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A B S T R A C T

In this work, we present a multi-modal machine learning method to automate early glaucoma diagnosis.
The proposed methodology introduces two novel aspects for automated diagnosis not previously explored
in the literature: simultaneous use of ocular fundus images from both eyes and integration with the patient’s
additional clinical data. We begin by establishing a baseline, termed monocular mode, which adheres to the
traditional approach of considering the data from each eye as a separate instance. We then explore the
binocular mode, investigating how combining information from both eyes of the same patient can enhance
glaucoma diagnosis accuracy. This exploration employs the PAPILA dataset, comprising information from
both eyes, clinical data, ocular fundus images, and expert segmentation of these images. Additionally, we
compare two image-derived data modalities: direct ocular fundus images and morphological data from manual
expert segmentation. Our method integrates Gradient-Boosted Decision Trees (GBDT) and Convolutional Neural
Networks (CNN), specifically focusing on the MobileNet, VGG16, ResNet-50, and Inception models. SHAP
values are used to interpret GBDT models, while the Deep Explainer method is applied in conjunction with
SHAP to analyze the outputs of convolutional-based models. Our findings show the viability of considering
both eyes, which improves the model performance. The binocular approach, incorporating information from
morphological and clinical data yielded an AUC of 0.796 (±0.003 at a 95% confidence interval), while the
CNN, using the same approach (both eyes), achieved an AUC of 0.764 (±0.005 at a 95% confidence interval).
1. Introduction

Glaucoma is the leading cause of irreversible blindness world-
wide [1–5]. The risk of glaucoma increases with age [6], affecting one
in 200 people under the age of 50 and one in 10 people over the age
of 80. Due to the latest medical advances, human life expectancy has
increased, meaning that glaucoma is expected to become a major public
health problem. It is estimated that, in 2040, 111.8 million people
between 40–80 years old will suffer from glaucoma [1]. Glaucoma is a
disease that affects the Optic Nerve Head (ONH). It is characterized by
a progressive and irreversible loss of the visual field, usually caused by
high intraocular pressure. In the later stages of the disease, the visual
field decreases and, if left unattended, the disease can cause severe
damage to the visual field and even total blindness [7].

Given that there is no cure for the damage glaucoma causes, early
detection is crucial to minimize the risk of vision loss. At present, the
early and accurate detection of glaucoma poses numerous challenges.
First, experts are required to perform adequate tests and evaluate the
results. Secondly, glaucoma is a silent, initially asymptomatic disease,
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often detected only in its advanced stages. It is estimated that 90% of
glaucoma patients in the world are undiagnosed [8–12]. Therefore, de-
veloping new tools that improve the efficiency of the current diagnosis
methods is vital for the early detection of glaucoma.

Although glaucoma is asymptomatic, indicators of the disease ap-
pear years before damage to the visual field occurs. The main proce-
dures for the diagnosis of glaucoma are tonometry, which measures
Intraocular Pressure (IOP), campimetry for the study of the visual field,
Optical Coherence Tomography (OCT) to study the thickness of retinal
nerve fiber layers and the Ocular Fundus Image (OFI) to study the mor-
phology of the optic nerve. Both campimetry and optical tonometry are
very expensive tests in terms of time and resources. On the other hand,
the OFI presents several advantages over tonometry and campimetry,
such as lower cost, and fast and non-invasive testing. Ophthalmologists
rely on features extracted from the OFIs (Fig. 1(a)), such as the Cup-
to-Disc Ratio (CDR) [13], the Rim-to-Disc Ratio (RDR) [14], and the
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Inferior (I), Superior (S), Nasal (N), and Temporal (T) parameters, to
assess and diagnose conditions. The CDR is analyzed by segmenting1

the disc and the cup in the image, as shown in Fig. 1(b). The smaller the
difference between the cup and the disc sizes, the greater the potential
damage from glaucoma, as the condition typically causes the cup to
enlarge. The RDR is defined as the minimum thickness of the neu-
roretinal rim relative to the disc diameter [14]. The smaller the relative
thickness of the rim, the greater the deformation of the ONH. The ISNT
rule, based on measurements of the neuroretinal rim thickness in four
directions (Inferior, Superior, Nasal, and Temporal), typically satisfies
the condition I > S > N > T in healthy individuals [15,16]. In clinical
practice, ophthalmologists often perform both the segmentation and the
calculation of the CDR and ISNT parameters manually, a process that
can be time-consuming.

Due to all of the above, numerous machine learning-based tech-
niques that utilize OFIs for diagnosis employ manual or automatic
segmentation proposals to consider, implicitly or explicitly, param-
eters such as ISNT, CDR, and RDR [17–22]. These approaches are
generally known as feature extraction methods, and include a second
stage that performs an automatic glaucoma diagnosis. However, the
current trend is to take advantage of Deep Learning (DL) capabilities to
achieve diagnosis in a single stage, in proposals known as end-to-end
methods [23–28].

On the other hand, it should be noted that in many cases ophthal-
mologists resort to complementary tests to confirm a diagnosis, such
as OCT or other clinical information. For this reason, recent publi-
cations incorporate a variety of data sources, including OCT [29,30]
and clinical data [31,32], to improve the robustness of the overall
method. However, all the aforementioned articles use per-eye-data as
an instance to train the machine learning models. Furthermore, the
hypothesis regarding asymmetry between the anatomical characteris-
tics of the optic nerve in both eyes has recently been revisited as an
indicator for early diagnosis of glaucoma [33–36].

For a more extensive review of state-of-the-art automatic techniques
for glaucoma diagnosis, we can refer to a recent survey [37], which
compiles and classifies a large number of current relevant machine
learning methods. The authors categorize feature extraction techniques
into three main types: structural features, statistical features, and hy-
brid features. In the structural features category, techniques range from
adaptive threshold frameworks and K-means clustering to advanced
DL models like Faster R-CNN and M-Net. Moreover, the categories
in which the authors classify end-to-end neural networks designed
for glaucoma prediction are convolutional-based, autoencoder-based,
attention-based, generative adversarial, geometric and hybrid.

