the major biomarker in exudative macular disease is accurately visualized by high-resolution 
three-dimensional optical coherence tomography (OCT), which is used world-wide as a diagnostic gold stan-
dard largely replacing clinical examination. Artificial intelligence (AI) with its capability to objectively identify, 
localize and quantify fluid introduces fully automated tools into OCT imaging for personalized disease man-
agement. Deep learning performance has already proven superior to human experts, including physicians and 
certified readers, in terms of accuracy and speed. Reproducible measurement of retinal fluid relies on precise AI- 
based segmentation methods that assign a label to each OCT voxel denoting its fluid type such as intraretinal 
fluid (IRF) and subretinal fluid (SRF) or pigment epithelial detachment (PED) and its location within the central 
1-, 3- and 6-mm macular area. Such reliable analysis is most relevant to reflect differences in pathophysiological 
mechanisms and impacts on retinal function, and the dynamics of fluid resolution during therapy with different 
regimens and substances. Yet, an in-depth understanding of the mode of action of supervised and unsupervised 
learning, the functionality of a convolutional neural net (CNN) and various network architectures is needed. 
Greater insight regarding adequate methods for performance, validation assessment, and device- and scanning- 
pattern-dependent variations is necessary to empower ophthalmologists to become qualified AI users. Fluid/ 
function correlation can lead to a better definition of valid fluid variables relevant for optimal outcomes on an 
individual and a population level. AI-based fluid analysis opens the way for precision medicine in real-world 
practice of the leading retinal diseases of modern times.   

Macular disease with its detrimental consequence of severe and 
irreversible visual loss dominates clinical care and medical research to 
the same extent as life-threatening diseases such as cancer and cardio-
vascular disease. Its medical and socioeconomic impact is immense. This 
becomes evident when one considers people older than 65 years of age 
are at a high risk for developing age-related macular degeneration 
(AMD) (He et al., 2016): More than 600 million were in this age group in 
2015 and the elderly population is expected to grow by 236 million over 
the next 10 years. This trend coincides with a global pandemic in dia-
betes mellitus, which currently affects about 420 million adults. The 
World Health Organisation predicts an increase to more than 800 

million by 2030, of whom a third will experience vision-threatening 
disease (Lee et al., 2015; World Health Organisation, 2016). In addi-
tion, ophthalmologists and eye care professionals have been alarmed by 
the world-wide increase of 23% for blindness and 24% for severe vision 
loss between 2005 and 2015, in total affecting 900 million individuals 
(Vos et al., 2016), in spite of significant advances in diagnostic and 
therapeutic tools. Medicare payments per beneficiary for the care of 
patients with AMD in one cohort doubled from $1504 in 1994 to $3263 
in 2006, mostly due to anti-VEGF injections (Day et al., 2011), a 
development which has meanwhile led to one of the biggest demands on 
budgets in medicine. 
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1. Current knowledge on the role of fluid 

1.1. Learnings about the role of fluid in the pivotal trials 

Two unparalleled success stories in medicine have revolutionized the 
management of macular disorders world-wide. Firstly, non-invasive 
high-resolution retinal imaging by optical coherence tomography 
(OCT) became a most efficient diagnostic device. Secondly, intravitreal 
anti-vascular endothelial growth factor (VEGF) substances have suc-
cessfully inhibited disease activity in the three leading macular diseases: 
Neovascular AMD (nAMD), diabetic macular edema (DME) and retinal 
vein occlusion (RVO). However, while highly successful clinical trial 
results heralded a paradigm shift, the outcomes in medical practice have 
been poor (Mehta et al., 2018). The explanation for the mismatch is not 
failing therapeutic interventions per se: High-dose application of VEGF 
inhibitors such as ranibizumab and aflibercept, to name the approved 
and widely used block-buster agents, has excellent functional and 
morphological benefits, inducing rapid and sustained resolution of 
pathological macular fluid in numerous prospective clinical trials. 

In the pivotal ANCHOR and MARINA trials, patients gained an 
average of +7–10 letters and more than a third improved by at least +3 
lines following a fixed administration of ranibizumab to reduce macular 
edema (Brown et al., 2009; Rosenfeld et al., 2006). Consistent use of 

aflibercept led to visual gains between +7 and + 11 letters in patients 
with active nAMD (Heier et al., 2012). Visual improvement was 
mirrored by a decrease in pathological retinal thickening, as rapid and 
maintained as the best-corrected visual acuity (BCVA) course. Sustained 
monthly applications of VEGF inhibitors at the highest dose led to the 
best BCVA outcomes, which were also stable. Yet, when intervals were 
extended to a bimonthly regimen, fluctuations in central retinal thick-
ness (CRT) and a more unstable and less homogenous BCVA curve was 
noted (Heier et al., 2012). The loss in functional and morphological 
control became even more obvious when during weeks 52 through 96 in 
the VIEW studies patients were switched from their original dosing 
assignment to an as-needed regimen, i.e., extended intervals with 
defined retreatment criteria and mandatory dosing at least every 12 
weeks (Schmidt-Erfurth et al., 2014b). Despite an overall equal efficacy 
in the mean values, fluctuations in macular fluids during this second 
year of variable intervention led to “small losses at 96 weeks in the vi-
sual and anatomic gains seen at 52 weeks in all arms in the range of 
losses commonly observed with variable dosing”. Proof-of-principle that 
an adequate adjustment of fluid control is an essential requirement for 
optimizing visual benefit was thereby provided in a prospective and 
standardized setting. Even if average values throughout the entire study 
cohort appeared unchanged, it became clear that individual gains and 
losses could not be guided easily with rough criteria used for flexible 
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SF subretinal fibrosis 
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therapeutic monitoring. 
Subsequent prospective trials added further evidence supporting the 

concept of a maximum therapeutic response with minimum interven-
tion: In CATT, a multicenter, single-blind, non-inferiority trial, 1208 
patients with nAMD were randomly assigned to receive intravitreal in-
jections of ranibizumab or bevacizumab on either a monthly schedule or 
as needed with monthly evaluation. While bevacizumab and ranibizu-
mab administered monthly were equivalent and ranibizumab as needed 
was equivalent to monthly ranibizumab, the result of the comparison 
between bevacizumab as needed and monthly bevacizumab was labeled 
“inconclusive”. Accordingly, the mean decrease in CRT was greater in 
the ranibizumab-monthly group than in the other groups, again high-
lighting the impact of fluid and function, and the varying efficiencies of 
different substances (Martin et al., 2011). Rosenfeld, who was one of the 
investigators in PRONTO, the pioneering trial that introduced the 
principle of OCT-guided anti-VEGF therapy, amended the retreatment 
criteria during the second year of the trial to include enhanced 
retreatment if any qualitative increase in fluid was detected using OCT. 
At month 24, the mean visual acuity (VA) improved by +11.1 letters and 
the CRT decreased by 212 μm. VA improved by +15 letters or more in 
43% of patients, a convincing argument in favor of a tight fluid-guided 
therapy (Lalwani et al., 2009). Rosenfeld concluded in his comprehen-
sive review on OCT in anti-angiogenic therapy in 2016, following his 
extensive experience with OCT monitoring, that OCT imaging was 
adopted by the community “as a VEGF-meter” that allowed excess VEGF 
to be detected. Further that OCT had evolved to the gold standard for 
diagnosing nAMD, assessing treatment response and deciding on 
retreatment. Nevertheless, the vision that OCT was able to “quantify” 
macular fluid, and “identify intraretinal fluid (IRF), subretinal fluid 
(SRF), and fluid under the retinal pigment epithelium (RPE)” has not 
come to fruition clinically. Yet, the goal of such precision monitoring has 
been clear: To empower clinicians to be able to compare the efficiency of 
anti-VEGF drugs and move from fixed-dosing regimens to 
patient-specific dosing strategies by “observing the qualitative and 
quantitative changes in macular fluid” (Rosenfeld, 2016). AI methods 
made their powerful entry into medical diagnosis in the same year as 
Rosenfeld’s review was published and soon expanded into the retinal 
sphere (Obermeyer and Emanuel, 2016). 

The European guidelines for the management of nAMD were based 
on the pivotal trials mentioned above and similar confirmative studies. 
Therefore, monitoring fluid by OCT was recommended as the state-of- 
the-art procedure in disease management early on (Schmidt-Erfurth 
et al., 2014a). Subsequently, consistent correlations between fluid and 
function were established for the management of DME, although with 
less rapid fluctuations in both due to the slower progression and less 
reactive recurrence pattern (Schmidt-Erfurth et al., 2017a). 

Standardized clinical trials with extended follow-ups also impor-
tantly revealed that complete fluid removal is not a readily accessible 
goal. In CATT, less than half of the patients treated monthly over one 
and two years still had fluid at the last visit (Martin et al., 2012). 
Complete fluid resolution rates were nevertheless significantly higher 
for ranibizumab (45.5% of patients) than for bevacizumab (only 13.9%). 
Similarly, in the IVAN trial, continuous treatment led to more decrease 
in retinal fluid. Despite the investigators’ judgement that the compari-
son was inconclusive, bevacizumab therapy was associated with more 
persistent fluid and lower BCVA with − 2.0 letters (Chakravarthy et al., 
2012). Averaging and qualitative observations did not, however, 
establish a robust correlation between fluid resolution and BCVA 
change, as long as a precise individualized quantification was 
inaccessible. 

As much as undertreatment is an important challenge in real-world 
practice, overtreatment can be a cause for concern in clinical trials. 
Further injections seem unreasonable if even the most potent substances 
and most intensive regimen cannot resolve pathological fluid entirely. 
At least as long as the persistent amount and type of fluid is properly 
recognized, which requires an accurate fluid quantification in its entire 

volume, and not a mere B-scan profile as measured with CRT. It seems 
fair to say that the community no longer pursues a dry retina, as was the 
aim of most clinical trial designs in anti-VEGF therapy (Sharma et al., 
2020). Regarding a regular fluctuation of fluid, referred to as fluctua-
tions, was first neglected in the early aflibercept studies, where they 
were considered irrelevant for BCVA. However, fluid recurrences are the 
vital sign of disease activity and promote destructive changes at the 
neurosensory layers, such as macular atrophy or fibrosis (Evans et al., 
2020). Foveal center point thickness (FCPT) measures of 1165 eyes from 
the CATT and 566 from the IVAN trial data were extracted and grouped 
in a combined analysis by FCPT standard deviation (SD)-based quartile. 
Over the 2-year follow-up, the rate of fibrosis increased correlating with 
an enormous increase in the rate of FCPT fluctuations, from 7.8% to 
58.7%. A similar trend was found for the development of geographic 
atrophy (GA), rising from 9.0% to 30.2% at year 2 (Guymer, 2020). 
While fluid is mostly reversible, atrophy and fibrosis are the key features 
of irreversible visual loss (Daniel et al., 2019). 

If the severity of fluid fluctuation plays such a crucial role in the 
development of these end-stage complications, fluid volumes have to be 
measured with precision, to objectively quantify variations in each in-
dividual patient and fine-tune treatment accordingly. A binary fluid 
determination based solely on presence or absence is not enough for 
personalized precision medicine in a tissue as unforgiving as the macular 
retina. 

1.2. The real-world management of macular disease and its dilemma 

Consistent analyses of real-world outcomes have demonstrated 
substantially inferior benefits for patients treated for nAMD, and to a 
lesser extent DME and RVO, when therapy was performed in a routine 
clinical setting. The LUMINOUS registry provided an extensive overview 
of real-world conditions for ranibizumab therapy for the three major 
exudative macular pathologies and consistently highlighted the impor-
tance of fluid control by an adequate frequency and timing of inter-
vention. When 6241 patients with treatment-naïve nAMD were followed 
for 5 years of ranibizumab therapy, retreatment frequencies adminis-
tered by clinicians with qualitative discretion of fluid dynamics were 
tightly associated with large therapeutic gains. Injection frequencies of 
<3, 3 to 6, and >6 corresponded to visual acuity gains of +1.6, +3.3, 
and +3.7 letters (Holz et al., 2020). Intensive fluid extravasation in RVO 
makes this group of disorders even more prone to fluid-related 
morphological alteration. Accordingly, in a total of 1366 patients with 
branch retinal vein occlusion (BRVO), visual gains were substantially 
higher in patients receiving 6–9 injections (+13.6 letters) than in those 
receiving only 1 injection (+3.6 letters) (Pearce et al., 2020). Out of 20 
real-world studies reviewed by Chong, the mean letter gain was +2.9, 
and the weighted mean + 1.95, while in 12 studies the mean percentage 
of patients losing ≤15 letters was as high as 89%, probably due to 
recurrent fluid (Chong, 2016). British investigators concluded from 26 
studies (n = 25,761 eyes) that although UK real-world outcomes had 
improved with advanced service delivery and the adoption of more 
proactive treatment regimens over the preceding decade, these im-
provements were still not as impressive as the outcomes from registra-
tion trials (Mehta et al., 2020a). The SIERRA trial was a retrospective, 
multi-center, real-world evidence study that included a total of 98,821 
eyes from 79,885 patients receiving intravitreal anti-VEGF therapy for 
nAMD during a 4-year follow-up. While the VA declined with a lower 
injection frequency due to uncontrolled fluid recurrence, the proportion 
of eyes with improved VA increased in those patients treated more 
frequently than the recommended q8w interval. At one year, the ther-
apeutic improvement was +1.1 letters, and at 2 years a mean decrease of 
− 1.3 letters was reported (Khanani et al., 2020). 

The largest data base from real-world studies originates from the 
United States Electronic Health Records database and is comprised of 
functional and morphological outcomes from 30,106 patients with 
nAMD (Kiss et al., 2020). Analyses demonstrated that in nAMD it is not 
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only the number of visits and interventions that matters, but also 
adequate timing of fluid resolution. Over the first 12 months, real-world 
patients afforded a mean of 8.1 practice visits, received a mean of 6.0 
anti-VEGF injections, and underwent 7.2 OCT and 5.3 FA examinations 
per study eye. Hence, the focus on detecting fluid and leakage activity 
was strong and visits were tightly scheduled. Yet, during the first year of 
the most extensive care, mean CRT decreased only by a mean of − 48 μm, 
and mean VA increased by just +0.6 letters BCVA. Patients receiving at 
least seven treatments gained on average + 2 letters, and those receiving 
less than seven treatments lost − 1 letter (Hsu and Regillo, 2020). 
Weighing function versus fluid, the investigators found that each 
treatment yielded a +0.37 letter benefit and modest improvements 
correlated with a modest CRT decrease of − 48 μm at 12 months. They 
compared these results with the performance of physicians in clinical 
trials, and found physicians achieved a mean gain of +6 to 11 letters and 
a decrease in CRT of − 116 to 179 μm using identical diagnostic and 
therapeutic hardware tools. To explain the discrepancy, they suggested 
that “treating physicians may be the root cause” of these real-world 
suboptimal outcomes due to a “sometimes too relaxed” approach to 
retreatment protocols. As the mechanism of anti-VEGF therapy is 
crucially aligned with elimination of macular fluid, failure to achieve 
optimal outcomes is likely due to inadequate fluid diagnosis and elim-
ination. Obviously, the large series of high-resolution B-scans generated 
at every OCT visit cannot be exploited efficiently enough by the prac-
titioner in a real-world setting, in the absence of protocols, reading 
center analysis and sufficient practice time for in-depth image 
evaluation. 

Interestingly, a recent real-world analysis of electronic medical re-
cord (EMR) data collected from 1190 patients with nAMD at two sites in 
the United Kingdom performed as a retrospective, non-randomized 
cohort study, focused on the association between OCT markers of 
lesion activity and changes in visual acuity (Chakravarthy et al., 2020). 
In this analysis, qualitative absence of IRF or SRF at ≥ 2 visits resulted in 
a gain of +5 letters, compared with only 2 letters gained in eyes with <2 
visits with absence of IRF (p = 0.006) or SRF (p = 0.042). Comparing 
treatment visits with non-treatment visits, the maximum differences in 
frequency of OCT markers of fluid activity were found for intraretinal 
fluid (IRF; 24% versus 5%) and subretinal fluid (SRF; 32% versus 5%), 
while pigment epithelial detachment (PED) was reported in 58% of 
treatment visits compared with 36% in non-treatment visits. The authors 
concluded that retreatment decisions are most strongly influenced by 
the presence of IRF and SRF and less by the presence of PED or VA loss. 
The definitions of IRF, SRF and PED were purely based on the practice 
spectrum of physicians’ discretion extracted from the Medisoft EMRs. 
Accordingly, outcomes were again substantially below those achieved in 
standardized clinical trials. A more detailed assessment of this analysis 
revealed that IRF and SRF accounted for an injection decision in only 
24% and 32% of eyes, respectively, despite the fact that IRF/SRF was at 
least four-fold more likely to be noted when the decision was made. Yet, 
no pattern of clear-cut fluid evaluation was identified. Apart from fluid 
presence, clinicians relied strongly on patients’ loss of vision when 
deciding on disease management. Between the two, the influence of 
fluid in the decision was unclear. BCVA loss compared with the best 
recorded BCVA was also overestimated in real-world practice. On the 
positive side, in current times of advanced anti-VEGF therapy, modern 
physicians have become aware of the important role of fluid compart-
ments, i.e., IRF, SRF and PED, through clinical studies and real-world 
registries, and try to do their best to evaluate OCT image datasets so 
as to make optimal treatment decisions. The precautions in patient care 
during the COVID pandemic in particular have substantially changed 
practice patterns in anti-VEGF therapy in this direction. According to the 
2020 global survey of the American Society of Retina Specialists (ASRS), 
46.7% of ophthalmologists prefer to examine their patients clinically 
together with an OCT examination, while 39.6% make their treatment 
decision solely based on OCT imaging omitting clinical examination, a 
potential risk considering the variability in OCT-based decision making 

practices (American Society of Retina Specialists, 2020). A comparison 
of human experts and an AI-based method to identify retinal disease and 
therapeutic need revealed that clinicians not only have a significantly 
higher failure rate based on OCT evidence alone, but diagnostic preci-
sion also benefits greatly from the insight gained from fundus exami-
nation and evaluation of the clinical notes (De Fauw et al., 2018). The 
magnitude of therapeutic controversy is also reflected in the manage-
ment of SRF. In a treat-and-extend (T&E) regimen, 47.7% of physicians 
tolerated SRF and maintained the extended retreatment interval, while 
the other half, i.e., 47.3%, did not tolerate any SRF and shortened the 
ensuing intervals. The retina community is unmistakably at the point 
where clear guidance is needed. Direction is particularly importance as 
the resulting loss in visual potential in real-world practice severely im-
pacts the quality of life of millions of patients. A systematic literature 
search involving 123 studies, using MEDLINE, EMBASE, CINAHL, Psy-
cINFO, PsychARTICLES and Health and Psychosocial Instruments, 
showed that impairment of vital tasks such as mobility, face recognition, 
meal preparation, shopping, cleaning, watching TV, reading, driving 
and self-care results in high rates of depression (Taylor et al., 2016). 
Readers in clinical trials may deviate with some discrepancy, while 
general ophthalmologist are prone to make larger errors that mislead 
injection decisions. 

1.3. The origin of fluid in macular disease 

In general, fluid in the retinal layers is the result of an imbalance of 
inflow between outflow mechanisms. Regarding inflow, leakage of fluid 
can develop as a result of two basic pathways: Transudation or exuda-
tion. Transudation refers to leakage of fluid across intact endothelial cell 
membranes, while exudation involves abnormal fluid movement across 
impaired cell membranes and a defective permeability barrier. This is 
well illustrated in the lung in general medicine and in the retina in RVO. 
Transudative pleural effusions due to congestive heart failure develop as 
a result of an increase in capillary hydrostatic pressure or increased 
oncotic pressure, while exudative pleural effusions due to inflammation 
or infection are the result of disrupted cell membranes and a defective 
permeability barrier comparable to in DME and nAMD (Broaddus and 
Light, 1992; Hilely et al., 2021; Paramothayan and Barron, 2002; Porcel, 
2010). Regarding outflow, one has to consider the physiological path-
ways in the retina in which a bulk movement of fluid flows from the 
vitreous through the inner and outer retina and across the RPE into the 
choriocapillaris. The Na–K ATPase pump of the RPE and the intraretinal 
Muller cells are critical elements of this hydrostatic process, actively 
maintaining the retina in a water-tight state of deturgescence (Adijanto 
et al., 2009; Gallemore et al., 1997; Marmor, 1999; Reichenbach and 
Bringmann, 2020; Rizzolo, 2007; Spaide, 2016; Wimmers et al., 2007). 
Pathological fluid accumulates if the leakage is in excess of the local 
capability to remove the fluid. A disturbance of the RPE pump function 
alone may contribute to the build-up of SRF and may not be responsive 
to VEGF inhibition (Spaide et al., 2020b). 

Most commonly, macular fluid is classified based on its relation to 
the retinal layers. Macular fluid can therefore be found inside the 
neurosensory retina (IRF), beneath the neurosensory retina (NSR), but 
above the RPE (SRF) or underneath the RPE, separating Bruch’s mem-
brane and the RPE (pigment epithelium detachment (PED)) (Schmid-
t-Erfurth and Waldstein, 2016) (Fig. 1, Fig. 2, Fig. 3)., Macular fluids on 
OCT and their differentiation between distinct fluid compartments are 
essential biomarkers of exudative activity in nAMD, DME, RVO or cen-
tral serous chorioretinopathy (CSC). However, the molecular processes 
need to be understood to appreciate the historical triumph of 
OCT-derived exudative biomarkers in respect to macular fluid and their 
importance for anti-VEGF therapy. 

The discovery of a family of proteins called VEGF introduced a 
paradigm shift in understanding the pathophysiology of retinal exuda-
tive disease. VEGF is inseparably linked to the platelet-derived growth 
factor family. Two receptor tyrosine kinases with different actions are 

U. Schmidt-Erfurth et al.                                                                                                                                                                                                                      



Progress in Retinal and Eye Research xxx (xxxx) xxx

5

Fig. 1. Images showing type 1 macular neo-
vascularization. A, Fundus photograph from a 78- 
year-old with hemorrhage in the nasal macula. B, 
Fluorescein angiography image showing blocking 
defect caused by the hemorrhage, subtle diffuse 
leakage (arrow), and punctate leakage (arrow-
heads). C, OCT image (top) demonstrating hetero-
geneous reflectivity in a fibrovascular pigment 
epithelial detachment and (bottom) OCT angio-
graphic overlay showing flow within the pigment 
epithelial elevation. D, En face OCT image showing 
the neovascular network (arrow) and the center of 
the fovea (asterisk). Reproduced from (Spaide et al., 
2020a).   

Fig. 2. Images showing type 2 neovascularization. 
A, Fundus photograph from a 74-year-old showing a 
hyperpigmented ring in the fovea (arrow). B, C, 
Early-phase fluorescein angiogram showing (B) a 
well-defined lesion with late leakage and (C) 
obscuration of the borders of the neovascular lesion. 
D, B-scan OCT showing the outer retinal lesion with 
extension of subretinal fluid under the fovea. The 
ingrowth site through the retinal pigment epithe-
lium is evident (arrow). Reproduced from (Spaide 
et al., 2020a).   
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known for the VEGF ligand: VEGFR-1 and VEGFR-2. VEGFR-2 is the 
main pathway for the formation of choroidal and retinal neo-
vascularization in retinal diseases, but vascular hyperpermeability is 
also triggered by the activation of VEGFR-2. VEGFR-1, on the other 
hand, may indirectly promote angiogenesis via mediating monocyte 
chemotaxis. In addition, VEGFR-1 induces matrix metalloproteinase 
(MMP)-9 function and triggers hepatic paracrine factor release. MMPs 
further amplify VEGF action by segregating matrix-bound VEGF, ulti-
mately resulting in a feed forward loop of VEGF synthesis (Tolentino, 
2009). 

