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A B S T R A C T   

Purpose: The effectiveness of intravitreal anti-vascular endothelial growth factor agents is usually lower in real 
world settings compared with randomized clinical trials (RCTs), often limiting the use of real-world evidence 
(RWE) in regulatory and healthcare decisions. The current analysis aimed to develop and validate an algorithm 
to explain the difference in outcomes between RWE studies and RCTs in patients with neovascular age-related 
macular degeneration. 
Methods: The algorithm was developed using ranibizumab real world data (RWD) from the US and validated on 
Australian and UK RWD. A decision model was developed using machine learning principles, in which the model 
learns how to partition the most influential factors (out of 59 variables) so that they maximally relate to the 
change in visual acuity (VA) over 12 months. 
Results: The algorithm identified baseline VA <73 Early Treatment Diabetic Retinopathy Study letters, presence 
of baseline subretinal fluid, and administration of three loading doses by Day 90 from drug initiation as the 
characteristics with the greatest impact on VA at month 12. When applying the different criteria, RWE outcomes 
became similar to those obtained in known RCTs. 
Conclusion: Machine learning techniques can be used to classify real world cohorts and identify subsets of pa-
tients who benefit to the same extent as that reported in RCTs. This methodology may support the translation of 
clinical trial findings to treatment performance in the clinical practice setting.   

1. Introduction 

Randomized controlled trials (RCTs) are widely considered the ‘gold 
standard’ for providing evidence on the efficacy and safety of a phar-
maceutical agent and are clearly appropriate when robust evidence of 
treatment efficacy and favourable benefit/risk ratio is the goal of the 
investigation. However, the clinical trial setting requires strict inclusion 
and exclusion criteria, and is therefore not fully representative of the 
performance and effects of the treatment in clinical practice [1–3]. 

By contrast, real world evidence (RWE) generated through pro-
spective cohort studies, or from repositories of healthcare data can 

provide a better understanding of how treatments are selected and 
applied in routine clinical practice. The data from routine clinical care 
however, may include patients with an extended level of disease severity 
than was permitted in clinical trials, and patients with comorbidities and 
low compliance to treatment; all of which are considered as exclusion 
criteria in the clinical trial setting. Such differences may lead to dis-
crepancies in clinical outcomes when RWE is compared to those ob-
tained from RCTs [4]. In this context the generalizability of data gained 
from an RCT can be challenged, because the findings of effectiveness of a 
specific drug demonstrated within the RCT is likely to be diluted when 
introduced into real world settings. 
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The global rise of Health Technology Assessments (HTAs) puts sig-
nificant emphasis on health economic and outcomes analysis, of which 
RWE is a crucial component [5]. The benefits of RWE are becoming 
more relevant in terms of licensing, commissioning, and clinical 
decision-making, but there is a need for a well-organized, high-quality 
system of data generation, interpretation and use [6]. In the UK, the 
National Institute for Health and Care Excellence (NICE) identified a 
limited number of HTAs that have used non-RCT evidence [7,8]. 
Consequently, it is increasingly essential to understand how clinical trial 
readouts translate to real world outcomes, and to explain discrepancies 
or possible reasons for the outcomes that do not match those of clinical 
trials. This becomes even more challenging in cases where not all 
diagnostic variables relevant for inclusion into a clinical trial are 
captured in real world care. Furthering this understanding should enable 
clinicians to translate findings from sophisticated trial protocols into 
robust decision criteria in the real world setting to come closer to the 
clinical outcomes seen in RCTs. 

The analysis we performed was specifically designed to identify 
factors that might account for the discrepant functional outcomes that 
have been observed between RCTs and RWE in patients with neo-
vascular age-related macular degeneration (nAMD), one of the most 
common causes of blindness within developed nations [9,10]. Treat-
ment with vascular endothelial growth factor inhibitors are now 
considered routine clinical management for nAMD [11]. The effective-
ness of anti-vascular endothelial growth factor (anti-VEGF) agents has 
been established based on improvements in visual acuity (VA) [12]. 
However, the extent of VA improvement seen in RCTs has not been 
matched by those observed in real world settings [4]. Identifying the 
factors that cause these differences is of paramount importance to help 
understand and interpret results from RWE studies and RCTs so that 
health authorities and clinicians are able to draw sound conclusions. The 
aim of this study was to identify factors that explained differences in 
functional outcomes between RWE and RCTs in patients with nAMD 
using an algorithm developed with RWD on ranibizumab-treated 
patients. 

