Received: 24 May 2023

'.) Check for updates

Accepted: 8 December 2023

DOI: 10.1111/a0s.16616

ORIGINAL ARTICLE

Suitability of machine learning for atrophy and fibrosis development
in neovascular age-related macular degeneration

Jesus de la Fuente'> |

Maria Hernandez>*> |

Sergio Recalde®*3 |

'Department of Electrical and Electronics
Engineering, School of Engineering
(Tecnun), University of Navarra,
Pamplona, Spain

2Center for Data Science, New York
University, New York City, New York, USA

*Retinal Pathologies and New Therapies
Group, Experimental Ophthalmology
Laboratory, Department of
Ophthalmology, Clinica Universidad de
Navarra, Pamplona, Spain

“Navarra Institute for Health Research,
IdiSNA, Pamplona, Spain

SThematic Network of Cooperative Health
Research in Eye Diseases (Oftared), Health
Institute Carlos III (ISCIII), Department
of Ophthalmology, Clinica Universidad de
Navarra, Pamplona, Spain

®Institute for Data Science and Artificial
Intelligence (DATAI), University of
Navarra, Pamplona, Spain

Correspondence

Sergio Recalde, Retinal Pathologies and
New Therapies Group, Experimental
Ophthalmology Laboratory, Department
of Ophthalmology, Clinica Universidad de
Navarra, Pamplona, Spain.

Email: srecalde@unav.es

Idoia Ochoa, Department of Electrical
and Electronics Engineering, School
of Engineering (Tecnun), University of
Navarra, Pamplona, Spain.

Email: iochoal@unav.es

Funding information

ISCIII Thematic Network of Cooperative
Health Research General Subdirection;
Multiopticas Foundation; Spanish Ministry
of Science and Innovation, Grant/Award
Number: PID2021-1267180A-100; Fulbright
Association; Ramon y Cajal Grant from
Spain; Thematic Network of Cooperative
Health Research in Eye Diseases, Grant/
Award Number: RD16/0008/0021; FIS
Project European Program FEDER, Grant/
Award Number: PI15/01374; Gipuzkoa
Fellows grant from the Basque Government

Sara Llorente-Gonzalez
Alfredo Garcia-Layana
Spanish AMD group

Patricia Fernandez-Robredo™>*>

Idoia Ochoa'® |

34,5 |

3,4,5 |

Abstract

Purpose: To assess the suitability of machine learning (ML) techniques in pre-
dicting the development of fibrosis and atrophy in patients with neovascular
age-related macular degeneration (nAMD), receiving anti-VEGF treatment
over a 36-month period.

Methods: An extensive analysis was conducted on the use of ML to predict
fibrosis and atrophy development on nAMD patients at 36 months from start
of anti-VEGF treatment, using only data from the first 12months. We use data
collected according to real-world practice, which includes clinical and genetic
factors.

Results: The ML analysis consistently identified ETDRS as a relevant factor
for predicting the development of atrophy and fibrosis, confirming previous
statistical analyses. Also, it was shown that genetic variables did not demon-
strate statistical relevance in the prediction. Despite the complexity of predict-
ing macular degeneration, our model was able to obtain a balance accuracy of
63% and an AUC of 0.72 when predicting the development of atrophy or fibrosis
at 36 months.

Conclusion: This study demonstrates the potential of ML techniques in predict-
ing the development of fibrosis and atrophy in nAMD patients receiving long-
term anti-VEGF treatment. The findings highlight the importance of clinical
factors, particularly ETDRS (early treatment diabetic retinopathy study) visual
acuity test, in predicting these outcomes. The lessons learned from this research
can guide future ML-based prediction tasks in the field of ophthalmology and
contribute to the design of data collection processes.
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1 | INTRODUCTION

Age-related macular degeneration (AMD) is a progres-
sive chronic disease whose advanced forms, such as
neovascular AMD (nAMD), can lead to severe and irre-
versible vision loss. Neovascular AMD is characterized
by macular neovascularization (MNYV), which can prog-
ress to subretinal fibrosis and macular atrophy (Ferris
III et al., 2013; Spaide et al., 2020). Subretinal macular fi-
brosis is a result of an excessive wound healing response
that follows MNV in nAMD and can produce local de-
struction of photoreceptors, retinal pigment epithelium
(RPE) and choroidal vessels (Ishikawa et al., 2016). On
the other hand, macular atrophy is characterized by
atrophic lesions of the outer retina, RPE and underly-
ing choriocapillaris, and it is usually found in patients
with long-standing nAMD (Bhisitkul et al., 2015). Both
atrophy and fibrosis can cause permanent macular dys-
function, legal blindness or inability to perform routine
activities such as reading or facial recognition (Sadda
et al., 2020).