VEGF segregation can further be induced by hypoxia (Plate et al., 
1992). This mode of action is especially relevant for diseases involving 
ischemic pathways such as diabetic retinopathy (DR), RVO or retinop-
athy of prematurity. The elevated VEGF concentrations in these dis-
eases, and also in nAMD where choriocapillary flow deficits have been 
detected (Moult et al., 2020), might lead to an increased fenestration in 
vascular endothelium cells, together with the disbanding of tight junc-
tions, resulting in exudation (Antonetti et al., 1999; Roberts and Palade, 
1995). Following a VEGF increase, intercellular adhesion molecule-1 
can also be segregated, which again promotes damage to the endothe-
lium of the vessels with increased permeability and exudation (Miya-
moto et al., 2000). This progressive feed forward upregulation of VEGF 
ultimately results in clinically significant macular edema and neo-
vascularization. This interactive mechanism of action explains the need 
to downregulate and minimize excessive VEGF release and why 
anti-VEGF has been such a success story in treating these diseases. VEGF 
expression and inhibition is the key feature behind fluid increase and 
decrease, its compartmentalization and dynamics in volume. It is 
nevertheless a complex and dynamic pathway. 

Fluid in the setting of nAMD probably results from an impairment of 

exudative pathways related to impaired cell membranes and a defective 
blood ocular barrier associated with the neovascular membrane. Excess 
fluid may also develop as a result of non-exudative or transudative 
pathways in AMD. It became clear in the era of high-resolution spectral 
domain OCT (SD-OCT) that fluid can as well be encountered in eyes with 
non-neovascular AMD. Microcysts in the retina, typically located within 
the middle retina or the inner nuclear layer (INL) and originally referred 
to as pseudocysts (Cohen et al., 2010), can be identified with SD-OCT. 
They typically overly areas of RPE and outer retinal atrophy in the 
absence of neovascularization. These cysts should not be mistaken for 
exudative activity and may possibly be the result of cellular loss, 
including loss of Müller cells which are critical for hydrostatic homeo-
stasis. Subretinal fluid can also complicate the non-neovascular form of 
AMD. In a recent study, Hilely et al. identified three OCT patterns of 
non-neovascular fluid: A crest of fluid over the apex of a drusenoid 
pigment epithelial detachment (dPED), a drape of fluid over soft 
confluent drusen and a pocket of fluid at the angle of a large druse or 
dPED (Hilely et al., 2020). Development of fluid in this context may be 
related to RPE disruption and RPE pump impairment. It is interesting 
that in this study the majority of these cases progressed to advanced 
forms of atrophy and the fluid was highly associated with other OCT 
biomarkers of atrophy indicative of a progressively degenerating RPE 
layer (Hilely et al., 2020; Jaffe et al., 2020). The association of fluid with 
macular atrophy requires particular attention. Progression of nAMD, 
whether treated or not, leads to photoreceptor and RPE loss, and, finally, 
GA. Areas of GA were already present in 24.3% of eyes newly diagnosed 
with exudative AMD with a mean size of 1.23 mm2 (Sikorav et al., 
2017). Hence, not all fluid phenomena measured by sensitive AI tools 
are related to neovascular disease activity. 

Fig. 3. Images showing type 3 neovascularization 
with prominent edema and hemorrhage. A, Fundus 
photograph from an 87-year-old showing dozens of 
small fleck hemorrhages in the superior and nasal 
macula. The blue arrows show the location of the 
structural OCT scans. B, OCT scan of the section 
through the superior arcade showing expansion of 
the inner nuclear layer (arrowhead) and Henle’s 
fiber layer from edema fluid (arrow). C, OCT scan of 
the section through the superior parafovea 
revealing edema of the inner nuclear layer and 
Henle’s fiber layer with cystoid spaces (yellow and 
green asterisks, respectively). Hyperreflectivity 
within the retina overlying the apex of the retinal 
pigment epithelial detachment (arrow) is evident. 
Note the edema nasal and temporal to the area of 
neovascularization is greater than that immediately 
surrounding the new vessels. D, OCT scan of the 
inferior macula showing edematous thickening of 
the retina and subretinal fluid. E, Fluorescein 
angiogram showing a small area of hyper-
fluorescence corresponding to the hyper-reflective 
area in (C). F, Later fluorescein angiogram 
showing pooling of dye in cystoid spaces as well as 
diffuse staining well away from the area highlighted 
by the arrow in (E). G, Fundus photograph of 
magnification of the central portion of the macula 
involved showing the numerous isolated hemor-
rhages, many of which were in the inner retina. The 
green arrow shows the section captured by the OCT 
angiogram in (H). H, OCT angiogram showing the 
small focus neovascularization found within the 
outer retina (open arrow). The vertical double 
arrow is 150 mm. Note that the hemorrhages do not 
colocalize with the neovascularization. Reproduced 
from (Spaide et al., 2020a). (For interpretation of 
the references to color in this figure legend, the 
reader is referred to the Web version of this article.)   
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1.4. OCT-based classification of nAMD and VEGF expression 

Historically, macular neovascularization (MNV) in nAMD has been 
suggested to emerge from the choroid and has been classified based on 
invasive dye angiography into occult and classic choroidal neo-
vascularization (CNV). However, with OCT technology, more detailed 
insights revealed the origin of intraretinal neovascularization. A new 
classification was needed to adapt to the rapid progress in imaging 
technologies, disease-associated imaging biomarkers and their genetic 
associations. The primary type of MNV strongly determines the bio-
distribution of retinal fluid. SRF is detected in more than 50% of type 1, 
about 30% of type 2 and less than 5% of type 3 MNV lesions (Freund 
et al., 2020). Chen et al. showed that SRF was more commonly associ-
ated with Type 1 MNV, while IRF was more commonly associated with 
Type 3 MNV (Chen et al., 2016) (Figs. 1–3). In addition, polypoidal 
choroidal vasculopathy (PCV) has been closely linked to the same ge-
notype as seen in conventional AMD and has now been integrated into 
the AMD classification as a form of type 1 MNV (previously occult CNV) 
(Spaide et al., 2020b). Yet, PCV differs in its pathomechanisms of fluid 
accumulation, as it is associated with primary disturbances in the 
choroidal circulation (Cheung et al., 2018). Classic CNV may represent 
type 2 MNV, according to the new OCT classification, and a mixed type 1 
and 2 MNV may represent minimally classic CNV. Most importantly, 
neovascularization not originating from the choroid, previously referred 
to as retinal angiomatous proliferation, has been renamed type 3 MNV 
(Spaide, 2018) (Fig. 3). Moreover, AMD-specific phenotypes have been 
described according to the thickness of the choroid. Eyes with a thin 
choroid are more closely linked with type 3 MNV, subretinal drusenoid 
deposits and macular atrophy (Reiter et al., 2020b), while eyes with a 
thick choroid (i.e. pachychoroid) are more closely associated with type 1 
MNV, including PCV. VEGF diffusing from the choroidal lesion to 
overlying inner retinal vessels may induce retinal capillary leakage with 
additional IRF release (Tolentino et al., 1996). Novel well-defined 
consensus definitions for neovascular nomenclature were therefore ur-
gently needed to evaluate clinical outcomes and treatment response in 
correct relation to disease phenotyping (Spaide et al., 2020b). The pri-
mary phenotype definitions, however, are largely neglected in current 
routine clinical management and OCT-based fluid absence or presence is 
often used as the overriding basis for treatment decisions. Precise fluid 
localization and volumes by AI will further help to characterize and 
differentiate fluid dynamics in the different MNV entities. Neither type 3 
MNV with fast IRF resolution nor type 1 MNV with substantial SRF 
pooling has so far been differentiated in anti-VEGF trials. 

OCT has been adopted particularly in nAMD as a surrogate mea-
surement of VEGF expression. Excessive VEGF release results in clini-
cally relevant macular edema with significant loss of visual function. 
OCT can especially measure the extent to which macular fluid is present 
and may indirectly measure the level of VEGF release, a “VEGF-meter,” 
as termed by Rosenfeld. However, a “fluid-meter” that bridges the gap 
between vision loss and VEGF needs first to be established. The bio-
logical success of anti-VEGF therapy and morphological OCT features 
have been closely linked from the beginning. Experimental studies 
correlating the concentration of intraocular cytokines, including VEGF, 
with OCT-based fluid visualization revealed a solid relation between 
VEGF levels and disease activity, but not necessarily the absolute 
amounts of macular fluid with VEGF expression in different diseases 
such as nAMD, DME and RVO (Funk et al., 2010, 2009). Extrapolations 
should not therefore be made from AI-determined fluid dynamics to 
levels of VEGF expression or inhibition. A more realistic approach is the 
introduction of AI-based fluid analysis. 

Mixed mechanism pathways of fluid leakage should also be consid-
ered. Persistent or residual subretinal fluid has been encountered in 
various pivotal trials of anti-VEGF therapy, e.g., in 25–50% of eyes at 
various endpoints of the trials (1 year or longer) (Dugel et al., 2020a; 
Heier et al., 2012; Maguire et al., 2016). While recalcitrant subretinal 
fluid may indicate persistent exudative neovascular activity warranting 

close monitoring, and in some cases more aggressive anti-VEGF therapy, 
other non-exudative pathways should be considered such as an impaired 
RPE pumping capacity and/or Müller cell disruption. It is interesting 
that persistent SRF at the end of various prospective trials has been 
correlated with more favorable visual outcomes (Sharma et al., 2016). 
Recalcitrant SRF may indicate an impaired RPE pump, while frank RPE 
loss and atrophy may be associated with an unimpeded passage of fluid 
into the choroid. 

Direct measurement of excessive fluid and its presumed function as a 
fluid-meter has disrupted conventional procedures in patient manage-
ment. OCT and fluid measurement alone, without dilated fundus ex-
amination (DFE) and often without visual acuity assessment, has been 
proposed as a fast, safe and cost-efficient way to tackle the great need for 
timely treatment in busy outpatient clinics (Trivizki et al., 2020). In 
addition to eliminating BCVA assessments and DFE, time taken for 
scrolling through OCT volumes of individual patients and between in-
dividual visits can be saved when using automated precision measure-
ment of macular fluids. This will result in further time saving, both for 
patients and clinical staff, and cost per encounter. Patients will be able to 
visit the clinic more often and efficiency and safety will also improve, 
allowing clinicians to see more patients during a day. An objective 
quantification of macular fluid with OCT is therefore becoming more 
and more critical in guiding the diagnostic and therapeutic evaluation of 
nAMD (Dugel et al., 2020a; Heier et al., 2012; Maguire et al., 2016). 
Fluid volumes as personalized OCT biomarkers are developing to 
become the most important factors in guiding the management of 
nAMD. Between 55 and 75% of the ophthalmologists questioned in the 
2020 Preferences and Trends survey by ASRS hoped that more durable 
drugs will soon reduce the patient volumes in nAMD, DME and RVO. 
AI-based automated fluid analyses is the most efficient monitor for all of 
these substances and strategies. 

1.5. Fluid in the diabetic macula 

High-precision localization and quantification of IRF/SRF increase 
and decrease over time shed light on the pathognomonic fluid dynamics 
in each disease. To establish AI’s potential in DME, a pilot analysis of 
fully automated retinal layer and fluid segmentation was undertaken in 
629 patients receiving anti-VEGF therapy for DME in a randomized 
clinical trial (RCT). Of the 312 potentially predictive features it 
attempted to define at three time points (baseline, weeks 12 and 24), 
intraretinal cysts (IRC) in the outer nuclear layer (ONL) had the greatest 
predictive value for BCVA at baseline, and IRC and CRT in the 3-mm 
area at weeks 12 and 24 for BCVA after one year (Gerendas et al., 2017). 

However, leakage in diabetic macular disease has an entirely 
different origin and dynamic to that in nAMD. In general, retinal 
morphology and function rely heavily on the integrity of the blood 
retinal barriers (BRB). Current therapeutic practices recommended for 
DME focus mostly on addressing the endothelial component of the inner 
BRB, and anti-VEGFs are the most effective anti-permeability agents 
available to date. Similar therapeutic effects on fluid levels as in AMD 
could therefore be expected. There are, however, other cellular com-
ponents to the barrier that collaboratively constitute the inner BRB such 
as pericytes, astroglia and Müller cells. Loss of pericytes is thought to be 
an early pathologic feature of diabetes, which weakens the integrity of 
the barrier, compromises endothelial cells and leaves them primed to 
respond to pathologically elevated VEGF (Park et al., 2017). These dif-
ferential structural pathomechanisms can be better recognized and un-
derstood by AI-based fluid identification, localization and quantification 
under therapy. 

IRF is the most obvious fluid type in DME because retinal endothelial 
cells constitute the first cellular component of the barrier, with inter-
cellular adhesions (tight, gap and adherens junctions) controlling par-
acellular transport to particles less than 3 nm in size. In addition, trans- 
cellular active transport is tightly regulated via caveolae (transcytosis) 
or specific receptor transporters and is the predominant entry way for 
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macromolecules (Klaassen et al., 2013). Blood retinal barrier breakdown 
is associated with dysfunction in both trans- and inter-cellular endo-
thelial barriers. Notably, VEGF has been shown to disrupt the BRB by 
affecting both the transcellular vesicular pathway and the integrity of 
intercellular adhesions (Díaz-Coránguez et al., 2017; Klaassen et al., 
2013). VEGF inhibition restores the BRB by allowing the physiological 
transretinal transport mechanisms to pump the IRF out. Extravasation of 
lipids seen as hyperreflective foci (HRF) in OCT analyses are therefore 
another relevant leakage variable which should be quantified, e.g., with 
AI tools (Zur et al., 2018). 

Regarding pericytes, their pathophysiological role in supporting and 
maintaining the BRB has been studied extensively. Experiments with 
transgenic mice showed pericyte depletion during development to be 
associated with severe disruption of retinal vasculature and ultimately 
vision loss (Park et al., 2017). Interestingly, pharmacologically 
depleting the pericytes in adult mouse retina induced a variety of 
downstream effects, including sensitizing the endothelial cells to the 
effects of VEGF-A, activation of macrophages and retinal inflammation 
and leakage in a dose-dependent fashion, illustrating the importance of 
these perivascular cells in maintaining retinal integrity and function 
(Ogura et al., 2017). Depletion of pericytes is not immediately reversible 
by intravitreal VEGF inhibition, and a much slower fluid resolution in 
DME compared with nAMD is typically measured by AI-mediated fluid 
segmentation (Roberts et al., 2020). 

Other mediators such as angiopoietins 1 and 2 (Ang 1 and 2), which 
are tightly balanced ligands of the endothelial Tie-2 receptor, are 
emerging as having an important role in retinal vascular function and 
pericyte survival (Díaz-Coránguez et al., 2017). Notably, Ang 2 has 
recently emerged as a potential therapeutic target (Sahni et al., 2019). It 
has been shown to be overexpressed in diabetic eyes (Patel et al., 2005) 
and its overexpression is associated with vascular regression, pericyte 
detachment and vascular leakage (Pfister et al., 2010). Simultaneous 
Ang 2 inhibition with faricimab demonstrated a statistically significant 
gain of +3.6 letters over ranibizumab with extended durability in the 
BOULEVARD trial (Sahni et al., 2019). AI-based quantification of mac-
ular fluid dynamics in ongoing clinical trials using different therapeutic 
mechanisms will offer a unique method to verify such novel therapeutic 
target concepts. 

In addition to their role in the inner BRB, Muller cells have a critical 
role in maintaining retinal fluid homeostasis by removing extracellular 
water through co-transport of potassium and water into the blood, 
facilitated by aquaporin 4 (Bringmann et al., 2006). Further, in hypoxic 
environments and when exposed to blood-derived cytokines during BRB 
breakdown, these cells respond by activating the gliosis mechanism as 
well as secreting proangiogenic factors, including VEGF with the po-
tential to further exacerbate retinal leakage and BRB disruption 
(Bringmann et al., 2006). These multiple biological alterations patho-
gnomonic for diabetic macular disease reinforce each other in a 
complicated interaction, which is likely reflected in disintegration of 
inner neurosensory layers (Schmidt-Erfurth and Michl, 2019). A precise 
layer segmentation in DME is therefore typically complicated for both 
human experts and automated tools. 

A recent comparison of fluid behavior using AI demonstrated that in 
each individual disease, at every timepoint, most IRF was present at the 
fovea, followed by the paracentral and pericentral ring (p < 0.0001). 
While this was also true for SRF in RVO/DME (p < 0.0001), patients 
with nAMD showed more SRF in the paracentral ring than in the fovea 
(p < 0.0001). Among the early treatment diabetic retinopathy study 
(ETDRS) sectors, patients with DME presented the highest IRF volumes 
temporally (p < 0.0001). Under VEGF inhibition, the investigators 
measured differential reductions of initial fluid volumes per disease and 
a different dynamic over time at 1 vs 12 months: The IRF resolution 
between 1 and 12 months was 95.9%/97.7% in RVO and 91.3%/92.8% 
in nAMD, but only 37.3%/69.9% in DME. That rate was different for SRF 
with 94.7%/97.5% resolution in RVO, 98.4%/99.8% in nAMD and 
86.3%/97.5% in DME (Michl et al., 2020a). The slower IRF resolution in 

DME is a result of the multiple biological pathways described above. 
While less well understood and studied, the RPE as the outer BRB is 

also thought to be affected in diabetes (Tonade and Kern, 2020), which 
should be most reflected in the dynamics of SRF volumes. Regarding the 
correlation of fluid and function, it must be considered that photore-
ceptors have been implicated in exacerbating the vascular dysfunction 
in diabetic retinopathy. Rodent experiments showed that retinal 
vascular leakage was abrogated in diabetic rodents that had a total loss 
of photoreceptors, implicating photoreceptor-derived cytokines in the 
process of BRB leakage (Tonade et al., 2017). Interestingly, a recent 
study of a retinal model of primary photoreceptor degeneration 
(non-diabetic) revealed that the outer BRB (early) and deep retinal 
capillaries (later) show evidence of leakage, disruption and loss of 
integrity (Ivanova et al., 2019). Of note, the deep capillary leakage was 
tightly associated with RPE migration and cone degeneration, showing 
the intricate interplay between the inner and outer BRB and suggesting a 
highly complex interaction between these barriers and the photorecep-
tors. In RVO, which shares the primary retinal vascular origin of fluid 
leakage into the retina with DME, significant correlations with BCVA 
were seen for a 100-μm increase in central subfield thickness (CST; − 3.1 
letters), intraretinal cysts at the center point (CP; +4.1), SRF at CP 
(+3.0) and HRF at the central B-scan (− 2.2) (Michl et al., 2020b). 
Hyperreflective foci are a common feature in DME-related exudation 
and were assigned to migrating RPE cells and/or lipid exudates. Auto-
mated image segmentation of HRF revealed that higher numbers of HRF 
were significantly associated with longer diabetes duration and 
morphological OCT characteristics, including CRT (p = 0.004), cysts (p 
< 0.001), subretinal fluid (p = 0.001), and disruption of the external 
limiting membrane (p = 0.018), suggesting a role for HRF as a clinically 
relevant biomarker for disease severity in DME (Schreur et al., 2020). 
The OCT pattern of HRF may also represent a sign of inflammation, with 
important pathophysiological implications (Agarwal, 2019) . 

1.6. Human expert and AI-based automated fluid evaluation 

Anti-VEGF intraocular injections are considered the standard care for 
the treatment of nAMD, DME and macular edema due to RVO, but 
identifying the optimal monitoring and treatment regimens in clinical 
trials and routine practice remains elusive (Boyer et al., 2012; Heier 
et al., 2012; Holz et al., 2013; Nguyen et al., 2012; Rosenfeld et al., 2006; 
Wells et al., 2015). To optimally avoid fluid occurrence in the macular 
retina, T&E protocols have been widely adopted for anti-VEGF treat-
ments, tailoring injections on the basis of patient response by proactive 
intervention before fluid occurs (Silva et al., 2018; Wykoff et al., 2015). 
Nevertheless, any patient-tailored protocol requires clinicians to deter-
mine reinjection intervals based on the presence of fluid on OCT (DeC-
roos et al., 2012). Retreatment criteria and retinal fluid evaluation are 
thoroughly defined in clinical trials and the investigators’ performance 
overseen by certified readers, considered as high-performing experts. 
Most relevant definitions for the delineation of macular fluid were 
introduced by reading centers performing in trials for approval of 
anti-VEGF substances. In times of automated AI reading, such human 
experts’ rules and criteria are used as ground truth for the validation of 
automated algorithms. Moreover, retrospective analyses of clinical tri-
als, with their perfectly phenotyped and monitored populations and 
datasets, are commonly used to train AI algorithms or obtain reliable 
information from the application of AI-based tools about disease activity 
and therapeutic response (Roberts et al., 2020; Schmidt-Erfurth et al., 
2020b). 

Based on preexisting expert readers’ discretion, IRF was defined as 
exudation visible within the NSR, including all layers between the in-
ternal limiting membrane (ILM) and the ellipsoid zone. The biomarker 
IRF is, however, already difficult for a human to evaluate precisely, and 
this is magnified by the diversity of real-world judgement. IRF can be 
measured in three ways: Identification of cysts, measurement of thick-
ening of the individual retinal layers and measurement of total retinal 
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thickness. Cysts are a common feature of IRF and easiest for readers and 
clinicians to identify. The University of Wisconsin Fundus Photograph 
Reading Center (FPRC) grading protocol defines cystoid spaces as hypo- 
reflective, well-delineated and at least 40 μm in height within the NSR 
(Domalpally et al., 2009). Multiple cysts can coalesce together causing 
them to lose their individual circular shape and merge into retinal layers 
(Fig. 4). Although outer retinal tubulations are similar in appearance to 
cysts, tubulations are considered a sign of neurodegeneration consisting 
largely of cones lacking outer and/or inner segments and only Müller 
cells forming an external limiting membrane (Espina et al., 2016). 
Thickening of individual retinal layers can occur and may be difficult to 
identify in the absence of cysts. To identify IRF in the absence of cysts, 
the FPRC grading protocol encourages human graders to recognize 
asymmetric thickening of the ONL or loss of a normal foveal contour 
(Fig. 5). Because OCT technology depends on directional reflectance, the 
Henle’s layer can be more obvious with a tilt of the OCT scan, resulting 
in asymmetric reflectivity of outer retinal layers (Lujan et al., 2011). 
Human graders take this artifact into consideration before documenting 
IRF without cysts. Within FPRC, intergrader agreement on cystoid vs 
non-cystoid IRF is 88% (kappa 0.78, n = 922 eyes). Such inter- and 
intra-grader comparisons are an essential requirement to assure accu-
racy of human expert readings. When 1213 pairs of time-domain (TD-) 
and SD-OCT scans from the CATT study were analyzed by the Duke 
Reading Center, agreement on IRF was 73%, with artifactual interpre-
tation of dark areas as cystoid edema as a main issue (Folgar et al., 
2014). However, substantial disagreement regarding fluid determina-
tion has been found, even among expert graders. Within a reader team 
composed of two independent readers and a senior reader in the CATT 
study, the percent agreement was 73% for IRF with a kappa of 0.48, 90% 
for SRF with a kappa of 0.80 and 88% for sub-RPE fluid with a kappa of 
0.75 (DeCroos et al., 2012). This disagreement occurred, however, in a 
purely qualitative analysis of macular fluid, and is far from represen-
tative of quantitative three-dimensional volume measurements. As 
reader performance is highly standardized and based on hundreds and 
thousands of individual B-scans, it represents an “ideal world,” which 
often clashes with the high variability in the diagnostic discretion of 
even experienced real-world experts. A standardized comparison of 
reader performance and clinical investigators revealed reading center 
fluid determination agreed in only 72.1% and disagreed in 27.9% of 
visits, with no discrepancies seen only in 20.9% of patients. Deviations 
occurred more commonly with lower total foveal thickness (mean ± SD: 
265 ± 103 positive fluid discrepancy, 366 ± 151 μm positive fluid 
agreement), presence of intraretinal fluid only and smaller fluid areas 
(Toth et al., 2015). As IRF in particular is considered as the major 
negative impact on BCVA, such incorrect judgement should clearly be 

avoided. 
Central retinal thickness measurement is the third indicator of IRF. 