The present study had multiple objectives:  

1. To use machine learning to identify the subset of the population with 
VA improvements similar to clinical trial participants, and develop 
an analytical decision tree based on these findings.  

2. To test the accuracy of the algorithm by predicting the group within 
an independent dataset that will show VA improvements similar to 
clinical trials. 

2. Methods  

1. We used RWD compiled from 55 medical retina practices across the 
US that used a standardized electronic medical records (EMR) system 
(Vestrum Health). This database collected VA and treatments 
administered in patients with nAMD, and has been previously 
described [13]. For the purpose of the current analysis, eyes with at 
least 12 months of follow-up data were included. Consistent with the 
US Code of Federal Regulations (45 CFR 164.514[e]), this EMR 
source constituted a “limited data set” in which all patient identifiers 
were removed; thus, neither formal ethics approval nor individual 
patient consent is required.  

2. Predictive analytics using machine learning methods were used to 
identify the subset of eyes in which there was an improvement of 4 or 
more letters on the Early Treatment Diabetic Retinopathy Study 
(ETDRS) chart from baseline. This represents the level of vision gain 
that is similar to that seen in clinical trials [14]. Random forest 
models were generated to identify the most important baseline 
characteristics of this subgroup. There were 140 variables that were 
available for inclusion in the initial machine learning analysis 
(Supplementary Table 1). Of these, 59 baseline characteristics (var-
iables) were selected based on domain knowledge prior to model 

development (Table 1). Details of the tuning of the random forest 
model are provided in Appendix A. Performance was assessed using 
the area under the receiver operator characteristic curve (AUC), 
which plots true positive rate against false positive rate. The vari-
ables were ordered by their contribution to the predictive value of 
the visual outcome. In order to show both the strength and the di-
rection of effect of each variable on the predicted response, the 
population was stratified by quartile of the predicted response, and 
the mean values and the binarized proportions calculated for each of 
the variables (predictors).  

3. The nine most important predictors were incorporated in the 
development of a decision tree to predict change in VA at Month 12 
among patients with at least 12 months of follow-up. In order to 
develop and validate the decision tree algorithm, the data were 
partitioned into a training set (66.7%) and a test/validation set 
(33.3%). The test/validation set was used as a completely indepen-
dent hold-out set. Two parameters were applied to tune the decision 
tree, both of which served to control the depth of the tree: the 
minimum number of samples in each terminal node (i.e., a node/ 
decision point at the end of a tree that is not split any further) and the 
minimum improvement in classification error required by a split. 

Table 1 
Baseline characteristics included in the predictive analytics, machine learning, 
and random forest model.  

Characteristic N N missing 

Baseline VA, ETDRS letters 16,488 0 
Age, years 16,488 0 
VA better/worse than fellow eye at index   

VA better 15,996 492 
VA same 15,996 492 
VA worse 15,966 492 

Use of ocular medications 13,822 2666 
Gender (male) 16,488 0 
Index eye is right eye 16,488 0 
Procedures   

Paracentesis of anterior chamber of eye 16,232 256 
Photodynamic therapy 16,232 256 
Laser procedure 16,232 256 

Diagnoses (diagnosed at or before index)   
Non-exudative senile macular degeneration 16,488 0 
Vitreous degeneration 16,488 0 
Presence of intraocular lens 16,488 0 
Serous detachment of retinal pigment epithelium 16,488 0 
Senile nuclear sclerosis 16,488 0 
Senile cataract 16,488 0 
Tear film insufficiency, unspecified 16,488 0 
Diabetes 16,488 0 
Cystoid macular degeneration 16,488 0 
Macular puckering 16,488 0 
Hypertensive retinopathy 16,488 0 
Primary open angle glaucoma 16,488 0 
Other vitreous opacities 16,488 0 
Retinal edema 16,488 0 
Nonproliferative diabetic retinopathy NOS 16,488 0 
Other states following surgery of eye and adnexa 16,488 0 
Vitreous hemorrhage 16,488 0 
Retinal detachment with retinal defect, unspecified 16,488 0 
Proliferative diabetic retinopathy 16,488 0 

Findings (recorded at index)a   

Subretinal fluid 13,568 2920 
Geographic atrophy 13,568 2920 
Macular edema 13,568 2920 
RPE thickening 13,568 2920 
Sub-RPE fluid 13,568 2920 
Epiretinal membrane 13,568 2920 
Vitreomacular traction 13,568 2920 

N = patient eyes; ETDRS = Early Treatment Diabetic Retinopathy Study; NOS =
not otherwise specified; RPE = retinal pigment epithelium; VA = visual acuity. 

a Each finding is entered into the model as ‘present/unclassified’, ‘mild’, 
‘moderate’, ‘severe’, or ‘resolved’. 
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These parameters were optimized using cross-validation on the 
training data set.  