In this study, we tackle the following three main objectives, par-
ticularly in the context of automatic early glaucoma detection: (1)
the examination of the simultaneous contribution of data from both
eyes, (2) the evaluation of the benefit of clinical information as supple-
mentary data on OFI-derived features, and (3) a comparative analysis
between end-to-end DL approaches and machine methods fed with
extracted morphological features in the context of glaucoma assess-
ment. For this purpose, the PAPILA [38] dataset has been used, an
open access glaucoma dataset which contains clinical data and OFIs,
including the segmentation of the optic disc and the optic cup depicted
by two different experts. PAPILA is a population sample of glaucoma
prevalence in the Region of Murcia, Spain, which permits us to evaluate
the method in a real scenario. Based on the aforementioned hypothesis,
our study aims to investigate the advantage of including data from both
eyes of the same patient for the diagnosis of glaucoma, with a specific
focus on its impact on early-stage glaucoma, which is deemed the
most critical of the three objectives. Additionally, we seek to explore
whether clinical data can offer novel insights when combined with
morphological and OFI extracted data, and to quantify the significance
of each type of data.

1 Image segmentation is the process of partitioning an image into distinct
regions, or sets of pixels, to analyze specific areas separately.
2 
Fig. 1. Fundus image with the region of interest (ROI) around the optic disc. (a) Ocular
Fundus Image (OFI). (b) ROI extracted from an OFI.

2. Materials and methods

2.1. Dataset selection criteria

There are a variety of datasets for glaucoma diagnosis, such as
RIGA [39], ORIGA [40], RIMONE [41,42], PAPILA [38], Drishti-GS
[43], ACRIMA [44], G1020 [45], and REFUGE [46], among others.
All these datasets are publicly available, but only one of them meets
the necessary requirements for this study (see Table 2). RIGA does
not present a glaucoma diagnosis label, ACRIMA lacks disc and cup
segmentations, and none of them contain information from both eyes
or clinical data. Although it is possible to use other OFI datasets to
(pre)train the OFI-based models, several issues emerge in practice. The
most important one is that we aim to detect early glaucoma, and it is
clear (see Table 1) that the PAPILA dataset is biased toward early-stage
glaucoma. Severe and mid-stage glaucoma show significant VF/MD
and ONH alterations that can be easily detected by machine and deep
learning algorithms. Including other datasets with a high separability
between severe glaucoma and healthy instances could introduce bias
into the study. In addition, we found that adding other datasets during
the training process did not show any improvement over the results
when testing with the PAPILA test set.

2.2. Dataset

PAPILA [38] is a free and publicly available dataset that includes
OFIs, optic disc and optic cup segmentations delineated by two experts,
the diagnosis labels for the glaucoma disease, and additional data
coming from patient clinical tests. The instances of the dataset are
divided into three categories: healthy, suspicious and glaucoma. The
PAPILA dataset is a population sample, which allows the performance
of the machine learning models to be analyzed in a realistic scenario.
The dataset is primarily composed of information on early stages of
glaucoma, including patients of different ages and genders. Both data
(OFIs with their corresponding segmentation and clinical data) and
labels are provided for both eyes of the same patient. The dataset
includes information from 244 patients, with a total of 488 samples
(one for each eye), where 333 samples correspond to healthy eyes, 87
to eyes diagnosed with glaucoma, and the remaining 68 samples were
suspected of glaucoma. Every sample includes clinical data, OFI and
two expert segmentations of the optic disc and the optic cup. OFIs
are centered on the papilla with a field of view of 30 degrees, and
were acquired with a size of 2576 × 1934 pixels and a 24-bit color
depth. The images are provided in JPEG RGB format. In this work,
we selected patients with healthy and glaucoma diagnoses, discarding
the suspicious category because it is considered an unresolved situation
that mixes both previous classes. Regarding the clinical data, among
all the information that PAPILA offers, we selected the following: age
(Ag), gender (G), refractive defect (D1, D2, A), phakic/pseudophakic
(PPs), intraocular pressure (IOP), pachymetry (P), and axial length
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Table 1
Number of glaucomatous instances in the PAPILA dataset, distributed by glaucoma grade.

Early Glaucoma Mid Glaucoma Severe Glaucoma
VF/MD intervals 𝑉 𝐹∕𝑀 𝐷 ≥ −3 dB −3 dB > 𝑉 𝐹∕𝑀 𝐷 ≥ −6 −6 dB > 𝑉 𝐹∕𝑀 𝐷 ≥ −12 dB −12 dB > 𝑉 𝐹∕𝑀 𝐷
Number of eyes 32 18 19 18
Number of patients 9 9 13 16
Table 2
Summary of publicly available datasets.

Dataset Instance number Ground truth labels Clinical data Both eyes

Glaucoma Optic disc Optic cup of the same
label contour contour patient

RIGA [39,47] 750 ✗ ✓ ✓ ✗ ✗

ORIGA [40] 650 ✓ ✓ ✓ ✗ ✗

RIMONE [42,48] 485 ✓ ✓ ✓ ✗ ✗

Drishti-GS [43,49] 101 ✓ ✓ ✓ ✗ ✗

ACRIMA [44,50] 705 ✓ ✗ ✗ ✗ ✗

G1020 [45,51] 1020 ✓ ✓ ✓ ✗ ✗

REFUGE [46,52] 1200 ✓ ✓ ✓ ✗ ✗

PAPILA [38] 488 ✓ ✓ ✓ ✓ ✓
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(AL). Although the PAPILA dataset also provides the Visual Field/Mean
efect (VF/MD) value, we excluded it from the experiments, as this
linical test was not performed for healthy patients, and accordingly
he feature is not present in the dataset. Therefore, using VF/MD would
ntroduce significant bias in the learning process.

2.2.1. Data conditioning and augmentation
For all data sources (OFI, clinical data, and morphological data

extracted from segmentations) the same split strategy was used. The
ataset was split by patient using the 𝑘-fold method with 𝑘 = 5 folds,
nsuring that samples corresponding to both eyes of the same patient

were always in the same set (train or test). This process was repeated
100 times, plus one additional iteration for hyperparameter tuning,
with the overall process resulting in a total of 101 different splits to
ompute the metrics at a narrow 95% confidence interval.

