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1. Summary 

 

Purpose 

The purpose of this study is to use three-dimensional volumetric raw optical coherence tomography data 

to predict the ectasia screening index, a metric derived from the Casia2 anterior-segment optical 

coherence tomographer (Tomey, Nagoya, Japan) for detecting ectatic corneal diseases, and to classify 

the corneal condition through the application of convolutional neural networks.  

 

Methods 

The CNNs DenseNet121, EfficientNet-B0, and ResNet18 were modified for ESI prediction. 

Additionally, DenseNet121, EfficientNet-B0, MobileNetV3-Large, and ResNet18 were modified to 

classify the corneal condition into three categories: ‘normal’, indicating a healthy eye; ‘ectasia’, 

indicating corneal ectasia; and ‘other disease’, which comprised eyes with corneal dystrophies, 

penetrating keratoplasty, Salzmann's nodules, pterygium, subepithelial or stromal scarring. Moreover, 

EfficientNet-B0 was modified to mimic the ESI using a dataset of 4,898 training files, 620 validation 

files, and 623 test files, each containing 16 equiangular meridional images. Two-class and three-class 

classification models were evaluated: the two-class model distinguished no detectable ectasia from 

suspected ectasia or clinical ectasia, while the three-class model separated no detectable ectasia, 

suspected ectasia, and clinical ectasia. The performance of the CNN architectures was assessed using 

measures including accuracy, F1 score, positive predictive value, sensitivity, and specificity based on 

data from patients who were examined at the Department of Ophthalmology, Saarland University 

Medical Centre, Homburg, Germany.  

 

Results 

The adapted ResNet18, DenseNet121, and EfficientNet-B0 achieved accuracies of 94.80%, 95.27%, and 

95.83%, respectively; F1 scores of 93.38%, 94.09%, and 94.72%, respectively; positive predictive 

values of 94.72%, 93.55%, and 95.28%, respectively; sensitivities of 92.07%, 94.64%, and 94.17%, 

respectively; and specificities of 96.61%, 95.69%, and 96.92%, respectively. For the classification of 

corneal condition, the modified DenseNet121, modified EfficientNet-B0, modified MobileNetV3-

Large, and modified ResNet18 attained the overall accuracy of 91.27%, 91.27%, 92.86%, and 89.68%, 

respectively. The modified DenseNet121, modified EfficientNet-B0, modified MobileNetV3-Large, and 

modified ResNet18 achieved macro-averaged sensitivities of 91.27%, 91.27%, 92.86%, and 89.68%; 

macro-averaged specificities of 95.63%, 95.63%, 96.43%, and 94.84%; macro-averaged positive 

predictive values of 91.58%, 91.65%, 92.91%, and 90.24%; and macro-averaged F1 scores of 91.35%, 

91.29%, 92.85%, and 89.81%, respectively. When evaluated on the 623 test files, each containing 16 

equiangular meridional images, the modified EfficientNet-B0 recorded a mean absolute error of 6.65. 
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In the two-class classification task, the architecture attained an accuracy of 87.96%, an F1 score of 

89.33%, a positive predictive value of 97.52%, a sensitivity of 82.41%, and a specificity of 96.69%. In 

the three-class classification task, it achieved an overall accuracy of 84.75%, a weighted-average F1 

score of 84.95%, a weighted-average sensitivity of 0.8475, a weighted-average specificity of 0.9333, 

and a weighted-average positive predictive value of 0.8525.  

 

Conclusion 

The effective deployment of convolutional neural network architectures using raw optical coherence 

tomography data demonstrates the viability of raw optical coherence tomography data for diagnosing 

ectatic corneal diseases.  
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2. Motivation 
 

Keratoconus is a condition in which the cornea of the eye becomes conical. This condition affects visual 

quality. Therefore, prompt treatment is essential. Understanding the condition of the cornea can help in 

diagnosing keratoconus and taking appropriate steps to treat it. Artificial intelligence can help 

ophthalmologists detect keratoconus. It is possible to use images from eye examinations as input for 

artificial neural networks to predict keratoconus. For this purpose, input data can be used for analysis in 

two forms: preprocessed or raw. Preprocessed data can undergo modifications by software and the 

modifications applied might remain undisclosed. Moreover, updates to the software might influence 

how data are handled, which can result in inconsistencies in outcomes. Raw data retain their integrity 

and original structure regardless of the instrument’s software. Raw data usually do not change with new 

software tools or updates. Furthermore, the results of the analysis using raw data instead of preprocessed 

data are more natural, as this ensures that modifications, such as noise removal, are not applied. 