4. In addition to the baseline characteristics analyzed and characterized 
in the previous steps, the impact of post-baseline predictors, such as 
the presence of a full anti-VEGF loading phase (yes/no) was also 
assessed and included in the predictive model in a univariate fashion.  

5. The final predictive model was further validated using UK and 
Australian EMR Medisoft data that included Month 12 effectiveness 
of ranibizumab 0.5 mg under a pro re nata (PRN) and treat-and- 
extend (T&E) regimen, respectively [15]. 

3. Results 

3.1. Real world data population (US; Vestrum) 

A total of 16,617 patient eyes were identified; 16,488 had a record of 
at least one injection of aflibercept or ranibizumab administered be-
tween 1 January 2011 and 31 March 2015, with no prior pegaptanib or 
bevacizumab injection. Eyes treated for retinal vein occlusion (RVO), 
diabetic macular edema (DME), myopic choroidal neovascularization 
(mCNV) were ineligible for inclusion. Of the 10,916 eyes extracted from 
the EMR dataset with a diagnosis of nAMD treated with ranibizumab 
using a PRN regimen with 12 months of follow-up, 9547 had both 
baseline and Month 12 VA measurements. The mean number of in-
jections in the first year of treatment was 6.4. The mean VA change from 
baseline at the end of Month 12 was +0.07 ETDRS letters. 

3.2. Identification of baseline patient characteristics associated with VA 
gain ≥4 letters through machine learning 

We identified 5325 (32%) of 16,488 eyes from nAMD patients 
treated either with aflibercept or ranibizumab whose VA improved by 
≥4 letters. Variables that were best at predicting an increase in VA were: 
baseline VA, age, and presence of subretinal fluid (SRF) at baseline visit 
(Table 2). Patients with the highest estimated probability of gaining ≥4 
letters had lower mean VA at baseline and lower mean age (46 ETDRS 
letters and 81 years respectively); conversely, patients with the lowest 
estimated probability of gaining ≥4 letters had highest mean VA at 

baseline and the highest mean age (71 ETDRS letters and 85 years, 
respectively). Similarly, patient eyes with presence of SRF at baseline 
were more likely to demonstrate improved vision while on anti-VEGF 
therapy. The AUC on the test set of the selected random forest model 
was 0.68. 

3.3. Identification of the best predictors of visual outcome baseline 
characteristics 

Decision tree analysis showed that baseline VA, SRF, and age were 
the most important predictors classifying change in VA from baseline to 
Month 12 in homogenous terminal nodes (AUC = 0.66). Using the next 5 
most important predictors did not improve the performance of the de-
cision tree (Fig. 1). 

3.4. Incorporation of post-baseline confounders 

The completeness of the loading dose which is a variable that is not 
applicable at baseline but over the 3 months after treatment initiation is 
presented in Fig. 2. Patients from the US EMR cohort who received the 
first three treatments within 90 days post-therapy initiation, showed a 
higher increase in VA at the end of the first year of treatment, indicating 
a degree of pre-conditioning for the full year. 

Based on the foregoing, and excluding age, which was first split at 
different thresholds for nodes with the same depth, the best predictors 
were those previously identified, presence of SRF at baseline, baseline 
VA ≤73, and the administration of three loading doses within 90 days 
post-therapy initiation. Utilizing these predictors, three additional co-
horts were built to obtain potential analytical rules in order to assess 
comparability to the VA outcomes that have been observed in RCTs. 
After eliminating eyes with a baseline VA >73 ETDRS letters, the sample 
size reduced to 7482 (cohort 2) and the mean VA change from baseline 
to Month 12 improved from +0.07 to +1.08 ETDRS letters. On excluding 
eyes that did not receive the complete loading phase within 90 days of 
therapy initiation the sample reduced to 3633 (cohort 3), while the 
mean VA change from baseline increased to +3.33 ETDRS letters. When 
this subcohort was further restricted to patients with presence of base-
line SRF, the mean VA change from baseline to Month 12 rose to +5.25 

Table 2 
Predictor analysis based on cohort characteristics.  