Advances in diagnostic techniques and anti-vascular
endothelial growth factor (anti-VEGF) therapy have
helped to reduce AMD-related legal blindness in some
countries, and its increasing social and emotional impact
(Mehta et al., 2018; Moreno, 2016). However, some pa-
tients do not achieve a satisfactory long-term response
with current treatment, developing atrophy and fibro-
sis, and the need for frequent intravitreal injections and
ophthalmological visits places a significant burden on
patients, their families and healthcare professionals
(Spooner et al., 2018).

Some genetic, clinical and imaging biomarkers have
been associated with the anatomical and functional
prognosis of patients with nAMD and may help in
the planification of individualized anti-VEGF ther-
apies (Caire et al., 2014; Garcia-Layana et al., 2014;
Guymer et al., 2019; Lai et al., 2019; Llorente-Gonzalez
et al., 2022; Martinez-Barricarte et al., 2012). One of
the imaging biomarkers that has been widely studied
in nAMD in the last few years is retinal fluid visual-
ized on optical coherence tomography (OCT), both
after the loading phase of anti-VEGF treatment and
in the long follow-up. The subretinal location of this
fluid seems to be related to better visual prognosis and
less atrophy and fibrosis formation, while intraretinal
fluid has been associated with higher macular fibrosis
and worse vision in the long term (Llorente-Gonzalez
et al.,, 2022; Saenz-de-Viteri et al., 2021; Schmidt-
Erfurth & Waldstein, 2016).

The increasing sophistication of imaging systems,
networking and software analysis, are making it pos-
sible to implement artificial intelligence, such as ma-
chine learning (ML), into the diagnostic in medicine,
especially in retinal pathologies (Cao et al., 202I;
Quellec et al., 2019). Nevertheless, in all the aforemen-
tioned studies, no ML techniques have been analysed
to predict the outcome of nAMD patients undergoing
anti-VEGF treatment.

Hence, in this work we evaluate the suitability of ML
to predict whether a patient with nAMD will develop
fibrosis and/or atrophy after anti-VEGF treatment. We

use data collected in a 36-month study according to
real-world practice (dataset PI115/01374) to assess possi-
ble risk factors in nAMD patients (Llorente-Gonzalez
et al., 2022). In the previous study, only a conventional
statistical analysis of clinical and environmental vari-
ables was performed, without evaluation of genetic vari-
ables. The objective of this study was therefore twofold: to
perform a statistical analysis of the genetic variables that
were collected but not analysed in (Llorente-Gonzalez
et al., 2022) and to evaluate the predictive power of ML
models for atrophy and fibrosis development in nAMD
patients at 36 months, using all the clinical and genetic
variables collected in routine clinical practice up to
12months from start of treatment.

2 | METHODS

2.1 | Study design

Dataset PI15/01374 (Llorente-Gonzalez et al., 2022) was
used in this study to assess the influence of clinical (in-
cluding environmental factors) and genetic factors on
the progression towards macular atrophy and fibrosis
(Table 1 and Table SI). Data collection was conducted
from 1 September 2016 to 28 February 2020 across 17
sites in Spain, through an ambispective (retrospective
and prospective) multicentre 36-month study of a cohort
of 354 patients (one eye study) with nAMD treated ac-
cording to routine clinical practice.

All patients underwent a detailed ophthalmologic
examination including automatic objective refraction,
visual acuity assessment with ETDRS (early treatment
diabetic retinopathy study) visual acuity test, slit-lamp
biomicroscopy with pupillary dilation, colour fundus
photography and OCT. Macular atrophy and fibrosis
were evaluated as dichotomous qualitative variables
through their presence or absence on imaging tests (co-
lour fundus photography and/or OCT) at each visit.
Likewise, its progression was calculated by its increase
over time in imaging tests.