Therefore, using raw data instead of preprocessed data has advantages. The motivation for this study is 

to test raw data instead of preprocessed data for the detection of ectatic corneal diseases. Moreover, it 

aims to determine whether the use of raw data can outperform the performance of studies that used 

preprocessed data for ectatic corneal diseases detection. 
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3. Background 

 

3.1 Cornea 

The cornea forms the foremost section of the eye, positioned ahead of the iris and pupil. Corneal 

disorders often encompass vision defects like myopia, hyperopia, and astigmatism, along with 

conditions such as keratoconus. Keratoconus, a non-inflammatory disorder, is a condition affecting both 

eyes, characterised by gradual thinning and increased curvature of the cornea. It is a relatively common 

condition, affecting approximately 50 to 230 people per 100,000. Rubbing the eyes is considered a 

significant contributing factor in the onset of keratoconus. Keratoconus is usually identified during the 

second or third decade of life [1-5]. 

Early stages of keratoconus can be recognised through diagnostic approaches, such as handheld 

keratoscopes, slit-lamp biomicroscopy, ultrasonic pachymetry, tomography, and topography methods, 

for example Optical Coherence Tomography (OCT) and Scheimpflug imaging [6-12].  

OCT uses low-coherence interferometry with near-infrared light to create detailed images of tissue 

architecture, such as profiles of corneal layer thickness. It determines the time delay of infrared light 

reflected from the anterior segment relative to a reference reflection. Fourier-domain and time-domain 

are two types of this imaging technique. Fourier-domain relies on a fixed mirror, whereas in time-domain 

the position of the reference mirror is varied [13,11]. 

 

3.2  Artificial intelligence  

Artificial intelligence is a broad concept describing the application of computers to simulate intelligent 

behaviour with minimal human involvement. Artificial Intelligence has grown increasingly significant 

in ophthalmology, especially in the domain of image analysis. Its use in diagnosing eye conditions has 

expanded considerably since the 1970s. Machine learning, part of artificial intelligence, permits 

machines to learn and enhance their functioning over time. Machine learning algorithms can be 

categorised into three types: (i) unsupervised learning, which involves identifying patterns without prior 

labels; (ii) supervised learning, which uses classification and prediction methods based on previously 

labelled examples; and (iii) reinforcement learning, which develops strategies for operating within a 

specific problem space by utilising sequences of rewards and penalties. Deep learning, a specialised 

subdivision of machine learning, boosts the accuracy of motion detection, as well as image and speech 

recognition [14-16]. 

The studies reported medical artificial intelligence applications in fields such as oncology [17-26] 

cardiology, neurology [27-32], cancer diagnosis, pneumology, dentistry [33-40], obstetrics, and 

gynaecology [41-43]. Also, artificial intelligence research is well supported in ophthalmology, where 

digital tools such as colour fundus photography and OCT provide extensive datasets [44]. Artificial 

intelligence is applicable in the field of retinal research, particularly in cases of age-related macular 
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degeneration, diabetic retinopathy, and retinopathy of prematurity, as well as in cataracts, glaucoma, 

keratoconus, and other anterior segment diseases [45]. Keratoconus has been detected using a deep 

learning algorithm in several studies [46-55]. 

 

3.3  Materials  

 

3.3.1 Instrument 

The device used to acquire the raw data was the cornea/anterior segment OCT Casia2 (Tomey 

Corporation, Nagoya, Japan) [56]. Figures 1 and 2 show this device, which functions as a diagnostic 

tool for OCT imaging. It captures images of the anterior section of the eye. This instrument applies OCT 

with a 1310 nm wavelength for measuring the thickness of the cornea, the distance from the anterior 

corneal surface to the anterior surface of the crystalline lens, and the distance from the posterior corneal 

surface to the anterior surface of the crystalline lens. The cornea/anterior segment OCT Casia2 is a 

Swept-Source Optical Coherence Tomography (SS-OCT)-based instrument. In comparison with 

spectral-domain OCT, which uses a broadband near-infrared superluminescent diode as a light source 

with a wavelength of around 840 nm, SS-OCT operates at a longer wavelength, enabling better signal 

detection from underlying layers [13]. 