Since the gradient-boosted method requires no special data prepro-
essing, the input data were left in a regular and tabular structure.

In the case of OFIs, the images were cropped to remove a few
urrounding pixels and to obtain a square region of interest (ROI), that
as resized to 299 × 299 × 3 and normalized in a range [0, 1].

Regarding the expert segmentations, the relevant morphological
features that medical experts use for characterizing the ONH (CDRA,
CDRV, CDRH, RDR, I, S, N, and T) were automatically computed from
the masks of the optical disc and optical cup.

Additionally, data augmentation was performed on the OFI data
during training, including random flips, rotations, and zooms. No data
augmentation was performed on the tabular data.

2.3. Machine learning models and training procedures

To fulfill the proposed research goals, a complete set of experiments
was designed, consisting of two main parts (see Fig. 2): the monocular
pproach, which will serve as a reference baseline, and the binocular
pproach. In both cases, from the data sources point of view, the
xperiments could be categorized into three types: tabular, imaging,
nd data-ensemble.

In the monocular strategy data from each eye were considered as
an input instance to the model for all three experiments, while for the
binocular scenario, the information from both eyes of a single patient
was considered as a unified input instance from the model perspective.
Therefore, the result of the monocular approach set of experiments will
serve as the baseline against which to compare the results obtained
from the binocular approach.

In addition, to study the impact of clinical tests on glaucoma di-
agnosis, a data-ensemble dataset that combines clinical information
with morphological and∕or OFI data was curated. The aforementioned
3 
experiments were used to compare the performance of clinical experts
and deep learning algorithms in early-glaucoma diagnosis, considering
both monocular and binocular approaches. In this context, the mor-
phological data represent expert medical insights, derived from ONH
imaging by segmenting the optical disc and optical cup. A gradient-
boosted algorithm was employed to predict glaucoma scores from
morphological data. In contrast, for deep learning algorithms, the input
was the pure OFI. Finally, to improve our understanding of the results
and identify the most influential data features, the SHapley Additive
exPlanations (SHAP) technique [53] was used. Further details about
experiments and models used for each experiment will be provided in
the following sections.

Model fine-tuning and hardware
All models were fine-tuned using the Ray Python library [54]. Our

tests were conducted on an RTX 3090 with 24 GB of VRAM, powered
by an AMD EPYC 7643 processor with 256 GB of RAM.

Model selection criteria
Two distinct approaches were employed to effectively handle the

iverse nature of the data from the PAPILA dataset, which includes both
abular data (clinical data, morphological data, and data-ensemble) and
mage data (OFI).

For the tabular data, a Gradient-Boosted Decision Tree (GBDT)
lgorithm was used, and for the image data, diverse CNN-based ar-
hitectures such as ResNet-50, Inception, MobileNet and VGG16 were

explored. All the CNN models were implemented in PyTorch, using the
Python programming language.

Tabular data: The GBDT algorithm often provides state-of-the-art
performance on tabular data [55]. Also, GBDT is known for being
ighly interpretable due to the simple structure of decision trees and
he greedy nature of the gradient-boosting algorithm. This allows for
asy understanding of how the model is making its predictions and the
bility to extract the criteria used to classify instances, which is very
mportant in medical problems. For the implementation of the GBDT

algorithm, the XGBoost [56] Python library was used.
Image data: CNN-based models have proven to be highly effective in

medical image classification, consistently achieving competitive results
n a wide variety of medical imaging classification tasks. We investi-

gate CNN-based algorithms that incorporate significant architectural
modifications to enhance their performance in this field:

- VGG16 [57]: it is known for its simplicity and depth (16 layers).
- ResNet-50 [58]: it stands out for its ability to effectively train very

deep neural networks using residual connections.
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Fig. 2. Diagram of the overall experiment set.
- Inception [59]: use of the Inception modules, which are blocks
of layers that perform multiple different types of convolutions in
parallel.

- MobileNet [60]: designed to be efficient on mobile and embedded
devices. It uses depth-wise separable convolutions to reduce the
number of parameters and computational requirements.

2.3.1. Monocular approach
Firstly, several models were trained using a traditional approach, in

which the data from each eye represents an individual instance within
the dataset. We refer to this as the monocular approach or single-eye
mode. This will serve as a baseline for further comparison with the
binocular approach, to determine the benefits of using the data from
both eyes simultaneously. The same splits were used for each mode to
ensure comparability between the monocular and binocular modes. In
the monocular mode, we randomly dropped one eye’s information for
each patient, with a probability 𝑝 = 0.5, ensuring that the number of
instances remained the same for both monocular and binocular modes.
This random drop was applied across all data sources in the monocular
mode test regime. Additionally, the random seed (one seed per fold)
of this drop process was saved to further ensure data compatibility for
the ensemble mode. The models can be categorized into three groups
depending on the data source they are fed from: models fed by the
tabular dataset, which includes clinical and morphological data; models
fed by OFIs; and models fed by data-ensemble, that combine clinical
data with morphological data in one hand and the clinical data with
OFI features in the other. The configuration of each model is reviewed
below.

Tabular data models baseline configurations: For the tabular data in
monocular mode, we constructed three GBDT models. One model is
dedicated to isolated clinical data, while the two remaining models
are for morphological data, with one model per expert. The algorithm
was configured without any constraints on the number of nodes or the
maximum delta step allowed for each leaf output. No subsampling of
the training instances was applied. Finally, from the class frequencies,
the optimization process was weighted with a ratio of 3.47. These
hyperparameters will remain the same for the rest of the of GBDT-based
models. The rest of the hyperparameters are as follows:

- Clinical model: colsample_bylevel 1, learning_rate 0.002,
max_depth 13, gamma 0.16, alpha 1, lambda 0.12,
colsample_bytree 0.55 and min_child_weight 0.