Most OCT segmentation algorithms measure CRT from the ILM to the 
RPE, presenting a priori a blend of both IRF and SRF. However, in other 
studies total CRT is measured from the ILM down to Bruch’s membrane 
(BM), even including RPE detachments, which most strongly distorts 
CRT values. Central subfield thickness is the most commonly used var-
iable in clinical trials and, most disturbingly, retreatment by protocol is 
based on CRT/CST values. The Diabetic Retinopathy Clinical Research 
(DRCR) network uses an algorithm based on changes in CST and visual 
acuity to determine reinjection criteria (Aiello et al., 2011). Despite 
volumetric scans being available, retinal volume of the entire scan is 
currently not used as a clinical trial outcome, primarily due to seg-
mentation errors and the associated burden involved in editing the 
boundary lines across the entire scan (de Azevedo et al., 2020). A 
simplified system used in clinical trials includes digital caliper mea-
surements at the foveal center point of the individual compartments to 
distinguish IRF and SRF (DeCroos et al., 2012). A post hoc analysis in 
both the CATT and IVAN studies showed eyes with IRF had worse visual 
acuity than those with SRF (Evans et al., 2020). Larger cyst size and the 
presence of SRF have been shown to have a better prognosis in DME 
studies (Gerendas et al., 2018a). Fluctuating CST has been shown to be 
associated with poor prognosis in both DME and nAMD (Ehlers et al., 
2020; Evans et al., 2020). These results indicate that quantitative 
assessment of fluid along with subtyping into IRF/SRF is most relevant 
for optimal treatment decisions. This is particularly relevant during 
long-term management of patients receiving anti-VEGF, where fluid 
volumes are small and progressive BCVA loss is almost the norm in 
real-world care. 

A central pocket of SRF in the setting of retinal vascular diseases such 
as DR and RVO may be the result of Muller cell traction on the central 
bouquet (Lenis et al., 2020), but in more severe cases is likely the result 
of exudative complications. FPRC intergrader agreement on the pres-
ence of SRF and involvement of the central subfield is high, at 93% 
(kappa 0.87, n = 922 eyes). Although identification of SRF is more 
reproducible than for the various cystoid spaces in IRF, measurement of 
SRF is nuanced by a few coexisting features. The roof of the dome can 
present with irregular thickening considered to be photoreceptor debris 
(Fig. 6, (A)) (Spaide, 2008). Subretinal hyperreflective material (SHRM) 
is another feature associated with nAMD and can coexist with the 
hyporeflective SRF component (Fig. 6, (B)) (Willoughby et al., 2015). 
Caliper measurements of the subretinal space do not distinguish SRF and 
SHRM, which is a major issue as SRF has a positive prognostic impact, 
while SHRM is the leading feature for development of vision-disturbing 
subretinal fibrosis (SF) (Roberts et al., 2019). The border between SHRM 
and RPE cannot be distinguished in advanced cases, particularly with 

Fig. 4. Optical coherence tomography scan in an eye with retinal vein occlu-
sion showing intraretinal fluid with a large central cyst and multiple coalesced 
cysts along with subretinal fluid. Hemorrhage (arrow) blocks the reflectivity of 
underlying layers and interferes with delineation. 

Fig. 5. Optical coherence tomography scan of an eye with diabetic macular 
edema showing thickening of the outer nuclear layer with loss of foveal con-
tour. The arrow displays the lateral extent of the thickening. 
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preexisting fibrosis, and the subretinal and sub-RPE space become a 
continuum (Willoughby et al., 2015). Fluid detection in reading centers 
is based on the presence of SRF/IRF, whereas clinician interpretation is 
geared towards fluid significant enough for a repeat injection. What the 
clinically relevant threshold should be has yet to be determined in 
prospective clinical trials. 

Considering the complexities involved in human graders measuring 
SRF, deep learning methods have the potential to provide a better way of 
fluid quantification (Keenan et al., 2020a; Moraes et al., 2020; 
Schmidt-Erfurth et al., 2020b). Other studies have shown a substantial 
disagreement between clinicians’ interpretation in the detection of fluid 
(Keenan et al., 2020b; Toth et al., 2015). Human investigators detecting 
retinal fluid in the AREDS 2 study had an accuracy of 0.805, a sensitivity 
of 0.468 and a specificity of 0.970 (Keenan et al., 2020b). Therefore, a 
comprehensive assessment of fluid in retinal diseases needs to consider 
the presence, subtype, center-involvement, severity and volume of each 
fluid component within each B-scan of an entire standard OCT volume. 
Although automated methods of fluid detection are successfully 
evolving, a reference standard that could help fine tune the process is 
lacking (Schlegl et al., 2018). Physicians’ interpretation of clinically 
significant fluid is subjective and therefore prone to weak agreement. 
Reading center detection of fluid is standardized and reproducible, but 
does not encompass the severity component. Future research in an era of 
telemedicine, large clinical trials, analysis of “real-world” data and 
AI-guided therapies with automated fluid detection needs to include 
reference standards that can incorporate clinical significance in a 
reproducible way. AI-based detection simply of the presence or absence 
of IRF/SRF alone without any accurate measurement of the amount of 
fluid was recently proven superior regarding sensitivity and specificity 
of fluid detection in a retrospective analysis of the AREDS 2 study 

dataset (Keenan et al., 2020b). 
Little effort has been invested in proof-of-principle for the level of 

performance of AI systems versus clinicians. A systematic review of the 
design, reporting standards, risk of bias, and claims of studies comparing 
the performance of diagnostic deep learning algorithms for medical 
imaging in general with that of expert clinicians found only 10 records 
for deep learning-based randomized clinical trials, of which two are 
published and eight are ongoing. Of the 81 non-randomized clinical 
trials identified, only nine were prospective and just six were tested in a 
real-world clinical setting (Nagendran et al., 2020). Regarding the ac-
curacy of referral recommendation on a range of sight-threatening 
retinal diseases, investigators demonstrated AI performance reaching 
and mostly exceeding that of four ophthalmologists (De Fauw et al., 
2018). Future studies are urgently needed to enhance real-world clinical 
evidence and reliable conclusions, particularly in the most promising 
field of retinal image analysis (Nagendran et al., 2020). 

2. The technology of AI-based fluid localization and 
quantification 

Localization of retinal fluid on OCT and its subsequent volume 
quantification fundamentally relies on having accurate AI-based image 
segmentation methods which assign to the respective OCT voxels a label 
denoting the fluid-type, see Fig. 7. After localizing the fluid in a volu-
metric scan, a two-dimensional en face topographic map of fluid dis-
tribution in the macula can be computed and displayed (Fig. 8). This 
furthermore allows quantification of the volume of the fluid identified, 
not only for an entire OCT scan but also for a specific local region 
spatially defined by, e.g., a standard ETRDS grid. Fluid volumes are most 
commonly expressed in nanoliter (nl) units to avoid using long decimal 
numbers as 1 nl = 0.001 mm3. 

The estimates of fluid volume quantities are tightly coupled with the 
available spatial resolution of the OCT scan acquired. In particular 
because the number of OCT B-scans acquired and the physical spacing 
between them can vary between different imaging settings and different 
OCT device manufacturers. Fig. 8 illustrates how an OCT scan, when its 
spatial resolution is reduced, can produce largely different estimates of 
IRF and SRF volumes compared with the original high-resolution scan. 
From the figure, we can observe that this is especially problematic with 
OCT scans with less than 30 B-scans covering a 6-mm range, as such a 
low spatial resolution hinders obtaining precise volumetric estimates of 
small fluid pockets. 

For AI-based fluid assessment to provide an effective clinical decision 
support, in addition to an appropriate OCT scanning pattern, several 
further aspects have to be taken into consideration. Due to the large 
number of fluid pockets potentially present in a scan, the assessment 
methods should be fully automated, as even minimally interactive ap-
proaches would be too labor-intensive and consequently of very limited 
clinical use. Furthermore, a fully automated assessment ensures an 
objective and repeatable fluid quantification. Finally, the runtime of the 
AI algorithm should be short and clinical workflow integration suffi-
ciently tight to avoid increasing the duration of an eye examination at a 
standard clinical visit. Ideally, a complete assessment of fluid should be 
accessible in real-time by a mouse click only. 

The importance of localizing and quantifying retinal fluid on OCT 
scans was recognized early on. The very first work on OCT fluid seg-
mentation was proposed by Fernández (2005), shortly after the first 
commercial OCT devices appeared on the market. Before the introduc-
tion of deep learning segmentation models, traditional machine learning 
approaches were applied, where a classifier was trained to label each 
OCT voxel based on a set of handcrafted features describing its sur-
rounding image appearance. 

The output of such voxel-level classifiers was then coupled with the 
two dominant segmentation frameworks of that time: Graph-cuts (Boy-
kov et al., 2001; Boykov and Funka-Lea, 2006) and level sets (Caselles 
et al., 1997; Sethian, 1999). Several prominent studies have applied 

Fig. 6. Optical coherence tomography (OCT) scan of an eye with diabetic 
macular edema (A) showing cysts, subretinal fluid (arrow) and hyperreflective 
debris at the photoreceptor layer (asterisk). OCT scan of an eye with neo-
vascular age-related macular degeneration (B) showing subretinal fluid (solid 
arrow) and subretinal hyperreflective material (discontinuous arrow). 
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fluid segmentation methods using such machine learning approaches, 
including (Chen et al., 2012), (Xu et al., 2015), (Chiu et al., 2015), 
(Wang et al., 2016), (Chakravarthy et al., 2016), and (Novosel et al., 
2017). Nowadays, deep learning segmentation models based on training 
convolutional neural networks (CNNs) are state-of-the-art due to their 
ability to learn from labeled training examples end-to-end, i.e., without 
the need for explicitly engineering features representative of retinal 
fluid. Thus, in this review we will focus on those approaches exclusively. 
But before surveying the methods, it is important to define how the fluid 
segmentation performance can be evaluated. 

2.1. Performance evaluation 

The most common measure for evaluating image segmentation per-
formance is the Dice similarity coefficient (DSC), which is a measure of 
overlap expressed as “intersection over union” between the segmented 
and reference pixels. The value of DSC varies from a score of 0 (complete 
lack of overlap) to a score of 1 (perfect overlap) and is defined mathe-
matically as the (harmonic) average between a method’s precision and 
recall: 

Fig. 7. Convolutional neural network with an encoder-decoder architecture to segment intraretinal fluid (green), subretinal fluid (blue), and retinal tissue (red). 
Reproduced from (Schlegl et al., 2017). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 8. Fluid localization and quantification variability across three different scanning patterns. The optical coherence tomography (OCT) scan was acquired with 97 
B-scans (left column), and then the 49 B-scan (middle) and the 25 B-scan (right) versions were artificially obtained by sequentially removing every second B-scan. 
Intraretinal fluid (IRF) and subretinal fluid (SRF) volumes were computed for the central 1-mm, 3-mm and 6-mm disks of the Early Treatment Diabetic Retinopathy 
Study (ETDRS) grid (top row). The estimated IRF volume in the central 6 mm varied from 17.3 nl (97 B-scans), 15.7 nl (49 B-scans) to 14.3 nl (25 B-scans), an 
underestimate of 20%. The SRF volumes were less affected and for the central 6 mm varied from 529.3 nl (97 B-scans), 529.7 nl (49 B-scans) to 534.4 nl (25 B-scans). 
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DSC= 2
precision × recall
precision + recall

=
2TP

2TP + FN + FP
, (1)  

where TP, FP and FN denote the number of pixels that are true positives, 
false positives, and false negatives. An advantage of the DSC is that it 
ignores the often-plentiful true negatives of the background, which 
otherwise would dominate the measure. Downsides of the DSC are that it 
does not directly represent a clinically relevant parameter and its high 
sensitivity to errors when tiny amounts of fluid are present, because then 
even a small amount of FP and FN voxels can be comparable in size to 
the number of TP voxels. Thus, DSC values are often reported by scan 
subgroups stratified by the reference fluid volume sizes. 

In addition to the DSC, measures with direct clinical interpretation 
are often considered. These have a specific focus, primarily fluid vol-
umes in the central 1-mm, 3-mm or 6-mm regions. Computing the Limits 
of Agreement (LoA) is statistically preferred over computing a correlation 
for measuring how the AI-based fluid volumes compare with the refer-
ence volumes, typically obtained from manual annotations. Such LoA 
are represented with a Bland-Altman plot (Bland and Altman, 1986), 
which in addition to the limits also shows a possible bias introduced by 
the method (Fig. 9). 

The performance of a fluid detector (a presence or absence of fluid in 
a scan) is traditionally evaluated by measuring the receiver operating 
characteristic (ROC) curve and calculating the associated area under the 
ROC curve (AUROC), which is a measure of performance irrespective of 
the actual operating point chosen. Choosing an operating point on the 
ROC provides the corresponding sensitivity and specificity of the method. 
It is important to note that for the sensitivity and specificity performance 
to be validated, the operating point needs to be selected before the final 
evaluation on the test set. Although an AUROC is the most commonly 
used detection metric, in the case of highly unbalanced datasets, where 
only a few scans contain fluid, the area under the precision-recall curve 
(AUPR) is the more appropriate measure because, similarly to DSC, it 
focuses on positive predictions, corresponding to the minority but 
clinically more important set of scans (Yanagihara et al., 2020). 

2.1.1. Inter-observer variability 
Datasets containing scans that have been annotated by multiple 

observers (image annotators) offer valuable insight into the inter- 
observer variability and the corresponding ceiling of the performance 
that the segmentation methods can reach when trained from manual 
annotations. Lee et al. (2017b) reported a mean DSC for human 
inter-observer variability of 0.75. As part of an international RETOUCH 
fluid segmentation and detection challenge (Bogunović et al., 2018), an 
inter-center inter-observer variability of DSC = 0.71 (±0.17 SD) for IRF, 
and a DSC = 0.73 (±0.20 SD) for SRF was reported on a large 
multi-device multi-disease dataset. With respect to fluid volumes, an 
inter-observer standard deviation of 100 nl for IRF and 40 nl for SRF 
across the baseline scans of treatment-naive eyes was reported in 
RETOUCH. This illustrates the difficulty of fluid annotation on OCT, 

even when performed manually by experienced image annotators, 
particularly in annotating IRF pockets in scans with a low signal-to-noise 
ratio. 

2.2. Fluid localization with supervised learning 

Soon after Krizhevsky et al. (2012) discovered CNNs were highly 
successful at image recognition, they were redesigned to address the 
image segmentation task by training them to learn the mapping from 
raw OCT intensity images to dense voxel-wise tissue class labels. A 
popular initial approach was based on patch classification, where each 
pixel was classified separately using an image neighborhood (patch) 
surrounding it. The main reason for using patches was that CNNs’ 
components were made of fully connected layers that required a 
pre-specified fixed input size image. Schlegl et al. (2015) developed such 
a patch-based classification CNN for the task of fluid segmentation on 
OCT. In this first deep learning approach to fluid segmentation, a 
multi-scale CNN model was proposed that used patches of two different 
sizes to capture both small and large fluid pockets, and furthermore it 
was trained to distinguish between IRF and SRF fluid types. 

Entirely convolutional neural networks (FCNNs) were proposed soon 
afterwards, without the need for fully connected layers (Long et al., 
2015). Besides operating substantially faster than patch-based models, 
they allowed segmentations to be obtained from images of arbitrary 
sizes and opened the door for an image-to-image training, where CNNs 
learn to directly translate the input OCT image into the output image of 
labels. Thus, all of the subsequent segmentation models adopted the 
FCNN paradigm. A standard image segmentation CNN architecture 
consists of two processing components, an encoder and a decoder 
(Fig. 7). The encoder gradually encodes a high-resolution input image 
into an internal representation based on a few artificial neurons, and the 
decoder gradually recovers this abstract image representation to a full 
resolution image with pixels assigned to their respective labels. Note 
that such a processing pipeline closely resembles the human visual 
pathway, where an incoming image of the world is first captured with a 
high-resolution array of photoreceptors in the retina. It is then relayed to 
the brain through a comparably small number of neurons within the 
lateral geniculate nucleus and is consecutively reconstructed back to a 
high-resolution image within the primary visual cortex. Hence, AI-based 
image analysis in the retina should be understood and trusted naturally 
by the ophthalmological community. 

The current state-of-the-art CNN architecture for image segmenta-
tion is a U-net (Ronneberger et al., 2015), which further includes the 
so-called shortcut or skip-connections across an encoder and decoder to 
facilitate the fine-detail recovery by a decoder. There have already been 
multiple works that used and evaluated CNNs to show that they produce 
accurate fluid segmentations as outlined next. Lee et al. (2017b) used a 
U-net for a segmentation of IRF with a training set composed of 1289 
annotated B-scans. The model achieved a DSC of 0.73, close to the 
inter-observer variability of DSC = 0.75, on a test set of 30 B-scans 

Fig. 9. (Left) Examples of receiver operating characteristic curves with operating points denoted for detecting fluid in patients with age-related macular degeneration 
(AMD) from scans acquired with Cirrus and Spectralis optical coherence tomography (OCT) devices (Reproduced from Schlegl et al. (2017)). (Right) Example of a 
Bland-Altman plot illustrating the inter-center, inter-observer limits of agreement (in red) in manual subretinal fluid (SRF) volume annotations (Reproduced from 
(Bogunović et al., 2019)). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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annotated by multiple experts. Schlegl et al. (2017) developed a CNN to 
segment IRF and SRF individually (Fig. 7). Its performance was exten-
sively evaluated across a range of the main retinal diseases and OCT 
device manufacturers. The method was cross-validated on a very large 
dataset of 354 fully annotated OCT volumes comprising three main 
exudative diseases, nAMD (212), DME (32), RVO (110), and two OCT 
vendors, 268 Cirrus (Carl Zeiss Meditec, US) and 86 Spectralis (Hei-
delberg Engineering, Germany). 

Further studies showed that CNNs can indeed be adapted to a specific 
OCT device vendor and macular disease. Venhuizen et al. (2018) 
implemented a multi-scale network that used a range of contextual 
windows to segment IRF. The method consisted of a cascade of two 
U-nets with two complementary tasks: The first one aimed at delimiting 
the retinal region (Venhuizen et al., 2017) and the second at segmenting 
IRF by integrating the output of the first U-net. A total of 221 OCT 
volumes from 151 patients (6158 B-scans) were used, from which the 
testing and evaluation had been performed on 99 OCT volumes (2487 
B-scans) from 75 patients. To obtain segmentations from scans of 
different OCT manufacturers, a small amount of device-specific data was 
used for CNN fine-tuning. The authors reported a DSC of 0.79 and, 
furthermore, demonstrated a good robustness and generalization to the 
scans of other device manufacturers (DSC = 0.72). 

A system developed by Google DeepMind for OCT-based diagnosis 
and clinical referral (De Fauw et al., 2018) used a 3D U-net (Çiçek et al., 
2016) to segment IRF and SRF within a total of 15 different retinal la-
bels. Nine contiguous B-scan slices were used as a 3D context input to 
segment the middle B-scan. In addition, to identify ambiguous regions, 
an ensemble of five instances of the network was constructed by training 
with a different order over the inputs and different CNN initializations. 
Networks were trained on 877 Topcon (Topcon, Japan) and 152 Spec-
tralis (Heidelberg Engineering, Germany) OCT scans having only sparse 
annotations, i.e., 3− 5 B-scans per volume were manually annotated, 
representing an equivalent of approximately 20 fully annotated OCT 
volumes. Unfortunately, the accuracy of the fluid segmentation perfor-
mance has not been reported. 

Another notable work is that of Lee et al. (2018), where they trained 
and evaluated a U-net for segmentation of IRF, SRF, SHRM and PED on 
930 B-scans from 93 eyes of 93 patients with nAMD. Using data 
augmentation during training, where training examples are artificially 
deformed to increase the image appearance and shape variability, their 
CNN was trained using 11,550 augmented images derived from 550 
B-scans. They reported high DSC scores of 0.78, 0.82, 0.75, and 0.80 for 
segmentation of IRF, SRF, SHRM, and PED. Lu et al. (2019) presented 
the winning solution of the RETOUCH challenge that performed both 
fluid segmentation and detection. The system was trained for each de-
vice manufacturer separately and relied on a combination of a U-net 
CNN as well as traditional random forest classifiers and graph-cut seg-
mentation algorithms to detect and reject false-positive fluid voxels. 
This approach reached a segmentation performance of DSC = 0.77 and a 
perfect detection performance (AUC = 1). Recently, Guo et al. (2020) 
adapted the U-net to increase its capability for multiscale segmentation 
of retinal fluid in eyes with DME in OCT volumes. The U-net was trained 
and evaluated on data from 51 participants (45 with DME and 6 healthy 
controls) and obtained a DSC = 0.864 in segmenting retinal fluid, 
although without the ability to distinguish between IRF and SRF. The 
performance could be further improved to a DSC = 0.892 by including 
information from both OCT angiography (OCTA) and structural OCT, 
which are acquired simultaneously by modern OCTA devices. 

Supervised learning relies on an ample availability of pairs of OCT 
images and their corresponding pixel labels, requiring large, manually 
annotated datasets, which is slow and expensive. Furthermore, there is a 
lack of standardized scanning protocols in routine OCT imaging and 
each device manufacturer uses its own post-processing, resulting in 
volumetric OCT scans which strongly differ in image resolution and 
signal-to-noise ratios (Yanagihara et al., 2020). Thus, a model trained on 
images from one OCT device manufacturer may not readily generalize to 

images of another OCT device or even to a newer OCT device model 
from the same manufacturer. This challenge means training examples 
have to be obtained for each individual target OCT device. Producing 
such dense annotations is tedious and time-consuming. Collaboration 
and data-sharing between multiple institutions is often necessary to 
reach the data amount and quality necessary for achieving clinically 
applicable performance. As such exchange may lead to issues that 
concern data privacy and security, which in the real world often hinders 
sharing between institutions, Mehta et al. (2020b) demonstrated a 
proof-of-concept of a so-called model-to-data approach. The investigators 
at the sites trained an AI model from images coming from multiple in-
stitutions, with the model rather than the data traveling between them. 
There, a U-net for IRF segmentation was iteratively improved by training 
with the data available at each institution using a total of 400 OCT 
B-scans from 128 participants. 

