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Abstract

Purpose Neovascular age-related macular degeneration (nAMD) is a major global cause of blindness. Whilst anti-
vascular endothelial growth factor (anti-VEGF) treatment is effective, response varies considerably between indi-
viduals. Thus, patients face substantial uncertainty regarding their future ability to perform daily tasks. In this study,
we evaluate the performance of an automated machine learning (AutoML) model which predicts visual acuity (VA)
outcomes in patients receiving treatment for nAMD, in comparison to a manually coded model built using the same
dataset. Furthermore, we evaluate model performance across ethnic groups and analyse how the models reach their
predictions.

Methods Binary classification models were trained to predict whether patients’ VA would be ‘Above’ or ‘Below’ a score
of 70 one year after initiating treatment, measured using the Early Treatment Diabetic Retinopathy Study (ETDRS)
chart. The AutoML model was built using the Google Cloud Platform, whilst the bespoke model was trained using
an XGBoost framework. Models were compared and analysed using the What-if Tool (WIT), a novel model-agnostic
interpretability tool.

Results Our study included 1631 eyes from patients attending Moorfields Eye Hospital. The AutoML model (area under the
curve [AUC], 0.849) achieved a highly similar performance to the XGBoost model (AUC, 0.847). Using the WIT, we found
that the models over-predicted negative outcomes in Asian patients and performed worse in those with an ethnic category of
Other. Baseline VA, age and ethnicity were the most important determinants of model predictions. Partial dependence plot
analysis revealed a sigmoidal relationship between baseline VA and the probability of an outcome of ‘Above’.

Conclusion We have described and validated an AutoML-WIT pipeline which enables clinicians with minimal coding skills
to match the performance of a state-of-the-art algorithm and obtain explainable predictions.
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Key messages

e Automated machine learning (AutoML) models which require zero or minimal coding have shown promise in
recent healthcare studies, mostly involving image-classification tasks.

® In this study, we built an AutoML model using a structured OCT data set to predict visual acuity outcomes in
patients receiving treatment for neovascular age-related macular degeneration. The AutoML model performed
similarly to a manually coded model, with areas under the curve of 0.849 and 0.847 respectively.

® We demonstrated the interpretability of our models’ predictions using the What-If Tool (WIT), both at the level of

an individual patient and across the test dataset.

® The AutoML-WIT pipeline described here can be used by other clinical researchers to build high performing,

interpretable models with minimal coding.

Introduction

Age-related macular degeneration (AMD) affects an
estimated 200 million people worldwide and is the most
common cause of blindness in the developed world [1].
Up to 90% of cases involving blindness are attributed
to neovascular AMD (nAMD), where new growth of
structurally fragile blood vessels causes fluid to leak
and damage the macula [2]. This leads to rapid loss of
central vision that resulting in physical disability and
significant psychological stress, with many patients
fearing loss of independence [3]. Whilst anti-vascular
endothelial growth factor (anti-VEGF) injections are an
effective treatment [4, 5], response varies considerably
between patients, and real-world treatment outcomes
often do not match clinical trials [6]. Therefore, the
ability to accurately predict how an individual’s visual
acuity (VA) will change in response to treatment may be
highly desirable.

A significant amount of real-world structured data has
now been collected from patients receiving anti-VEGF treat-
ment for nAMD. This includes VA scores at each appoint-
ment and measurements taken from optical coherence
tomography (OCT) scans, a non-invasive imaging modality
routinely used to determine treatment indication and thera-
peutic response in AMD. In 2018, Rohm et al. used this data
to build a machine learning (ML) model that predicts VA
12 months into the future [7]. Notably, this relied on input
data collected after an initial loading of three anti-VEGF
injections, rather than at baseline (i.e., immediately prior to
initiation of treatment). Consequently, this model is unable
to alleviate the uncertainty and anxiety that patients face
when starting treatment [8]. More recently, a classification
algorithm which predicts VA outcomes after a year of treat-
ment achieved an area under the receiver operating charac-
teristic curve (AUROC) of 0.78 [9]. Whilst this study did use
baseline data, the focus was on assessing the predictive util-
ity of quantitative OCT biomarkers. As such, demographic
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information was omitted despite age being a known predictor
of VA outcomes [10].

Thus far, these attempts have adopted conventional
ML methods. This involves investing significant time
and skill into model architecture selection, data pre-
processing and hyperparameter tuning. In contrast, auto-
mated machine learning (AutoML) techniques seek to
accomplish these steps without user input. Recent studies
assessing the feasibility of AutoML in healthcare have
found promising results in comparison to bespoke models
[11-14]. This represents an opportunity to enable clini-
cians with no computational background to leverage the
power of ML.

In this retrospective cohort study, we aim to evaluate
whether an AutoML model, built using the Google Cloud
AutoML Tables platform, can predict VA outcomes
in patients with nAMD. Specifically, we use baseline
data to predict whether patients’ vision will be above
or below the legal driving standard after one year of
anti-VEGF treatment. Current research into AutoML has
focused on image classification tasks, with few studies
analysing how the technology performs relative to con-
ventional ML when using structured data. Therefore, we
evaluate the performance of our AutoML model against
a bespoke model, designed in the traditional manner by
computer scientists, that was trained and tuned using
the same dataset.

Whilst AutoML may help to democratise artificial intel-
ligence (Al), lack of interpretability into how models reach
their decisions still represents a barrier to extensive model
interrogation and buy-in [15]. Examples of algorithms
which harbour entrenched racial biases have also been
reported [16, 17]. Therefore, we further aim to evaluate
the performance of our models across ethnic groups and
analyse how they arrive at their decisions, both at the level
of the individual patient and more broadly. To this end, we
utilise the What-if Tool (WIT), a novel open-source Al
interpretability tool [18].
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Methods

The overall project workflow is described in Fig. 1. All
programming (see the ‘Code availability’ section) was car-
ried out using Python 3.7.9. We refer to this code in the
text as Script 1 and Script 2.

Study cohort

This study included data from patients receiving anti-
VEGF (aflibercept or ranibizumab) treatment for
nAMD at Moorfields Eye Hospital (MEH) between
June 2012 and June 2017. Patients at MEH receive a
standardised treatment consisting of an initial loading
phase of three injections, four weeks apart, followed
by a treat-and-extend (T&E) regimen. Although this
approach is taken in the vast majority of patients, there
is flexibility for individual clinicians to personalise
this treatment, for example by adopting a pro re nata
(PRN) approach.