- Expert 1 model: colsample_bylevel 1, learning_rate 0.06,
max_depth 13, gamma 1.11, alpha 1, lambda 0.33,
colsample_bytree 0.62 and min_child_weight 0.

- Expert 2 model: colsample_bylevel 1, learning_rate 0.024,
max_depth 15, gamma 2.42, alpha 1, lambda 0.19,
colsample_bytree 0.93 and min_child_weight 2.

Imaging data models baseline configurations: As mentioned above, four
different CNN models were tested. In addition, pre-trained weights from
Imagenet [61] were used to accelerate the training process. For each
4 
model, the default output layer was removed to obtain a raw CNN
head with an output dimension of 1 × 𝐿𝑀 , which works as a feature
extractor. 𝐿𝑀 represents the latent dimension length for a model 𝑀 ,
and varies depending on the model. Then, an Multi-Layer Perceptron
(MLP) of variable hyperparameters was fed with the output of the
previous CNN head, allowing us to adjust the number of hidden layers
and the neural units within each MLP layer. The number of neural units
in the first MLP layer depends on the length 𝐿𝑀 , and the number of
units in the output layer matches the number of classes (two in this
binary classification scenario).

Each model was trained minimizing the standard cost function for
image classification, the Cross Entropy Loss, and using AdamW [62]
optimizer. Additionally, to address class imbalance, the sample loss is
weighted inversely proportional to the frequency of each class. The
configuration employed for each model is shown below:

- VGG16: batch size 8, number of CNN frozen layers 10, label
smoothing 0.0026, learning rate 2.58 ⋅ 10−5, weight decay 2.52 ⋅
10−6, drop out 0.17, MLP hidden units 512, MLP hidden layers 3,
and epochs 20.

- ResNet-50: batch size 2, number of CNN frozen layers 40, label
smoothing 0.15, learning rate 2.26 ⋅10−5, weight decay 1.47 ⋅10−6,
drop out 0.3, MLP hidden units 512, MLP hidden layers 2, and
epochs 10.

- Inception: batch size 2, number of CNN frozen layers 50, label
smoothing 0.11, learning rate 6.10 ⋅10−5, weight decay 3.06 ⋅10−6,
drop out 0.25, MLP hidden units 256, MLP hidden layers 3, and
epochs 20.

- MobileNet : batch size 16, number of CNN frozen layers 10, label
smoothing 0.19, learning rate 8.8 ⋅ 10−5, weight decay 1.5 ⋅ 10−6,
drop out 0.22, MLP hidden units 128, MLP hidden layers 2, and
epochs 10.

Data-ensemble baseline models configurations: Finally, to assess the
contribution of clinical data, two strategies are adopted. On one hand,
the clinical and morphological data from both experts were combined,
and on the other hand, the clinical data are used jointly with the non-
softmax output (without applying the softmax activation function) of
the best-performing CNN model.

For the integration of clinical and morphological data, we con-
catenated some feature columns from both datasets, resulting in two
different and specific datasets: Clinical plus Morphological Expert 1 and
Clinical plus Morphological Expert 2, each one comprising a total of 16
feature columns (eight from clinical data and eight from morphological
data).

To merge the clinical data with the extracted OFI features, the
output of the last layer of the CNN was taken before the softmax
was applied, incorporating them into the clinical dataset as two new
columns: OFI-G for the glaucoma score, and OFI-H for the health score.
Although softmax probabilities were first considered for this purpose,
experiments showed that GBDT models yield better performance when
non-softmax output is used.

The hyperparameters configuration is as follows:
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- Clinical plus Morphological Expert 1: colsample_bylevel 1, learn-
ing_rate 0.055, max_depth 17, gamma 0.78, alpha 1, lambda 0.23,
colsample_bytree 0.61 and min_child_weight 4.

- Clinical plus Morphological Expert 2: colsample_bylevel 1, learn-
ing_rate 0.058, max_depth 14, gamma 0.28, alpha 2, lambda 0.61,
colsample_bytree 0.90 and min_child_weight 0.

- Clinical plus CNN-OFI : colsample_bylevel 1, learning_rate 0.044,
max_depth 16, gamma 2.42, alpha 1, lambda 0.23, colsample
_bytree 0.50 and min_child_weight 1.

2.3.2. Binocular approach
In the binocular mode, we considered information from both eyes

as a single input instance for the model. In this approach, an equiv-
lent number of models were constructed, categorizing them into the

same three groups: tabular data (clinical and morphological), imaging
data (OFIs), and data-ensemble. Below, we further detail how data is
processed across these categories.

Tabular models configurations: For tabular data, the GBDT algorithm
was also used. To incorporate data from both eyes of the same patient,
the information was concatenated column-wise. As with the monocular
approach, three models were built: one for clinical data and two
for morphological data, one per expert. The objective function and
hyperparameters remain unchanged from the monocular approach. The
remaining configuration details are as follows:

- Clinical model: colsample_bylevel 1, learning_rate 0.073, max
_depth 11, gamma 1.75, alpha 1, lambda 0.024, colsample_bytree
0.58 and min_child_weight 0.

- Expert 1 model: colsample_bylevel 1, learning_rate 0.09, max
_depth 8, gamma 0.081, alpha 3, lambda 0.91, colsample_bytree
0.81 and min_child_weight 1.

- Expert 2 model: colsample_bylevel 1, learning_rate 0.058, max
_depth 16, gamma 0.01, alpha 4, lambda 0.75, colsample_bytree
0.91 and min_child_weight 0.

Imaging models configurations: To enable the model to access data
from both eyes simultaneously, a model was built that allows for an
nput of two images at once. Internally, a sequential and individual
eature extraction from each image was performed. The output features
f each image were then concatenated and processed through an MLP,
ith an output layer of two neurons. Data augmentation in this ap-

proach was individually applied to each image; that is, all mentioned
augmentations were applied randomly to each image, rather than to
oth images simultaneously. Like the monocular approach, we leverage

the model’s weights from ImageNet. Each model was configured as
follows:

- VGG16: batch size 8, number of CNN frozen layers 50, label
smoothing 0.0015, learning rate 3.67 ⋅ 10−5, weight decay 9.88 ⋅
10−6, drop out 0.36, MLP hidden units 512, MLP hidden layers 2,
and epochs 50.