 

 

Figure 1. Cornea/anterior segment OCT Casia2 
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Figure 2. Patient’s side of the cornea/anterior segment OCT Casia2 

 

The scan measures thirteen mm in depth and sixteen mm in diameter. The ‘Anterior Segment’ mode of 

the instrument allows highly sensitive assessments of the cornea and intraocular lens, while imaging of 

the posterior lens is not possible. On the other hand, the ‘Lens’ mode of the instrument provides a view 

from the cornea to the posterior lens. Within this study, imaging of the posterior lens is unnecessary for 

diagnosing ectatic corneal diseases; therefore, the ‘Anterior Segment’ mode was selected. Figure 3 

shows the right-eye view of a patient in the Casia2 software. 

 

 

Figure 3. Measurement screen of the Casia2 software 
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3.3.2 Data 

Data were collected from patients who went through examination at the the Department of 

Ophthalmology, Saarland University Medical Centre, Homburg, Germany over the period from 1 

February 2021 to 1 September 2023.  

The Casia2 generates three-dimensional raw data (3dv), with each 3dv file associated with the corneal 

map having a size of 36.6 MB. Each 3dv file has the data of 16 equiangular meridional images saved in 

16-bit unsigned integer format, with pixel values from 0 to 65,535. Figure 4 illustrates a portion of the 

pixel values from sixteen equiangular meridional images of a single 3dv file. 

 

 

Figure 4. A portion of the pixel values from a single 3dv file 

 

Every 3dv file is accompanied by a corresponding xpf file, which includes information regarding the 

examination, such as whether the left or the right eye was examined, the date, the time, and the protocol 

name. Figure 5 consists the data of an xpf file. 
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Figure 5. Data of an xpf file 

 

Identifying ectatic corneal diseases through the Ectasia Screening Index (ESI) involves independently 

assessing the anterior and posterior corneal shapes, with the final determination considering both 

evaluations.  

The anterior cornea score is calculated as follows:  

Anterior cornea score = 0.18Sph + Asy − 0.1Reg − 8.88 − 0.28  (1) 

where Sph is the spherical component of Fourier analysis within a 6 mm range, Asy is the asymmetry 

component of Fourier analysis within a 6 mm range, and Reg is the regular astigmatism component of 

Fourier analysis within a 6 mm range. Higher values of Sph and Asy indicate that keratoconus is 

progressing, whereas a relatively high Reg value suggests regular astigmatism rather than keratoconus. 

The posterior cornea score is calculated as follows: 
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Posterior cornea score =  −0.42Steepest + Asy − 0.78Reg − 0.2Hio + 2.38  (2) 

where Steepest is the minimum value of instantaneous power within a 6 mm range, Asy and Reg are as 

defined in formula (1), and Hio is the higher-order irregular astigmatism component of Fourier analysis 

within a 6 mm range. A relatively high Hio value indicates a normal eye rather than keratoconus.  

Of the values derived from the anterior cornea score and posterior cornea score, the higher value is taken 

as the determinant. The ESI scale spans from 0 to 95. A result from 0 to 4 represents no ectasia pattern, 

an ESI value from 5 to 29 represents suspected ectasia, and a result from 30 to 95 represents clinical 

ectasia. The ESI of each measurement is recorded in a csv file, which is exportable via the Casia2 

software. Figure 6 presents a segment of a csv file displaying ESI values.  

 

 

Figure 6. A segment of a csv file 

 

Figure 7 shows 16 equiangular meridional images acquired from the 3dv file illustrated in Figure 4. 
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Figure 7.  Equiangular meridional images acquired from a 3dv file 

 

3.4  Metrics and tools for interpreting results 

This section provides an overview of the tools and metrics used in the three articles. 

 

3.4.1 Software 

In this study, Python was used as the software for extracting sixteen images from each 3dv file and for 

training the models. Python holds advantages over other programming languages, such as its extensive 

range of libraries, like Pandas, which provides diverse data structures and tools required for data analysis 

in fields such as statistics and engineering. NumPy serves as the fundamental library for scientific 

computing in Python, while Matplotlib enables the creation of two-dimensional plotted graphs [57].  

The PyTorch library was employed for training the models. It provides a Pythonic coding style that treats 

code as a model and facilitates code correction. This approach aligns with other well-known 

computational libraries, ensuring efficiency and compatibility with hardware accelerators like graphics 

processing units [58]. 

 

3.4.2 Convolutional neural network 

Convolutional Neural Networks (CNNs) are artificial intelligence models that can find, recognise, and 

group objects, in addition to detecting them in images. CNNs are a specialised type of artificial neural 

network [59]. Artificial neural networks simulate the processes of the brain by using nodes and their 

interconnections. Each node contains an input, which obtains signals from other nodes, and an output, 

which conveys information to other nodes [60]. 