2.2 | Genotyping

Genomic DNA was extracted from oral swabs using
QIAcube (Qiagen, Hilden, Germany) and processed
in the Ophthalmology Experimental Laboratory of
the Clinica Universidad de Navarra (Spain). Genetic
analysis of 14 single nucleotide polymorphisms (SNPs)
was performed by qPCR (Tagman probes): ARMS2
(rs10490924); CFB (rs641153, rs12614); CFH (rs1061170,
rs800292); CFI (rs4698775, rs17440077, 1rs10033900);
SERPINFI (rs12603486); SMAD7 (rs7226855); TGFbl
(rs2241713); TNF (rs2256974, rs909253); and VEGFR
(rs7993418). The SNPs located in the CFB gene were ana-
lysed by Sanger sequencing. The sequence of the Tagman
probes for analysis is detailed in Table S2. The qPCR
was performed with the amplification mix “TagMan™
Genotyping Master Mix (Thermo Fisher)” with the spe-
cific primers and probes according to the manufacturer's
instructions, in the QuantStudio-5 Applied Biosystem
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TABLE 1 Feature (variables) contained on the considered dataset PI15/01374.
Associated features
Group name Numerical Categorical
Atrophy/Fibrosis* Atrophy V1, Fibrosis V1, Atrophy V4, Fibrosis V4, Atrophy
12m, Fibrosis 12m, Atrophy 36 m, Fibrosis 36 m.
Demographic Age Tabaquism, Sex, Hypertension, Vitamin supplements,

Retinal fluid

Foveal thickness

Neovascular membrane

Cataract

ETDRS ETDRS VI, ETDRS V4, ETDRS 12m
SNPs

Treatment Injections 36 m°

Hypercholesterolemia, Dry Macula 36 m®

Intraretinal fluid V1, Subretinal fluid V1, Intraretinal fluid
V4, Subretinal fluid V4

Foveal thickness V1, Foveal thickness V4

Neovascular membrane V1, Neovascular membrane V4

Cataract V1, Cataract V4, Cataract 12m

ARMS?2, CFI, VEGFR, SMAD7, CFB®, CFB1°, CFH",
CFH1°, SERPINF1°, CFI1°, CFI2°, TGFb1°, TNF®,
TNF1°

Note: Features are organized in groups based on their clinical similarity.

V1, V4 and 12m variables have not been included in the ML models, see subsection 2.4.1 for further details. Atrophy and fibrosis at 36m are predicting variables.

"These variables have not been included in the ML models due to the lack of importance and improvement within the model or due to data leakage motives.

equipment. Controls of known genotype are included in
the assay. The analysis of results was carried out with the
software: QuantStudio™ Design & Analysis Software.

For the genotyping of the SNPs in the CFB gene, the
genomic region containing them was amplified with the
CertAmp Kit (Biotools) according to the manufacturer's
specifications. The amplification primers are the product
of the Secugen design (Forward: 5' gagccaagcagacaag-
caaa 3'(Tm: 61.63°C); Reverse: 5 tctccctceecatttetgagt
—3'(Tm62.25°C); Size: 703pb). PCR conditions are
as follows: 94°C (3min) +35x [94°C (0.5min)+60°C
(I min)+72°C (1 min)]+72°C (10 min).

The amplicons obtained were visualized on a 2%
agarose gel and purified using ExoSAP-IT™ (Applied
Biosystems, Spain). Subsequently, they were sequenced
by automatic Sanger-type sequencing with BigDye 3.1
reagent and loaded on an AB3730 sequencer. The ob-
tained sequences were analysed with SeqScape Software
v2.5 (Thermo Fisher) (Brantley Jr et al., 2007; Caire
et al., 2014; Cruz-Gonzalez et al., 2014).

2.3 | SNPs statistical analysis

To evaluate the significance of the alleles' frequencies,
we used the chi-square test within the following two
groups: fibrotic vs non-fibrotic patients, and atrophic vs
non-atrophic patients, all at 36 months. All SNPs ana-
lysed in this study were in Hardy—Weinberg equilibrium.
The Bonferroni method was used to correct for multiple
comparisons. The results of this analysis are also used to
perform feature selection of the genetic variables prior to
the ML model (see Subsection 2.4.1).

2.4 | Machine learning analysis

The dataset PI15/01374 specifies whether a nAMD pa-
tient developed fibrosis and/or atrophy at 36 months.

Due to the different nature of these outcomes, we con-
sidered distinct machine learning models to predict, at
12months from start of treatment, whether a patient
(eye) will develop 24 months later (i.e., at 36 months): at-
rophy and/or fibrosis (Atrophy|Fibrosis_36m); fibrosis
(Fibrosis_36m); and atrophy (Atrophy_36m).

In other words, in the Atrophy|Fibrosis_36m exper-
iment patients (eyes) who develop atrophy, fibrosis or
both correspond to the positive class; in the Fibrosis_36m
experiment, patients (eyes) who develop only fibrosis or
fibrosis and atrophy belong to the positive class; and in
the Atrophy_36m experiment patients who develop only
atrophy or fibrosis and atrophy belong to the positive
class. In a given experiment, the patients (eyes) that are
not considered positive are included in the negative class.