Predictora N N 
missing 

Importance  
Predicted 

probability of gaining ≥ 4 Letters 

Q1b Q2 Q3 Q4c 

Mean baseline VA, ETDRS letters 16,488 0 556 71 57 49 46 
Mean age, years 16,488 0 114 85 85 83 81 
VA better/worse than fellow eye at index        

VA better 15,996 492 75 62% 44% 36% 23% 
VA same 15,996 492 75 9% 8% 8% 5% 
VA worse 15,966 492 75 29% 48% 56% 72% 

Sub-retinal fluid – present 13,568 2920 59 19% 20% 35% 64% 
Non-exudative senile macular degeneration diagnosed 

at or before index 
16,488 0 32 8% 9% 16% 24% 

Use of ocular medications 13,822 2666 29 78% 76% 73% 71% 
Subretinal fluid – mild 13,568 2920 29 10% 7% 13% 16% 
Geographic atrophy – present 13,568 2920 25 11% 13% 12% 5% 
Macular edema – moderate 13,568 2920 23 0% 0% 1% 7% 

Mean values or proportions of factors for predicting high responders are listed by quartile of predicted response. N = patient eyes; ETDRS = Early Treatment Diabetic 
Retinopathy Study; VA = visual acuity. 
For example, patients in Q4 (i.e. with a higher estimated probability of gaining ≥4 letters) had a mean VA of 46 ETDRS at baseline and mean age of 81 years. A total of 
64% of patients in Q4 (i.e. with a higher estimated probability of gaining ≥4 letters) had subretinal fluid present at baseline. 

a The top nine most important variables, ordered by descending importance. 
b Q1 = Quartile of patients with the lowest predicted probability of gaining ≥4 letters. 
c Q4 = Quartile of patients with the highest predicted probability of gaining ≥4 letters. 
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ETDRS letters (cohort 4, N = 1835; Fig. 3). 

3.5. Application of decision model analytics to real world EMR datasets 
(validation step) 

The developed predictive model was next tested on data acquired 
from EMR databases from the UK and Australia. Treatment-naïve pa-
tients with nAMD with the first ranibizumab injection administered 
between 1 January 2009 and 31 July 2014, and with at least 1 year of 
follow-up were assessed in terms of VA change from baseline at Month 
12 [15]. The dataset from Australia consisted of 647 patient eyes (630 
with VA at Month 12), and that from the UK consisted of 3187 eyes 
(3162 with VA at Month 12). On average, 9.29 injections were given to 
the Australian (T&E) cohort in the first year of treatment with a + 5.00 
ETDRS letters gain. In the UK (PRN) cohort, an average of 6.04 injections 
in the first year resulted in a gain of +3.04 ETDRS letters. The Australian 
and UK cohorts both received fewer than three injections on average 

during the loading phase (a mean of 2.25 and 2.30 injections, 
respectively). 

After application of the previously-described analytical rules, the VA 
change from baseline to Month 12 in the UK subcohort increased to 
+4.66 ETDRS letters (Fig. 4A), and the Australian subcohort gained 
+8.87 ETDRS letters (Fig. 4B). 

A sensitivity analysis was performed on the subset of nAMD patients 
treated with aflibercept, an alternative anti-VEGF therapy, and results 
were comparable to those treated with ranibizumab. 

4. Discussion 

The current study sought to identify predictors that could explain the 
differences in outcomes between RWE and RCTs in patients with nAMD 
treated with anti-VEGF therapy using a technique that is not based on 
matching. We applied machine learning technology to identify factors 
that resulted in a similar performance of the treatment in both RCT and 

Fig. 1. Decision tree based on baseline VA and SRF with respect to VA change from baseline at Month 12. A ‘yes’ decision leads to the left, a ‘no’ decision leads to the 
right of each parameter. VA = visual acuity. 

Fig. 2. The impact of the loading dose on visual acuity in our reference RWE study. Data represent mean VA change, with 95% CI. VA = visual acuity.  
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RWE settings. Surprisingly, we identified only 3 factors that have an 
impact on performance difference, which in part were not known as 
“the” factors when cohorts would normally be matched. In the first 

phase of our analytical strategy using the US data we observed that 
baseline VA and SRF were important determinants of change in VA at 
Month 12. In addition to the baseline characteristics, the post-baseline 
anti-VEGF “loading phase” of three treatments administered within a 
90-day interval was also a strong predictor of outcome at Month 12. We 
then showed that the gap in VA improvements, previously observed 
between RCTs and RWE studies, could be narrowed after applying the 
decision tree analytics in other independent RWE datasets. Furthermore, 
the VA outcome at Month 12 in these independent databases were 
similar to those of RCTs that have used either PRN [16–24] and/or T&E 
regimens [25–28]. 