2.3. OCT segmentation with weakly supervised or unsupervised learning 

A supervised learning approach for semantic segmentation requires 
pixel-wise annotations for training. As described above, such pixel-wise 
manual annotations are very expensive and time-consuming. Hence, two 
alternative learning schemes were pursued to respond to this demand: 
Weakly supervised and unsupervised learning. A weakly supervised seg-
mentation technique aims at learning from a less costly OCT level or B- 
scan-level labels denoting fluid presence. This has been powerfully 
demonstrated by Schlegl et al. (2015) by using labels denoting an 
approximate spatial location of the fluid related to its retinal layer po-
sition and distance to the fovea. A performance equal to ≈85% of an 
equivalent pixel-level fully supervised model was reached. Other weakly 
supervised approaches exploit image interpretability techniques applied 
to the trained fluid detection network. Those can reveal the pixels that 
contribute to the decision making behind detecting the fluid, expecting 
that such identified pixels will be correlated with the pixels of the fluid 
regions. Several approaches showed that a pixel-level segmentation can 
be extracted in such a manner, albeit with moderate accuracy (Kermany 
et al., 2018; Lee et al., 2017a; Vidal et al., 2018). 

Unsupervised learning approaches take this method one step further 
and are based around the concept of anomaly detection, which requires a 
training set of healthy retinas only, without any pixel-level or scan-level 
labels. A two-step process is used, where first the “normal” shape and 
appearance is learned, and then anomalies such as fluid can be detected 
as deviations from the norm. This reflects the traditional study process of 
medical students, who first learn what a healthy tissue looks like and 
subsequently gain the ability to recognize pathologies as deviating from 
this normal appearance. Seeböck et al. (2019b) trained a retinal layer 
segmentation on healthy images, and used a measure of segmentation 
uncertainty as a surrogate for local anomalies in the image. As an 
alternative, Schlegl et al. (2019, 2017) used generative adversarial 
networks (GANs) (Goodfellow et al., 2014) to synthesize a healthy 
version of the local image region, allowing the anomalies to be high-
lighted as the local difference between the diseased image patch and its 
synthetic healthy counterpart. 

An alternative unsupervised learning approach is to use available, 
but unlabeled datasets, to improve the generalization capabilities of 
previously trained AI models. This is achieved by learning to perform 
image-to-image translation between scans acquired with different OCT 
device manufacturers. Such a proof-of-concept has recently been 
demonstrated by Romo-Bucheli et al. (2020b), who used CycleGAN (Zhu 
et al., 2017) to produce synthetic but realistic OCT images that have the 
look-and-feel appearance of the target OCT device, while preserving the 
morphological retinal information of the original source OCT device. 
Thus, without any additional annotations, it is possible to extend the 
generalization performance of a pretrained fluid segmentation model. 
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2.4. Detection of the presence or absence of fluid 

Detecting the presence, recurrence and resolution with absence of 
fluid are basic tasks in the clinical management of macular disease, and 
these markers are often used for assessing substance efficacy in clinical 
trials. Having an accurate fluid segmentation method greatly facilitates 
such a basic fluid detection task, as detection of fluid presence or 
absence can be achieved either by thresholding the number of 
segmented fluid voxels or training another classifier to learn to detect 
fluid from the segmentation output. Schlegl et al. (2017) have conducted 
the largest evaluation of individual fluid detection to date. They eval-
uated automated segmentation against a volume-level manual grading 
of 1200 OCT volumes of eyes with nAMD (400), RVO (400) and DME 
(400) with an equal distribution of fluid presence and imaged with two 
different OCT devices, Cirrus (600) and Spectralis (600). AUCs for IRF 
and SRF ranged from 0.91 to 0.97 and 0.87–0.98, respectively. Chak-
ravarthy et al. (2016) reported a diagnostic accuracy of overall fluid 
detection of 91% compared with the majority grading by three retinal 
specialists on 142 OCT scans (Zeiss Cirrus) of eyes with nAMD. Moraes 
et al. (2020) applied a previously published DeepMind algorithm using 
the Moorfields AMD clinical database. Two retinal specialists indepen-
dently performed the binary classification task for IRF and SRF presence 
on a subset of 573 baseline scans. Evaluation of the cases with the expert 
agreement showed a detection performance of an AUC = 0.85 for IRF 
and an AUC = 0.95 for SRF. 

Even when fluid segmentation is not available, CNNs are well suited 
for such a binary image classification task to detect whether fluid is 
present in the scan. In fact, research in deep learning has produced 
several powerful CNN models for image classification. The image clas-
sification setting has vastly benefitted from research efforts in the 
domain of visual recognition challenges such as the ImageNet (Russa-
kovsky et al., 2015) containing millions of annotated images. This 
resulted in the availability of a few ready-made, pre-trained image 
classification CNN architectures which can be fine-tuned on an OCT 
fluid detection task. Such a transfer learning approach used by Treder 
et al. (2018) successfully detected nAMD from a central OCT B-scan by 
fine-tuning with 1012 OCT B-scans. An accuracy of 0.98 was achieved 
on a test set of 100 B-scans, equally balanced between nAMD and 
healthy examples. Lee et al. (2017a) proposed a CNN trained from 
scratch on more than 100,000 B-scans to distinguish nAMD B-scans from 
normal scans, relying on a popular VGG16 (Simonyan and Zisserman, 
2014) network architecture. A total of 80,839 B-scans (41,074 from 
AMD, 39,765 from normal eyes) were used for training, and 20,163 
B-scans (11,616 from AMD, 8547 from normal eyes) were used for 
validation. At the B-scan level, the approach achieved an AUC of 92.78% 
with an accuracy of 87.63%. At the macular OCT-scan level, the method 
achieved an AUC of 93.83% with an accuracy of 88.98%. Kurmann et al. 
(Kurmann et al., 2019) fine-tuned a popular ResNet CNN architecture 
(He et al., 2016) to detect a series of biomarkers on each B-scan of a 
volumetric OCT. After training on 23,030 B-scans from 327 patients, the 
investigators compared the performance on 1029 B-scans from 21 pa-
tients with a majority voting decision of eight experts. The CNN showed 
a high accuracy in the detection of fluid with an AUC of 0.98. 

Overall, there are many approaches available and published in 
recent literature that can apply AI modalities to automatically identify 
the occurrence of fluid in retinal OCT scans. These could serve as major 
instruments for recognition and screening of retinal diseases not only by 
general ophthalmologists but also by eye-care and other professionals 
working at locations, such as the general practitioner’s office or the 
pharmacy, where large populations of individuals are at risk for 
exudative macular pathologies. 

2.5. Modeling of quantitative fluid development 

The mere detection of fluid in the retinal space, similar to a clini-
cian’s qualitative discretion about fluid presence or absence, is not 

enough to import precision medicine into the retinal experts’ decision 
making in high-quality and high-volume disease management. The 
unique paradigm shift which AI offers to real-world practice is its 
automated and objective quantification of fluid in different compart-
ments, and at any visit for individuals as well as for large populations. 

In macular edema, regular treatment with anti-VEGF agents restores 
and preserves vision by reducing fluid accumulations in the NSR. The 
necessity of periodic anti-VEGF treatment and corresponding moni-
toring with visual acuity scores and retinal OCT scans provide extensive 
and exceptional longitudinal datasets. In contrast to cross-sectional 
studies, where only a snapshot at a given point is analyzed, a longitu-
dinal setting allows quantification off changes over time, and subse-
quently assessment of disease progression and treatment response. Here, 
changes in function and pathoanatomy under treatment are captured by 
in-vivo measurement of distinct fluid volumes in OCT scans and visual 
function in terms of BCVA. A proper analysis of these measurements 
allows assessment of a reliable association of structure (fluid) and 
function (BCVA) by correlating the changes in vision and fluid in disease 
progression and under treatment. In particular, distinguishing different 
fluid types, such as IRF, SRF and PED, and further integration of the 
spatial location of fluid with respect to the fovea, facilitates the evalu-
ation of the differential impact of different fluid compartments on cen-
tral vision. As a target of anti-VEGF treatment is the reduction of retinal 
fluid with optimal visual recovery, assessing fluid volumes by com-
partments may allow a precise determination of clinically relevant 
variables and an estimation of individual treatment outcome (Vogl et al., 
2017). The variable of interest for the future in AI-based treatment de-
cisions will not simply be the presence or absence of fluid, but rather a 
compartmentalized assessment of fluid. 

Modeling longitudinal BCVA development under treatment and the 
effect of fluid compartmentalization is a challenging task. As highlighted 
in Fig. 11, we observed a high variance in BCVA at baseline visits, 
resulting a priori from different disease stages at the first visit and 
variance in the individual trajectories due to differing responses to 
treatment or different treatment regimens. The model also has to 
consider the rapid change in fluid reduction and major BCVA gain after 
the first treatment, and the losses in BCVA due to a recurrence of fluid as 
a result of a specific treatment regime, pro-re-nata (PRN) and T&E. The 
model should also be able to handle irregular visiting intervals, missing 
visits and drop-outs of patients, as these are common issues in longitu-
dinal medical datasets. Linear mixed models (LMMs) are a powerful 
statistical tool capable of addressing these issues in longitudinal data. 
This statistics framework has been successfully applied in the medical 
imaging domain of neurodegenerative disorders (i.e. Alzheimers dis-
ease) (Bernal-Rusiel et al., 2013; Bilgel et al., 2016; Schiratti, 2017). 
Extensions of LMMs, such as joint models combining LMMs with 
time-to-event data (Proust-Lima et al., 2014; Rizopoulos et al., 2016), 
Bayesian inference (Fong et al., 2010) or with Gaussian processes 
(Lorenzi et al., 2017) increase the flexibility of the models and widen the 
scope of applications. LMMs have been successfully applied in retinal 
diseases to analyze structure-function in AMD, DME, and RVO from 
longitudinal data (Reiter et al., 2020a; Roberts et al., 2020; Schmid-
t-Erfurth et al., 2020b; Vogl et al., 2017). Details of the outcomes of 
these structure/function analyses are discussed in Chapter 4. Here, the 
focus is on the underlying method, in particular in the context of 
fluid-function correlation. 

2.5.1. Linear mixed models for longitudinal data 
LMMs for longitudinal data (Verbeke and Molenberghs, 2009) are 

able to describe longitudinal trajectories, both on a population and in-
dividual level. Such models contain fixed effects and random effects. Fixed 
effects may be interpreted as population-wide mean effects, similar to 
coefficients in basic linear regression. Random effects are defined for a 
group and subsume factors that are not covered by fixed effects and/or 
cannot be assessed. In the case of longitudinal treatment data, we as-
sume a grouping effect of follow-up measurements per patient and/or 
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eye, as data points within a patient are not independent, and have a 
different variance structure than between patients. This is evident for 
instance in the BCVA trajectories, where the variance between different 
patients is higher than between follow-up scans of a patient (Fig. 10). 

For modeling BCVA trajectories, the growth curve model of Laird and 
Ware (1982), which is a common realization for LMMs for longitudinal 
data, can be applied. In its most simple form, such a model has an 
intercept and a slope as fixed factors describing the mean value at 
baseline (intercept) and mean trend (slope) in BCVA development 
(Fig. 10 dotted red line). By including a random intercept and random 
slope per patient, we account for subject-specific deviation from the 
population-wide BCVA trajectory due to disease stage and speed of re-
covery. Formally, assuming we have i = 1, 2, …, n patients and for each 
patient j = 1, 2, …, mi observations, such a model is defined for a single 
patient i and observation j as: 

yij = β0 + β1tij
⏟̅̅̅̅̅ ⏞⏞̅̅̅̅̅ ⏟

fixed

+ b0i + b1itij
⏟̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅⏟

random

+ εij (2) 

yi j is the outcome variable, such as a BCVA measurement, measured 
at time-point ti j. β0 and β1 are the intercept and slope of the mean tra-
jectory. b0i and b1i are subject specific deviation from the general tra-
jectory in terms of the random intercept and slope, respectively. The 

residuals εi j and random effects are assumed to be independent from 
each other and normally distributed. The coefficients β and (co-)vari-
ances are usually estimated from the data using maximum likelihood, 
restricted maximum likelihood (Bates et al., 2015) or Bayesian ap-
proaches (Fong et al., 2010). Additional fixed effects may be added 
similarly as in linear regression to estimate additional effects associated 
with the outcome, such as a different treatment regimen, age or sex. 

A main advantage of LMMs compared with traditional statistical 
methods, as for instance analysis of variance (ANOVA) for repeated 
measures, is that the number and interval of observations is flexible, 
which makes it more suitable for analysis of non-RCT real-world data-
sets. Furthermore, a model can be extended easily to include additional 
hierarchies, for instance repeated observations for patients within sub-
groups. Furthermore, generalized and non-linear mixed models allow us 
to analyze non-normal data (e.g. categorical data) or more complex 
trajectories (Fong et al., 2010). 

Roberts et al. (2020) and Reiter et al. (2020a) used a piecewise linear 
model with the split point after the first treatment. This approach allows 
the capture in particular of the rapid changes in BCVA that occurred 
after the first treatment more accurately than in a simple linear model. 
Fig. 11 shows such a mean trajectory in an AMD cohort. Roberts et al. 
(2020) used this model to assess the mean change of BCVA, IRF and SRF 
in patients with DME after the first injection and subsequently. 
Furthermore, by incorporating a categorical covariate encoding the 
administered drug (aflibercept, bevacizumab, ranibizumab), the in-
vestigators were able to show that aflibercept induces a significantly 
stronger reduction in fluid than bevacizumab. 

2.5.2. Correlating structure/function in a longitudinal setting 
As observed in Fig. 12, there is a correlation between central vision 

and the presence/absence of fluid volumes. This correlation can be 
modeled by adding fluid as a covariate to the model. Furthermore, by 
including fluid volumes at different retinal locations (i.e. IRF vs. SRF vs. 
PED, foveal vs. parafoveal), the differential association of these fluid 
types and locations with visual acuity can be determined. Vogl et al. 
(2017) and Roberts et al. (Roberts et al., 2020) included the accumu-
lated IRF and SRF volume measures within a 1-mm diameter around 
fovea and within the parafovea, i.e., the 1- to 3-mm ring around fovea. 
Eq. (2) is then extended in the following way by fluid volumes measures 
vfov− irf, vfov− srf, vpara− irf, vpara− srf that correspond to IRF and SRF volume 
at the fovea and para-fovea, respectively: 

bcvaij = β0 + β1 × tij + β2 × vfov− irf
ij + β3 × vfov− srf

ij + β4 × vpara− irf
ij + β5

× vpara− srf
ij + b0i + b1j × tij + εij

(3) 

The coefficients β0 and β1 are the mean intercept and slope, and b0i 
and b1i the subject specific intercept and slope deviations. β2 to β5 are 
interpreted as the effect that a particular fluid volume compartment has 
on average on BCVA per unit. 

Examples of measures and individual model fit from fixed and 
random effects estimates for RVO, DME and AMD (Fig. 13) illustrate that 
the general trend in BCVA development under treatment is well 
captured by the model. The association of fluid and BCVA is particularly 
evident with a BCVA drop and recovery due to fluid recurrence and 
subsequent anti-VEGF treatment. This also demonstrates the benefit of 
using longitudinal data rather than cross-sectional data. The patient- 
specific variation in the trajectory due to individual disease stage and 
speed of disease progression can be separated from fluid effects by 
including a patient-specific random intercept and slope that are esti-
mated from all available data points. Furthermore, as shown by Vogl 
et al. (2017), the model can also be used for individual prediction. 
Considering the fluid effect, estimating patient-specific random out-
comes from initially observed time points were used to compute a tra-
jectory based on Eq. (3) and to extrapolate it in order to estimate 
treatment outcome in terms of BCVA after one year. 

Fig. 10. Best-corrected visual acuity (BCVA) development in a cohort of pa-
tients with diabetic macular edema receiving anti-vascular endothelial growth 
factor treatment. Each blue line is the BCVA trajectory of an individual patient. 
Four cases are exemplarily highlighted, demonstrating the variance in the data 
due to the specific disease stage. (For interpretation of the references to color in 
this figure legend, the reader is referred to the Web version of this article.) 

Fig. 11. Modeling best-corrected visual acuity (BCVA) trajectories in an age- 
related macular degeneration cohort as a split-linear model to capture rapid 
changes after the first treatment. The red line indicates the mean trajectory 
defined by fixed effects. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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There are limitations to the model described. First, a linear model is 
used to capture the trajectory. Whereas it is capable of capturing the 
general trend of the mean and individual trajectories, a more accurate 
model fit might be obtained by a polynomial or non-linear model fit. The 
split-linear model was introduced particularly for the purpose of 
capturing large changes in BCVA and fluid after the very first injection. 
However, especially in DME, fluid resolution is slower than in AMD and 
may be captured better by a non-linear method. Second, the relation of 
structure and function is also assumed to be linear in the model. Whereas 
this allows for an easy interpretation of the coefficients, a non-linear 
relation might provide a more precise estimate of the effect of fluid on 
function. Third, fluid volume is associated with BCVA at the same visit 
only in the model described. However, permanent damage to neuro-
sensory structures caused by the presence of fluid resulting in reduced 
vision, even after fully resolved fluid, is not covered by these co-
efficients. These changes are then subsumed in random effects, causing a 
drop in the slope, but not in the association of fluid/function. Further-
more, baseline fluid is not distinguished from fluid recurrence at later 
time points in the model. Fluid at baseline may be present for a longer 
period in the retina, and may have different effects on neurosensory 
structures than transient fluid recurrence followed by an anti-VEGF 

treatment regimen. As Riedl et al. showed in an AMD cohort, baseline 
foveal and parafoveal IRF is negatively associated with BCVA by − 3.2 
and − 1.1 letters per 100 nl fluid volume, respectively, whereas at later 
time points only foveal IRF has a negative association of − 4.3 letters per 
100 nl. A larger volume of fluid at baseline may be an indicator of more 
severe or longer untreated disease, which may be associated with a 
gradual loss of vision, whereas at later time points the association of 
fluid and function is more immediate, as indicated by the influence of 
foveal IRF on central vision. Finally, morphological changes, such as 
photoreceptor alterations, SHRM, atrophic and fibrotic changes were 
not specifically accounted for in the model. This can be observed for 
instance in the AMD case in Fig. 13, where a drop in vision occurred due 
to non-fluid-related alterations in the retina. However, the model can be 
easily extended by including other quantitative markers that affect 
vision as additional covariates. 

As shown in this section, LMMs are a powerful tool for analyzing the 
fluid-related treatment response in a longitudinal setting, and reliably 
quantify the association of fluid in the retina and resulting function, 
particularly in respect to different compartments. This opportunity 
based on a precise localization and quantification of fluid using AI-based 
tools is crucial in advancing our understanding of the pathomechanisms 

Fig. 12. Individual best-corrected visual acuity (BCVA) trajectory of a patient with neovascular age-related macular degeneration (nAMD) receiving anti-vascular 
endothelial growth factor treatment. For four time points (baseline, months 9, 11, 24) the corresponding intraretinal fluid (IRF) and subretinal fluid (SRF) seg-
mentations are shown. The numbers represent the fluid volumes measured in the whole volumes. Note that at month 11 the letter score decreases and at the same 
time central IRF is observed, indicating a clear association of fluid and visual function. 

Fig. 13. Measured (light blue) and linear mixed model predictions (dark blue) of individual trajectories for the three diseases diabetic macular edema (DME), age- 
related macular degeneration (AMD) and retinal vein occlusion (RVO). Correlations of fluid and function are visible as spikes in the trajectory due to recurring fluid. 
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

U. Schmidt-Erfurth et al.                                                                                                                                                                                                                      



Progress in Retinal and Eye Research xxx (xxxx) xxx

17

of exudative disease entities and identifying the clinically relevant tar-
gets for therapeutic intervention. 

3. AI-based assessment of treatment response in anti-VEGF 
therapy 

After the discovery of the cause-effect relation of VEGF, the first anti- 
VEGF substances, pegaptanib sodium and ranibizumab, were developed 
for ocular purposes in the early 2000s with the treatment of nAMD as the 
primary target (Lanzetta et al., 2013; Rosenfeld et al., 2006). In the 
meantime, the anti-VEGF agent bevacizumab was approved for the 
treatment of metastatic colon cancer, which led to a widely established 
off-label use in ophthalmology, which is still ongoing to this day. Initial 
attempts of intravenous administration of anti-VEGF were quickly dis-
continued due to side effects and intravitreal application of anti-VEGF 
was established as the primary route of administration (Campochiaro 
and Akhlaq, 2020). Beside the introduction of anti-VEGF therapy for 
nAMD, the same substances were also investigated and later approved to 
tackle other mainly, but not exclusively, VEGF-mediated retinal vascular 
diseases, especially DME and macular edema due to RVO (Lanzetta and 
Loewenstein, 2017). Monthly treatment was soon considered a large 
burden for patients and physicians, and novel treatment regimen stra-
tegies arose from the necessity to individually address a patient’s need 
for re-treatment based on leakage activity. Further, the development of 
substances with extended durability or higher dosages were initiated. A 
second approach to tackle this issue is to investigate refillable drug de-
livery systems, which is ongoing. 

As an essential base for deciding which treatment regimen/agent/ 
system is superior in sustaining patients’ visual function, a precise 
assessment of the therapeutic efficacy has to be performed and the 
resulting evidence analyzed. This is the primary task for AI methodology 
in the retina: To understand the mechanisms and realistic benefits of all 
available treatment modalities, to screen through all available conven-
tional study data and to extract the ground truth for a sound orientation 
regarding the optimal use of current therapeutic tools. 

3.1. Impact of the chosen regimen on fluid volumes 

Fluid is assessed at different time points in different treatment regi-
mens, therefore leading to different results. Monthly treatments are 
associated with monthly visits and result in maximum treatment with 
overtreatment in a proportion of patients, and possibly an enhanced risk 
of complications. In a PRN or “as-needed” regimen, the patient is 
monitored, ideally monthly, for as long as disease activity is present, 
mostly life-long in a chronic progressive pathology such as nAMD. This 
regimen allows for less injections with a greater follow-up burden. Its 
large disadvantage lies in the amount of visits per patient, which makes 
this regimen time-consuming for patients and treating physicians 
(Lanzetta et al., 2013; Mitchell et al., 2011). Also, the lower number of 
injections has been identified as one of the most important factors of 
sub-optimal visual outcome. In a pro-active treatment (i.e. T&E), the 
treatment interval is individually adjusted based on the exudative ac-
tivity cycle to identify the longest treatment interval before the recur-
rence of fluid. Therefore, the patient typically receives more treatments, 
even if no macular fluid and disease activity is present, but undergoes 
less monitoring (Campochiaro and Akhlaq, 2020; Freund et al., 2015). 

It is important to consider the treating regimen when assessing and 
quantifying fluid under therapy. In a PRN regimen, macular fluid vol-
umes will be higher at the time of treatment and fluid assessment can 
additionally be performed at non-treatment visits. In a T&E regimen, 
where the retina is pro-actively treated, fluid might not be present at the 
time of treatment and visit intervals can vary considerably between 
patients. Irregular visits make it more difficult to calculate means for 
specific time points due to the fact that patients will never offer stan-
dardized intervals and identical time points throughout the population. 
In conclusion, the treatment regimen will greatly impact fluid 

measurements and PRN assessments might be more stable and present 
with higher volumes compared with the pro-active T&E regimen, where 
fluid volumes will always be minimal making fluid/function correla-
tions more difficult. 