In all cases, this reduces to a supervised learning
problem for binary classification, in which the positive
class is referred as having the pathology and the negative
class as not having it.

24.1 | Data preprocessing
The considered PI15/01374 dataset contains informa-
tion of clinical and genetic (SNPs) variables for 335 eyes.
Before being used as input to the ML models, we per-
formed some preprocessing steps.

Since the goal is to make a prediction on month 12
after starting the treatment, clinical variables collected
at 36 months were removed, as they would not be avail-
able in a predicting real scenario. This reduced the num-
ber of clinical variables to 20 (see Table 1). Out of the
14 genetic variables, we selected a representative SNP
from each of the 4 risk-pathways associated with nAMD
atrophy and fibrosis: complement system (CFI), meta-
bolic change in mitochondria (4RMS?2), inflammation
(SMAD?7) and neovascularization (VEGFR) (DeAngelis
et al., 2017). The SNPs statistical analysis results were
used to guide this selection and filter out SNPs that
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Minor allele frequency (MAF) differences between atrophy/non-atrophy and fibrosis/non-fibrosis patients. Two barplots have

been used for representing the MAF allele frequencies for each SNP and disease of study. Minor allele type for each SNP has also been added.
The significant allele frequency differences, according to the chi-square test among groups within the same disease (see Section 2), have also
been pointed out (*). SNPs used in the ML models (see Table 1) are highlighted in bold.

did not show statistical differences (Figure 1). To ease
the feature importance analysis (see subsection 2.4.4),
the retained clinical and genetic variables were further
split in seven groups based on their clinical similarity
(Table 1). Due to the high variables/eyes ratio, categor-
ical variables (including SNPs) were encoded following
a LabelEncoding instead of a OneHotEncoding (using
Python's sklearn library).

We dropped samples (eyes) which already presented
the pathology to be predicted at 4 or 12months, as it was
observed that in these cases the pathology remained un-
changed at 36 months. Moreover, retaining these sam-
ples can over-simplify the models and avoid their correct
training. We also dropped samples containing variables
(from the retained ones) with missing values (N/A). These
steps reduced down the number of samples to 296 for the
atrophy experiment, 284 for fibrosis and 254 for atrophy
and/or fibrosis. In total, 55% of the samples presented
atrophy and/or fibrosis at 36 months, 37% presented fi-
brosis and 30% presented atrophy.

24.2 | Supervised learning models

Three different supervised learning methods known to
perform well in practice were selected: random forest (RF)
(Breiman, 2001), extreme gradient boosting (XGB) (Chen
& Guestrin, 2016) and support vector machines (SVM)
(Noble, 2006). Deep learning models were not considered
due to the low number of available samples. RF and XGB
are encompassed within the field of ensemble learning,

as they combine decision trees (DTs) to find patterns and
classify the data. RF is based on bagging, which performs
bootstrapping over the data and uses multiple DTs to aver-
age the results and reduce the variance. To decorrelate the
trees and prevent overfitting, in RF the DTs can only use
a random subset of the features. XGB is based on boost-
ing, in which trees are built sequentially (i.e., previously
built trees are taken into account to build the next one).
SVM classifies the data by applying linear separators,
making use of kernels to get margin classifiers that work
efficiently in very high dimensional data. Both RF and
XGB fall within the category of soft-classifiers, as they
compute the posterior probability of an input sample be-
longing to the positive class. SVM is a hard-classifier that
outputs the predictive class without explicitly computing
the posterior probability. Yet, an estimation of this proba-
bility can be computed using cross-validation. By default,
if the posterior (or predictive) probability is larger or equal
to 0.5, a positive prediction is made (negative otherwise).
Nevertheless, since these probabilities reflect how confi-
dent the model is when making a prediction, a different
threshold (Th) can be used such that only samples with a
probability greater than Th are classified as positive. As
shown below, the capacity of a model to separate both
classes can be evaluated by modifying this threshold.

24.3 | Evaluation metrics

Accuracy, defined as the percentage of samples correctly
classified (i.e., for which the correct prediction is made), is
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generally the preferred metric to evaluate ML models for
classification. However, due to the data imbalance among
positive and negative samples, balanced accuracy (BA) score
was also considered. BA computes the average between the
accuracy on the positive samples and the accuracy on the
negative samples, giving equal weight to both classes.