While having surprisingly identified these 3 factors, with respect to 
the reasons for these observed effects, firstly it is not clinically plausible 
that baseline VA was an important predictor, as the exclusion of eyes 
with very good vision limits the relative contribution of this subgroup to 
VA change in the entire sample, thus minimizing the ceiling effect (i.e. 
the degree to which improvement is possible in eyes with very good 
baseline VA is small). 

Secondly, the role of SRF at baseline as a predictor of improved visual 
outcome has been noted in several studies [27,29–33]. The reasons 
underpinning this finding are unclear but it has also been suggested that 
eyes with SRF at baseline are more likely to exhibit type-1 choroidal 
neovascularization, which represents a less-severe variant of nAMD 
[34]. The other phenotypes of retinal angiomatous proliferation, which 
are associated with intraretinal fluid or the polypoidal choroidopathy 
variant that is associated with large focal pigment epithelial de-
tachments, may exhibit less impressive functional improvements to anti- 
VEGF treatment. Our results are also in accord with those of others who 
have reported similar associations between SRF and better VA at Month 
12 [29,30]. Studies have also observed that eyes with some SRF during 
treatment have better long-term VA gain compared with those without 
SRF, and it has been suggested that growth factors in the fluid may 
minimize photoreceptor death. In this context the FLUID study which 
compared two regimens of anti-VEGF re-treatment strategies, one 
tolerating a small amount of SRF and the other of zero tolerance, showed 
that the former was not inimical to VA gain compared to the latter [35]. 
However it is of note that of course both treatment groups were always 

Fig. 3. ETDRS letters gained after application of the decision rules in nAMD 
treatment-naïve patients who have been treated with ranibizumab intravitreal 
injections for at least 1 year. N = patient eyes; ETDRS = Early Treatment 
Diabetic Retinopathy Study; SRF = subretinal fluid; VA = visual acuity. 

Fig. 4. ETDRS letters gained in a UK (A) and Australian (B) sub-cohort after implementation of the proposed analytical rules. N = patient eyes; ETDRS = Early 
Treatment Diabetic Retinopathy Study; SRF = subretinal fluid; VA = visual acuity. 
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treated with anti-VEGF therapy throughout the whole trial, which might 
also explain the small difference in outcomes. 

Thirdly, we also observed a beneficial effect of a timely loading 
phase in which three treatments delivered within 90 days was found to 
be associated with a higher VA gain. This effect suggests that effective 
and rapid control of lesion activity at initiation of therapy has a benefit 
that is sustained over the maintenance phase; this is supported by 
findings from the AURA study, in which patients who received the 
loading dose in full had better VA outcomes 1 year post-treatment 
initiation compared with patients who did not [36]. 

Among the 59 variables we tested, we found that only baseline VA, 
age and SRF were found to be associated with better visual outcomes. 
Since RCTs are considered the gold standard for demonstration of effi-
cacy it is appropriate to compare real world data to RCTs. Older age is a 
recognized risk factor for poor visual outcome in patients treated with 
anti-VEGF (IVAN study [37]), and therefore it is interesting that our 
analysis of the RWD also identified older age as a risk factor for worse VA 
outcomes. 

There are known methods (i.e. matching based on specific patient 
characteristics or propensity matching methods) to artificially generate 
the most equal populations in RCTs and real world data sets. Applying 
these methods can show that similar results can be achieved in the real 
world as seen in RCTs. However, this also has the consequence that the 
RWE information gained in this manner is not generalizable. This be-
comes even more challenging in cases where not all diagnostic variables 
relevant for inclusion into a clinical trial are captured in real world care. 
Furthering this understanding should enable clinicians to translate 
findings from sophisticated trial protocols into robust decision criteria in 
the real world setting to come closer to the clinical outcomes seen in 
RCTs. We applied a different approach in our study by using machine 
learning methods. In short, we worked backwards (retrospectively) from 
the central outcome to identify the factors which influence this outcome 
most, in the specific real world data set. 

The strength of the present study was the use of large datasets, and 
the validation of the predictive model in two independent, geographi-
cally distinct cohorts. Furthermore, our sensitivity analysis of another 
anti-VEGF agent (aflibercept), confirmed similar VA gains on applying 
the decision tree-generated algorithm. 