Fig. 1 Summary of project
workflow

Dataset Preparation

Model building

What-if Tool setup

Analysis

Details of 169,703 appointments attended by 3392
patients were collated from MEH electronic health
records. Patients were excluded if they had missing VA
measurements at baseline or one year, no OCT scan at
baseline or if they had previously received treatment for
nAMD (Supplementary Fig. 1). After applying exclusion
criteria, our final study cohort comprised of 1631 eyes
from 1547 patients.

Dataset preparation

For each eye, we recorded baseline VA, OCT-derived
volume measurements and the patient’s age, gender and
ethnicity.

Baseline VA was measured using the method described
in the landmark Early Treatment Diabetic Retinopathy
Study (ETDRS) [19]. The maximum VA score using this
method is 100 (equivalent to a Snellen test score of 20/10),
the requirement for recreational driving in the UK is 70
(20/40) and a score of 35 (20/200) or below is classified
as legal blindness.

Original cohort (n = 6719 eyes)

5,088 eyes removed after
applying exclusion criteria

Study cohort (n = 1631)

Feature Selection to select columns for training

Data pre-processing

Bespoke Model Selection

AutoML Tables

See Supplementary Figure 2

Hyperparameter tuning

Export and host model locally

Run the What-if Tool within a Jupyter Notebook

Comparison using What-If Tool
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For each eye, volume measurements of retinal compart-
ments were extracted from baseline OCT scans by a deep
learning segmentation algorithm (Fig. 2), as previously
described [20].

Previous literature has identified the OCT-derived meas-
urements that are important in determining VA outcomes in
AMD patients [21-24]. Based on these studies, we selected
the following features from those provided by the segmenta-
tion model: intraretinal fluid (IRF), subretinal fluid (SRF),
subretinal hyperreflective material (SHRM), hyperreflec-
tive foci (HRF), retinal pigment epithelium (RPE) and pig-
ment epithelium detachment (PED). PED was calculated
by summing fibrovascular PED, drusenoid PED and serous
PED. Feature descriptions are available in Supplementary
Table 1.

To create the outcome labels for our binary classifica-
tion task, we utilised patients’ VA scores at 12 months and
assigned a label of ‘Above’ to patients with a VA >70, and
a label of ‘Below’ for the remaining patients with VA <70.
Whilst this threshold score of 70 corresponds to the legal
standard for driving, our aim was not to develop an algorithm
that predicts who will be capable of driving in 1 year (since
for recreational driving it is sufficient to meet the standard
using both eyes) but to use a threshold that intuitively relates
to a daily task and is consistent with previous literature [9,
25].

Following feature selection and labelling, we carried out
a random 85:15 stratified train-test split (Supplementary
Table 2). The test data was held back for evaluation using
the WIT, whilst the remaining data was used for model train-
ing and validation.

AutoML Tables is an automated machine learning tool
available on the Google Cloud Platform (GCP) which
accepts structured data as input and automatically trains
predictive models [26]. Whilst alternative platforms exist,
this study focuses on AutoML Tables due to its free trial
option, built-in interpretability features and higher reported
performance when benchmarked against other platforms in

Fig.2 Segmentation of retinal
compartments using deep learn-
ing algorithm. Exemplar OCT
scan and segmentation map

for a patient with neovascular
age-related macular degenera-
tion. The colour key shows the
features quantified by the seg-
mentation algorithm. Volumes
outputted were scaled from
voxels (2.60x 11.72x47.24 um
cuboids) to cubic millimetres
before their use as input features
in this study. PED = pigment
epithelium detachment

Background

Posterior hyaloid

Choroid and below
Neurosensory retina
Retinal pigment epithelium
Intraretinal fluid
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Kaggle competitions [27]. We have created a diagram sum-
marising our AutoML Tables workflow, as well as the steps
automated by the platform (Supplementary Fig. 2). Final
hyperparameter settings for our trained model are available
in Supplementary Table 3.

Bespoke model

We explored various potential algorithms including logis-
tic regression, K-nearest neighbours, EXtreme Gradient
Boosting (XGBoost) and Keras Deep Neural Networks.
Initial evaluation of these options on our training and vali-
dation data yielded XGBoost as the optimal algorithm for
our bespoke model.

XGBoost is considered a state-of-the-art algorithm for clas-
sification tasks using structured data [28] and is frequently
used in healthcare research for predictive modelling [29-31].
XGBoost works by building an ensemble of decision trees,
each of which has a set of criteria that it ‘judges’ the input data
by. For example, the first decision tree may include a criterion
of ‘Age>67". A score is then assigned based on whether the
data fits this criterion or not. Evidently, making a prediction
based on a single criterion is a crude method, and so in model
training, subsequent trees learn their own criteria which are
finetuned to correct the residual error of the prior ensemble
[32].

Following algorithm selection, we carried out a grid search
of 6318 different hyperparameter combinations using stratified
cross-validation with ten splits (Script 2). This yielded the final
hyperparameter settings used to train our model (Supplemen-
tary Table 4), ready to be evaluated on the un-seen test set.

Feature importance

The AutoML Tables platform returns feature importance
based on Shapley values, which it approximates using the
sampled Shapley method [33]. Shapley values are com-
monly utilised in cooperative game theory and are adopted

Subretinal fluid Padding artefact

Subretinal hyperreflective material - Blink artefact

Drusenoid PED Foldover artefact

Serous PED Vitreous or subhyaloid space
Fibrovascular PED

Epiretinal membrane
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Table 1 Input feature summary

o ‘ Total (n=1631)  Above (n=663) Below (n=968) p-value

statistics categorised by

OutFOéllfle label. For C%ﬂtinu?s Age (years) 80 (73-85) 78 (71-83) 81 (75-86) <0.01

variables, we report the median . .

(Q1-Q3): as using the Shapiro— Ethnicity Wl.ute 868 (53.2%) 388 (58.5%) 480 (49.6%) <0.01

Wilk test, all were found to Asian 170 (10.4%) 64 (9.7%) 106 (11.0%) 0.41

have non-normal distributions. Black 33 (2.0%) 18 (2.7%) 15 (1.5%) 0.11

Differences betwleendout?ome Other 380 (23.3%) 131 (19.8%) 249 (25.7%) 0.01

groups were analysed using

the Mann—Whitney U test Unknown 180 (11.0%) 62 (9.4%) 118 (12.2%) 0.08

for continuous variables Gender Female 988 (60.6%) 400 (60.3%) 588 (60.7%) 0.88

and Fisher’s exact test for Male 643 (39.4%) 263 (39.7%) 380 (39.3%) 0.88

ga(tiegoricall vaéiggte;-l tgllg(fo?l Baseline VA (ETDRS) 58 (46-68) 67 (60-70) 50 (38-60) <0.01

.d.p: yotal =0. . - 3 . o .