The convolutional layer is a component of the CNN architecture. It consists of a series of kernels applied 

to the input data. Each kernel, defined by its width, height, and weights, serves to extract features from 
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the data. The feature map results from applying these kernels to the input image. Figure 8 shows a three-

by-three image matrix and a two-by-two kernel matrix as an example.  

 

 

Figure 8. The use of a kernel to produce a feature map 

 

According to Figure 8, a kernel is applied to an image. In Step 1, the selected four elements of the image 

are multiplied individually by the elements of the kernel and the results of these four multiplications are 

then added together. The sum, which is 27, fills one cell of the output. The kernel then moves one cell 

horizontally across the image and the multiplication process is repeated. The result for Step 2 is 60. 

When there is no space left for the kernel to move horizontally, it shifts one cell vertically from the left 

side of the image and the process is repeated. The result of Step 3 is 61. Finally, the kernel moves one 

cell horizontally again, and the multiplication and addition process continues. In Step 4, the outcome is 

25. By applying the kernel to the image, the feature map becomes a two-by-two matrix. Formula (3) 

represents the size of the feature map [59]. 

FM =  I –  K +  1  (3) 

According to formula (3), the Feature Map (FM) size is obtained by subtracting the Kernel matrix (K) 

size from the Image matrix (I) size and then adding one. For example, in Figure 8, the size of the feature 

map is 3 − 2 + 1, which equals 2. In Figure 8, the stride for the kernel’s movement is one. This means 

the kernel moves across the image with a step size of one cell, both horizontally and vertically. 

Depending on the size of the image and the kernel, the stride value for the kernel’s movement can be 

adjusted. For instance, with a five-by-five image and a two-by-two kernel, the stride can be set to 2. 
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Increasing the stride has the advantage of reducing the size of the feature map. If the stride is not equal 

to one, formula (3) is modified to formula (4), as shown below [59]. 

FM =  
I−K

S
 +  1  (4) 

For example, if the stride is set to two, the size of the feature map, based on formula (4), is calculated 

as 
5 − 2

2
 +  1, which rounds down to two. In this case, the kernel can only be applied once horizontally 

and vertically, covering just four cells of the image in two dimensions. Consequently, two edges of the 

image would be missed. To solve this problem, zero padding can be applied to the input image. Zero 

padding involves adding zeros around the edges of the image. For instance, applying one unit of zero 

padding would transform the input image into a five-by-five matrix, as shown in image (a) in Figure 9. 

  

 

Figure 9. (a) Adding one zero padding and (b-e) applying a filter to the image 

 

Now, with a stride of two, the kernel can cover all the original image elements. Although the two edges 

of the padded image are missed, they contain no data from the original image. When zero padding is 

applied to the image, formula (4) is modified as follows: 
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FM =  
I +2P −K

S
 +  1  (5) 

In formula (5), P represents the amount of zero padding applied to the image. For example, in Figure 9, 

P is one, and the size of the feature map, based on formula (5), is calculated as 
3 +2 −2

2
 + 1, which rounds 

down to 2.  

The pooling layer reduces feature map dimensionality and preserves the most important data. Different 

pooling methods exist, like average pooling, maximum pooling, and minimum pooling. A feature map 

is divided into regions and pooling is applied to them. For example, Figure 10 shows a four-by-four 

feature map, to which max pooling is applied over four regions. According to Figure 10, in every region 

of the feature map, the maximum value is selected as the result [59]. 

 

 

Figure 10. (a) A feature map (b) The result of applying max pooling to the feature map 

 

The nonlinearity layer comes after the convolution [59]. Activation functions introduce nonlinearity to 

the network [61]. If a network does not include activation functions, its output will always be a linear 

combination of the input, no matter how many layers it has. Consequently, the intermediate layers have 

no effect on the final result [62].  

The hyperbolic tangent can be used as an activation function. The output of the hyperbolic tangent lies 

between -1 and 1 [35]. Formula (6) represents this function [35]. In formula (6), x is the input to the 

function. 

f(x) =
ex−e−x

ex+e−x  (6) 

Using the hyperbolic tangent as an activation function in deep neural networks causes the problem of 

vanishing gradient [61]. 