To evaluate the reliability and confidence of the mod-
els, we considered the area under the ROC (receiver oper-
ating characteristic) curve (AUC). The ROC curve plots
the true-positive rate (TPR) vs the false-positive rate
(FPR) for each possible threshold, defined as follows:

TP FP

TPR=——— FPR= ——
TP+ FN FP+ TN

where TP, FN and FP stand for true positives, false neg-
atives and false positives, respectively. The AUC is given
by the area under the ROC curve, and ranges from 0 to
1, with 0.5 being a random classifier and 1 a perfect one.

Intuitively, a reliable and confidence model should
generate high probabilities when input positive sam-
ples, and viceversa. Additionally, if samples are sorted
by their predictive probabilities, positive samples are
expected to appear before negative samples, such that
for high thresholds only positive samples would be pre-
dicted as positive (i.e., FPs would be close to zero). As the
threshold decreases, the opposite is expected, that is, we
should have close to zero FNs. The ROC curve and the
AUC therefore provide metrics to better understand how
well the model separates both classes.

244 | Feature importance

In order to analyse the models' feature importance in a
homogeneous manner, we define a relative AUC (rAUC)
score as:

rAUC = AUC, — AUC,

rAUC measures the increase or decrease in the mod-
els' AUC that a specific feature or group of features yield.
AUC; accounts for the AUC of a model when using a
group of features as input, including the specific feature
S 'we want to compute the rAUC for. AUC, accounts for
the AUC of the same model, that is, same parameters
and same features, but excluding feature /. Hence, rAUC
measures the specific contribution of feature f to the
model's reliability. For a set of p features, there would be
27 — 1 possible combinations. Hence, to reduce the com-
putation complexity, we analyse the importance of each
feature group (Table 1) rather than individual features
and apply this metric to models with at least two group
of features. 2” — 1 — p combinations are therefore evalu-
ated (p being 7 in our case).

2.4.5 | Experimental setup
When evaluating ML models, it is key to verify their gen-

eralization ability, that is, how they perform on data not
used for training (referred to as test data). Due to the

low number of available samples, cross-validation (CV)
was used to generate training and test folds iteratively
(Ng, 1997). However, when performing hyperparameter
tuning and feature selection simultaneously, CV can yield
overfitted test folds. In our case, for each ML model, we
considered different values for the hyperparameters as
well as all combinations of feature groups. Therefore, we
used nested cross-validation (NCV) instead (Varma &
Simon, 2006). Similarly to CV, in NCV data are split in
folds, and at each iteration, one fold is left out for test-
ing and the remaining ones are used for training (called
outer training fold in NCV), but contrary to CV, in NCV
the outer training fold is further split into folds, and it-
eratively all folds but one are used for training and the
left-out fold for validation. The hyperparameters that
better perform (on average) in the validation sets are
then tested in the test fold. This allows hyperparameter
tuning and feature selection while ensuring generaliza-
tion ability of the resulting models, avoiding overfitting
and increasing robustness during the training.

In our experiments, 6 folds were used in both the outer
and inner loops. For each considered model, hyperpa-
rameter tuning was performed by applying a grid search
(Table S4), and all possible subsets of the defined feature
groups were tested during training. For each prediction
task, we evaluated the importance of each feature group
by computing the corresponding rAUCs on the test sets
from NCV. Finally, the model with the best combination
of features and hyperparameters in terms of average AUC
(on the test folds) was selected. Unless stated otherwise,
all reported metrics are on the test folds (from NCV). See
Figure S2 for further explanation. It is worth noting that
similar to CV, with NCV model training, feature selection
and hyperparameter tuning are never performed on the
left-out set, being the left-out set used for model evaluation.

3 | RESULTS

3.1 | SNPs statistical analysis results

The results of the allelic analysis of the 14 considered SNPs
regarding their association with the development of atro-
phy or fibrosis are shown in Figure 1. Allelic frequencies
exhibited a significant association between patients with
fibrosis compared to non-fibrotic patients with the CFI
gene. All the SNPs of this gene showed frequencies with
some differences (Table S3) but the SNP rs4698775 (CFI)
indicated a significantly higher minor allele frequency
(MAF) in patients with fibrosis (p<0.05, OR 1.4 with 95%
CI 1.0-1.9) versus non-fibrotic. This significance is, how-
ever, lost after Bonferroni adjustment (p>0.05). Regarding
the development of atrophy, no significant differences were
found in the allelic frequencies of these 14 SNPs.

3.2 | Machine learning results
321 |

Feature importance

We first evaluated the importance of cach of the
seven considered feature groups by computing the
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corresponding rAUC values. Due to the flexibility of
RF, XGB and SVM models and the limited availability
of samples, we considered different hyperparameters
for each model and prediction task, as well as all pos-
sible combinations of feature groups. Figure 2 shows the
rAUC distributions across features group and ML mod-
els, for each prediction task.