- ResNet-50: batch size 4, number of CNN frozen layers 20, label
smoothing 0.14, learning rate 1.28 ⋅10−5, weight decay 5.51 ⋅10−6,
drop out 0.24, MLP hidden units 512, MLP hidden layers 1, and
epochs 10.

- Inception: batch size 8, number of CNN frozen layers 230, label
smoothing 0.0, learning rate 1.19 ⋅ 10−5, weight decay 9.88 ⋅ 10−6,
drop out 0.43, MLP hidden units 1024, MLP hidden layers 1, and
epochs 30.

- MobileNet : batch size 2, number of CNN frozen layers 20, label
smoothing 0.003, learning rate 1.55⋅10−5, weight decay 5.35⋅10−6,
drop out 0.11, MLP hidden units 1024, MLP hidden layers 1, and
epochs 40.

Data-ensemble models configurations: In the ensemble mode, we ad-
ered to the same strategy employed in the monocular mode. The mor-
hological data were concatenated with the clinical data by columns.
 d

5 
When combining clinical data with OFI-extracted features, two addi-
ional columns, which correspond to the CNN model outputs for health
nd glaucoma scores, were added to the clinical data. The configuration

for each model is outlined as follows:

- Clinical plus Morphological Expert 1: colsample_bylevel 1, learn-
ing_rate 0.091, max_depth 8, gamma 0.96, alpha 1, lambda 0.22,
colsample_bytree 0.56 and min_child_weight 4.

- Clinical plus Morphological Expert 2: colsample_bylevel 1, learn-
ing_rate 0.061, max_depth 12, gamma 0.071, alpha 3, lambda
0.34, colsample_bytree 0.65 and min_child_weight 1.

- Clinical plus CNN-OFI : colsample_bylevel 1, learning_rate 0.051,
max_depth 10, gamma 2.34, alpha 1, lambda 0.72, colsample
_bytree 0.58 and min_child_weight 3.

2.3.3. Comprehensive evaluation
To evaluate the performance of proposed models, several metrics

re used, such as the Area Under Curve (AUC) score, which stands
or the area under Receiver Operating Characteristic (ROC), and the
ensitivity at a fixed Specificities of 85%, 90%, and 95% for ensemble
odels. Each metric is associated with a 95% confidence interval (CI),

derived from training 100 models that share the same hyperparameters
configuration across 100 different 𝑘-fold splits. To understand the
model’s decision-making for tabular data, we used SHAP technique [53]
to determine feature importance and interactions. For OFI data, we use
the Class Activation Map (CAM) technique, informed by SHAP values,
to identify which OFI zones contributed to each class prediction.

3. Results

3.1. Binocular and monocular approaches

With regard to monocular and binocular comparison, all test data
were collected in Figs. 3, 4, and 5, as well as in Table 3. In Fig. 3,
a box plot illustrates a comparison between binocular and monocular
pproaches based on the AUC score for each no-data-ensemble models.
his plot assesses the impact of the binocular approach on various
ata modalities (clinical, morphological and pure OFIs) and algorithms,
articularly focusing on CNN-based architectures. Fig. 3 illustrates the

mean AUC scores from one hundred experiments. The mean AUC
with the monocular approach is represented by blue boxes, while
the binocular approach is depicted in red. Each experiment includes
two pairs of boxes, one for each approach, with CI at 95% displayed
below each pair. The results indicate a general trend of higher mean
AUC scores for the binocular approach, except for the DenseNet121
architecture. Notably, the MobileNet architecture shows a significant
difference between the single-eye and binocular approaches. Among the
CNN architectures, ResNet-50 achieved the best mean results, reaching
an AUC score of 0.764 ± 0.005 at a 95% CI in binocular mode. The
highest overall results were obtained with morphological data from
both experts using the binocular approach, with Expert 2 achieving an
AUC score of 0.792 ± 0.003 at a 95% CI, which is 0.007 points higher
than Expert 1.

Fig. 4 presents the results of the data-ensemble analysis comparing
linical and morphological data with clinical and CNN output. The
igure illustrates the AUC scores from one hundred experiments, with
ach pair of boxes representing the AUC score at a 95% CI. To aid com-
arison, boxes with the same data-ensemble combination are grouped
n sets of four (without considering the pure clinical baseline). This

categorization resulted in three distinct groups: clinical-morphological
xpert 1, clinical-morphological Expert 2, and clinical-OFI, which in-
egrates ResNet-50 output with clinical data. Across all three groups,
 consistent trend was observed where the binocular mode reduced
ox variance and yielded higher scores. The highest performing data-
nsemble combination was Expert 2 in binocular mode with clinical
ata, achieving an AUC score of 0.796 ± 0.003 at a 95% CI.
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Fig. 3. Box plot comparison of different no-data-ensemble models (without combining any data source with clinical data) in terms of AUC score. Below each model, the AUC
score is indicated along for a 95% CI. The symbols † and ‡ represent scores for a single eye and both eyes, respectively. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Fig. 4. Box plot comparing the impact of clinical data with the data-ensemble approach using AUC scores. Below each model, the AUC score is displayed along with a 95% CI.
The symbol † denotes scores without clinical data, and ‡ represents scores with clinical data. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

Fig. 5. Box plot comparing the impact of clinical data with the data-ensemble approach using AUC scores, stratified by stages of glaucoma progression. The red horizontal bar
indicates the median AUC score across all stages, with each model’s AUC score presented below with a 95% CI. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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Table 3
Results in terms of Sensitivity (in %) at Specificity levels of 85%, 90%, and 95% for ensemble models combining clinical data with morphological
and CNN-OFI data, presented at a 95% CI.

Single eye Both eyes

Sensitivity at a Specificity of

85% 90% 95% 85% 90% 95%

Clinical
+
Morph.