The sigmoid function can also be used as an activation function. The sigmoid function transforms input 

values into outputs ranging between 0 and 1, as described by formula (7) [61]. In formula (7), x is the 

input to the function. 

f(x) =
1

1+e−x  (7) 
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Like the hyperbolic tangent, using the Sigmoid function as an activation function in deep neural 

networks causes the problem of vanishing gradient [61]. 

The softmax function is employed in the CNNs’ output layer to perform multi-class classification tasks. 

It transforms the final layer’s output into a probability distribution across classes [61]. In formula (8), 

the calculation of softmax function is presented [63]. In formula (8), x1, x2, x3, …, xN are the inputs to 

the function [63]. 

f(xi) =
exi

∑ e
xjN

j=1

          i = 1,2,3, … , N  (8) 

The rectified linear unit (ReLU) function is another option for an activation function. It has the ability 

to mitigate the vanishing-gradient problem during the training process [61]. In the hyperbolic tangent 

and sigmoid functions, when the input value is too small or too big, the gradient of the function becomes 

small, which leads to slow convergence [62]. However, the ReLU function has two constant derivative 

values, 0 and 1; therefore, there is no problem with converging slowly [62]. If the input to this function 

is negative, the output is zero; if the input is zero or positive, the output is equal to the input [61]. 

Formula (9) defines the ReLU function. In formula (9), x is the input to the function. 

f(x) = {
0           x < 0
x           x ≥ 0

  (9) 

In a fully connected layer, every neuron of the previous layer links to all neurons of the current layer. 

This layer is usually positioned at the network’s end to produce the final output [60].  

Figure 11 shows a typical CNN architecture for three-class classification, where P1, P2, and P3 represent 

the probabilities of Class 1, Class 2, and Class 3, respectively. 

 

 

Figure 11. CNN architecture 

 

The loss function measures the discrepancy between the predicted output and the actual target. In CNNs, 

the loss function is applied to both regression tasks, where the outputs are continuous rather than discrete 

values such as 0 and 1, and classification tasks, where the outputs are discrete, with the aim of 

minimising the loss. Mean Squared Error (MSE) can be used as the loss function with regression 

problems [62]. 

MSE is expressed in formula (10)  
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MSE =  
1

N
∑ |yi − ŷi|

2N
i=1   (10) 

where N denotes the total number of actual targets, which equals the number of predicted outputs; yi 

denotes the actual target at position i, and ŷi is the corresponding predicted output [64]. 

Cross entropy loss can be used as the loss function with classification tasks [62]. 

In an N-class problem, where there are N possible categories, a neural network maps an input x to a 

score vector of [s1, s2, … , sN]T. The softmax function, as described in formula (11), converts these scores 

into probabilities: 

pi =
esi

∑ eslN
l=1

  (11) 

where pi denotes the predicted probability of class i.  

The cross-entropy loss is given by formula (12)  

CEL =  − log(pL) =  −log
esL

∑ eslN
l=1

  (12) 

where L denotes the true class label [65]. 

Optimisers are used during training to minimise the loss function [62]. 

Overfitting is a major issue in deep neural networks that have a large number of parameters [66]. In this 

scenario, the model performs excellently on the training data but does not generalise well to the 

validation data. An overfitted model often memorises the training data rather than capturing the essential 

structure and patterns of the information. As shown in Figure 12, with an increase in the number of 

epochs, where an epoch refers to one complete pass of the training data through the neural network, the 

training error, which assesses how well the model performs on the training data, continuously decreases, 

whereas the validation error exhibits a different pattern. It decreases initially but starts to rise after 

reaching a certain point. Stopping the learning process, the iterative procedure by which the neural 

network adjusts its parameters to minimise error, before this point results in underfitting, while stopping 

it after the point leads to overfitting. Therefore, the optimal approach is to stop the learning process 

when the validation error is at its minimum [67].  
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Figure 12. Training and validation errors over epochs 

 

To mitigate overfitting, three main techniques are outlined below: dropout, L1 regularisation, and L2 

regularisation. 

Dropout is a method that randomly disables units and their associated connections in the neural network 

during training to reduce overfitting. Dropout ensures that units are active in the neural network with a 

probability of p during training, but during testing, all units are retained, with their weights scaled by p 

[68]. 

Regularisation techniques are employed to avoid overfitting, where the model excels on the training data 

but underperforms on the validation data, by incorporating a term into the loss function, which promotes 

simpler or smaller weights for the model. Among the most widely used regularisation techniques are L1 

and L2 [61].  