Atrophy or fibrosis at 36 m

When analysing the Atrophy|Fibrosis_36m experiment,
we observed that ETDRS and foveal thickness were the
two most important feature groups based on rAUC,
especially for the XGB model (Figure 2). The impor-
tance of ETDRS is related to the previous statistical
analysis, where it was shown that atrophy and fibro-
sis at 36 months were associated with lower ETDRS at
any visit, explained by the visual impairment generated
at the macular level (Llorente-Gonzalez et al., 2022;
Saenz-de-Viteri et al., 2021). However, foveal thickness
at baseline (V1) and after the loading phase (V4) did
not show statistically significant differences for the
development of atrophy and fibrosis in the previous
statistical analysis (p>0.05). This is not surprising, as
ML models can learn complex patterns in the data, and
features that are not statistically significant when ana-
lysed in isolation may add relevant information to the
models when combined with other features. The fact

Atrophy_36m|Fibrosis_36m

0.3

0.2

bbb

that all features in the ETDRS and foveal thickness
groups are numerical may also help, as numerical vari-
ables can ease the exploitation of patterns in ML mod-
els with high predictive power such as the ones being
evaluated. Interestingly, even though the variance of
rAUC for ETDRS variables is larger than the variance
of rAUC for foveal thickness variables, the ETDRS
rAUC score distribution is significantly higher than the
one of foveal thickness (p<0.001), corroborating the
importance of ETDRS in the evolution of nAMD. It
is worth noting that contrary to what previous studies
have shown related to the statistical power of the reti-
nal fluid variable group to predict atrophy and fibrosis
diseases in nAMD patients, their rAUC distribution
shows that they do not add much value to the ML mod-
els. Probably, the fact that the retinal fluid variables
are qualitative has caused them to be less relevant for
the predictive models, while foveal thickness (quantita-
tive), being directly correlated with retinal fluid (since
the greater the fluid, the greater the foveal thickness
and vice versa), would be an indirect reflection of the
importance of retinal fluid. Future studies should con-
sider collecting the retinal fluid variables as quanti-
tative rather than qualitative. Finally, demographic,
cataract, SNPs and neovascular membrane groups do
not seem to add value to the ML models in terms of
rAUC (distribution centred around 0).
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Fibrosis at 36 m

In the Fibrosis_36m prediction task, the ETDRS rAUC
distribution shows a similar but much less pronounced
trend to that of the Atrophy|Fibrosis_36m experiment.
ETDRS and retinal fluid are the only two groups with
a non-negative mean rAUC (see Figure 2). The fact that
the rAUC distribution is more skewed towards smaller
values as compared to the Atrophy|Fibrosis_36m rAUC
distribution can be associated with the complexity of the
predicted variable. Specifically, in the Fibrosis_36m ex-
periment, both healthy patients and those that develop
only atrophy at 36 months belong to the negative class,
even though the latter also have a bad prognosis. This
can add noise and blur the decision-making of the ML
models. On the contrary, Atrophy|Fibrosis_36m includes
patients that develop either atrophy or fibrosis in the
positive class, avoiding this problem.

Atrophy at 36 m

Finally, the rAUC distributions in the Atrophy_36m ex-
periment show foveal thickness and retinal fluid groups
to increase the robustness of the model the most (see
Figure 2). This can be explained by the relation between
these groups of variables, as mentioned above, and the
fact that retinal fluid has been previously identified as
having clinical importance in the development of atro-
phy in nAMD (Llorente-Gonzalez et al., 2022; Saenz-de-
Viteri et al., 2021).

3.2.2 | Predictive results

Model selection

After the conducted analysis that considered all combi-
nations (>250000) of ML models (RF, XGB and SVM),
hyperparameters and feature groups, the combination
with the highest validation AUC score (during NCV)
was selected for each prediction task. Table 2 contains a
summary of the final models. In all cases, XGB obtained
the highest AUC, albeit with a different set of hyper-
parameters. Regarding the feature groups, all three ex-
periments employ the ETDRS group and an additional
feature group. Specifically, the Atrophy|Fibrosis_36m
experiment includes the foveal thickness group, the

Fibrosis_36m experiment the SNPsand the Atrophy_36m
experiment the retinal fluid group.