0.00236): Above =0.00061 OCT Features (mm?) RPE 0.81 (0.77-0.86)  0.83 (0.78-0.87) 0.80(0.76-0.85) <0.01

(0.00016-0.00211) and IRF 0.00 (0.00-0.08)  0.00 (0.00-0.03) 0.01 (0.00-0.13) <0.01

Below =0.00077 (0.00023— SRF 0.20 (0.03-0.57)  0.19 (0.03-0.60) 0.20 (0.03-0.55) 0.85

0.00256) HRF* 0.00 (0.00-0.00)  0.00 (0.00-0.00)  0.00 (0.00-0.00) ~ 0.01
SHRM 0.13(0.02-0.41) 0.07 (0.01-0.25) 0.19 (0.04-0.55) <0.01
PED 0.37 (0.13-0.90) 0.28 (0.10-0.71)  0.44 (0.17-1.04) <0.01

in ML to characterise the average marginal contribution of
each feature to the model’s overall prediction. This provides
a robust route to evaluating which features are most impor-
tant for the model’s decisions in a manner consistent with
human intuition [34]. We also calculated feature importance
for our XGBoost model (Script 3). This was implemented
using the TreeExplainer method from the SHapley Additive
exPlanations (SHAP) Python package [35]. Feature impor-
tance values were normalised to sum to 1 for each model.

What-if Tool

The WIT is an open-source, model-agnostic Al interpretabil-
ity tool available to use as a Jupyter notebook extension [18].
It enables performance metrics to be analysed across different
patient subgroups, giving insight into model fairness and bias.
Furthermore, it allows the user to view how model predictions
change when input features are hypothetically varied. This may
be at the level of an individual patient or across the entire test set.
To the best of our knowledge, we are the first to analyse an
AutoML model using the WIT (Script 4). Whilst the graphi-
cal user interface is intuitive to use, the initial set-up process
requires some Python programming and use of the command-
line interface. We have created a video (see Supplementary
Information) to outline the process and enable those from
a non-computational background to reproduce this method.

Results
Study cohort

Our cohort (summarised in Table 1) consisted of 1631 eyes
from 1547 patients. The median age was 80 (IQR 73-85)

with a baseline VA of 58 (IQR 46-68). Females accounted
for 60% of the cohort. Ethnicities were 53% White, 11%
Asian, 2% Black, 23% Other and 11% Unknown. These fig-
ures are in line with the epidemiology of AMD [36]. Eyes
with an outcome label of ‘Above’ were on average younger
(78 vs. 81 years, p <0.01) with a higher baseline VA (67 vs.
50, p <0.01) and lower volumes of IRF, SHRM and PED at
baseline (all with p <0.01).

Overall model performance

The test set AUROC was 0.849 for the AutoML Tables
model and 0.847 for the XGBoost model (Fig. 3a). Using
DeLong’s test (Script 5), these AUROC were not found to be
significantly different (p=0.71). We also report the confu-
sion matrices for both models (Fig. 3b) and further perfor-
mance metrics (Table 2), highlighting the similarity between
the two models.

Analysing model performance by ethnic group

Using the WIT, we found that the AutoML model had a sen-
sitivity of just 56.3% in Asian patients and was over-predict-
ing negative outcomes. This issue manifested at the default
classification threshold of 0.5, meaning that the model must
reach a predicted probability of at least 50% to classify an
eye as ‘Above’. Using the WIT to reduce the classification
threshold to 0.4 helped rectify the model’s conservative pre-
dictions in Asians, reducing the false negative rate from 22.6
t0 9.7%. This was associated with a reciprocal increase in the
false positive rate from 6.5 to 12.9%. Threshold adjustment
was a justified solution here, as the AUROC for Asians was
consistent with overall model performance (Supplementary
Table 5).

@ Springer
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1.0
0.8
0.6
Sensitivity
0.4
0.2
B AutoML (AUC = 0.849)
XGBoost (AUC = 0.847)
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Fig.3 Receiver operating characteristic (ROC) curves and confu-
sion matrices for AutoML and XGBoost models. a ROC curves for
both models on test data, showing discriminative performance at pre-
dicting whether patients with nAMD would have a VA ‘Above’ or

AutoML performance dropped considerably in
patients with an ethnicity of Other, with an AUROC of
0.79 and an F1 score of 0.52 (Supplementary Table 5).
Similar results were obtained using the XGBoost model,
suggesting that a reductionist label like Other is detri-
mental for the models. Full performance breakdowns by
ethnicity are available for both models in Supplementary
Tables 5 and 6.

Analysing how our models reach their decisions

Analysing the Google Cloud Logs indicated that our
AutoML Tables model was of an ensemble of 10 neural net-
works and 15 gradient-boosted decision trees. This complex-
ity comes at the cost of interpretability, evident in the lack of
information yielded by even our simplified illustration of one
of the neural networks (Fig. 4a). In contrast, an advantage of
XGBoost is our ability to determine how it makes its deci-
sions by visualising a tree (Fig. 4b). However, this becomes
intractable with increasingly large tree numbers.

To gain intuition for how our models reach their decisions,
we analysed feature importance for both models (Fig. 5a).
This highlighted baseline VA as the most important fac-
tor in determining visual outcomes, with a relative feature
importance (RFI) of 0.498 and 0.556 in our AutoML and

True labels

AutoML predicted labels XGBoost predicted labels

Above Below Above Below Total
69 31 67 33 "
Above (282%) (12.7%) (27.3%) (13.5%) 100 (40.8%)
Below 26 22 123 145 (59.2%)
(10.6%) (9.0%) (50.2%)
Total 95(38.8%) 150 (61.2%) 89(36.3%) 150 (63.7%)

‘Below’ 70 after one year of treatment. Grey line represents a random
classifier. b Confusion matrices for AutoML and XGBoost models.
Predicted labels were assigned using the default classification thresh-
old of 0.5

XGBoost models, respectively. This was followed by age
(RF10.112/0.117) and ethnicity (RFI 0.103/0.077). Regard-
ing the OCT volume measurements, AutoML Tables gave
most weight to the level of PED (RFI 0.076/0.058), whilst
the XGBoost model prioritised IRF levels (RFI 0.054/0.069).