L1 regularisation incorporates a component to the loss function that depends on the absolute values of 

the weights, encouraging sparsity in the model's parameters. Formula (13) illustrates the regularised loss 

function for L1 regularisation. In this equation, L(w) represents the original loss function, wi refers to 

the ith weight, n indicates the total number of weights, and λ is the regularisation strength. 

L̃(w) = L(w) + λ ∑ |wi|
n
i=1   (13) 

L2 regularisation incorporates a component to the loss function that depends on the squared values of 

the weights, which encourages the model to maintain smaller weights. Formula (14) defines the 

regularised loss function for L2 regularisation. In formula (14), L(w), wi, n, and λ carry the same 

meanings as in formula (13). 

L̃(w) = L(w) +
λ

2
∑ wi

2n
i=1   (14) 
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Below is an introduction to some CNN models that were used for predicting the ESI and corneal 

condition. 

3.4.2.1 DenseNets 

A single input image x0 is processed by a convolutional neural network consisting of L layers. Each layer 

applies a non-linear transformation Hl(.), with l representing the layer index. The transformation Hl(.) 

may comprise a sequence of processes, including batch normalisation, which normalises the feature 

maps produced following convolution, rectified linear unit (ReLU), pooling, or convolution [69]. 

The output of the l-th layer is denoted as xl. Dense connectivity is employed such that each layer is 

directly connected to every following layers. Consequently, the input to the l-th layer consists of the 

concatenated feature maps generated by every previous layer, [x0, x1, …, xl-1], and is expressed as    

xl  =  Hl([x0,  x1, … , xl−1])  (15) 

In formula (15), [x0, x1, …, xl-1] denotes the combined feature maps from layers 0 through l−1. This 

dense pattern of inter-layer connections defines the architecture known as the Dense Convolutional 

Network (DenseNet) [69]. 

DenseNet architectures are available in various models, such as DenseNet-121, DenseNet-169, 

DenseNet-201, and DenseNet-264, where the numerical designation denotes the total layer count in each 

model [69]. 

 

3.4.2.2 EfficientNets 

Scaling up CNNs is a widely adopted approach to improve accuracy. DenseNet, for example, can be 

scaled from DenseNet-121 to DenseNet-264 by increasing the number of layers. The most common 

methods for scaling CNNs involve increasing depth, or width, or scaling by input image resolution [70]. 

In contrast to common approaches that adjust these dimensions arbitrarily, this method adjusts network 

depth, width, and resolution by using constant coefficients. For example, using 2N times more 

computational resources corresponds to increasing network depth by αN, width by βN, and size of image 

by γN, with α, β, and γ identified through a grid exploration on the original baseline network. Applying 

this strategy enables the development of a new baseline network, which can then be scaled to form a 

family of models known as EfficientNets. These architectures include EfficientNet-B0, EfficientNet-

B1, EfficientNet-B2, EfficientNet-B3, EfficientNet-B4, EfficientNet-B5, EfficientNet-B6, and 

EfficientNet-B7 [70]. 

 

3.4.2.3 MobileNets 

The MobileNet architecture is built upon depthwise separable convolutions, a type of convolution that 

splits a convolution to a depthwise convolution and a 1×1 convolution, referred to as a pointwise 

convolution. The depthwise convolution uses one filter to every input channel, while the pointwise 

convolution uses a 1×1 convolution to merge the depthwise convolution’s outputs. By contrast, through 
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a standard convolution, inputs are filtered and combined into new outputs in a single stage. The 

depthwise separable convolution separates these operations into two layers: one performs filtering, and 

the other performs combination. This factorisation substantially decreases both computational expense 

and the size of the network, causing it to be appropriate for mobile and embedded vision systems [71]. 

 

3.4.2.4 ResNets 

Adding more layers to a deep network causes the accuracy to degrade. This degradation problem was 

solved by introducing a deep residual learning framework. Residual learning is employed in every few 

stacked layers [72]. 

The output of a building block follows formula (16) [72]. 

y =  F(x, {Wi})  +  x  (16) 

In formula (16), x is the input to the stacked layers an y is the output of the stacked layers, while F(x, 

{Wi}) denotes the residual mapping. The operation F + x is implemented via a shortcut connection. The 

residual function F(x, {Wi}) may consist of more than two layers and can represent multiple 

convolutional layers [72]. 

ResNet architectures consist of ResNet-18, ResNet-34, ResNet-50, ResNet-101, and ResNet-152, where 

the numerical designations represent the layer count [72]. 