3.2. Central retinal thickness vs. fluid volumes 

Assessment of OCT-based CRT as a quantitative measurement has 
been widely used as a surrogate of disease activity in addition to tradi-
tional BCVA testing in large RCTs. This tradition was likely an extrap-
olation from the earlier time domain TD-OCT, with only 6 radial B-scans 
not allowing volume measurements but offering a center point thickness 
(CPT) as the only semi-quantitative variable, used in the major trials 
such as PRONTO, CATT and IVAN (Lalwani et al., 2009; Martin et al., 
2012; Chakravarthy et al., 2012). There are, however, critical issues 
with substituting exudative disease activity measurements with CRT 
alone. Commercial algorithms often fail to correctly delineate the ILM 
when there is intensive cystoid alteration of the inner retinal layers and 
different OCT devices use different boundaries for CRT determination 
(Mylonas et al., 2009). CRT is not always clearly defined and the mea-
surement can alternatively include the distance from the ILM to the 
external boundary of the NSR versus the distance from the ILM to the 
RPE in eyes associated with SRF and SHRM (Moraes et al., 2020) versus 
the distance from the ILM to BM in eyes associated with fibrovascular 
PED, which are all different pathomorphological entities (Chakravarthy 
et al., 2021; Dugel et al., 2020a). In macular edema, it may be difficult 
for investigators to determine the foveal center, leading to incorrect CRT 
values (Toth et al., 2015). The major drawback of CRT or CST is their 
partial representation of an in reality three-dimensional fluid distribu-
tion, although a more accurate calculation is easily accessible with 
modern raster-scanning high-resolution OCT technology (Schmidt-Er-
furth et al., 2017b; Schmidt-Erfurth and Waldstein, 2016). 

The correlation between CRT and pathological fluid volumes was 
assessed at baseline and during the maintenance period in a large pooled 
dataset including nearly 2200 patients affected by the three major 
exudative diseases (1097 nAMD; 588 DME, 512 RVO). Most intrigu-
ingly, the correlation between SRF/IRF and CRT was the weakest in 
nAMD, with overall low to moderate correlations at baseline depending 
on the correlation based on either SRF, IRF or both (Pawloff et al., 2021). 
During follow-up, this correlation remained low for nAMD, indicating 
that CRT is not an appropriate variable for determining fluid and 
leakage activity at initial presentation, or for guiding retreatment. In 
DME, the baseline correlation between SRF or IRF and CRT was the 
highest among the three diseases, but still only achieved a moderate 
correlation. The combination of SRF and IRF with their direct associa-
tion to the fovea led to a moderate association with CRT at baseline and 
follow-up. In RVO, baseline associations were also moderate, however, 
IRF and IRF/SRF combined showed a high correlation with CRT during 
follow-up, indicating that CRT is an effective marker for disease activity 
(Pawloff et al., 2021). IRF is the main driving force of a fluid/CRT 
correlation in the fovea. Therefore, pathognomonic differences between 
the diseases define the role of CRT/CST. Localization of fluid in an en 
face map showed characteristic correlations/co-localizations in nAMD 
(Klimscha et al., 2017). In nAMD, fluid does not only accumulate in the 
central mm but may extend far beyond, such that it is not captured by 
CRT determination alone. A retrospective cross-sectional study of 1182 
OCT volumes (6 × 6 mm) from 1341 patients with treatment-naïve 
nAMD yielded more than 61 million A-scans for analysis. IRC, SRF and 
PED were detected on a per-voxel basis using fully automated segmen-
tation algorithms. Two subsets of 37 vol each were manually segmented 
to validate the automated results for ground truth performance. Overall, 
81% of eyes showed IRC, 95% SRF and 92% PED. IRC-presenting 
A-scans also showed SRF in 2.5% and PED in 32.9%. Of the 
SRF-presenting A-scan locations, only 0.3% simultaneously demon-
strated IRC and 1.4% PED. Vice-versa, of the PED-presenting A-scans, 
only 5.2% contained IRC and 2.0% SRF. Identical patterns were 
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observed in the manually segmented subsets and via pixel-wise odds 
ratio analysis. In conclusion, nAMD demonstrated low spatial correla-
tion of SRF with IRC and PED, in contrast to increased co-localization of 
IRC and PED. These morphological associations may contribute to our 
understanding of patterns of progression and functional deficits in 
nAMD (Fig. 14) (Klimscha et al., 2017). The reasons for these pro-
nounced differences are based on the topographic distribution and 
compartmentalization of fluid, which will be individually demonstrated 
for each disease in the following. 

3.3. Measurement of fluid resolution in nAMD 

3.3.1. Therapeutic response measured by manual annotations 
Detection of an incomplete response to therapy is crucial during anti- 

VEGF therapy in AMD, as this will severely affect treatment outcomes. 
An incomplete response was previously defined as 1) persistent macular 
fluid, 2) new or unresolved hemorrhage, 3) progressive fibrosis and 
scarring and 4) suboptimal visual outcome (Mettu et al., 2020). But 
before analyzing (persistent) fluid in AMD, one must also be aware of the 
topographic distribution of different fluid compartments associated with 

Fig. 14. Central B-scan and corresponding intraretinal fluid- (IRC-), subretinal fluid (SRF-), and pigment epithelial detachment- (PED-) en face thickness maps of 
automatically (a–e) and manually (f) segmented example cases. Note how IRC mainly colocalize to PED lesions, whereas SFR is mainly localized in retinal locations 
outside PED- and IRC-affected areas (reproduced from (Klimscha et al., 2017)). 
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exudation. The amount of fluid is not evenly distributed across the 
macular region. IRF is abundantly present in the foveal center, whereas 
SRF is present in only small amounts in the fovea. The major component 
of SRF volume is located outside the foveal center and might extend over 
the entire macular region sparing the fovea (Klimscha et al., 2017). 

Early work using manual quantification of macular fluid for a small 
number of eyes showed SRF and IRF responded immediately after initial 
ranibizumab treatment. SRF especially resolved, mostly during the first 
week after initial treatment, and achieved almost complete resolution 
after one month. Subretinal PED volume exhibited a delayed response, 
but continuously decreased with further treatment of the loading dose 
(Ahlers et al., 2008). A manual OCT quantification ancillary to the 
EXCITE trial investigated the impact of monthly compared with quar-
terly administered ranibizumab (Golbaz et al., 2011; Schmidt-Erfurth 
et al., 2011). Most distinctively, SRF volumes decreased in both treat-
ment arms, however, SRF was noticeably lower in the monthly treat-
ment arm, demonstrating the need to precisely quantify treatment 
response in an objective and reliable manner (Golbaz et al., 2011). 
Subretinal PED volume was also considerably smaller with monthly 
treatment, but did not resolve completely. Quarterly ranibizumab not 
only showed overall higher PED volumes but also exhibited higher rates 
of fluctuations in all fluid compartments, which might have an addi-
tional negative effect on VA outcomes (Evans et al., 2020). Keane et al. 
presented similar findings of macular fluid with manual segmentation 
during ranibizumab and bevacizumab therapy. IRF as a distinct marker 
was not used but the volume of the NSR served as a substitute (Keane 
et al., 2012, 2008). 

Human graders achieved this manual work by exhausting segmen-
tation of macular fluid, which required up to 15 h per OCT volume 
(Waldstein et al., 2016a). In addition, only small numbers of patients 
could be assessed using manual segmentation, and considerable differ-
ences between readers and physicians were identified (Toth et al., 
2015), weakening the initial advantage of expert manual fluid assess-
ments. Undoubtedly, a paradigm change was urgently needed for the 

assessment of macular fluid, not only for the identification of macular 
fluid in general, but also for differentiation of individual fluid com-
partments. OCT has already been established as the primary diagnostic 
tool in retina outpatient clinics. However, automation is necessary to 
expand research on macular fluid to large patient cohorts with frequent 
visits to harness the full potential of three-dimensional OCT volumes 
(Schmidt-Erfurth et al., 2017b). High-resolution capability of 5–8 μm, 
the clear depth of focus and the precision to detect extremely small 
volumes of fluid in nanoliters enables AI of OCT imaging to unveil 
subclinical fluid features to the physician. Precise quantifications using 
automated AI algorithms made analysis of macular fluid possible in a 
fast, reliable and objective manner. Therefore, re-investigations of pre-
vious studies were performed to obtain realistic insights into the me-
chanics of fluid under treatment. 

3.3.2. Automatic quantification of fluid resolution using artificial 
intelligence 

An analysis of macular fluid volumes from 1095 patients was con-
ducted in the HARBOR trial, which was a 24-month, phase III, ran-
domized, multi-center study that evaluated the efficacy of ranibizumab 
with different dosages (0.5 and 2.0 mg) and different regimens (fixed 
monthly and PRN), (Schmidt-Erfurth et al., 2020b). Macular fluid was 
automatically identified, quantified and classified into SRF, IRF or PED 
using deep learning (Schlegl et al., 2018). Most distinctively, IRF vol-
umes dramatically decreased after the first injection and IRF volumes 
remained on a barely detectable level in both the monthly and PRN 
treatment arms (Fig. 15). A substantially larger volume of SRF also 
decreased significantly after the first injection, however, SRF persisted 
in higher volumes compared with IRF throughout the study. By contrast, 
subretinal PED decreased to about half of its baseline volume and res-
olution was dependent on the injection regimen. However, a complete 
response to the treatment could not be achieved, even with monthly 
interventions (Fig. 15). In conclusion, a dose and regimen effect was 
precisely quantifiable with deep learning when assessing macular fluid 

Fig. 15. Response pattern of different macular fluid compartments under anti-vascular endothelial growth factor (anti-VEGF) therapy in the HARBOR study. (a) 
pooled macular fluid compartments regardless of treatment intervals. (b) separated by treatment regimen. (c) numerical values in nanoliters (nl). Intraretinal fluid 
(IRF): Red; Subretinal fluid (SRF): Blue); Pigment epithelium detachment (PED): Green. Reprinted with permission from (Schmidt-Erfurth et al., 2020b) Application 
of automated quantification of fluid volumes to anti-VEGF therapy of neovascular age-related macular degeneration. Ophthalmology 127:1211–1219. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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under anti-VEGF therapy. The strength of the HARBOR analyses was the 
monthly visits for both treatment regimens, which allowed a most reli-
able assessment of macular fluid and detection of characteristic resolu-
tion patterns (Schmidt-Erfurth et al., 2020b). Retinal fluid as the major 
hallmark of disease activity became measurable with nanoliter 
precision. 

The FLUID study was a 24-month, phase IV, randomized multi-center 
study that investigated the clinical tolerance of SRF to a maximum 
height of 200 μm at the foveal center in a T&E regimen. The primary 
goal was to investigate non-inferiority of visual acuity between a SRF- 
tolerant and SRF-intolerant treatment arm after 24 months. Re- 
treatment of anti-VEGF was based on a qualitative assessment (pres-
ence or absence) of macular fluid. No difference in VA was identified at 
the end of the study, with the SRF-tolerant group receiving 1.2 injections 
less during the 24 months’ follow-up. Therefore, the authors concluded 
that tolerating mild SRF (less than 200 μm) might be a practical path in a 
T&E regimen (Guymer et al., 2019). Interestingly, it became apparent in 
a subsequent quantitative analysis of the FLUID study, using the 
collected SD-OCT data, that the reduction of injections was in fact not 
associated with the expected higher volumes of (tolerated) SRF in the 
first place (Reiter et al., 2020a). On the contrary, quantified SRF vol-
umes did not differ between the treatment arms. This was also true for 

IRF volumes, which was a treatment trigger in both treatment arms. No 
significant difference was again found between the treatment arms in 
the quantified assessment of absence of SRF (no detectable SRF volume). 
The conclusion is that qualitative assessment of macular fluid is insuf-
ficient, lacking the important volumetric dimension of assessment. It 
might therefore be more appropriate to assume that it was not essential 
to increase or decrease the number of injections by a mean of 1.2 over 24 
months, but rather to precisely identify and quantify the treatment 
response before concluding on the impact of SRF. An ancillary analysis 
on structure-function correlation, in which fluid quantification was 
applied to the FLUID study data, is discussed in Chapter 4. Examples of 
quantifications in the FLUID study are shown in Fig. 16 and Fig. 17. 
HAWK and HARRIER were phase III, two-year, multi-center randomized 
clinical trials that assessed the efficacy and safety of brolucizumab 
6mg/3 mg against aflibercept 2 mg after a loading phase of three in-
jections in each treatment arm. Aflibercept was administered 
bi-monthly, whereas brolucizumab was planned every 12 weeks with a 
possible bi-monthly rescue (Dugel et al., 2020b). The HAWK study 
included a 3-mg brolucizumab arm in addition to the 6-mg brolucizu-
mab arm. OCT assessments were performed at every visit and automated 
detection and quantification of macular fluid volumes was performed 
subsequently (Schmidt-Erfurth et al., 2020a). Consistent with the 

Fig. 16. Example of macular fluid quantifications under therapy of a patient randomized into the SRF-intolerant treatment arm of the FLUID study. Note: Subretinal 
fluid did not resolve under monthly therapy. The majority of subretinal fluid volume is located outside of the fovea. Subretinal fluid (SRF): Blue; Intraretinal fluid 
(IRF): Red. The B-Scan in the second row is the central B-Scan. The third and fourth row show en face maps of IRF and SRF, respectively. (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web version of this article.) 
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characteristic anti-VEGF performance described, IRF was similarly and 
significantly decreased after the first injection in both the brolucizumab 
and aflibercept arm. IRF volumes remained at a very low level in both 
arms during follow-up. Total SRF volume was considerably greater than 
IRF volumes at baseline. Under brolucizumab treatment, SRF volumes 
decreased more than with aflibercept, i.e., between 74 and 97%, 
demonstrating a more intensive and stable reduction of SRF throughout 
the maintenance period. For PED volumes, fluid showed a larger 
decrease in the brolucizumab than aflibercept arm. PED volumes under 
brolucizumab therapy also remained more stable at a lower quantitative 
level. Moreover, lower levels of all types of macular fluid resulted in a 
better visual outcome than higher levels of any residual fluid, especially 
IRF, but also SRF and PED (Schmidt-Erfurth et al., 2020a). 

The same group also proposed and evaluated a machine learning 
methodology to predict anti-VEGF treatment needs from OCT scans 
taken during treatment initiation in the HARBOR trial (Romo-Bucheli 
et al., 2020a). In an AI-based fluid analyses of 317 patients, 71 presented 
low (≤5), 176 medium, and 70 high (≥16) injection requirements 
during PRN maintenance from month 3 to month 23. Classification of 
low and high treatment requirements demonstrated an AUC of 0.7 and 
0.77, respectively. Interestingly, the most important feature for predic-
tion was SRF in the central 3 mm, with the highest predictive values at 

month 2. This is easily explained by the slower resolution of SRF and the 
clinicians’ instinctive reaction to retreat persistent SRF (Bogunovic 
et al., 2017). Use of AI analyses for predicting the prospective retreat-
ment schedule offers a powerful management tool in large populations 
with active nAMD, saving manpower and economic efforts. 

In conclusion, extensive research with numerous high-quality ran-
domized clinical trials has been performed in AMD. The value of CRT as 
the most commonly applied morphological variable in large RCTs to 
date has to be questioned due to the lack of correlation with objective 
fluid volumes (Dugel et al., 2020b; Heier et al., 2012; Martin et al., 
2011). Future approaches using AI-algorithms for the evaluation of 
anti-VEGF treatment response might be useful to predict a patient’s need 
of re-treatment. For this reason, patients with a high number of 
anti-VEGF re-treatments can be identified and given the adequate 
treatment and regimen. This will mitigate both over- and 
under-treatment, minimize individual risks of complications and opti-
mize real-world treatment budgets (Bogunovic et al., 2017; Feng et al., 
2020; Romo-Bucheli et al., 2020a). AI-based algorithms to precisely 
identify and quantify macular fluid in all different compartments and 
their longitudinal changes under treatment are therefore urgently 
needed to realize the full potential of high-resolution OCT imaging and 
better understand the real threat of macular fluid in AMD. Most relevant 

Fig. 17. Example of macular fluid quantifications under therapy of a patient randomized into the SRF-tolerant treatment arm of the FLUID study. Note: Subretinal 
and intraretinal fluid completely resolves after the first injection and the macula remains dry thereafter. Subretinal fluid (SRF): Blue; Intraretinal fluid (IRF): Red. The 
B-Scan in the second row is shown as a yellow line in row three and four. The third and fourth row show en face maps of IRF and SRF, respectively. (For interpretation 
of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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for an optimized fluid management is a precise assessment of fluid dy-
namics to distinguish stable from recurrent SRF and novel from persis-
tent, i.e., degenerative, IRF, which is enabled by the accuracy of 
AI-based fluid measurement in nl. 

3.4. Measurement of fluid resolution in diabetic macular edema 

In contrast to nAMD, total quantitative fluid in DME is topographi-
cally highest in the foveal center. This applies to both IRF and SRF 
(Michl et al., 2020a). When looking at the parafoveal distribution of IRF, 
highest volumes can be found temporally, which overlaps with quali-
tative measures of leakage on FA and the area with advanced capillary 
drop-out (Haj Najeeb et al., 2017). AI tools can easily visualize the 
compartment and location of volumes separately. 

Manual quantifications of fluid in DME showed resorption of both 
SRF and IRF under therapy. Interestingly, IRF in the INL did not decrease 
under therapy, in contrast to IRF in the outer plexiform layer (OPL) or 
ONL (Lee et al., 2019). However, baseline IRF volume in the INL was 
associated with the area of disorganization of retinal inner layers (DRIL) 
found later in the study, which per se might be an important subclinical 
factor for reduced visual function (Lee et al., 2019; Sun et al., 2014). 
These morphological details are relevant in the context of the charac-
teristic pathophysiology of diabetic retinal disease described earlier. The 
INL compartment of fluid may represent either a degenerative or 
exudative pathway (Chen et al., 2015; Lenis et al., 2020), but is more 
likely degenerative in the absence of intraretinal fluid or cysts in the 
adjacent outer retinal layers. 

The three most frequently used anti-VEGF agents (bevacizumab, 
ranibizumab and aflibercept) were compared for their efficacy in 
treating DME in protocol T from the DRCR Network (Wells et al., 2015). 
Using AI methods in a quantitative post hoc analysis, found that 
although IRF decreased significantly in all treatment arms, treatment 
response measured with quantitative fluid assessment showed a signif-
icantly higher decrease in IRF with aflibercept and ranibizumab than 
bevacizumab. After initial treatment, fluid volumes continuously 
decreased until month 12. No such agent-related difference was found 
for SRF. Visual acuity analyses in DME showed worse baseline VA was 
associated with SRF, however, a larger gain in VA was also associated 
with baseline SRF (Roberts et al., 2020). 

VISTA-DME was a double masked, randomized, phase III trial that 
investigated the efficacy of monthly against every-other-month in-
jections of 2 mg aflibercept after 5 initial monthly treatments. Similar to 
protocol T, both SRF and IRF were significantly reduced in both groups 
after 2 years of treatment. SRF was almost non-existent after treatment 
in both groups and IRF was interestingly further decreased in the every- 
other-month treatment group (Ehlers et al., 2019). Such pathognomonic 
patterns of fluid resolution highlight the differences in disease patho-
mechanisms between CNV and DME. In the future, algorithms guiding 
patient management in DME may also include systemic variables such as 
age, diabetes duration, blood pressure etc. 

Although not based on macular fluid, but CRT, a deep learning model 
was trained to predict the treatment response in DME. Similar to the 
application of treatment prediction in AMD, this approach might be 
useful to identify patients benefitting from less intensive treatment 
without the burden of overtreatment and enhanced risk of severe com-
plications, such as endophthalmitis. In this example, a CNN was trained 
to identify treatment response defined as a reduction of CRT of 10%. The 
algorithm achieved an AUC of 0.866 for discriminating patients 
responding well to anti-VEGF compared with those who did not respond 
well (Rasti et al., 2020). As CRT has been proven, by AI analysis, to 
represent a valid marker of IRF/SRF volumes in DME, such a CRT-based 
tool may be clinically useful in DME. 

3.5. Measurement of fluid resolution in retinal vein occlusion 

The BRIGHTER (for branch vein occlusion) and CRYSTAL (central 

vein occlusion) studies investigated the use of ranibizumab in PRN 
regimens for RVO, and encompassed detailed quantitative analysis of 
macular fluid resulting RVO. Similar to DME, IRF and SRF volumes are 
highest in the foveal center (Michl et al., 2020a). Comparable to DME, 
IRF was also located higher temporally than in other topographic loca-
tions around the fovea. SRF on the other hand was higher in the inferior 
section of the macula, indicating a gravitational tract which can also be 
seen in rhegmatogenous retinal detachments and CSC (Ahn et al., 2013; 
Kirkby and Chignell, 1985; Pang and Freund, 2014). 

Different to DME, most of the IRF volume (over 95%) is absorbed 
after the initial injection in RVO, followed by a further decline of less 
than 1% of the original volumes over the subsequent months. The same 
is true for the decline in SRF; initially almost 95% of SRF resolves with 
less than 1% of SRF volume reduction thereafter. Ultimately, almost 
98% of macular fluid will be resolved after 12 months of follow-up 
(Michl et al., 2020a). This resolution pattern reflects in a most robust 
manner the value of AI-based OCT analyses as a fluid-meter under 
therapy. Fig. 18 highlights the different resolution patterns in an 
exemplary manner, revealing the fingerprint style of therapeutic fluid 
dynamics in the different pathologies. As described in the pathophysi-
ology section, many pathognomonic variables are to be considered: The 
cytokine patterns including VEGF alone or other inflammatory cytokines 
as occurs for example in DME, the combination of different cellular 
mechanisms such as photoreceptor, Muller cells or RPE cell metabolism 
as occurs for example in AMD as well as a manifest vascular biological 
alteration in DME and RVO or a predominantly neurodegenerative 
component in AMD and DME. 

3.6. Fluid determination using AI in different diseases 

Some macular fluid investigations have been performed in other 
retinal diseases, where anti-VEGF was not the primary treatment. In 
CSC, SRF volumes do not differ between chronic and acute forms. Un-
surprisingly, acute CSC showed greater spontaneous reduction in SRF 
fluid volume after one month of follow-up (Ahn et al., 2013). In ocular 
toxoplasmosis, SRF topographically co-localizes with the site of 
inflammation and retinal necrosis. A good response to 
anti-toxoplasmosis therapy can be seen in these cases, however, worse 
response rates have been described for IRF or secondary neo-
vascularization, even with anti-VEGF therapy (Ouyang et al., 2015). 
How fluid volumes in chronic CSC respond to photodynamic therapy 
and how anti-VEGF treatment supports fluid decrease due to secondary 
neovascularization in diseases such as CSC, macular telangiectasia or 
myopic degenerations is not yet known. Nevertheless, with automated 
AI algorithms becoming commercially available, fluid volume mea-
surement will introduce clear guidance for the management of any 
disease associated with macular fluid. A precise evaluation of fluid and 
other (sub-)clinical markers by means of AI in disease progression as 
well as under therapy will allow OCT imaging to be used beyond just as a 
VEGF-meter (Schmidt-Erfurth et al., 2017b). 