Performance metrics

Next, we report the obtained evaluation metrics of the
final models for each prediction task, computed as
the average across the NCV test folds (see Figure 2a).
For Atrophy|Fibrosis_36m, the obtained average BA
is 0.63, the accuracy is 0.65, and the AUC is 0.72. For
Fibrosis_36m, the average BA is 0.54, the accuracy is
0.72, and the AUC is 0.6. Finally, for Atrophy_36m,
the average BA is 0.54, the accuracy is 0.7, and AUC is
0.57. Due to the imbalance between positive and neg-
ative samples in all experiments, BA is always lower
than accuracy, showcasing the importance of consid-
ering BA in addition to accuracy. The highest AUC is
obtained for the Atrophy|Fibrosis_36m, since there is
a more clear distinction between negative and positive
samples.

To further assess the proposed models, Figure 2a
shows the evaluation metrics obtained for each of the
splits within NCV. It is clear from the results that there
is an intrinsic complexity in the prediction of atrophy
and fibrosis given the available data. This is more pro-
nounced for the Fibrosis_36m and Atrophy_36m experi-
ments, in which lower metrics are obtained as compared
to the Atrophy|Fibrosis_36m experiment. As stated
above, this is expected, as the prediction task in the first
two experiments is more complex. Moreover, results for
Atrophy|Fibrosis_36m and Atrophy_36m show signs of
overfitting in the training fold, suggesting the models
were complex enough to learn complex patterns, but the
variance within patients did not allow these patterns to
become generalizable. The same trend is found in the
Fibrosis_36m experiment. Even though the accuracy
does not show overfitting signs, patients from validation
and test folds yield lower accuracies and AUCs, high-
lighting the underlying difficulty of the prediction tasks.
This is reasonable, since heterogeneity has been pointed
out as a common denominator in patients with nAMD,
and more so in this real-life clinical practice study, with
less exhaustive inclusion and exclusion criteria than in
a clinical trial, applying various anti-VEGF therapies,
multiple treatment and follow-up regimens.

TABLE 2 Detailed information about the final models used for each prediction task, including hyperparameters and input features.

Experiment Atrophy|Fibrosis_36m
Model XGBoost
Variables ETDRS foveal thickness
Hyperparameters

Number of estimators 287

Max depth 50

Min child weight 0.1

Gamma 1.5

Subsample 1.0

Colsample by tree 0.6

Learning rate 0.0001

Reg alpha 0.1

Reg lambda 0.0001

Fibrosis_36m Atrophy_36m

XGBoost XGBoost
ETDRS SNPs ETDRS retinal fluid
287 525

50 50

5 0.1

0.5 1.5

1.0 1.0

0.6 1.0

0.1 0.0001
0.0001 0.1

0.1 0.0001
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Feature importance

We also analysed the importance of each of the included
features, computed using the internal “feature_impor-
tances_” attribute of the XGBClassifier model, from
XGBoost Python package. Feature importance is calcu-
lated for every decision tree and depends on the amount
each attribute's split improves the performance measure
and the number of observations the node is responsible for.

Atrophy — or  Fibrosis —at 36m. Regarding the
Atrophy|Fibrosis_36m experiment, even though ETDRS
at V1 (ETDRS_b) and 4months (ETDRS_V4) do not

(a)

Across experiment benchmarking
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show relevance signs within the best combination,
ETDRS at 12months is statistically significant (from
the feature importance perspective) for the classification
power of the model (p<0.001, Figure 3a). The rationale
behind this is that ETDRS variables are correlated
within each other (Figure S1) and the model uses only
one (the closest in correlation to the predicting variable)
for most of the splits, hence obtaining the highest feature
importance among the three ETDRS features and in
general also. These results align with the rAUC metrics
obtained when evaluating all models, features and
hyperparameters (Figure 2).
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FIGURE 3 Evaluation metrics and importance scores of the final models for each prediction task. (a) Evaluated metrics (BA, accuracy
and AUC) along the folds (train, validation and test) for each experiment for the final ML models. Confidence intervals have been computed
running the selected models with five different seeds. (b—d) Boxplots showing the distribution of importance scores for variables within each
group from the test split across folds of the NCV setup, for (b) Atrophy|Fibrosis_36m, (c) Fibrosis_36m, and (d) Atrophy_36m experiments.
Variables within each experiment are sorted by their corresponding feature importance mean.
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Fibrosis at 36m. The Fibrosis_36m prediction task
exhibits a similar feature importance distribution to the
Atrophy_36m|Fibrosis_36m experiment (Figure 3b). The
importance of ETDRS at 12months is also significantly
above the rest of variables (p<0.05), followed by the
SNPs VEGFR, CFI and SMADY7. Recall that the SNP
CFI showed some statistical differences between fibrotic
and non-fibrotic patients. Finally, as expected, the order
importance of the ETDRS variables are sorted by time
(I2months, V4 and V1).