 

3.4.3 Quality criteria 

Mean Absolute Error (MAE) can be applied to assess the predictive ability of a network. MAE calculates 

the average of the absolute differences between the actual and predicted values [62]. Formula (17) 

demonstrates the calculation of MAE 

MAE =
1

N
∑ |yi − ŷi|

N
i=1   (17) 

where N, yi, and ŷi hold the same definitions as provided in formula (10). 

The primary metrics used to evaluate a binary classifier are calculated from the four components of the 

confusion matrix, which summarises the numbers of correct and incorrect predictions made by a model. 

They are fundamental for measuring the performance of the classifier. True Positive (TP) indicates the 

count of positive instances accurately identified by the network. True Negative (TN) indicates the count 

of negative instances accurately identified by the network. False Positive (FP) represents the count of 

negative instances wrongly identified as positive. False Negative (FN) represents the count of positive 

instances wrongly identified as negative. Figure 30 displays the confusion matrix. 
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Figure 13. Confusion matrix 

 

The following metrics are applied to evaluate how accurately a network categorises the data into two 

classes [73].  

Accuracy indicates the percentage of accurately predicted instances in relation to all instances in the test 

dataset. 

Accuracy =  
TP+TN

TP+FP+TN+FN
  (18) 

Sensitivity calculates the proportion of correctly identified positive instances among all the true positive 

cases.  

Sensitivity =  
TP

TP+FN
  (19) 

Specificity indicates the proportion of correctly classified negative instances among all the actual 

negative samples. 

Specificity =  
TN

TN+FP
  (20) 

Positive Predictive Value (PPV) is the proportion of accurately recognised positive samples among all 

samples predicted as positive.  

PPV =  
TP

TP+FP
  (21) 

In cases of unbalanced datasets, in which one class occurs significantly more often in comparison with 

the other, the F1 score provides a more reliable measure. Accuracy, sensitivity, and specificity may fail 

to properly assess model performance, but the F1 score ensures a more balanced evaluation. 

F1 =   2 ∙
PPV×Sensitivity

PPV+Sensitivity
  (22) 

When regression outputs are used for binary decision-making, an appropriate decision threshold must 

first be selected. Once this threshold has been determined, the continuous predictions are converted into 

two classes so that confusion matrix values can be calculated. Predictions that meet or exceed the 



20 

threshold are assigned to the positive class, while those below it are assigned to the negative class. In 

this threshold-based classification setting, it is necessary to balance sensitivity and specificity, as 

increasing one can reduce the other. To identify a suitable trade-off, the Receiver Operating 

Characteristic (ROC) curve can be analysed. A common approach is to select the threshold that 

maximises the disparity between sensitivity (true positive rate) and 1 – specificity (false positive rate), 

a method known as Youden’s J statistic.  
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4. Publications 

 

4.1 Article 1 

This article focuses on predicting the ESI from raw OCT data obtained from the cornea/anterior segment 

OCT Casia2 by using adapted DenseNet121, EfficientNet-B0, and ResNet18 as CNN models. The 

dataset was classified according to an ESI of 30, as defined by the Casia2. ESI values of 30 and above 

denoted the Keratoconus class, reflecting the presence of clinical ectasia, whereas ESI values of less 

than 30 were classified as Not Keratoconus, reflecting either a suspicion of ectasia or the absence of any 

ectatic pattern [74]. A correction has been published for this article regarding the correct uploading of 

the dataset and codes to a repository [75]. 
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4.2  Article 2 

This article focuses on predicting the corneal condition from raw OCT data obtained from the 

cornea/anterior segment OCT Casia2 by using modified DenseNet121, EfficientNet-B0, MobileNetV3-

Large, and ResNet18 as CNN models. Three experienced ophthalmologists (PD Dr. Alaa Din Abdin, 

PD Dr. Elias Flockerzi, and Univ.-Prof. Dr. Nora Szentmary) assigned 2737 eye examination to one of 

three classes: ‘normal’, representing a normal eye; ‘ectasia’, representing corneal ectasia; or ‘other 

disease’, including eyes with corneal dystrophies, penetrating keratoplasty, pterygium, Salzmann’s 

nodules, or subepithelial or stromal scarring [76]. 
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4.3  Article 3 

This article introduces a Graphical User Interface (GUI) based on a modified EfficientNet-B0, as a CNN 

model, which predicts the corneal ectasia score and classifies eyes into one of three categories: ‘No 

detectable ectasia pattern’, ‘Suspected ectasia’, or ‘Clinical ectasia’, by selecting a raw data file in 3dv 

format from the cornea/anterior segment OCT Casia2. Moreover, the performance of the modified 