3.7. AI in real-world fluid analysis 

Macular fluid assessment is the best option for exploiting the full 
potential of three-dimensional OCT images used every day in busy 
clinics. Volumetric OCT also offers the opportunity to include even more 
relevant biomarkers when assessing real-world patients. SHRM and 
fibrosis are just two important clinical markers that need to be investi-
gated in their relation to macular fluid (Roberts et al., 2019). A para-
digm shift is needed to move away from substitutes of disease activity to 
real-time and reproducible quantifications that realistically identify the 
pathomechanisms of disease and are the key features responsible for 
vision loss in our patients. Understanding disease activity and true re-
sponses to established therapies will drive novel treatment strategies, 
such as prolonged treatment intervals with innovative intravitreal 
agents and refillable drug delivery systems. Furthermore, those patients 
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benefitting most from each of the available treatment options will be 
identified. Real-world outcomes are crucial for an unbiased under-
standing of conversion and progression of disease activity and thera-
peutic potentials. Yet so far, only few analyses using AI in the retina are 
available. 

Moraes et al. applied a deep learning algorithm for automated 
quantification to OCT images of eyes with nAMD in the Moorfields Eye 
Hospital AMD database. The images were taken at baseline presentation 
before therapy (Moraes et al., 2020). A total of 2473 first-treated eyes 
and 493 s-treated fellow eyes were included. Volumes were segmented 
and calculated for multiple features such as NSR, drusen, IRF, SRF, 
SHRM, RPE, HRF, fibrovascular PED (fvPED) and serous PED (sPED). In 
conclusion, the majority of first-treated eyes exhibited both IRF and SRF 
features. First-treated eyes had greater volumes for all segmented tis-
sues. With the exception of drusen, older age was associated with lower 
volumes for RPE, SRF, NSR, and sPED. In second-treated eyes, older age 
was associated with lower volumes of NSR, RPE, sPED, fvPED, and SRF. 
Greater volumes of the majority of features were associated with worse 
VA. Spatial location in respect to the fovea was not considered. Fluid 
volumes did not follow a linear regression, which makes the interpre-
tation of this analysis difficult. A ground truth evaluation for the feature 
segmentation by a reading center would be useful to separate anatom-
ically confluent features such as SHRM, fvPED and RPE volume. 

Gerendas et al. performed deep-learning-based automated fluid 
quantification in real-world clinical routine OCT images showing neo-
vascular AMD with a follow-up of over 5 years (Gerendas et al., 2018b, 
2021). Data from the Vienna Imaging Biomarker Eye Study (VIBES) 
registry from 2007 to 2018 (electronic patient record, treatment data-
base and two OCT devices) were analyzed using the Vienna fluid 
monitor, an automated fluid segmentation tool based on deep learning. 
Matching all entries and filtering for active nAMD by baseline OCT of 
suitable quality for automated IRF, SRF and CST segmentation led to 
inclusion of 1127 eyes. Visual acuity and OCT at baseline, month 1–3 
and years 1–5, age, sex and number of treatments were included in the 
analysis. The investigators found that the mean CST with 358 μm at 
baseline decreased to 280–303 μm over the entire follow-up. IRF and 
SRF volumes were at their maximum at baseline (IRF: 21.5/76.6/107.1 
nl in 1/3/6 mm area; SRF 13.7/86/262.5 nl in the 1/3/6 mm area). IRF 
decreased to a mean of 4–5 nl at month 1–3 in the 1-mm area and 
increased to 11 nl at year 1 and to 16 nl at year 5. SRF decreased to a 
mean of 3–5 nl at month 1–3 in the 1-mm area and remained below 7 nl 
until year 5. IRF was the only variable to symmetrically reflect the 
course of visual acuity change over time. Fluid control was optimal 
during the loading dose and volumes increased only slightly and in a 
stable manner over the following years in this real-world trea-
t-and-extend regimen. 4.5 treatments were given during the first year 

Fig. 18. Artificial intelligence for fluid monitoring over time offers insight into disease-specific fluid resolution patterns. Intraretinal fluid (IRF) and subretinal fluid 
(SRF) are presented with the same scale for all three diseases. In neovascular age-related macular degeneration (nAMD), IRF volumes are primarily low, respond 
immediately to treatment and remain low with fluctuations in extremely small volumes. SRF is usually present in higher volumes and resolves slightly slower than 
IRF. In diabetic macular edema (DME), IRF is most resistant to treatment and this is seen throughout the entire follow-up, while SRF resolves early and rapidly. 
Retinal vein occlusion (RVO) is associated with continuous fluctuations during therapeutical monitoring in both IRF and SRF compartments. SRF appears more 
relevant in RVO than in the other two diseases at baseline and during follow-up. 
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and about 2.5 treatments per year subsequently. A ground truth vali-
dation by readers certified by the Vienna Reading Center was also per-
formed in this study and confirmed the findings from automated 
analyses. This work provided proof-of-principle that deep 
learning-based automated fluid quantification in clinical routine images 
is well-suited for objectively, reliably and rapidly measuring treatment 
response and potentially for guiding clinical management in nAMD. 
Moreover, the fluid monitor introduced reading center expertise and 
substantial time saving analyses to clinical routine. Automated volume 
measurements of retinal fluid compartments in a real-world dataset over 
a period of many years suggested IRF volume as an ideal guidance for 
optimal treatment decisions. 

Keenan et al. evaluated retinal fluid volume data extracted from OCT 
scans by AI algorithms from different clinical trial and real-world set-
tings. Interestingly, wide ranges that differed by population were 
observed at the treatment-naïve stage: 0–3435 nl (IRF), 0–5018 nl (SRF), 
and 0–10022 nl (PED). Mean volumes in each compartment decreased 
rapidly and consistently during anti-VEGF therapy under standardized 
trial conditions as well as in real-world scenarios. During the mainte-
nance therapy, mean IRF volumes under therapy were highest in a Tel- 
Aviv practice dataset (100 nl), lower in the clinical cohort set from 
Belfast and the HARBOR-PRN study arm, and lowest in the HARBOR 
monthly arm (21 nl). Mean SRF volumes were low in all cohorts with 30 
nl in HARBOR monthly and 48–49 nl in the other cohorts. Yet, fluid 
quantification also demonstrated less control of fluid in real-world set-
tings (Keenan et al., 2020a). This detailed comparison of fluid outcome 
variables in different settings also highlights the variability in individual 
populations and the influence of different treatment patterns. 

Chakravarthy et al. studied the effect of repeated macular fluid 
volume fluctuations during anti-VEGF maintenance in nAMD (Chakra-
varthy et al., 2021). Data were extracted from electronic medical records 
of 381 patients with nAMD, aged ≥50 years; baseline VA ≥33 and ≤ 73 
letters; ≥24 months’ follow-up and ≥2 OCT measurements. OCT scans 
were analyzed using an AI algorithm that quantified the volumes of IRF, 
SRF, PED and CST. As a measure for volume fluctuations, the SDs were 
computed and categorized into quartiles (SD-Q1-4). However, SDs from 
the a priori small volumes resulted in very low fluid amounts and were 
based on few (>2) visits with widely different intervals over 24 months. 
BCVA was significantly lower after 2 years in eyes experiencing most 
fluctuations in CRT. IRF had the greatest impact on function and SRF the 
lowest. Noteworthy, PED had the highest SD volume values and was 
included in CRT and total fluid amounts. The differences were consistent 
between Q1, showing close to no fluid, and Q4, with most fluid. How-
ever, less consistent correlation was seen between the other quartiles 
and fluid volumes. Visit numbers varied extensively across the cohort, 
the patient sample was moderate, with only 22% of eyes from the overall 
cohort included, and the performance of the algorithm used has so far 
not been demonstrated in the literature. Fluctuations can only be 
detected if high enough fluid volumes are present. In overall small 
volumes, a relative change or SD of minor amount will not cause sub-
stantial clinical effects. Continuous fluctuations in a bimonthly fixed 
regimen with aflibercept did not lead to inferior outcomes in clinical 
trials. In routine practice, fluid volumes should be quantified accurately 
and in a user-friendly manner during the individual course of therapy to 
control for recurrence in a timely manner. 

Behavior in clinical practice has particularly changed further to-
wards an anatomic, i.e., OCT-guided, treatment and away from 
extended visits including visual acuity assessments due to the impact of 
the COVID pandemic. AI does not only offer quantification, but also a 
detailed qualitative differentiation of retinal fluid. Treat-and-extend 
regimens with their proactive approach may provide optimal out-
comes, although at a higher injection frequency. However, it is not the 
total number of injections but the time-sensitive personalized applica-
tion that matters. 

4. Association of fluid with function by AI-based fluid 
quantification 

Structure-function analysis in ophthalmology has traditionally been 
associated with the field of glaucoma. Despite the opportunity of precise 
topo- and tomographic evaluation of the structure of interest following 
the introduction of OCT, researchers have been struggling with the 
development of robust structure-function correlation in glaucoma. 
Investigating structure-function in macular disease poses an even more 
complex task. Macular disease typically alters a multitude of structures, 
of which functional impairment is routinely measured by BCVA, a var-
iable which does not reflect the entire functional spectrum of the mac-
ular area, but merely the fovea. Nevertheless, the introduction of SD- 
OCT as a standard assessment in both clinical trials and routine ter-
tiary care has extended the possibilities for tackling this task. Reliable 
structure-function analysis allows 1) drawing of conclusions about the 
functional impact of disease and thereby the development of hypotheses 
about underlying pathoanatomical mechanisms, 2) observation and 
interpretation of the treatment response, and consequently, 3) the 
development of informed standards and guidelines for optimal thera-
peutic outcomes. Macular fluid has been proven relevant to function, 
most prominently in nAMD, DME and RVO, and its assessment has been 
revolutionized by AI-based assessment of its appearance on three- 
dimensional SD-OCT data. The increase in informative content 
following such sophisticated extraction is reflected by the opportunities 
which arise from the novel technology: Quantified explainability of 
function through fluid enables a more differentiated understanding of a 
disease activity and its progression course. Furthermore, quantification 
of fluid changes introduced by treatment opens a whole new dimension 
of interpretable data with the ultimate goal of informing prognosis and 
treatment strategies. Challenges and limitations of structure-function 
analysis include the difficulty of interpreting retrospective data with 
respect to the underlying protocols according to which the data was 
collected, the inherent bias of feature presentation such as the topo-
graphic co-localization of features, and the effect of morphological and 
functional factors not accounted for. 

4.1. Fluid and function in neovascular AMD 

Standardized OCT imaging and functional assessment in the pivotal 
anti-VEGF trials, mentioned in the previous chapters, have provided a 
promising basis for structure-function analyses in nAMD. Prior to 
automated fluid segmentation, such analyses were naturally based on 
expert grader-based determination of the mere presence/absence of 
fluid in the intra-, subretinal and sub-RPE compartments unrelated to 
the amount and mostly also without localization. The results gave rise to 
the concept of distinct functional implications of exudative features or 
morphological “phenotypes”. Before reviewing the success story of the 
role of AI-quantified fluid in fluid-function analyses, we will therefore 
summarize the main findings based on qualitative post-hoc analyses of 
large, prospective clinical trials. 

Post-hoc analysis of the CATT, EXCITE and VIEW trials of nAMD 
showed that the presence of foveally located IRF at the treatment-naïve 
stage corresponded to lower BCVA by up to two lines at baseline and at 
follow-up in several analyses. This observation was made for IRF inde-
pendently as well as in combination with other morphological features 
(Jaffe et al., 2019; 2013; Schmidt-Erfurth et al., 2015; Sharma et al., 
2016; Simader et al., 2014; Waldstein et al., 2016b). Furthermore, 
baseline IRF predicted lower BCVA gains during anti-VEGF therapy, 
independent of baseline BCVA and the therapeutic agent or regimen, in a 
post-hoc analysis of the VIEW trials. IRF occurring during follow-up 
corresponded to commensurate reduction of BCVA. Persistent IRF 
beyond the loading phase in particular has been shown to correspond to 
even lower VA. Further, recurrent IRF when switching to infrequent 
(quarterly aflibercept) dosing in combination with an underlying PED 
was associated with progressive functional decline (Schmidt-Erfurth 
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et al., 2015). 
Interpretation of the impact of SRF on function is less straightfor-

ward, as results do not present as uniformly. In general, however, the 
presence of SRF shows less association with BCVA than does the pres-
ence of IRF. Reported implications of baseline SRF range from no 
prognostic value to predicting higher BCVA gains by month 12 (after 
adjusting for baseline BCVA). Analyses suggest the presence of SRF at 
baseline, particularly when it is the only exudative feature, are associ-
ated with a lower risk for significant vision loss during anti-VEGF 
therapy (Simader et al., 2014; Waldstein et al., 2016b, 2016c). Pa-
tients presenting with foveal SRF at year 2 showed better BCVA in a 
post-hoc analysis of the CATT study than patients with extrafoveal or no 
SRF, even when controlling for other confounding variables, such as 
concomitant atrophy which has been suspected to be less likely in pa-
tients with SRF (Gune et al., 2020). Furthermore, BCVA gains from 
infrequent treatment appeared to be similar to those in frequent treat-
ment in patients presenting with SRF at baseline in a post-hoc analysis of 
the EXCITE trial (Waldstein et al., 2016b). Consequently, a less stringent 
need for retreatment of SRF is suspected by many in the scientific and 
clinical community. The T&E regimen offers suitable conditions for 
shedding light onto the role of SRF as a biomarker for determination of 
subsequent treatment intervals. Hence, the FLUID trial investigated the 
non-inferiority of a T&E regimen more tolerant of SRF. The authors 
reported comparable BCVA outcomes in patients treated with an 
SRF-tolerant approach versus those in which complete resolution of SRF 
was mandated. However, AI-based quantification of fluid applied to the 
FLUID trial data, as discussed previously, provides intriguing evidence 
of the necessity for an objective fluid quantification for in-depth inter-
pretation of such datasets, as overall SRF volumes did not differ in the 
study arms at any study-specific time point (see following paragraphs). 

4.2. Fluid-function correlation enabled by precise fluid quantification 

Waldstein et al. were the first to report on the correlation of three- 
dimensionally manually quantified fluid and visual acuity in a small 
patient cohort (Waldstein et al., 2016a). Several weights (with respect to 
topographic location of fluid and dimensions of fluid extent) were 
applied to the manually delineated features and revealed IRF to show 
the best correlation with BCVA when analyzed by area, height up to 20 
μm, and foveal location. Thereby, 60% of baseline BCVA could be 
explained by three-dimensionally quantified IRF. 40% of the BCVA 
change by one year was explained by changes in IRF-related metrics. 
Nevertheless, irrespective of baseline BCVA and morphological change, 
baseline IRF correlated with BCVA at month 12, explaining it by 20%. 
This highlights the permanent damage caused to the retina by IRF. None 
of the weighted variables calculated for SRF showed any significant 
correlation with BCVA. 

With the rise of automated image analysis, tedious and time- 
consuming annotation of exudative components such as in the previ-
ously described investigation were surpassed by AI-based segmentation. 
This enabled analyses on immense scales, such as that of the HARBOR 
dataset: Schmidt-Erfurth et al. used a random forest machine learning 
approach to investigate the strength of correlation between AI- 
quantified measurements of IRF, SRF and PED with BCVA in more 
than 600 patients. Baseline correlation between fluid and function was 
moderate and confirmed IRF, specifically the horizontal extension of 
IRF, as the most relevant fluid-based marker for function. SRF and PED 
ranked low, even inferior to measurement of total retinal thickness 
(Schmidt-Erfurth et al., 2018a). As expected in a sensitive neurosensory 
environment, the potential of fluid alone in explaining BCVA in nAMD, 
but also other macular diseases, is limited by the influence of additional 
morphological conditions, such as photoreceptor integrity, vitre-
omacular interface as well as fibrotic and atrophic changes. Our group 
applied a multivariable mixed effects regression model in a different 
approach to the HARBOR dataset aimed at providing quantitative cor-
relation between foveal fluid volumes and BCVA. While IRF showed a 

consistently negative impact, SRF correlated slightly positively with 
BCVA. Both effects were more pronounced at baseline. This was the first 
time the volume-dependent impact of fluid on BCVA in nAMD was 
quantified in a reproducible manner enabled by its AI-based segmen-
tation: Per 100 nl of foveal IRF, BCVA was reduced by − 4 letters, 
whereas the same amount of foveal SRF correlated with an increase of 
BCVA by +2 letters (Schmidt-Erfurth et al., 2020b). Automated fluid 
segmentation also allows quantification of fluid and function dynamics 
under therapy. The HARBOR data showed a therapeutic decrease of 
foveal IRF and even more so of foveal SRF reflected in a corresponding 
increase in BCVA (+2.13 letters per 100 nl decrease of foveal IRF and 
+5.88 letters per 100 nl decrease of foveal SRF) (Riedl et al., 2021). 
Furthermore, the study provides evidence that patients presenting with 
persistent IRF after the loading dose are more strongly compromised 
even before treatment initiation, suggesting that persistent IRF should 
be considered as degenerative instead of exudative and may be a sign of 
disrupted retinal integrity. 

Post-hoc AI-based quantification of fluid in the aforementioned 
FLUID trial allows for more in-depth analysis of SRF and function. Reiter 
et al. reported that SRF volumes did not differ between treatment arms, a 
fact inherently limiting the possibility of detecting any relevant differ-
ence in function (Reiter et al., 2020a). Furthermore, Grechenig et al. 
showed that residual SRF followed by visit extension had a negative 
effect on visual acuity. Interestingly, residual SRF volumes further 
increased to the subsequent visit when tolerated. Visual acuity declined 
at the visit subsequent to SRF-tolerance, indicating an – at least in the 
short term – worsening in BCVA. (Grechenig et al., 2021). 

4.3. Fluid as a predictor of function 

The pre-AI era provided valuable evidence of the prognostic impli-
cations of morphological phenotypes: The presence of IRF at baseline 
correlated with lower BCVA gains, while similarly increased gains in 
BCVA have been reported in association with baseline SRF (Simader 
et al., 2014; Waldstein et al., 2016b, 2016c). Nevertheless, even using 
objective fluid-function correlation by fluid quantification, fluid vari-
ables rank far behind baseline BCVA in predicting BCVA outcomes. 
Advanced neurosensory alteration can be noted even in early AMD. 
Obviously, therefore, pre-existing neurosensory damage has to be 
considered in nAMD before CNV develops (Vogl et al., 2021). 

Based on random forest machine learning, metrics related to the IRF 
area proved most informative among all fluid-based features for pre-
dicting BCVA outcome (Schmidt-Erfurth et al., 2018a). No prognostic 
effect of baseline fluid volumes could be determined in the multivariable 
mixed effects regression models reported in the previous paragraph. 
Persistent parafoveal IRF following the anti-VEGF loading phase was the 
only variable of prognostic value, being associated with lower BCVA 
gains (7.5 vs 11 letters)(Riedl et al., 2021; Schmidt-Erfurth et al., 
2020b). Hence, fluid per se is not a surrogate marker for absolute 
function, as it is greatly for exudative activity and therapeutic efficacy. 
While quantitative fluid metrics have not proven to be informative in 
prognosticating functional outcome, they have been associated with 
other important aspects of disease course, such as anti-VEGF treatment 
requirements. Accordingly, a classifier was able to predict a low (no 
more than 5 injections within 2 years) and a high (more than 15 in-
jections within 2 years) treatment requirement by using the quantitative 
fluid metrics of baseline and the following 2 months (Bogunovic et al., 
2017). However, underestimating the individual retreatment need and 
lack of timely retreatment is the overwhelming dilemma in real-world 
practice. The aim now is to identify those fluid components and fea-
tures which are optimal and functionally relevant guides for therapeutic 
intervention by using advanced AI tools. 

Topographic co-localization of exudative features of different com-
partments presents one of the challenges in interpreting fluid-function 
analyses. AI-based quantification of fluid has here once more contrib-
uted to improving our understanding. Precise voxel-wise localization 
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has shown that IRF and SRF, as well as SRF and PED, demonstrate low 
(axial) spatial correspondence, while IRF and PED are more likely co- 
localized (Klimscha et al., 2017). Also, SRF is more likely to be found 
in large amounts outside the foveal region, whereas IRF is often located 
centrally (Michl et al., 2020a). Regarding functional implications, the 
suitability of BCVA as a measure of macular function for in-depth 
morphologic considerations has to be questioned. To this end, an 
alternative approach is discussed in the following paragraph. 

4.4. Reaching beyond conventional functional and morphologic testing 

The conventional assessment of BCVA is solely a measure of photopic 
function at the point of central fixation, while functional assessments 
such as topographic microperimetry (MP) offer higher-level, spatially 
resolved information (von der Emde et al., 2019). Applying methods of 
deep learning to MP data has shown that predicting retinal sensitivity 
from OCT is feasible in healthy and diseased cases within the test-retest 
variability of the method itself (Seeböck et al., 2019a). With respect to 
structure-function analyses, relevant knowledge is expected to be gained 
from the correlation of OCT-derived morphology with MP-derived 
retinal sensitivity, i.e., functional mapping. Such analysis has revealed 
a high potential for functional improvement in topographic locations 
affected by SRF at baseline using manual annotation. Interestingly, a 
disintegration of the photoreceptor signal on OCT has been shown to 
follow SRF resolution (Riedl et al., 2020). AI-based quantification of 
fluid and analysis of the photoreceptor bands (Orlando et al., 2020) is 
expected to shed light onto the functional implications of such 
anatomical phenomena. Furthermore, the development of 
high-resolution imaging modalities such as adaptive optics (AO-)OCT 
opens new horizons in assessing photoreceptor morphology (Reumueller 
et al., 2020). Reumueller et al. showed photoreceptor misalignment 
persisting through one year after resolution of SRF in macula-off de-
tachments receiving successful surgery. 

In conclusion, AI-based quantification of fluid has achieved a deeper 
understanding of the effects of fluid on function in nAMD. IRF at all time 
points was proven detrimental for VA in a volume-dependent fashion. 
Assessment of three-dimensional IRF has revealed a tighter association 
with permanent damage than has been shown for other forms of 
exudation, especially if IRF does not resolve following an anti-VEGF 
loading phase. SRF in comparison appears to entail a higher potential 
of functional recovery in nAMD. However, optimal outcomes in this 
respect depend on appropriate treatment, as BCVA improvement is 
shown to correlate with SRF to an even great extent than to IRF. While 
quantitative metrics of fluid at baseline indicate little about prognosis – 
highlighting the potential of recovery by fluid resolution – these metrics 
present a unique and most relevant indicator of disease activity and 
therapeutic response. 

4.5. Fluid and function in diabetic macular edema 

Post-hoc analysis of IRF and SRF in DME has delivered coherent 
results on fluid-function correlation. As in nAMD, qualitative morpho-
logical analysis provided preliminary observations. Results of a manual 
morphological grading of the RESTORE and RESTORE-Extension data, 
performed in the standardized setting of a reading center, revealed 
lower BCVA levels at baseline in patients with IRF of more than 380 μm 
in height in the foveal center point. This effect accounted for around ± 3 
letters and was maintained throughout the first year. The prognostic 
value of SRF in the same dataset was dependent on the underlying 
treatment strategy. While there was a trend for patients with baseline 
SRF to show beneficial visual outcomes when treated with ranibizumab, 
it appeared that laser treatment applied in patients with baseline SRF 
resulted in inferior BCVA (Gerendas et al., 2018a). With respect to 
anti-VEGF treatment, similar results regarding outcomes of patients with 
SRF were reported by Sophie, Lu and Campochiaro (2015). 