The current study has several limitations given the nature of the 
analysis. We were only able to include patients who had the full 1 year of 
follow-up. It is possible that the characteristics of those who were lost to 
follow-up were different to patients who remained in care and this could 
confound our results. In addition, key variables contributing to VA loss 
and VA gain were not identified. Various factors that could be hypoth-
esized to play a role in patient compliance, response to treatment and 
service delivery were not available to us in the RWD datasets that were 
used. For example we had no information on what support systems were 
available to patients, their ability to pay for treatment, and other ob-
stacles to timely treatment such as distance from their residence to the 
treatment centre. We also did not have data on co-morbidities that might 
have prevented patients from attending for regular review and follow 
up. Nonetheless, when completion of a “loading phase” was included in 
a post baseline model, age was excluded, which may suggest that older 
persons with co morbidities are less likely to attend regularly for treat-
ment. We therefore recognize that the factors that were extracted from 
the overall list that played a part in determining outcomes, may be 
modified by information that was not captured. While an analysis of 
these additional factors could have scientific merit, the limitations of 
real world datasets precludes analysis of the role of factors such as 
smoking history, genetic makeup and co morbidities in selection of 
predictors or outcome. 

Another important limitation of this study is the absence of OCT 
metrics that can provide valuable prognostic information for patients 
with retinal disease [38]. RWD may be deficient in both acquiring and 
recording clinical information, and in the Australian cohort where op-
tical coherence tomography assessments are not part of routine clinical 

practice, presence of SRF at baseline and follow-up was not tracked. We 
also acknowledge that the decision rules were made using 1 year data as 
an important limitation. It is possible that this approach may have 
emphasized the value of the loading phase and that this factor may have 
had less influence on VA changes in the longer term [39]. 

Machine learning techniques are becoming increasingly important in 
healthcare assessments and clinical data analysis. In the current study, 
we chose to use random forests over multiple regression analysis for a 
number of reasons: (I) it can inherently leverage potential interactions 
between variables, (II) it can model non-linear relationships between the 
features and outcome, (III) it can handle missing data directly, and (IV) 
it is not sensitive to multi-co-linearities in the data, i.e. by bootstrapping 
on samples and features we achieve a representative assessment of 
feature ranking. All of these properties enabled us to extract insights 
from the data without needing to hand code interactions and potentially 
remove correlated variables, as would be required in order to reliably 
interpret the coefficients of a multiple regression model. 

5. Conclusions 

In patients with nAMD, we identified a set of core attributes that 
allowed us to match RWE with RCT outcomes and confirmed that pa-
tient eyes that fitted these criteria had equivalent improvements to those 
observed in the RCTs. These findings allow us to understand how the 
intrinsic differences in populations that are enrolled into RCTs can differ 
from those who are treated in routine clinical care. This work has im-
plications for delivery of care, highlighting the importance of a timely 
anti-VEGF loading phase and management of patient expectations for 
visual recovery in the context of nAMD. This methodology may support 
the translation of pivotal trial results to treatment performance in the 
clinical practice setting. 
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Appendix A. Technical details of machine learning models 

Machine learning models were fit using R version 3.2.5 with ran-
domForest package version 4.6–12 and mlr package version 2.9. 

Parameter tuning in the random forest model was accomplished by 
varying the values of three parameters: 1) the number of variables 
available for splitting at each tree node (values: 5, 12, 15), 2) the number 
of trees to grow (values: 300, 500, 700), and 3) the minimum size of 
terminal nodes (values: 25, 50, 100). All 27 combinations of these three 
parameters were tested and five-fold cross-validation was used to 
calculate the AUC for each model. The final model was chosen that 
maximized the AUC on the test set. 

Parameter tuning in the decision tree was accomplished using a 
random search by varying the values of two parameters, the minimum 
number of samples in each terminal node (min: 0, max: 500) and a 
complexity parameter defined as the minimum improvement in classi-
fication error required by a split (min: 0, max: 0.003). The AUC was 
calculated using five-fold cross-validation for each model. Results were 
not sensitive to the choice of tuning parameter and final parameter 
values of 300 (minimum node size) and 0.002 (complexity parameter) 
were selected. The selected decision tree was based on four variables 
(visual acuity, age, subretinal fluid, and macular edema). Since macular 
edema appeared only in one childless node of the tree, a more parsi-
monious tree was also considered using the other three parameters. 
Since the AUCs for the two trees were identical (0.66), the more parsi-
monious tree was selected. 

Appendix B. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.cct.2021.106364. 
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