Exp. 1
Overall 69.235 ± 1.103 63.241 ± 1.184 55.272 ± 1.231 74.298 ± 0.931 67.830 ± 0.870 57.298 ± 0.778
Early 58.540 ± 1.641 51.074 ± 1.664 42.624 ± 1.684 61.556 ± 1.500 52.611 ± 1.370 40.278 ± 1.044
Mid 73.193 ± 2.220 68.763 ± 2.263 60.665 ± 2.521 85.462 ± 1.146 79.846 ± 1.368 68.923 ± 1.622
Severe 93.265 ± 1.609 90.008 ± 1.851 83.238 ± 2.541 79.562 ± 1.232 75.188 ± 1.050 67.000 ± 0.967

Exp. 2
Overall 71.503 ± 1.071 67.239 ± 1.119 59.900 ± 1.205 71.277 ± 0.583 68.489 ± 0.532 63.894 ± 0.691
Early 62.771 ± 1.542 57.728 ± 1.490 49.556 ± 1.564 69.222 ± 1.198 64.444 ± 1.074 56.333 ± 1.375
Mid 70.093 ± 2.390 66.841 ± 2.591 62.544 ± 2.499 68.615 ± 0.639 67.615 ± 0.696 65.308 ± 0.767
Severe 95.060 ± 1.370 91.530 ± 1.822 83.291 ± 2.592 75.750 ± 0.642 73.750 ± 0.636 71.250 ± 0.727

Clinical
+
OFI

Overall 54.531 ± 1.931 42.445 ± 2.017 25.003 ± 1.969 59.660 ± 1.751 49.915 ± 1.849 31.915 ± 2.049
Early 44.701 ± 2.073 32.815 ± 1.935 18.608 ± 1.728 40.889 ± 2.514 30.167 ± 2.098 15.000 ± 1.555
Mid 59.890 ± 3.313 46.386 ± 3.571 26.245 ± 3.355 63.769 ± 1.740 56.615 ± 2.041 38.231 ± 2.616
Severe 75.613 ± 3.258 64.859 ± 3.604 41.258 ± 3.694 77.438 ± 2.222 66.688 ± 2.555 45.812 ± 3.279
Fig. 6. Experts segmentation comparison in terms of Jaccard and Dice similarity
coefficients.

Finally, the performance of both monocular and binocular ap-
proaches in the context of different glaucoma progression levels is
presented. In Fig. 5, box plots of the AUC scores obtained by the GBDT
algorithm trained on data-ensemble and clinical data are displayed.
The results are categorized based on glaucoma levels (early, mid, and
severe), with each box triplet representing an overall mean (mean
across all glaucoma levels) indicated by a red bar and a mean at 95%
CI under each triplet. For standalone clinical data and the combination
of clinical and ResNet-50 output (referred to as clinical-OFI data),
it is evident that the binocular approach yields benefits across all
glaucoma progression levels, albeit with slightly inferior results in cases
of severe glaucoma within the clinical-OFI dataset. Conversely, when
considering clinical and morphological data-ensemble, the advantages
of the binocular approach were primarily observed in early glaucoma,
with no discernible benefits for mid and severe glaucoma levels, and in
some instances, even worse outcomes.

Additionally, we reported a common diagnostic performance metric
in Table 3, detailing sensitivity at 85%, 90%, and 95% specificities for
our data-ensemblemethods. This table provides overall performance and
stage-specific scores for glaucoma, each with a 95% CI.

3.2. Clinical data contribution

To assess the influence of clinical data, we will examine Fig. 4,
which illustrates the impact of combining clinical data with morpho-
logical data from experts and clinical-OFI data. The results show that
incorporating clinical data and morphological data in monocular mode
7 
provides clear advantages. However, using data from both eyes does not
yield any additional benefits, as the outcomes remain consistent with
those obtained without clinical data. Conversely, integrating clinical
data with the output from ResNet-50 (GBDT OFI, and single and both
eyes) leads to notably inferior results, as observed in the last four box
plots of Fig. 4.

3.3. Morphological and CNN-OFI data

If we compare the performance of models trained on morphological
data against models trained solely on OFI data, both in isolation and
in conjunction with clinical data, the morphological data consistently
outperforms the OFI data. This trend is evident across all three figures
(Fig. 3, 4, and 5), illustrating the superior positioning of models trained
on morphological data.

3.4. Interpretability of machine learning models

Figs. 7 and 8 depict the feature importance for the top three
values in each ensemble model, for both monocular and binocular
approaches. Feature importance was assessed using SHAP [63], a tool
that comes from game theory [64]. SHAP quantitatively estimates the
contribution of each feature to the positive class. A wider feature
value distribution on the 𝑥-axis indicates a greater contribution to the
model’s importance in prediction. In these figures (Figs. 7 and 8), each
row point represents an instance; the color gradient shows the feature
value, and the vertical position reflects SHAP value density. Features
are ordered from most (top) to least (bottom) important. In Figs. 7(a)
and 7(b), age is consistently the most significant feature, with lower
ages negatively influencing and higher ages positively influencing the
glaucoma prediction score. Except for D2, which consistently ranks
in the top three, other features show variable relevance across the
monocular and binocular approaches. Morphological data from Experts
1 and 2 show that CDRV is predominantly the most important feature,
except in Fig. 7(d), where it is second to the Inferior thickness I.
CDRV, Inferior I, and Temporal T thicknesses are frequently identified
as the most relevant features. In binocular mode, the right eye data
consistently appears more influential than the left eye data for each
feature.