As feature importance does not provide specific insight
into how these features affect model predictions, we used the
WIT to construct partial dependence plots (PDPs). These
depict how the model’s average prediction for the test set
changes as one input feature is varied and others are fixed.
Crucially, this is a model agnostic technique that can be uti-
lised to query any AutoML Tables model regardless of its
architecture, as well as our XGBoost model. PDP analysis
revealed a sigmoidal relationship between baseline VA and
the probability of being predicted an outcome of ‘Above’
(Fig. 5b), with any increase in baseline VA between 55 and
65 being most significant. This is in line with data that sug-
gests an average improvement in VA score of 7.2—-11.3 dur-
ing the first year of anti-VEGF treatment [37].

The PDP for age demonstrated that the XGBoost model’s
predictions were not receptive to changes in age below 66
or between 70 and 81 years old (Fig. 5c). In contrast, any
increase in age from 66 to 70 significantly decreased the
probability of being classified as ‘Above’. The AutoML
model shows a more consistent negative trend, likely due

Table2 Summary performance metrics for the AutoML Tables and XGBoost models. Metrics were calculated at the default classification
threshold of 0.5. PPV positive predictive value. NPV negative predictive value

AUROC Sensitivity Specificity PPV NPV Accuracy F1 score
AutoML 0.849 69.0% 82.1% 72.6% 79.3% 76.7% 0.71
XGBoost 0.847 67.0% 84.8% 75.3% 78.8% 77.6% 0.71

@ Springer
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d

Input layer

2 hidden layers W)
1 2 @ - ‘:r 128 /

Fig.4 AutoML Tables and XGBoost model architectures. a Simpli-
fied diagram of one of the neural networks from the AutoML Tables
ensemble model, consisting of one input layer, two hidden layers
each with 128 nodes, a dropout of 0.25 and dense skip connections
(curved arrows). Lines represent flow of information through the net-
work from top to bottom. b Diagram of decision tree number 20 from

Output layer

to the averaging effect achieved by the diverse ensemble.
Notably, in both models, the probability of being predicted
a positive outcome falls sharply beyond the age of 81.

The PDPs for the two most important OCT-derived meas-
urements were highly concordant (Figs. 5d, 5e). For both
IRF and PED, an initial increase from 0.0mm? was associ-
ated with the models more likely to predict an outcome label
of ‘Below’. However, beyond a certain point (0.15mm3 for
IRF; 0.50mm? for PED), further pathology did not affect the
model’s predictions. PDPs for the remaining features are
available in Supplementary Fig. 3.

Case studies

To further elucidate the decision boundaries of our AutoML
Tables model, we present case studies demonstrating where
the model has classified a patient correctly or incorrectly.
Patient A is a 76-year-old White female (Fig. 6a). The
patient had a baseline VA of 55—well below the thresh-
old—but is correctly predicted to be above the threshold by
12 months (Fig. 6b). To understand why the model predicted
a positive outcome, we utilised the local feature importance
tool available on the AutoML Tables platform. This shows
how each input feature contributed to the model’s inference
score (estimated probability that an eye will be ‘Above’) of
0.524 for this patient. These contributions are determined
relative to the model’s baseline inference score of 0.48, cal-
culated using mean values for continuous input features and
mode for categorical features. This demonstrated that the

Baseline VA< 45.4

Y No

RPE < 0.871 British < 0.5

No

N
(e
VA
/0

leaf = -0.0824

leaf = 0.0096

leaf =-0.0163

leaf = 0.0301

'

the XGBoost model. Leaf values displayed are summed across all 50
trees and transformed using a logistic function to give the model’s
estimated probability of an eye belonging to the ‘Above’ class. Full
hyperparameter information for both models is available in Supple-
mentary Tables 3 and 4

presence of 1.03mm? of SRF was the major decision-deter-
mining factor for this patient, boosting the model’s infer-
ence score by 0.044 relative to the baseline (Fig. 6¢). This
is consistent with previous literature which suggests that the
presence of SRF is associated with good visual outcomes
[38]. We explored this further using an Individual Condi-
tional Expectation (ICE) plot. These are similar to PDPs but
for a specific patient, depicting how the model’s prediction
changes when one input feature is varied whilst others are
fixed at their true values. This revealed a decision boundary
at 0.4mm> SRF (Fig. 6d).

We also present patient B, an 81-year-old Asian male
(Fig. 7a). Local feature importance highlights the patient’s
ethnicity as the critical factor in the model wrongly predict-
ing an outcome of ‘Below’ (Fig. 7c¢). Using the WIT, we
hypothetically changed his ethnicity to British and found the
model now predicted an outcome of ‘Above’. Moreover, this
patient’s ICE plot for baseline VA demonstrates that a very
small change in this value would have flipped the model’s
prediction (Fig. 7d). This is important considering the small
element of human error associated with the measurement
of VA [39].

Discussion
In this study, we have evaluated an AutoML Tables model

for the binary classification task of predicting whether
patients with nAMD will have a visual acuity above or below

@ Springer
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Fig.5 Feature importance and partial dependence plots (PDPs). a
Relative feature importance, showing the average marginal contribu-
tion of each feature to each model’s predictions. These values were
normalised to sum to 1.0 (see the ‘Methods’ section). PDPs: These
show how the inference score (model’s predicted probability that an
eye belongs to the ‘Above’ class) changes when a specified input fea-

a threshold VA score of 70, one year after initiating anti-
VEGEF treatment.