Data such as that of the Protocol T trial of the DRCR, with more than 

600 patients receiving anti-VEGF therapy according to a standardized 
protocol, provided suitable grounds for the extraction of quantitative 
information based on AI-based segmentation of fluid. Gerendas et al. 
conducted a post-hoc analysis of Protocol T and applied a random forest 
machine learning approach to a set of fluid-related features derived from 
retinal thickness and fluid (IRF and SRF) area and volumes, depending 
on ETDRS areas and three time points (baseline, month 3 and 6) (Ger-
endas et al., 2017). The results showed a limited potential for explaining 
BCVA at baseline, with IRC fluid being the most relevant feature. 
Baseline fluid also seemed to play a subordinate role in predicting BCVA 
at month 12. However, under therapy the importance of IRC resolution 
was relevant, as total retinal thickness and several IRC-related features 
at week 24 showed the highest predictive impact. Only foveal SRF area 
as a baseline feature seemed to convey a better functional outcome 
(Gerendas et al., 2017). A consecutive analysis of Protocol T revealed 
baseline SRF to be associated with a worse baseline BCVA (63.2 vs. 66.9) 
(Roberts et al., 2020). However, accurate fluid quantification allows for 
precise correlation with the functional response: Despite adjustment for 
baseline BCVA, patients with SRF showed higher BCVA gains than those 
without SRF. In quantified terms, every 10-nl reduction in foveal IRF 
corresponded to +0.15 letters improvement in BCVA, while every 10-nl 
reduction in foveal SRF corresponded to an improvement in BCVA by 
+0.34 letters. Effects of fluid in the parafovea were not found clinically 
relevant. Of interest, eyes with baseline SRF also presented with more 
baseline IRF and a higher reduction thereof after the first anti-VEGF 
injection, possibly adding to the higher potential of functional recov-
ery in these patients. This pattern is unique for DME and cannot be 
extrapolated to nAMD. 

Intraretinal exudation in DME can present as cystoid spaces, so- 
called IRC, but often also results in diffuse edema. A post-hoc semi- 
automatic approach of quantification of morphology in around 100 
patients treated with aflibercept in the VISTA study differentiated be-
tween these presentations of intraretinal edema by introducing the 
metric of actual retinal thickness after subtraction of IRC volume. Both 
actual retinal thickness and quantified IRC showed a significant corre-
lation with BCVA from baseline throughout week 100, but IRC proved 
most relevant in subsequent multivariate analysis. A semi-automated 
analysis revealed a weak correlation of SRF change with BCVA change 
as well as a correlation of SRF presence with higher functional gains and 
outcomes (+5 letters) (Ehlers et al., 2019). 

In conclusion, knowledge obtained from manual, mostly qualitative 
morphological gradings was strongly supported by analyses applying 
automated AI-based fluid quantification. With respect to IRC/IRF, there 
is evidence of a role in vertical extension which shows function to 
deteriorate after surpassing an elasticity threshold of supportive retinal 
tissue. SRF, while being associated with decreased function at baseline, 
shows a potential for excellent visual recovery under anti-VEGF therapy, 
possibly surpassing that of patients without SRF at baseline. The fact 
that in the 5-year extension of protocol T CRT remained similar between 
years 2 and 5, but BCVA further worsened, indicates that neurodegen-
erative processes unrelated to fluid may be relevant (Glassman et al., 
2020). 

4.6. Fluid and function secondary to retinal vein occlusion 

Fluid-function correlation in RVO has not been as intensively 
investigated as in nAMD and DME. Analysis based on human grader 
evaluation revealed only a moderate correlation of fluid components 
with BCVA. The functional response during therapy was irrespective of 
baseline morphology (Michl et al., 2020b; Yiu et al., 2020). To date the 
only available analysis including AI-based fluid quantifications as an 
influencing factor on BCVA has been provided by Vogl et al. Results of 
this repeated-measure, mixed-effects regression model show foveal IRF 
volumes to impact BCVA in a more pronounced negative way than 
foveal SRF volumes. Fluid volumes explained only a small portion of 
variance in BCVA, but did increase the accuracy of BCVA prediction 
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(Vogl et al., 2017). RVO differs from DME and nAMD in duration with a 
sudden onset in a previously intact retina, while the two other diseases 
are the consequence of a chronic progressive pathway. Accordingly, the 
timing of the initial intervention is the most important prognostic factor 
in RVO, suggesting that fluid in different exudative diseases of the 
macula is not interchangeable despite the similar morphological 
appearance. 

5. Potentials and challenges of AI-based fluid reading 

The previous chapters have highlighted the breakthrough brought by 
the advantages of AI-based fluid segmentation systems in retrospective 
data analysis. Having an AI system that is able to automatically conduct 
fluid readings potentially in real-time also offers new opportunities in 
terms of prospective disease monitoring, patient handling and quality of 
treatment. At the same time, there are multiple aspects that need to be 
considered in order to successfully deploy such a system in clinical 
studies and the real world. 

5.1. Issues of AI in clinical studies 

Applying the AI-based fluid segmentation models prospectively in 
clinical studies would facilitate measurement of treatment effects more 
sensitively than the current traditional mode of measurement. For 
instance, CRT is a widely used measure of treatment effect, despite the 
fact that it represents a rather vague measure of disease progression and 
subsumes highly diverse pathological alterations in a single number 
(Deák et al., 2018). Instead, treatment effects and disease progression 
can be analyzed in more detail by applying an automated fluid seg-
mentation algorithm. The type of fluid that causes the thickening, its 
location and quantity could be analyzed on a large-scale basis. More-
over, the ability of AI-systems to segment fluid in real-time is particu-
larly useful in the case of treatment regimens that require immediate 
feedback based on the OCT during a visit, e.g., as in HAWK and HAR-
RIER (Dugel et al., 2020a), where decisions about the injection interval 
are dependent on disease activity at a specific visit. Automated algo-
rithms also have the potential to minimize measurement errors and 
reduce human-induced biases in the analysis, as has been demonstrated 
recently for the task of detecting the presence of fluid in OCT (Keenan 
et al., 2020b). Having a more detailed and standardized evaluation of 
treatment effects based on fluid segmentation in clinical studies would 
(1) improve comparability between drugs, (2) provide a better basis for 
treatment decisions in clinical practice and (3) be important for inno-
vative drug development. 

Validation of the algorithm is the first crucial step to bring AI ‘from 
bench to bedside’. AI algorithms are defined by the data used to train 
them and any bias in the data will hence be reflected in them. For 
example, AMD affects disproportionally more Caucasians than other 
ethnic groups and as a consequence many clinical trials are dominated 
by Caucasian patients. However, the PCV subtype of nAMD is more 
prevalent in Asian populations and AI trained on Caucasian clinical trial 
data may not operate with the same performance on the data from Asian 
patients. Thus, verifying robustness and accuracy requires validation on 
datasets that resemble the patient population which the algorithm will 
be applied to (Ting et al., 2019). This is essential, as there is no guar-
antee that AI models will generalize to new diseases, other device 
manufactures or even imaging protocols that have not been seen during 
training (De Fauw et al., 2018; Romo-Bucheli et al., 2020b; Terry et al., 
2016). Due to well-defined patient populations, specific imaging pro-
tocols and predefined treatments, the validation for clinical studies is 
easier than for the real-world setting. However, it is also important to 
evaluate and compare the accuracy of the algorithm in the context of 
human-level performance, as accuracy can vary with respect to the 
target, disease population and/or the quality of image data (Hopkins 
et al., 2020). Besides the initial validation at an early stage, continuous 
monitoring and surveillance to detect potential flaws is also required 

(Qayyum et al., 2020). 

5.2. Difficulties of AI fluid measurements in the real world 

In general, digitization and the development of high-resolution im-
aging has been a driving factor in improving clinical care in ophthal-
mology over the past years. While inspecting the retina at a μm 
resolution allows the retinal condition to be diagnosed and analyzed in a 
more detailed way, it comes at the expense of overwhelming clinicians 
with massive amounts of data (Kurmann et al., 2019). The large number 
of OCTs in connection with millions of pixels per volume make manual 
inspection and analysis of these scans on a large-scale basis practically 
impossible (Foot and MacEwen, 2017; Schmidt-Erfurth et al., 2018b). 
Even assuming a consensus regarding the relevant imaging biomarkers 
such as fluid, clinical decisions may vary between physicians due to 
differences in professional experience, image quality, workload or time 
restrictions (Framme et al., 2012; Keenan et al., 2020b). In this context, 
AI-based approaches have the potential to overcome these limitations by 
segmenting and quantifying the amount of fluid in OCT scans in an 
automated way, providing a powerful tool for clinicians. 

Rather than having clinicians performing a rough estimation of the 
amount of fluid in the retina by scrolling through the OCT volume, 
automated algorithms can provide exact numbers and statistics to cli-
nicians (Schlegl et al., 2018). This constitutes a fundamental change, 
shifting from subjective, fuzzy interpretations towards precise and 
objective disease monitoring, analysis and decision making. The synergy 
between doctors and AI-systems has the potential to improve the quality 
of clinical care in several ways: First, rather than thinking about “how 
much fluid is there?” clinicians can focus on answering the question 
“what to do with this amount of fluid?”, which is the more important 
underlying question. Second, clear treatment guidelines based on 
quantitative numbers can be developed and – equally or even more 
importantly – will be transferable into clinical practice. This is of 
particular importance as the problem of treatment discrepancy between 
studies and the real-world is a well-known problem, e.g., the 
under-treatment of patients with AMD (Ciulla et al., 2018; Lad et al., 
2014). Third, having these precise guidelines and real-time AI-based 
measures available, expertise could be extended to regions where not 
enough experts are available for patients (Kelly et al., 2019). 

The well-defined patient cohorts, imaging protocols and treatment 
regimens that provide confidence in clinical studies are not available in 
the real-world setting, making it hard to define the extent to which an 
algorithm is properly validated. However, there are solutions to cope 
with this situation, such as implementing a feedback loop as an integral 
part of the system to enable continuous validation, providing uncer-
tainty estimates together with the segmentation output of the AI model, 
or detecting samples that deviate from the expected distribution of 
diseases or imaging protocols (Kendall and Gal, 2017; Mundt et al., 
2020; Orlando et al., 2019; Seeböck et al., 2020). Model uncertainty 
could be used to identify unreliable predictions, providing warnings to 
clinicians about samples to which the model does not generalize well. 
For instance, this has been proposed for the use case of diabetic reti-
nopathy screening (Lim et al., 2019). In combination with the afore-
mentioned feedback loop, the unreliable cases with inaccurate 
predictions could be subsequently used to re-train and also re-validate 
the model, improving its robustness and generalizability over time 
(Budd et al., 2019). An overview of this feedback loop is illustrated in 
Fig. 19. 

5.3. Technological solutions to improve AI performance in real-world 
data 

The process of smartly selecting the most informative cases for 
extending the training data of the model is also known as an ‘active 
learning’ strategy (Gorriz et al., 2017; Otálora et al., 2017). Tightly 
related to this is so-called ‘online’, ‘lifelong’ or ‘continuous’ learning, 
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where models continuously learn with increasing amounts of data 
(Parisi et al., 2019). While one straightforward option is to incremen-
tally train the models with new data, this can lead to the problem of 
catastrophic forgetting, where the performance of the AI model de-
creases on the data which was originally used for training the algorithm. 
Therefore, a better approach in the medical domain may be to clearly 
define new versions and releases of the algorithm that have been 
re-trained and re-evaluated on the complete dataset, including both ‘old’ 
and new samples. 

Besides validation in retrospective datasets, prospective studies are 
needed to not only understand the performance of the AI model in the 
real-world setting, but also the system’s clinical effectiveness and how it 
integrates with specific clinical workflows. A DR screening tool devel-
oped by Google Health recently failed in a real-world setting due to 
several socio-environmental factors that had an impact on model per-
formance, nursing workflows and patient experience (Beede et al., 
2020). Amongst others, the combination of the cloud-based solution and 
a slow and unreliable internet connection slowed the whole screening 
process, and differing lighting conditions rendered images ‘ungradable’ 
for the AI system. This highlights the importance of prospective evalu-
ation and understanding contextual needs of clinicians and patients 
prior to widespread deployment, which is at least as important as the 
retrospectively evaluated accuracy of AI systems. It is critical that the 
end-users (clinicians, optometrists, nurses, etc.) not only understand the 
benefit and usefulness of the system, but also accept its use in clinical 
practice. 

The interpretability of the model and transparency of decisions are 

usually important aspects with regard to AI models, especially for 
decision-making systems and screening tools (Qayyum et al., 2020). We 
argue that this is probably less important for the use case of AI-based 
fluid reading and providing accurate as well as robust segmentations 
(maybe together with their uncertainty) is enough to secure user 
acceptance. 

One of the key challenges when deploying an AI segmentation model 
in practice is to ensure a certain response time until the segmentation 
result is available. AI-based systems allow segmentation of fluid in real- 
time, which would not be possible in a manual way. From a technical 
point of view, this requires sufficient computational power, sufficient 
redundancy to compensate for failures and a fast transmission of data 
between the systems involved. One implementation option is the ‘offline 
mode’, which provides computational resources at the site where the 
OCT is acquired (Fig. 20(a–b)). The advantage is that data remain on-site 
and must not be sent elsewhere. The downside is that this can be 
expensive and impractical with respect to deployment and maintenance, 
e.g., due to diverse computing environments at the sites. A second op-
tion likewise with pros and cons is the ‘online mode’, which offers a 
cloud-based solution with a centralized service where sites upload their 
data and download and/or view the results after processing has been 
finished (Fig. 20(c)). A fast internet connection is required to ensure 
real-time segmentation results. Examples for such a solution are the IDx- 
DR device for screening diabetic retinopathy in color fundus images and 
the Singapore Integrated Diabetic Retinopathy Programme, a national 
telemedicine DR screening program in Singapore (Nguyen et al., 2016; 
Van Der Heijden et al., 2018). Even though the second solution may be 

Fig. 19. Exemplary workflow of a feedback loop. After training and validation of the artificial intelligence model with the available datasets, unreliable predictions 
are identified during the monitoring process. This data can then be analyzed/labeled by experts and subsequently used to improve the performance of the seg-
mentation model. 
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preferable from a technical point of view, other environmental factors, 
such as the speed of the internet connection, and legal, regulatory or 
data protection requirements, may be an impediment. Home-OCT is 
another interesting opportunity to provide immediate feed-back on 
retinal fluid at a patient level (Keenan et al., 2020a). 

An open question is how to best present and visualize the fluid seg-
mentation results to the clinicians. Besides highlighting the segmented 
fluid directly in the image, additional visualizations and statistics can be 
useful (Röhlig et al., 2019). Calculating the total amount of fluid over 
the whole volume enables a summary of the segmentation in a single 
number and a clear visualization of the general trend of fluid over time, 
but may be an oversimplification from a clinical point of view, not 
capturing localized fluid dynamics (Klimscha et al., 2017; Michl et al., 
2020a). Doing the same for specific regions may be a better trade-off (e. 
g. based on the ETDRS grid), but could complicate the interpretation 
over time between visits and may still miss important information such 
as the (spatial) relation between different types of fluid. The best visu-
alization variant is probably a combination of multiple techniques and 
depends on the specific application as well as on established treatment 
guidelines (Johnson, 2004; Kortüm et al., 2017). Another potential aid 
could be to present complex treatment guidelines visually mapped in 
comparison with the individual progression of disease. 

In conclusion, real-time, AI-based fluid reading has the potential to 
improve the quality of clinical care as well as to complete tasks more 
efficiently and facilitate measurement of treatment effects immediately 
in detail. To take advantage of this potential, however, it is necessary to 
be aware of the challenges and to address them in a proper and plausible 
manner. 

6. Deep learning in OCTA in CNV and DME 

OCTA is an advanced development of OCT imaging and is strongly 
dependent on AI methodology for signal detection and analyses. 
Angiographic imaging can support fluid analysis because pathologic 
vascular changes usually precede or accompany fluid accumulation 
(Bailey et al., 2019; Hsieh et al., 2019). As exudation consecutively 
produces irreversible vision loss (Brown et al., 2006; Douvali et al., 
2014; Martin et al., 2011), the ability to predict eyes that will develop 
exudative lesions from preceding subclinical vascular biomarkers may 
improve clinical outcomes. The ability to monitor MNV itself rather than 
exudation associated with MNV may improve guidance of anti-VEGF 
treatments for nAMD. However, traditional angiographic imaging mo-
dalities – which include fluorescein (FA) and indocyanine green 

angiography – are invasive and time-consuming procedures that rely on 
dye injection to highlight blood vessels and do not register directly to 
OCT images. This means they must be used sparingly and are ill-suited 
for routine monitoring. Consequently, they are less likely to detect 
early or subclinical pathology and less able to guide treatment. OCTA is 
better approach to fulfilling this need. 

Small blood vessels and capillaries have similar reflectivity to the 
tissues they are embedded in. Structural OCT is not sensitive to such 
small vessels as it relies on reflectivity to produce images. To detect 
capillaries and other small vessels, OCTA measures motion contrast 
between multiple sequentially captured OCT scans (Jia et al., 2012; 
Makita et al., 2006; Wang et al., 2007). Motion contrast enables OCTA to 
image retinal microvasculature because the flow of erythrocytes through 
blood vessels produces dynamic alterations in the OCT signal that are 
not present in static tissue (Fig. 21). 

OCTA inherited many of the properties of OCT imaging because it is 
based on the structural OCT signal. It is non-invasive, which is para-
mount for routine imaging and monitoring. But OCTA also has several 
other advantages over dye injection techniques. It offers high-resolution 
and is depth-resolved, offering accurate axial localization and focus. 
Both of these features can help detect even subclinical pathology, for 
instance by providing the capability to characterize vessel density and 
morphology precisely (Alam et al., 2020; Hsieh et al., 2019; Khansari 
et al., 2017; Kuehlewein et al., 2015a; Wang et al., 2019a; Xu et al., 
2018). 

6.1. OCTA algorithms for precision diagnosis in neovascular AMD 

High-resolution, three-dimensional imaging is especially useful for 
characterizing MNV (De Carlo et al., 2015; Jia et al., 2014; Moult et al., 
2014). As noted above, this is in part because OCTA is ideally suited for 
monitoring MNV progression and treatment response (Fig. 22). OCTA 
quantification of MNV can be informative even beyond mere observa-
tion. By quantifying MNV size, it has been shown that MNV vessel area 
tends to correlate with future exudation (McClintic et al., 2018). The 
same study also suggested that OCTA can be useful in predicting when 
exudation will develop. Because it can precisely determine the depth 
location of vessels, OCTA can easily differentiate type I (below the 
retinal pigment epithelium), type II (above the retinal pigment epithe-
lium), and type III (originating in the retina) MNV (Coscas et al., 2015; 
Kuehlewein et al., 2015b; Malihi et al., 2017; Patel et al., 2018). OCTA 
has been used to measure the treatment response in specific lesion types 
(Lumbroso et al., 2015; McClintic et al., 2018; Miere et al., 2019; Nesper 

Fig. 20. Schematic view of different tech-
nical implementation options. In the ‘offline 
mode’, the algorithm can either be (a) 
directly integrated into the imaging device 
(no data transfer necessary) or (b) run on a 
separate dedicated local machine (data 
transfer only in the local network of the 
site). Results can be visualized in the imag-
ing device or the separated machine. (c) In 
the ‘online mode’ the imaging data is sent 
via the internet to a cloud-based service, 
which either provides an online visualiza-
tion or sends the results back to the site.   
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et al., 2018; Xu et al., 2018), with type II lesions shrinking more rapidly 
(Kim et al., 2019). Furthermore, because it does not rely on dye leakage 
to detect pathological neovascularization, OCTA can detect pre-clinical, 
non-exudative MNV lesions (Bailey et al., 2019; de Oliveira Dias et al., 
2018). Multiple studies have found that eyes with non-exudative MNV 
are at increased risk for developing exudative AMD (Fig. 23) (Bailey 
et al., 2019; de Oliveira Dias et al., 2018; Heiferman and Fawzi, 2019; 
Yang et al., 2019). 

All of these features support the clinical efficacy of MNV character-
ization using OCTA. However, OCTA imaging relies heavily on AI 
methods to primarily extract the vascular signals. Locating MNV alone 
within the outer retinal layer of an OCTA volume (the slab between 
outer plexiform layer and Bruch’s membrane) is challenging for several 
reasons, mostly as a consequence of the anatomic location of the MNV 
posterior to several retinal and RPE layers. Overall, flow signals are 
weaker in deeper layers than in superficial ones due to OCT signal 
attenuation. OCTA analysis of MNV must therefore contend with a 
noisier environment than OCTA focused on pathology that occurs in 
more anterior regions. Furthermore, many OCTA artifacts are strong 

and/or only occur in deeper layers. Predominant among these are pro-
jection artifacts, which project the appearance of superficial vasculature 
into deeper layers. Projection artifacts can be compensated by slab- 
subtraction (Jia et al., 2015; 2014; Zhang et al., 2015) or 
projection-resolved algorithms (Hou et al., 2019; Wang et al., 2017; 
Zhang et al., 2016), but even when these approaches are used, residual 
projection artifacts may remain. Another type of inevitable artifact is 
caused by eye ball motion. As the outer retinal slab includes the RPE 
layer which has a very strong reflectance, eye motion artifacts can 
coexist with MNV flow signals, even though multiple algorithms have 
been developed to suppress them (Camino et al., 2017; Hou et al., 2019; 
Kraus et al., 2012; Makita et al., 2006; Wang et al., 2019b; Wei et al., 
2018; Zang et al., 2016). Residual projection and motion artifacts can 
interfere significantly with MNV quantification. 

For these reasons, manual MNV detection is prohibitively time- 
consuming. Due to the increasing clinical burden imposed by an aging 
population, this is not an inconsequential issue. As with some other 
OCTA biomarkers, reliable automation is the best solution for combating 
the issues arising from MNV’s location. However, the location of MNV 

Fig. 21. Signal generation in optical coherence tomography angiography (OCTA). (A) Sequential structural OCT B-scans are captured at two different transverse 
locations, indicated by the red and yellow lines. (B) Motion contrast measurements yield the location of blood vessels, shown overlaid in red on cross-sectional 
images. By segmenting retinal layers and projecting the flows signal across the slabs, en face OCTA images can be constructed. (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 22. Choroidal neovascularization (CNV) treatment response as seen by optical coherence tomography angiography (OCTA). Top row: En face OCTA of the outer 
retina. Bottom row: Cross-sectional images taken at the location of the green line in the en face image. The flow signal is overlaid on the reflectance signal, and color 
coded according to depth (violet: Inner retina; yellow: Pathological vessels in the outer retina; red: Choroid). This patient underwent pro re nata anti-vascular 
endothelial growth factor treatment, receiving injections each of the first 3 months until sub-retinal fluid (SRF) resolved. During 5 months the CNV vessel area 
increased, but as no fluid was detected, additional treatment was not administered. At 6 months, fluid recurred and treatment was applied. Between months 10 and 
11 a large spontaneous reduction in CNV vessel area occurred. OCTA quantification was able to detect changes in lesion size that preceded exudation during the 
treatment course. Reprinted with permission from McClintic et al. (McClintic et al., 2018). (For interpretation of the references to color in this figure legend, the 
reader is referred to the Web version of this article.) 
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deep in the retina is not the only problem software solutions have to 
contend with. MNV lesions can also vary greatly in signal intensity, size, 
shape, and location. Such wide variation in configuration can transform 
into critical mistakes for handcrafted algorithms (Liu et al., 2015). MNV 
quantification strongly requires context, and is thus a problem best 
approached by AI technology. 