Atrophy at 36m. Finally, for the Atrophy_36m
experiment, the importance of the basal subretinal fluid
appears to be significantly above the other features
(p<0.001, Figure 3c). Clinically, subretinal fluid has
shown to be associated with a better visual acuity and
a lower risk of developing macular atrophy or fibrosis,
with fewer injections (Guymer et al., 2019; Lai et al., 2019;
Llorente-Gonzalez et al., 2022). The remaining features
do not seem to add to the predictive power of the model.
Nevertheless, the performance of the model (BA 0.54
and AUC 0.57) indicates that the model cannot learn to
distinguish between atrophic and non-atrophic patients.
This is expected, as the development and evolution of
atrophy involves the interaction of several metabolic,
functional, genetic and environmental factors, making
its affectation unpredictable (Nowak, 2006). Likewise,
at a functional level, atrophy can appear in an advanced
form but not have much visual affectation and vice versa,
making its prediction very complex.

4 | DISCUSSION
AND CONCLUSION

This work presents, to the best of our knowledge, the
first exhaustive analysis regarding the suitability of ma-
chine learning for predicting development of fibrosis
and atrophy on neovascular age-related macular degen-
eration patients undergoing anti-VEGF treatment. The
ML models are trained to predict the development of
fibrosis and atrophy at 36 months after starting the treat-
ment with VEGF, using data collected during the first
12months. For the analysis, we used demographic, clini-
cal and genetic variables.

We consistently found ETDRS to be relevant for the
prediction of atrophy and fibrosis, confirming previ-
ous statistical analyses (Llorente-Gonzalez et al., 2022).
On the other hand, the analysed SNPs, being in some
cases widely associated with AMD development (with
high risk or protective frequencies compared to healthy
controls), have not shown any specific association with
macular degeneration in the considered cohort and have
not significantly contributed to the ML models. The best
performing model is able to predict the development of
at least one macular degeneration with an accuracy of
65%, a balance accuracy of 63% and an AUC of 0.72.
As highlighted below, access to more samples as well as
more features (or of better quality) could boost the pre-
diction power of ML models. Similarly, availability of
prospective samples could also benefit the validation of
the developed models.

In particular, even though the presented results con-
firmed the known relationship between macular degen-
eration and retinal fluids on OCT (Ashraf et al., 2018;
Guymer et al., 2019; Lai et al., 2019; Llorente-Gonzalez
et al., 2022; Ying et al., 2018), we believe that the cat-
egorical nature of these features may have narrowed
down the pattern-exploitation ability of the applied ML
predictors. Hence, storing the numerical value (OCT
liquid volume) for these features may help in future
ML studies. Alternatively, deep learning models could
leverage OCT images as features, potentially uncover-
ing strong anatomical patterns. These images should be
generated ideally with the same technology and proto-
col to make them as homogeneous as possible, which
may be challenging in studies involving several centres.
Finally, more samples would be necessary in this case
due to the complexity of deep learning models. This has
also been a limitation in this work, as the lack of gener-
alization has been observed along the three considered
experiments, possibly due to the nAMD heterogeneity
and the underlying complexity of atrophy and fibrosis
diseases.

Regarding the evaluated SNPs, even though they did
not show to be sufficient to predict nAMD development,
additional analysis with larger cohort of patients should
be carried out before they are ruled out, as they could
have a regulator role in these processes. A different set of
SNPs could also be evaluated to analyse their potential
effect on disease progression.

The fact that nAMD is a complex disease involving
many factors means that the ML models need access to
high-quality data in order to make accurate predictions.
Hence, when collecting data from real clinical practice,
it would be desirable to use the same (or similar) image
detection and analysis systems, so that data are as homo-
geneous as possible, and to have long follow-up periods
with regular visits, so that more information per patient
is available. Raw values should also be collected for each
variable when possible, for example, without converting
numerical variables to categorical by applying thresh-
olds. Furthermore, future work could take advantage of
the evolutionary nature of the pathology under study in
the machine learning model, incorporating new samples
to validate models.

In summary, in this work we have established the
guidelines for future nAMD atrophy and fibrosis pre-
diction. Several ML approaches have been analysed, and
despite the complexity of the prediction task, multiple
already-known biological relationships have been found
along the process. Moreover, lessons learnt during the
development of this work may guide future ML-based
prediction tasks within the ophthalmological field and
help design the data collection process.
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