We have demonstrated that an AutoML Tables model
can achieve similar results to a manually designed bespoke
algorithm without necessitating coding expertise. Our model
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Pigment epithelium detachment volume (mm?)

ture is varied, and all other features are held at their true value. This
is averaged for all datapoints in the test set to give the average infer-
ence score. The horizontal black line represents the default classifica-
tion threshold of 0.5. b PDP for baseline VA. ¢ PDP for age. d PDP
for intraretinal fluid volume. e PDP for pigment epithelium detach-
ment volume

also significantly improves upon a previously reported model
predicting similar outcome measures with an AUROC of
0.78 [9]. Our work represents a framework whereby clini-
cal researchers with limited coding skills may utilise ML
techniques to test their own hypotheses.
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a

Patient A

Baseline VA 55 IRF 0.00
Age 76 SHRM 0.61
Ethnicity  White British SRF 1.03
Gender Female RPE 0.82
PED 0.06 HRF 0.01

HRF
Gender

RPE

SRF
SHRM ——

-
——
IRF
PED ——
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Effect on inference score (relative to baseline)

Baf]‘;""" Age Ethnicity PED  IRF SHRM SRF  RPE Gender HRF

-0.025 0.014 0 0.013 0 -0.018 0.044 0.014 0 0.003

Fig.6 Patient A: true positive case study. a Input feature values for
patient A. b VA changes throughout the first year of treatment, as
measured at each follow-up appointment. NB: Only baseline infor-
mation used to train model. ¢ Local feature importance showing how
each feature affected the AutoML model’s inference score relative to
the baseline score of 0.48. d Individual conditional expectation (ICE)

Patients newly diagnosed with nAMD are typically con-
fronted with a high degree of uncertainty regarding their
prognosis [8]. Our model helps address this problem, dem-
onstrating the potential for instant and personalised vision
predictions at initiation of treatment. A prediction of ‘Above’
could promote treatment adherence and provide reassurance
to patients regarding their eyesight, which is known to be
positively associated with quality of life [40]. Our model’s
high specificity is also desirable for patients with worse pre-
dicted visual outcomes, as early mental and occupational
health support is beneficial to those patients [41].

Thus far, the implementation of ML in healthcare set-
tings remains uncommon [42]. Barriers to clinical imple-
mentation include the lack of insight into how models reach
their decisions and concerns regarding hidden stratification
as a source of bias [43]. This motivated us to establish an
AutoML-WIT pipeline (video available in Supplementary
Information) that facilitates model interpretability.

Using the WIT, we found that predictions were pessi-
mistic for Asian patients and that models performed worse
in the Other ethnic group. More than 96% of participants
in the major MARINA and ANCHOR anti-VEGF clinical

o
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Visual acuity

0 50 100 150 200 250 300 350 400

Days Since Baseline

Q

0.6
o
8
17} e
8 /
g 05
) b
£

0.4

0.0 0.5 1.0 15
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plot showing how the model’s inference score changes as SRF vol-
ume is hypothetically varied and other features are kept as shown in
Fig. 6a. The indicated point represents patient A’s actual SRF volume
at baseline, whilst the horizontal black line represents the default
classification threshold of 0.5

trials were of White background [44]. Thus, clinical imple-
mentation of this model without first addressing these issues
risks further reinforcing the disparities of non-White patients
with regard to anti-VEGF treatment. Threshold adjustment
using the WIT was able to rectify the high false negative rate
in Asian patients. In contrast, the poor performance in the
Other ethnic category represents a constraint by the available
retrospective ethnicity data, which follows the UK Census
system [45].

As expected, baseline VA was the most important
input feature for our models. This was followed by age
and ethnicity, a possible indication as to why our model
exceeded the performance of a previously reported
model that did not include demographic data [9]. The
importance of ethnicity to our models merits further
enquiry, as recently a systematic review of 30 studies
looking into factors that affect VA outcomes in nAMD
found that none had studied the effect of ethnicity [10].
The OCT-derived measurements played a small but
significant role in model predictions, with a notable
exception in the case of HRF, which was of negligible
importance.

@ Springer
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Fig.7 Patient B: false negative case study. a Input feature values for patient B. b VA changes throughout first year of treatment. ¢ Local feature
importance. d ICE plot for baseline VA. The indicated point represents patient B’s actual baseline VA

Through local feature importance and ICE plots, we fur-
ther show that our AutoML-WIT pipeline is able to provide
comprehensive insight into why individual patients were
predicted to be above or below the VA threshold. Our false
negative case study raises the question of how this informa-
tion would be handled in clinical practice. Given the detri-
mental effect that patient B’s ethnicity had on the model’s
prediction, how will doctors determine when to overrule
model predictions that seem irrational?

Limitations

Our study has several limitations. We excluded patients that
lacked a follow-up appointment at one year. This may intro-
duce a selection bias, as it likely has a disproportionate effect
on patients with poor visual outcomes who find it more dif-
ficult to attend appointments. Our sample size of 1631 is
relatively small for training an ML task, and better perfor-
mance is likely to be dependent on securing larger, national
datasets. A small sample size limits the scope to analyse
performance by ethnic group; for example, there were only
15 eyes belonging to Black patients present in our test set.

@ Springer

This also increases the likelihood of imbalances, such as the
higher proportion of Asian patients with good VA outcomes
in our test set compared to the training set. Moreover, results
from a model trained on MEH patients—though clinically
representative of the nAMD demographic—may not gener-
alise well to other care settings which adopt different treat-
ment protocols.

As we utilised real-world data, variation in treatment pro-
tocols was observed amongst MEH patients. One strategy
to mitigate this may be adjusting for additional confound-
ing variables, such as injection frequency. However, our
primary focus was a comparative analysis of AutoML and
how the WIT facilitates the investigation of algorithmic bias,
rather than to build the most robust and generalisable model
possible.

Finally, it is important to clarify that, whilst our AutoML
model was able to achieve an AUC of 0.849, such models are
not yet ready to incorporate into clinical practice. The sen-
sitivity of our model was 0.69, suggesting a notable risk of
false negative predictions. Nevertheless, the future potential
for AutoML adoption in clinical practice is optimistic, con-
sidering the rapid rate at which these platforms are improv-
ing and the increasing availability of larger datasets.
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Conclusion

In summary, our work builds upon the growing body of
literature regarding AutoML in healthcare. The major-
ity of this research has focused on image data. Here, we
demonstrate an interpretable AutoML Tables model which
can predict VA outcomes in patients with nAMD using a
structured dataset. This type of data exists in abundance in
electronic health records. Thus, there is significant oppor-
tunity for future work to utilise our AutoML-WIT pipeline
to develop high performing, interpretable ML models with
minimal coding.
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tary material available at https://doi.org/10.1007/s00417-021-05544-y.

Acknowledgements We would like to thank Google’s James Wexler
and Ludovic Peran for their assistance regarding how to set up the
What-if Tool to analyse an AutoML Tables model.