Wang et al. developed a composite MNV diagnosis and segmentation 
network by leveraging deep learning and a well-reasoned set of inputs 
(Wang et al., 2020a). The approach (Fig. 24) relies on inputting OCTA 
images processed in several ways which can be used complimentarily to 
distinguish projection and motion artifacts from a true MNV signal. The 

first step is a detection step, in which a CNN trained to segment MNV 
lesions diagnoses MNV based on the predicted lesion size. A separately 
trained network then takes the detected lesion as input and segments the 
CNV vessels. The result is a distinct vessel map that can be used for 
further quantification (Fig. 25). 

The angiofibrotic switch within the lesion in MNV consecutively 
induces SF, which together with atrophy is the leading cause of irre-
versible loss in macular function (Toth et al., 2019). To identify baseline 
predictors for SF, Roberts et al. used OCTA en face images which were 
quantitatively evaluated for lesion area, vessels area, vessels percentage 
area, number of junctions, total vessel length, vessel length density, total 

Fig. 23. Optical coherence tomography angiography (OCTA) imaging of choroidal neovascularization (CNV) progression. (A–D) 6 × 6-mm en face structural OCT 
images, with pathological outer retinal flow signal overlaid in yellow. (E–H) Cross-sectional images, with flow signal overlaid (violet: Inner retina; yellow: Patho-
logical outer retinal; red: Choroid). (A,E) Regions of geographic atrophy are apparent, as well as an irregularly elevated retinal pigment epithelium. However, no flow 
signal was detected. (B,F) OCTA detects CNV vessels prior to exudation. (C,G) Conversion to exudative CNV, with intraretinal fluid visible at the location of the green 
arrow. (D,H) Intraretinal fluid resolution and reduction in CNV vessel area following anti-vascular endothelial growth factor (anti-VEGF) treatment. Reprinted with 
permission from Bailey et al. (Bailey et al., 2019). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 

Fig. 24. Choroidal neovascularization 
(CNV) detection algorithm overview (sche-
matic). This deep learning network uses a 
structural optical coherence tomography 
(OCT) volume and several en face OCT 
angiography (OCTA) images as input (top 
left). The en face OCTA image set consists of 
en face images processed using different 
artifact removal approaches, which collec-
tively enable the network to distinguish 
projection artifacts from CNV with high ac-
curacy. These inputs are fed into a mem-
brane segmentation network, which 
diagnoses CNV if a membrane above a size 
cutoff is detected. The segmented membrane 
is then used as input, along with the en face 
OCTA image set, as input to a second con-
volutional neural network that is trained to 
segment vessels. The resulting algorithm can 
therefore both detect and segment CNV. 
Reprinted with permission from Wang et al. 
(Wang et al., 2020a).   
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number of endpoints, mean lacunarity, junction density and endpoint 
density using the open-source and validated software Angiotool. Addi-
tionally, the type of MNV and classic markers for neovascular activity 
including SRF, IRF, SHRM and retinal hemorrhage at baseline were 
assessed. After a 12-month follow-up period and a mean of 8.3 (±1.6) 
intravitreal aflibercept injections, 18% of eyes had developed SF. The 
investigators did not observe a significant difference in any of the 
quantitative OCTA variables evaluated (p > 0.05). However, eyes in the 
SF group had worse baseline BCVA (p = 0.001) and a higher prevalence 
of IRF and SHRM at baseline (Roberts et al., 2021). Vascular pattern 
analyses also showed that SF usually originated from the center of MNV 
growth. This observation closes the loop between fluid-based variables 
delineated in OCT imaging and the prognosis of nAMD, and illustrates 
OCTA’s potential to become to an important imaging support system. 

6.2. OCTA in diabetic macular and retinal disease 

For patients with diabetic retinopathy (DR), DME is a vision- 
threatening phenotype that triggers anti-VEGF treatment. Capillary 
damage from hyperglycemia such as retinal ischemia occurs before 
edema (Daruich et al., 2018), and FA angiographic findings demonstrate 
that macular ischemia predicts progression to proliferative diabetic 
retinopathy (Ip et al., 2015). Capillary vasculature information is 
therefore essential for improving our understanding of DME and for 
developing targeted treatments. OCTA can distinguish DR severity levels 
by quantifying non-perfusion areas (NPA) in all plexi (Hwang et al., 
2018; 2016a; 2016b; You et al., 2020). NPA is less affected by OCTA 
signal attenuation than alternative perfusion metrics such as vessel 
density (Hwang et al., 2018). More interestingly, a recent study has 
shown that extrafoveal NPA is significantly associated with disease 
progression and treatment requirements over a year, providing clinically 
useful information (You et al., 2020). 

NPA segmentation is another task well-suited to AI. Like MNV seg-
mentation, NPA segmentation will be inaccurate if artifacts are not 
correctly accounted for. In particular, shadowing artifacts can appear 
similar to capillary dropout. This is a problem that traditional image 
processing algorithms may struggle with, but CNN can be trained to 
correctly distinguish shadows from NPA (Guo et al., 2019; Wang et al., 

2020b). To do so, these algorithms incorporate both the structural and 
angiographic OCT signal as inputs (Fig. 26). As shadows darken both the 
structural and angiographic channels indiscriminately, their combina-
tion can be used to differentiate shadows and NPA (which will appear 
dark only in the OCTA channel). However, even when shadows are 
correctly identified, NPA quantification can be complicated by the 
presence of retinal fluid. Fluid pockets will also appear avascular in 
OCTA, and retinal slabs containing fluid may therefore appear avascular 
even when vessels still exist outside of the fluid region. One study was 
able to correlate NPA in the deep capillary plexus with visual acuity in 
DR patients; however, this correlation was insignificant when eyes with 
IRF due to DME were excluded (You et al., 2020). This may indicate that 
the presence of DME should be controlled for when measuring NPA. 

Conversely, the fact that fluid pockets appear avascular in OCTA data 
can support direct quantification of fluid itself. To explore this idea, Guo 
et al. trained several CNN to segment retinal fluid using a composite 
image formed by summing structural OCT and OCTA data volumes (Guo 
et al., 2019). Another advantage of OCTA imaging is that it is auto-
matically registered to structural OCT data, making this addition trivial. 
By training different models on different weightings of the OCTA data in 
the composite image, Guo et al. were able to quantify the relative 
importance of OCTA data in AI decision-making for the fluid segmen-
tation task by comparing the performance of different trained networks. 
An important conclusion of this work is that OCTA data improved fluid 
segmentation because a null weighting, which is the same as not 
including OCTA data at all, underperformed relative to any other 
weighting. However, the investigators were also able to demonstrate 
that structural OCT information is still more important as the best per-
forming model trained on an 80/20 OCT/OCTA weighting (Fig. 27). 

7. Future directions and conclusions: Beyond fluid and VEGF 

Most of the exudative diseases of the macula are chronic and pro-
gressive in nature. The destructive course is most obvious in the setting 
of nAMD and invariably leads to vision loss over time despite continuous 
therapeutic care. Fluid is a major component of progressive functional 
loss as concluded from the association of lower treatment frequency, 
residual and recurrent fluid with worse outcomes in the real world 

Fig. 25. Choroidal neovascularization (CNV) detection and segmentation using deep learning. Each row shows a different case. Column A: Outer retinal optical 
coherence tomography angiography (OCTA) en face images, showing both CNV lesions and residual projection artifacts. The white asterisks in case 1 show regions 
with no flow that were still correctly segmented as part of the CNV membrane. Column B: Manually generated ground truth, with the membrane area outlined in red 
and vessels shown in white. Column C, D: Network probabilities for membrane area and vessels, respectively. The largely binary character of the probability maps 
indicate that the network has high confidence in its predictions. Column E: Network outputs showing the segmented membrane (white outline) and vessels (yellow). 
The algorithm ignored residual artifacts and correctly segmented the CNV lesion and vessels. Reprinted with permission from Wang et al. (Wang et al., 2020a). (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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(Mehta et al., 2018). Nevertheless, in the absence of precise and auto-
mated fluid quantification such statistics broadly average large pop-
ulations and do not establish robust cause-effect correlations. A recently 
reported 10-year follow-up of the Fight Retinal Blindness registry, which 
documents routine clinical practice in a standardized manner, high-
lighted that the cohort treated with a T&E regimen yielded outcomes 
superior to the PRN cohort (Gillies et al., 2020). T&E reduces the pres-
ence of fluid in the retina with proactive intervention, while PRN awaits 
fluid recurrence and intervenes subsequently, another strong piece of 
evidence suggesting tight fluid monitoring. 

Of note, T&E-treated retinas were indeed mostly dry, but were 
associated with a higher prevalence of macular atrophy of 41% versus 

6% in the PRN group. While retinas in the PRN regimen demonstrated 
persistent fluid most of the time and developed SF by 78% versus 28% in 
the T&E group. These competing pathways are still not fully understood. 
There is the hypothesis that neovascularization evolves as a biological 
rescue in type 1 MNV to provide additional nutritional support to the 
overlying photoreceptors, and intensive fluid resolution could induce 
involution of the nurturing membrane thereby accelerating macular 
atrophy (Chen et al., 2020). By contrast, SRF in nAMD contains potent 
inflammatory cytokines such as the NLRP3 inflammasome, potentially 
inducing a gliotic and fibrotic response in the subretinal space (Celkova 
et al., 2015). Alternatively, IRF may reflect a severely disrupted 
photoreceptor layer and external limiting membrane allowing fluid to 

Fig. 26. Non-perfusion area (NPA) detection using deep learning. Intelligent choices for network inputs allow the model to learn to distinguish shadowing artifacts 
from capillary drop out. (A) A structural optical coherence tomography angiography (OCTA) volume is passed through a multi-Gaussian filter (B). The filtered image 
and a retinal thickness map (C) are passed to separate convolutional neural networks (E1, E2), which are trained to identify shadows. The outputs of these networks 
along with an en face OCTA image of the same region are then passed to a final convolutional neural network (E3) that segments non-perfusion and shadow artifacts. 
Reprinted with permission from Guo et al. (Guo et al., 2019). 

Fig. 27. Non-perfusion area (NPA) and 
retinal fluid detection using deep learning. 
(A–C) 3 × 3-mm en face optical coherence 
tomography angiography (OCTA) images 
with NPA (teal) automatically segmented by 
a convolutional neural network (CNN) in 
three different plexuses (A: Superficial 
vascular complex (SVC); B: Intermediate 
capillary plexus (ICP); C: Deep capillary 
plexus). (D) Cross-sectional image at the 
location of the magenta line in (A). Retinal 
fluid is apparent at this location, and can be 
automatically segmented by a different CNN 
(yellow outline). (E) Thickness map for the 
segmented retinal fluid, which indicates that 
some fluid regions cover a greater depth 
than others-information that is lost with a 
simple projection. (F) A volume rendering of 
the same data helps visualize the location of 
fluid within the retina. (For interpretation of 
the references to color in this figure legend, 
the reader is referred to the Web version of 
this article.)   
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enter the neurosensory layers from the underlying MNV (Spaide et al., 
2020b). 

Lack of a tight correlation between fluid volumes and visual per-
formance in nAMD over long-term observation strongly points towards 
an important role for neurodegenerative processes. Accordingly, RPE 
atrophy and photoreceptor loss on OCT were highly predictive of the 
development of macular atrophy (Finn et al., 2020). As noted previ-
ously, GA was shown to be preexisting in about a quarter of MNV eyes 
before therapy and excessive damage to neurosensory layers was 
documented by AI-based feature detection on OCT images of patients 
with intermediate AMD consecutively converting to MNV (Schmidt-Er-
furth et al., 2018c). Novel sensitive algorithms are able to identify early 
signs of neurosensory degeneration, i.e., INL/OPL subsidence (OPL), 
with focal thinning of the photoreceptor layer and the ONL preceding 
macular atrophy for as long as 12 months (Rivail et al., 2021). Com-
plement inhibition has recently demonstrated success in slowing the 
progression of lesion growth (Liao et al., 2020). Interestingly, macular 
fluid indicative of MNV developed in 20.9% of eyes in the monthly 
treatment arm, highlighting the common biological path in the dry and 
wet AMD subtypes. Innovative therapeutic strategies suggest combining 
anti-VEGF and anti-complement substances or designing bispecific 
fusion proteins. Sensitive AI tools must complement such experimental 
interventions into the complex biology of macular disease to recognize 
resulting effects on a subclinical level. This will strongly apply to irre-
versible interventions such as gene therapy in multifactorial chronic 
disease such as AMD or DRP. 

Combination approaches are also suggested regarding the various 
exudative pathways in MNV, DME and RVO. The aim of the combination 
components is to target other pathognomonic cytokines such as angio-
poetin2 for leakage induction (Sahni et al., 2020). More efficient fluid 
resolution and particularly extended durability with a lower need for 
retreatment frequency are the goals. With the increasing number of 
patients affected by MNV and DME, an extended drying effect is the only 
way to use existing resources for more efficient patient care. Novel drug 
designs are numerous and a multitude of clinical trials are providing 
head-to-head comparisons of extended retreatment intervals. Objective 
measurements of fluid volumes and dynamics have to be provided to 
allow the community a realistic evaluation, particularly as retreatment 
criteria vary widely and blend in various functional and morphological 
components. A clear determination of fluid in a standardized manner is 
best suited to the identify efficacy and durability of each substance 
objectively and offer a hands-on diagnostic companion for large-scale 
use in real-world practice consecutively. 

AI-based identification and quantification of subclinical biomarkers 
will play an important role in screening for patients at risk for devel-
oping advanced disease and allow intervention before vision loss occurs. 
Signs of imminent neovascular conversion were clearly delineated in 
fellow eyes in the HARBOR trial at one month before conversion (Hu 
et al., 2020). Such markers included HRF, PED, focal RPE defects, and 
haze (slightly hyper- or isoreflective changes located between the RPE 
and inner retinal layers), which were present in the majority of eyes. 
Areas of external limiting membrane and ellipsoid zone loss significantly 
increased at the onset of exudation, when IRF and SRF occurred. 
Another deep learning algorithm recently achieved an 80% 
per-volumetric-scan sensitivity to predict the conversion to wet AMD 
within a 6-month time window (Yim et al., 2020). Russakoff et al. 
introduced a new architecture, AMDnet, as a method for predicting the 
likelihood of converting from early/intermediate to advanced wet AMD 
using OCT imaging and methods of deep learning, and achieved an area 
under the ROC curve (AUC) of 0.89 at the B-scan level and 0.91 for 
volumes (Russakoff et al., 2019). 

Efficient clinical monitoring of millions of individuals under therapy 
and early detection by efficient screening in patients at risk are the most 
successful paths to saving vision. Automated AI tools introducing 
personalized precision medicine into ophthalmology and identifying a 
wide spectrum of subclinical markers of disease activity are needed to 

support physicians and patients in this challenging task. 

Funding sources 

Christian Doppler Forschungsgesellschaft, Vienna, Austria. 

CRediT authorship contribution statement 

Ursula Schmidt-Erfurth: Writing – original draft, Writing – review 
& editing, Conceptualization. Gregor S. Reiter: Writing – original draft, 
Writing – review & editing. Sophie Riedl: Writing – original draft, 
Writing – review & editing. Philipp Seeböck: Writing – original draft, 
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Schlegl, T., Seeböck, P., Waldstein, S.M., Schmidt-Erfurth, U.M., Langs, G., 2017. 
Unsupervised anomaly detection with generative adversarial networks to guide 
marker discovery. In: International Conference on Information Processing in Medical 
Imaging (IPMI). Springer, Cham, pp. 146–147. 

Schlegl, T., Waldstein, S.M., Bogunovic, H., Endstraßer, F., Sadeghipour, A., Philip, A.M., 
Podkowinski, D., Gerendas, B.S., Langs, G., Schmidt-Erfurth, U.M., 2018. Fully 
automated detection and quantification of macular fluid in OCT using deep learning. 
Ophthalmology 125, 549–558. https://doi.org/10.1016/j.ophtha.2017.10.031. 

Schlegl, T., Waldstein, S.M., Vogl, W.D., Schmidt-Erfurth, U.M., Langs, G., 2015. 
Predicting semantic descriptions from medical images with convolutional neural 
networks. In: Information Processing in Medical Imaging (IPMI), pp. 437–448. 
https://doi.org/10.1007/978-3-319-19992-4_34. 

Schmidt-Erfurth, U.M., Bogunovic, H., Sadeghipour, A., Schlegl, T., Langs, G., 
Gerendas, B.S., Osborne, A., Waldstein, S.M., 2018a. Machine learning to analyze the 
prognostic value of current imaging biomarkers in neovascular age-related macular 
degeneration. Ophthalmol. Retin. 2, 24–30. https://doi.org/10.1016/j. 
oret.2017.03.015. 

Schmidt-Erfurth, U.M., Chong, V., Loewenstein, A., Larsen, M., Souied, E., 
Schlingemann, R., Eldem, B., Monés, J., Richard, G., Bandello, F., 2014a. Guidelines 
for the management of neovascular age-related macular degeneration by the 
European Society of Retina Specialists (EURETINA). Br. J. Ophthalmol. 98, 
1144–1167. https://doi.org/10.1136/bjophthalmol-2014-305702. 

Schmidt-Erfurth, U.M., Eldem, B., Guymer, R., Korobelnik, J.F., Schlingemann, R.O., 
Axer-Siegel, R., Wiedemann, P., Simader, C., Gekkieva, M., Weichselberger, A., 
2011. Efficacy and safety of monthly versus quarterly ranibizumab treatment in 
neovascular age-related macular degeneration: the EXCITE study. Ophthalmology 
118, 831–839. https://doi.org/10.1016/j.ophtha.2010.09.004. 

Schmidt-Erfurth, U.M., Garcia-Arumi, J., Bandello, F., Berg, K., Chakravarthy, U., 
Gerendas, B.S., Jonas, J., Larsen, M., Tadayoni, R., Loewenstein, A., 2017a. 
Guidelines for the management of diabetic macular edema by the European society 
of retina specialists (EURETINA). Ophthalmol. J. Int. d’ophtalmologie. Int. J. 
Ophthalmol. Zeitschrift fur Augenheilkd. 237, 185–222. https://doi.org/10.1159/ 
000458539. 

Schmidt-Erfurth, U.M., Kaiser, P.K., Korobelnik, J.-F., Brown, D.M., Chong, V., 
Nguyen, Q.D., Ho, A.C., Ogura, Y., Simader, C., Jaffe, G.J., Slakter, J.S., 
Yancopoulos, G.D., Stahl, N., Vitti, R., Berliner, A.J., Soo, Y., Anderesi, M., 

U. Schmidt-Erfurth et al.                                                                                                                                                                                                                      

https://doi.org/10.1038/ncomms15296
https://doi.org/10.1038/ncomms15296
https://doi.org/10.1136/bjo.2004.049940
https://doi.org/10.1136/bjo.2004.049940
https://doi.org/10.1016/j.oret.2017.11.010
https://doi.org/10.1016/j.ophtha.2017.08.031
https://doi.org/10.1016/j.ophtha.2017.08.031
http://refhub.elsevier.com/S1350-9462(21)00033-1/optjI7nVdPjXM
http://refhub.elsevier.com/S1350-9462(21)00033-1/optjI7nVdPjXM
http://refhub.elsevier.com/S1350-9462(21)00033-1/optjI7nVdPjXM
http://refhub.elsevier.com/S1350-9462(21)00033-1/optjI7nVdPjXM
https://doi.org/10.1371/journal.pone.0234739
https://doi.org/10.1371/journal.pone.0234739
https://doi.org/10.1007/s00592-009-0099-2
https://doi.org/10.1038/359845a0
https://doi.org/10.1055/s-0030-1269828
https://doi.org/10.1177/0962280212445839
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref192
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref192
https://doi.org/10.1364/BOE.379150
https://doi.org/10.1002/glia.23727
https://doi.org/10.1097/IAE.0000000000003023
https://doi.org/10.1167/iovs.61.6.11
https://doi.org/10.1016/j.ajo.2019.12.015
https://doi.org/10.1016/j.ajo.2019.12.015
https://doi.org/10.1097/IAE.0000000000002717
https://doi.org/10.1097/IAE.0000000000002717
http://refhub.elsevier.com/S1350-9462(21)00033-1/optiCp29gl8zL
http://refhub.elsevier.com/S1350-9462(21)00033-1/optiCp29gl8zL
http://refhub.elsevier.com/S1350-9462(21)00033-1/optiCp29gl8zL
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref200
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref200
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref200
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref200
https://doi.org/10.1093/biostatistics/kxv031
https://doi.org/10.1093/biostatistics/kxv031
https://doi.org/10.1016/S0074-7696(07)58004-6
https://doi.org/10.1016/S0074-7696(07)58004-6
http://refhub.elsevier.com/S1350-9462(21)00033-1/opt2LZlGU3ePa
http://refhub.elsevier.com/S1350-9462(21)00033-1/opt2LZlGU3ePa
http://refhub.elsevier.com/S1350-9462(21)00033-1/opt2LZlGU3ePa
http://refhub.elsevier.com/S1350-9462(21)00033-1/opt2LZlGU3ePa
http://refhub.elsevier.com/S1350-9462(21)00033-1/opt2LZlGU3ePa
https://doi.org/10.1001/jamaophthalmol.2020.2457
https://doi.org/10.1001/jamaophthalmol.2020.2457
https://doi.org/10.1167/iovs.18-25189
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref206
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref206
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref206
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref207
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref207
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref207
https://doi.org/10.1109/JBHI.2020.3000136
https://doi.org/10.1109/JBHI.2020.3000136
https://doi.org/10.1364/boe.379978
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref210
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref210
https://doi.org/10.1167/iovs.16-19969
https://doi.org/10.1056/nejmoa054481
https://doi.org/10.1167/iovs.18-25325
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1001/jamaophthalmol.2020.2685
https://doi.org/10.1016/j.ophtha.2019.03.023
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref216
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref216
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref216
https://doi.org/10.1016/j.media.2019.01.010
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref218
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref218
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref218
http://refhub.elsevier.com/S1350-9462(21)00033-1/sref218
https://doi.org/10.1016/j.ophtha.2017.10.031
https://doi.org/10.1007/978-3-319-19992-4_34
https://doi.org/10.1016/j.oret.2017.03.015
https://doi.org/10.1016/j.oret.2017.03.015
https://doi.org/10.1136/bjophthalmol-2014-305702
https://doi.org/10.1016/j.ophtha.2010.09.004
https://doi.org/10.1159/000458539
https://doi.org/10.1159/000458539


Progress in Retinal and Eye Research xxx (xxxx) xxx

40

Sowade, O., Zeitz, O., Norenberg, C., Sandbrink, R., Heier, J.S., 2014b. Intravitreal 
aflibercept injection for neovascular age-related macular degeneration: ninety-six- 
week results of the VIEW studies. Ophthalmology 121, 193–201. https://doi.org/ 
10.1016/j.ophtha.2013.08.011. 

Schmidt-Erfurth, U.M., Klimscha, S., Waldstein, S.M., Bogunović, H., 2017b. A view of 
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