Fig. 8 shows the SHAP values for the ensemble model combining
clinical and morphological data, as well as clinical and ResNet-OFI
data. In the case of the first expert in single-eye mode (Fig. 8(a)), the
feature importance is very similar to that in Fig. 7(c), with CDRV and
the Inferior I zone being the top morphological features. However, this
time the clinical feature Age takes the first position. As shown in Fig. 4,
the ensemble model improves the baseline by incorporating clinical
data.
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Fig. 7. Feature importance with SHAP values for GBDT models. The horizontal axis displays the SHAP values, while the vertical axis lists the features, sorted by importance.
The color bar represents the numerical value of each feature. Negative SHAP values indicate that a feature negatively impacts the glaucoma class, positive SHAP values suggest
a positive influence on the glaucoma class, and values near zero imply that the feature has no impact. (a) Clinical data in single-eye mode. (b) Clinical data in both-eyes mode.
(c) Morphological data from Expert 1 in single-eye mode. (d) Morphological data from Expert 1 in both-eyes mode. (e) Morphological data from Expert 2 in single-eye mode. (f)
Morphological data from Expert 2 in both-eyes mode. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 8. Feature importance with SHAP values for GBDT ensemble-data models. The horizontal axis displays the SHAP values, while the vertical axis lists the features, sorted by
importance. The color bar represents the numerical value of each feature. Negative SHAP values indicate that a feature negatively impacts the glaucoma class, positive SHAP values
suggest a positive influence on the glaucoma class, and values near zero imply that the feature has no impact. (a) Clinical and morphological data from Expert 1 in single-eye
mode. (b) Clinical and morphological data from Expert 1 in both-eyes mode. (c) Clinical and morphological data from Expert 2 in single-eye mode. (d) Clinical and morphological
data from Expert 2 in both-eyes mode. (e) Clinical and ResNet-OFI output data in single-eye mode. (f) Clinical and ResNet-OFI output data in both-eyes mode. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)
In Fig. 8(b), we see a decrease in the significance of CDRV to the
fourth place (considering I from the right eye and I from left eye as the
same feature), but Age remains the most important feature. As indicated
in Fig. 4, the overall AUC value decreases by 0.005 when using clinical
data, but the error margin narrows by 0.001.

In Figs. 8(c) and 8(d) for Expert 2, CDRV is the most relevant feature
in both approaches, followed by Age.

In both cases, adding clinical data positively impacted the diagnosis
score.
8 
For the clinical and ResNet-OFI data (Figs. 8(e) and 8(f)), we
observe an expected behavior: the features Age, OFI Health score (OFI-
H), and OFI Glaucoma score (OFI-G) are the top three. It is worth
mentioning that in the monocular approach (Fig. 8(e)), Age was the
most important feature, while in the binocular approach (Fig. 8(f)),
OFI-G and OFI-H were prioritized over Age.

Finally, we provide insights from ResNet-50 predictions, present-
ing a CAM approach for both single-eye and both-eyes modes in
Figs. 9 and 10. These figures show the activations using the Deep
Explainer method [65], where red indicates high activation values



O. Kovalyk-Borodyak et al. Artiϧcial Intelligence In Medicine 160 (2025) 103050 
Fig. 9. SHAP values for the monocular approach are calculated using the Deep Explainer method. In the visualization, red dots scattered across the image indicate pixels that
positively contribute to the glaucoma class, while blue dots denote pixels that negatively impact the glaucoma class. (a) Right eye from patient #39; ground truth were tagged as
healthy. Prediction score: 29.6% (toward glaucoma). (b) Right eye from patient #69; ground truth were tagged as glaucoma with a VF/MD of –0.25 dB. Prediction score: 42.3%
(toward glaucoma). (c) Left eye from patient #14; ground truth were tagged as glaucoma with a VF/MD of –4.65 dB (Mid glaucoma). Prediction score: 71.3% (toward glaucoma).
(d) Right eye from patient #88; ground truth were tagged as glaucoma with a VF/MD of –6.32 dB. Prediction score: 74.7% (toward glaucoma). (e) Left eye from patient #19;
ground truth were tagged as glaucoma with a VF/MD of –19.99 dB. Prediction score: 62.5% (toward glaucoma). (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
Fig. 10. SHAP values for the binocular approach, calculated using the Deep Explainer method. Red dots scattered across the image indicate pixels that positively contribute to the
glaucoma class, while blue dots denote pixels that negatively impact the glaucoma class. (a) Both (right & left) from patient #39; ground truth were tagged as healthy. Prediction
score: 29.6% (toward glaucoma). (b) Both (right & left) from patient #69; ground truth were tagged as glaucoma with a VF/MD of –0.25 dB and –2.48 dB respectively. Prediction
score: 44.0% (toward glaucoma). (c) Both (right & left) from patient #14; ground truth were tagged as glaucoma with a VF/MD of –11.37 dB and –4.65 dB respectively. Prediction
score: 95.3% (toward glaucoma). (d) Both (right & left) from patient #88; ground truth were tagged as glaucoma with a VF/MD of –6.32 dB and –9.63 dB respectively. Prediction
score: 52.2% (toward glaucoma). (e) Both (right & left) from patient #19; ground truth were tagged as glaucoma with a VF/MD of –6.14 dB and –19.99 dB respectively. Prediction
score: 85.4% (toward glaucoma). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
contributing positively to the glaucoma prediction score, and blue
represents low activations contributing to the healthy class predic-
tion score. For each mode, five instances were selected, represent-
ing healthy patients, glaucoma with VF/MD ≥ –3 dB, glaucoma with
–3 dB > VF/MD ≥ –6 dB, glaucoma with –6 dB > VF/MD ≥ −12 dB,
and glaucoma with VF/MD < –12 dB. In single-eye mode, as seen in
Fig. 9, activations around ONH indicate significant information con-
tribution from this region. Additionally, Fig. 9(e) shows an activation
map highlighting vessel segmentation near the ONH and areas indi-
cating potential pathological features. In the binocular mode (Fig. 10),
activations often associated with glaucoma are predominantly located
near the ONH. The patterns of the monocular mode, such as vessel
highlighting and hard exudates, are mirrored in the binocular mode,
indicating consistency in the model’s response to anomalies in OFIs.

4. Discussion

Early detection of glaucoma is an extremely important task as it can
prevent irreversible eye damage and thus preserve the patient’s vision.
In this study, we present a novel approach for diagnosing glaucoma
by combining information from both eyes. To our knowledge, this is
the first work that uses information from both eyes of the same patient
9 
to automatically diagnose glaucoma. We provide a comparative anal-
ysis highlighting the improvements in diagnosis when using bilateral
eye information versus an eye-by-eye approach. The research demon-
strates the efficacy of using data from both eyes to enhance early-stage
glaucoma diagnosis in both GBDT and CNN models. Additionally, we
investigate the impact of incorporating patients’ clinical test results on
the accuracy of glaucoma diagnosis.