Author contribution Abbas, Keane, Beqiri and Korot contributed to the
study conception and design. Data collection and preparation was car-
ried out by Moraes and Abbas. Analysis was contributed to by Wagner,
Fu, Keane, Struyven, O’Byrne and Abbas.

The first draft of the manuscript was written by Abbas and all
authors commented on previous versions of the manuscript. All authors
read and approved the final manuscript.

Funding The AutoML Tables model was built on the Google Cloud
Platform using free credits provided to the Moorfields Research Team
by Google.

Availability of data and material The data used in this study is based
on the same patient cohort as Fu et al. [9]. De-identified data from that
study has been made publicly available on the Dryad Digital Reposi-
tory: https://doi.org/10.5061/dryad.573n5tb5d.

Code availability Code from this study is available at https://github.
com/abdallahabbas20/nAMD_AutoML_Study_Code.

Declarations

Ethics approval and consent to participate Health Research Author-
ity (HRA) and Health and Care Research Wales (HCRW) Approval
has been given for this study. All research adhered to the tenets of the
Declaration of Helsinki.

The requirement for informed consent was waived by the Moorfields
Eye Hospital review and ethics committee because this is the stand-
ard for use of retrospective, de-identified data for research within the
United Kingdom National Health Service.

Competing interests The authors declare no competing interests.

Disclaimer Dr Keane has acted as a consultant for DeepMind, Roche,
Novartis, Apellis, and BitFount and is an equity owner in Big Picture
Medical. He has received speaker fees from Heidelberg Engineering,
Topcon, Allergan, and Bayer. Dr Keane is supported by a Moorfields
Eye Charity Career Development Award (R190028A) and a UK
Research & Innovation Future Leaders Fellowship (MR/T019050/1).
Dr Fu is supported by Moorfields Eye Hospital and has acted as a

consultant for Abbvie, Allergan, DeepMind. Dr. Korot has acted as a
consultant for Genentech, Alimera, and Google Health, and is an equity
owner in Reti Health. He was previously supported by the Moorfields
Eye Charity Springboard Grant R190016A. All other authors have no
disclosures.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Wong WL, Su X, Li X et al (2014) Global prevalence of age-
related macular degeneration and disease burden projection for
2020 and 2040: a systematic review and meta-analysis. Lancet
Glob Heal 2(2):e106—e116. https://doi.org/10.1016/S2214-
109X(13)70145-1

2. Ferris FL, Fine SL, Hyman L (1984) Age-related macular degen-
eration and blindness due to neovascular maculopathy. Arch
Ophthalmol 102(11):1640-1642. https://doi.org/10.1001/archo
pht.1984.01040031330019

3. Senra H, Ali Z, Balaskas K, Aslam T (2016) Psychological impact
of anti-VEGF treatments for wet macular degeneration—a review.
Graefe’s Arch Clin Exp Ophthalmol 254:1873-1880. https://doi.
org/10.1007/s00417-016-3384-0

4. Regillo CD, Brown DM, Abraham P et al (2008) Randomized,
double-masked, sham-controlled trial of ranibizumab for neovas-
cular age-related macular degeneration: PIER study year 1. AmJ
Ophthalmol 145(2):239-248. https://doi.org/10.1016/j.ajo.2007.
10.004

5. Martin DF, Maguire MG, Ying GS et al (2011) Ranibizumab and
bevacizumab for neovascular age-related macular degeneration. N
Engl J Med 364:1897-1908. https://doi.org/10.1056/nejmoal 102
673

6. Holz FG, Tadayoni R, Beatty S et al (2015) Multi-country real-life
experience of anti-vascular endothelial growth factor therapy for
wet age-related macular degeneration. Br J Ophthalmol 99:220-
226. https://doi.org/10.1136/bjophthalmol-2014-305327

7. Rohm M, Tresp V, Miiller M et al (2018) Predicting visual acuity
by using machine learning in patients treated for neovascular age-
related macular degeneration. Ophthalmology 125:1028-1036.
https://doi.org/10.1016/j.ophtha.2017.12.034

8. McCloud C, Lake S (2015) Understanding the patient’s lived
experience of neovascular age-related macular degeneration: a
qualitative study. Eye 29:1561-1569. https://doi.org/10.1038/eye.
2015.167

9. FuDJ, Faes L, Wagner SK et al (2021) Predicting incremental and
future visual change in neovascular age-related macular degen-
eration using deep learning. Ophthalmol Retin 5(11):1074-1084.
https://doi.org/10.1016/j.oret.2021.01.009

10. Gill CR, Hewitt CE, Lightfoot T, Gale RP (2020) Demographic
and clinical factors that influence the visual response to anti-
vascular endothelial growth factor therapy in patients with

@ Springer


https://doi.org/10.1007/s00417-021-05544-y
https://doi.org/10.5061/dryad.573n5tb5d
https://github.com/abdallahabbas20/nAMD_AutoML_Study_Code
https://github.com/abdallahabbas20/nAMD_AutoML_Study_Code
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/S2214-109X(13)70145-1
https://doi.org/10.1016/S2214-109X(13)70145-1
https://doi.org/10.1001/archopht.1984.01040031330019
https://doi.org/10.1001/archopht.1984.01040031330019
https://doi.org/10.1007/s00417-016-3384-0
https://doi.org/10.1007/s00417-016-3384-0
https://doi.org/10.1016/j.ajo.2007.10.004
https://doi.org/10.1016/j.ajo.2007.10.004
https://doi.org/10.1056/nejmoa1102673
https://doi.org/10.1056/nejmoa1102673
https://doi.org/10.1136/bjophthalmol-2014-305327
https://doi.org/10.1016/j.ophtha.2017.12.034
https://doi.org/10.1038/eye.2015.167
https://doi.org/10.1038/eye.2015.167
https://doi.org/10.1016/j.oret.2021.01.009

Graefe's Archive for Clinical and Experimental Ophthalmology

11.

12.

13.

14.

15.

17.

18.

19.

20.

21.

22.

23.

24.

25.

neovascular age-related macular degeneration: a systematic
review. Ophthalmol Ther 9:725-737. https://doi.org/10.1007/
540123-020-00288-0

Antaki F, Kahwati G, Sebag J et al (2020) Predictive modeling of
proliferative vitreoretinopathy using automated machine learning
by ophthalmologists without coding experience. Sci Rep 10:1-10.
https://doi.org/10.1038/s41598-020-76665-3

Faes L, Wagner SK, Fu DJ et al (2019) Automated deep learn-
ing design for medical image classification by health-care pro-
fessionals with no coding experience: a feasibility study. Lancet
Digit Heal 1:232-242. https://doi.org/10.1016/S2589-7500(19)
30108-6

Korot E, Pontikos N, Liu X et al (2021) Predicting sex from retinal
fundus photographs using automated deep learning. Sci Reports
11:1-8. https://doi.org/10.1038/s41598-021-89743-x

Korot E, Guan Z, Ferraz D et al (2021) Code-free deep learning
for multi-modality medical image classification. Nat Mach Intell
3:288-298. https://doi.org/10.1038/542256-021-00305-2

Vellido A (2020) The importance of interpretability and visualiza-
tion in machine learning for applications in medicine and health
care. Neural Comput Appl 32:18069-18083. https://doi.org/10.
1007/300521-019-04051-w

. Obermeyer Z, Powers B, Vogeli C, Mullainathan S (2019) Dis-

secting racial bias in an algorithm used to manage the health of
populations. Science 366:447-453. https://doi.org/10.1126/scien
ce.aax2342

Kaushal A, Altman R, Langlotz C (2020) Health care Al systems
are biased - Scientific American. https://www.scientificamerican.
com/article/health-care-ai-systems-are-biased/. Accessed 16 Apr
2021

Wexler J, Pushkarna M, Bolukbasi T, Wattenberg M, Viegas F,
Wilson J (2020) The what-if tool: Interactive probing of machine
learning models. IEEE Trans Vis Comput Graph 26:56-65.
https://doi.org/10.1109/TVCG.2019.2934619

Early Treatment Diabetic Retinopathy Study Research Group
(1991) Early treatment diabetic retinopathy study design and
baseline patient characteristics: ETDRS report number 7. Oph-
thalmology 98:741-756. https://doi.org/10.1016/S0161-6420(13)
38009-9

Moraes G, Jack FuD, Wilson M et al (2020) Quantitative analysis
of OCT for neovascular age-related macular degeneration using
deep learning. Ophthalmology 128(5):693-705. https://doi.org/
10.1016/j.0phtha.2020.09.025

Keane PA, Sadda SR (2011) Predicting visual outcomes for macu-
lar disease using optical coherence tomography. Saudi J Ophthal-
mol 25:145-158. https://doi.org/10.1016/j.sjopt.2011.01.003
Waldstein SM, Philip AM, Leitner R et al (2016) Correlation of
3-dimensionally quantified intraretinal and subretinal fluid with
visual acuity in neovascular age-related macular degeneration.
JAMA Ophthalmol 134:182-190. https://doi.org/10.1001/jamao
phthalmol.2015.4948

Lai TT, Hsieh YT, Yang CM, Ho TC, Yang CH (2019) Biomark-
ers of optical coherence tomography in evaluating the treat-
ment outcomes of neovascular age-related macular degenera-
tion: a real-world study. Sci Rep 9:529. https://doi.org/10.1038/
$41598-018-36704-6

Schmidt-Erfurth U, Waldstein SM (2016) A paradigm shift in
imaging biomarkers in neovascular age-related macular degenera-
tion. Prog Retin Eye Res 50:1-24. https://doi.org/10.1016/j.prete
yeres.2015.07.007

Lovestam Adrian M, Vassilev ZP, Westborg 1 (2019) Baseline
visual acuity as a prognostic factor for visual outcomes in patients
treated with aflibercept for wet age-related macular degeneration:

@ Springer

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

data from the INSIGHT study using the Swedish Macula Register.
Acta Ophthalmol 97:91-98. https://doi.org/10.1111/a0s.13864
Google Cloud AutoML Team (2021) AutoML Tables documen-
tation https://cloud.google.com/automl-tables. Accessed 6 Apr
2021.

Google Cloud Tech YouTube Channel (2019) Tackling high-
value business problems using AutoML on structured data (Cloud
Next *19) https://www.youtube.com/watch?v=MqO_L9nIOWM.
Accessed 6 Apr 2021.

Chang W, Liu Y, Xiao Y et al (2019) A machine-learning-based
prediction method for hypertension outcomes based on medical
data. Diagnostics 9(4):178. https://doi.org/10.3390/diagnostic
$9040178

Wang L, Wang X, Chen A, Jin X, Che H (2020) Prediction of type
2 diabetes risk and its effect evaluation based on the XGBoost
model. Healthcare 8:247. https://doi.org/10.3390/healthcare80302
47

Hu CA, Chen CM, Fang YC et al (2020) Using a machine learning
approach to predict mortality in critically ill influenza patients:
a cross-sectional retrospective multicentre study in Taiwan. BMJ
Open 10:¢033898. https://doi.org/10.1136/bmjopen-2019-033898
Vaid A, Somani S, Russak AJ et al (2020) Machine learning to
predict mortality and critical events in a cohort of patients with
COVID-19 in New York City: model development and validation.
J Med Internet Res 22(11):e24018. https://doi.org/10.2196/24018
Cho PH, Chen T, Kalia R, etal., (2018) Introduction to boosted
trees — xgboost 1.4.0-SNAPSHOT documentation (updated
2021) https://xgboost.readthedocs.io/en/latest/tutorials/model.
html. Accessed 16 Apr 2021.

Maleki S, Tran-Thanh L, Hines G, Rahwan T, Rogers A (2013)
Bounding the estimation error of sampling-based Shapley value
approximation. ArXiv:1306.4265v2.

Molnar C (2021) Shapley values - interpretable machine learning.
https://christophm.github.io/interpretable-ml-book/shapley.html.
Accessed 14 Apr 2021.