4.1. Binocular approach

From Fig. 3, we note that the median performance in the binocular
mode generally surpasses the single eye mode, particularly with clinical
data, morphological data from Expert 1 and Expert 2, MobileNet,
and ResNet-50. These models show improvements of 0.049, 0.053,
0.036, 0.098, and 0.027, respectively, at a 95% CI. Additionally, Fig. 5
shows that, for clinical-OFI data, the binocular approach significantly
outperforms the monocular, increasing its median by 0.037, unlike the
result with morphological and clinical data. This improvement likely
stems from the binocular models ability to simultaneously access data
from both eyes, enabling it to learn inter-eye relationships that may be
imperceptible otherwise. These findings advocate for the binocular ap-
proach as a viable method, offering access to more complex information
and enhancing overall performance.
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4.2. Morphological and pure OFI data

The superior performance of the morphological data (see Fig. 3)
ay be due to having a more constrained feature space in contrast to
ure OFI data. Each image is represented in a high-dimensional feature
pace, within which glaucoma may or may not be present, with each
ew instance further constraining that space. The more constrained the

space, the easier it becomes to identify or extract richer glaucoma-
elated features. This indicates that we have insufficient training data

for a direct end-to-end DL approach. The CAM in Figs. 9 and 10
illustrate the network’s sensitivity to image anomalies and its awareness
of where glaucoma-related information resides. However, manually
extracted data are richer and less noisy. This situation is consistent
with the understanding that computer vision problems typically require
large volumes of data to achieve optimal performance. The rapid
evolution of the field from LeNet-5 [66] to the present, characterized
by constant changes in model architecture, underscores the ongoing
need for more data. In scenarios involving small datasets, like ours, we
recommend exploring automated segmentation methods, though such
explorations were beyond the scope of our current research.

4.3. Contribution of clinical data

Adding clinical data to morphological data from Expert 2 resulted
n an improvement of the AUC score, as shown in Fig. 4. For Expert

1, enhancement was seen only in the monocular approach, while the
binocular approach had a similar performance.

Nevertheless, the best results were obtained from the ensemble
model that combined clinical and morphological data from Expert 2 in
binocular mode, achieving an AUC of 0.796 ± 0.003. This produces a
sensitivity of 63.894% ± 0.691 at a specificity of 95% (see Table 3),
both with a 95% CI. In comparing the CNN and morphological ap-
roaches, considerations include data acquisition cost and reliability.

Morphological data acquisition, reliant on manual segmentations, is
time-consuming and costly. Early diagnosis in glaucoma patients is
crucial to prevent severe vision loss. Segmentation reliability is often
ubjective, particularly in determining the optic cup for early-stage
r healthy patients. Fig. 6 shows the segmentation variance between

the two experts, highlighting differences in the Dice coefficient and
accard score. The variance in cup segmentations reflects the realism
f the PAPILA dataset, especially its early-stage cases with minimal
orphological changes.

With GBDT OFI-based models, there was a decrease in AUC by
.042 and 0.012 for monocular and binocular approaches, respectively.

The decline is attributed to the limited predictive power of clinical
ata (except for Age) and the nature of the GBDT algorithm. Given
he realism of the PAPILA dataset with many early-stage glaucoma
ases, detection becomes more challenging, reflecting the multifactorial
ature of the disease [67] where some forms, like normal tension

glaucoma [68,69], occur without an elevated intraocular pressure. This
is reflected in Figs. 7(a), 7(b), and 8, where IOP is seldom among the
top three features, in contrast to Age, which consistently appears.

In our analysis, Age consistently emerged as the prominent feature,
nlike IOP, underscoring its predictive value in age-related prevalence
f glaucoma [3–5]. Gao et al. [70] reported an AUC of 0.731 using
nly age and sex data, further emphasizing the predictive signifi-
ance of Age. Although Age is crucial, the monocular and binocu-
ar approaches yielded AUCs of 0.558 ± 0.006 and 0.607 ± 0.004,
espectively, indicating limited overall predictive power.

On the other hand, GBDT’s basis in decision trees allows for easy
interpretability through decision tracing, a crucial aspect in medical ap-
lications. In the case of combining clinical and OFI data, we added two
ew columns to the clinical dataset, which, as noted, are not as strong
redictors as the complete set of morphological features. Figs. 8(e)

and 8(f) show that the primary features often involve root splits,
with subsequent splits relying on the remaining clinical data, which
10 
ultimately leads to poorer predictions. Although GBDT outperformed
he CNN-based models, we noted in Fig. 5 that those improvements in

early-stage glaucoma detection always came at the expense of reduced
UC in severe cases. This suggests that, despite its interpretability, the
BDT method may not be ideal for a binocular approach, as its se-
uential splitting nature struggles to capture intra-ocular relationships,
 task potentially better suited for a neural network algorithm. Inter-

pretability, particularly in machine learning, involves complex consid-
erations [71]. deep neural networks, potentially better at discerning
these relationships, lack the clear interpretability provided by GBDT,
highlighting a fundamental trade-off between model performance and
transparency.

4.4. Study limitations

The limitations of this study include the reliance on a small dataset,
which may hinder the effectiveness of direct end-to-end DL approaches.

dditionally, the subjective nature of manual segmentation in morpho-
ogical data can introduce variability and inconsistency. The predictive

power of clinical data is limited, with only Age showing significant rele-
vance, while other factors like IOP are less predictive. Furthermore, the
GBDT algorithm, while interpretable, may not effectively capture intra-
ocular relationships due to its sequential splitting nature, potentially
limiting its performance in binocular approaches.

This work studies how incorporating data from both eyes and ad-
ditional clinical information can enhance the detection and analysis of
glaucoma. While the study does not aim to produce a final clinical tool
for immediate use, the results suggest that future glaucoma detection
tools [72] should integrate these combined data sources for greater
erformance.
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