Lundberg SM, Erion GG, Lee S-I (2018) Consistent individual-
ized feature attribution for tree ensembles. ArXiv:1802.03888v3.
Vanderbeek BL, Zacks DN, Talwar N, Nan B, Musch DC, Stein
JD (2011) Racial differences in age-related macular degeneration
rates in the United States: a longitudinal analysis of a managed
care network. Am J Ophthalmol 152(2):273-282.e3. https://doi.
org/10.1016/j.aj0.2011.02.004

Spitzer M (2008) Treatment of age-related macular degeneration:
focus on ranibizumab. Clin Ophthalmol 2:1. https://doi.org/10.
2147/opth.s1959

Shuang YG, Maguire MG, Pan W et al (2018) Baseline predictors
for five-year visual acuity outcomes in the comparison of AMD
treatment trials. Ophthalmol Retin 2:525-530. https://doi.org/10.
1016/j.oret.2017.10.003

Shiamir RR, Friedman Y, Joskovvicz L., Mimouni M, Blum-
nenthal EZ (2016) Comparison of snellen and early treatment
diabetic retinopathy study charts using a computer simulation. Int
J Ophthalmol 9:119-23. https://doi.org/10.18240/ij0.2016.01.20
Finger RP, Wiedemann P, Blumhagen F, Pohl K, Holz FG (2013)
Treatment patterns, visual acuity and quality-of-life outcomes of
the WAVE study - a noninterventional study of ranibizumab treat-
ment for neovascular age-related macular degeneration in Ger-
many. Acta Ophthalmol 91:540-546. https://doi.org/10.1111/j.
1755-3768.2012.02493.x

Rovner BW, Casten RJ, Hegel MT et al (2014) Low vision depres-
sion prevention trial in age-related macular degeneration: a rand-
omized clinical trial. Ophthalmology 121:2204-2211. https://doi.
org/10.1016/j.0phtha.2014.05.002


https://doi.org/10.1007/s40123-020-00288-0
https://doi.org/10.1007/s40123-020-00288-0
https://doi.org/10.1038/s41598-020-76665-3
https://doi.org/10.1016/S2589-7500(19)30108-6
https://doi.org/10.1016/S2589-7500(19)30108-6
https://doi.org/10.1038/s41598-021-89743-x
https://doi.org/10.1038/s42256-021-00305-2
https://doi.org/10.1007/s00521-019-04051-w
https://doi.org/10.1007/s00521-019-04051-w
https://doi.org/10.1126/science.aax2342
https://doi.org/10.1126/science.aax2342
https://www.scientificamerican.com/article/health-care-ai-systems-are-biased/
https://www.scientificamerican.com/article/health-care-ai-systems-are-biased/
https://doi.org/10.1109/TVCG.2019.2934619
https://doi.org/10.1016/S0161-6420(13)38009-9
https://doi.org/10.1016/S0161-6420(13)38009-9
https://doi.org/10.1016/j.ophtha.2020.09.025
https://doi.org/10.1016/j.ophtha.2020.09.025
https://doi.org/10.1016/j.sjopt.2011.01.003
https://doi.org/10.1001/jamaophthalmol.2015.4948
https://doi.org/10.1001/jamaophthalmol.2015.4948
https://doi.org/10.1038/s41598-018-36704-6
https://doi.org/10.1038/s41598-018-36704-6
https://doi.org/10.1016/j.preteyeres.2015.07.007
https://doi.org/10.1016/j.preteyeres.2015.07.007
https://doi.org/10.1111/aos.13864
https://cloud.google.com/automl-tables
https://www.youtube.com/watch?v=MqO_L9nIOWM
https://doi.org/10.3390/diagnostics9040178
https://doi.org/10.3390/diagnostics9040178
https://doi.org/10.3390/healthcare8030247
https://doi.org/10.3390/healthcare8030247
https://doi.org/10.1136/bmjopen-2019-033898
https://doi.org/10.2196/24018
https://xgboost.readthedocs.io/en/latest/tutorials/model.html
https://xgboost.readthedocs.io/en/latest/tutorials/model.html
https://christophm.github.io/interpretable-ml-book/shapley.html
https://doi.org/10.1016/j.ajo.2011.02.004
https://doi.org/10.1016/j.ajo.2011.02.004
https://doi.org/10.2147/opth.s1959
https://doi.org/10.2147/opth.s1959
https://doi.org/10.1016/j.oret.2017.10.003
https://doi.org/10.1016/j.oret.2017.10.003
https://doi.org/10.18240/ijo.2016.01.20
https://doi.org/10.1111/j.1755-3768.2012.02493.x
https://doi.org/10.1111/j.1755-3768.2012.02493.x
https://doi.org/10.1016/j.ophtha.2014.05.002
https://doi.org/10.1016/j.ophtha.2014.05.002

Graefe's Archive for Clinical and Experimental Ophthalmology

42.

43.

44.

Waring J, Lindvall C, Umeton R (2020) Automated machine
learning: review of the state-of-the-art and opportunities for
healthcare. Artif Intell Med 104:101822. https://doi.org/10.1016/].
artmed.2020.101822

Oakden-Rayner L, Dunnmon J, Carneiro G, Re C (2020) Hid-
den stratification causes clinically meaningful failures in machine
learning for medical imaging. Proc ACM Conf Heal Inference
Learn 2020:151-159. https://doi.org/10.1145/3368555.3384468
Brown DM, Michels M, Kaiser PK, Heier JS, Sy JP, Ianchulev T
(2006) Ranibizumab versus verteporfin photodynamic therapy for

45.

neovascular age-related macular degeneration: two-year results of
the ANCHOR study. Ophthalmology 116:57-65.e5. https://doi.
org/10.1016/j.0phtha.2008.10.018

UK Government (2021) List of ethnic groups - GOV.UK. https://
www.ethnicity-facts-figures.service.gov.uk/style-guide/ethnic-
groups. Accessed 16 Apr 2021.

Publisher’s note Springer Nature remains neutral with regard to

jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1016/j.artmed.2020.101822
https://doi.org/10.1016/j.artmed.2020.101822
https://doi.org/10.1145/3368555.3384468
https://doi.org/10.1016/j.ophtha.2008.10.018
https://doi.org/10.1016/j.ophtha.2008.10.018
https://www.ethnicity-facts-figures.service.gov.uk/style-guide/ethnic-groups
https://www.ethnicity-facts-figures.service.gov.uk/style-guide/ethnic-groups
https://www.ethnicity-facts-figures.service.gov.uk/style-guide/ethnic-groups

	Evaluating an automated machine learning model that predicts visual acuity outcomes in patients with neovascular age-related macular degeneration
	Abstract
	Purpose 
	Methods 
	Results 
	Conclusion 

	Introduction
	Methods
	Study cohort
	Dataset preparation
	Bespoke model
	Feature importance
	What-if Tool

	Results
	Study cohort
	Overall model performance
	Analysing model performance by ethnic group
	Analysing how our models reach their decisions
	Case studies

	Discussion
	Limitations
	Conclusion
	Acknowledgements 
	References