EfficientNet-B0 was evaluated for a two-class classification, with the dataset classified according to an 

ESI of 5, as defined by the device. ESI values of 5 and above denoted the E (Ectasia) class, reflecting 

either suspected ectasia or clinical ectasia, whereas ESI values below 5 were classified as NE (No 

Ectasia), reflecting the absence of any ectatic pattern [77]. 
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5. Discussion 

 

In this study, raw OCT data from the cornea/anterior segment OCT Casia2 were used to mimic the ESI 

and to predict the corneal condition. The cornea/anterior segment OCT Casia2 generates raw data files 

in 3dv format, with each file containing data of sixteen equiangular meridional images. Three CNN 

architectures Densenet121, EfficientNet-B0, and ResNet18 were used to predict the ESI. DenseNets 

provide benefits, including a reduction in the number of parameters and the ease of the vanishing-

gradient problem, and have been tested on CIFAR-10, CIFAR-100, ImageNet, and SVHN datasets [69]. 

EfficientNets employ a compound scaling approach, which achieves higher accuracy than single-

dimension scaling approaches [70]. EfficientNets have been tested on ImageNet as well as transfer 

learning datasets, including Birdsnap, CIFAR-10, CIFAR-100, FGVC Aircraft, Flowers, Food-101, 

Oxford-IIIT Pets, and Stanford Cars [70]. ResNets feature residual networks, which make them easier 

to optimise, and have been tested on the CIFAR-10 and ImageNet datasets [72]. All the models were 

adapted to accept a sixteen-channel input instead of the three Red-Green-Blue channels. The outputs of 

the models were adapted to produce a single output. The adapted EfficientNet-B0 showed the lowest 

MAE, with a value of 5.86 on the test dataset. Additionally, the adapted EfficientNet-B0 achieved higher 

accuracy of 95.83% than the accuracy of 95.27% achieved by the adapted Densenet121 and the accuracy 

of 94.80% achieved by the adapted ResNet18 in predicting the ESIs on the test dataset. The accuracies 

achieved by all three CNN architectures are higher than the weighted average accuracy of 93.52% 

reported in [47], which used Casia2’s preprocessed OCT data to identify corneal conditions, comprising 

healthy, keratoconus, keratoglobus, post laser, pellucid marginal corneal degeneration, not appreciable 

due to faults, invalidity, or lack of identifiability by the device, and other. Post laser eyes were considered 

abnormal because previous laser treatment must be identified before laser or cataract surgery, and 

because laser-induced corneal shape changes are often mistaken for other corneal pathologies. The 

dataset used in [47] comprised 2,182 scans in total, with 1,552 scans for training, 388 for validation, and 

242 for testing. However, this comparison must be interpreted with caution, as the datasets across the 

studies are not the same. Moreover, all three CNN architectures achieved higher accuracies than the 

accuracy of 94.74% reported in [50], where raw data from the Pentacam HR system (Oculus GmbH, 

Wetzlar, Germany) were used for the detection of keratoconus and subclinical keratoconus. The dataset 

in [50] consisted of 854 samples. Furthermore, all three CNN architectures obtained higher accuracies 

than the accuracy of 92.13% reported in [55], which used raw data from the Corvis ST (Oculus, Wetzlar, 

Germany) for keratoconus diagnosis. The dataset used in [55] contained 1,786 raw data samples 

obtained from the Corvis ST. However, these comparisons must also be interpreted carefully, as different 

devices were used in the studies. The F1 scores achieved by all three CNN architectures are higher than 

the F1 scores reported in [47]. These results demonstrate that raw OCT data can provide superior 

diagnostic performance compared with preprocessed data-based methods for detecting ectatic corneal 
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diseases. Moreover, the F1 scores achieved by the adapted DenseNet121 and the adapted EfficientNet-

B0 are higher than the F1 scores reported in [50,55].  

Two points could be investigated in future research regarding the study reported in [74]. First, the dataset 

used for training, validation, and testing of the adapted ResNet18, the adapted DenseNet121, and the 

adapted EfficientNet-B0 contained 2,320 files for the Keratoconus class and 3,497 files for the Not 

Keratoconus class, with each file containing 16 equiangular meridional images. Future research could 

employ a balanced dataset, which may improve the accuracy of predictions for the Keratoconus class. 

Second, the images were preprocessed by removing 25% from the left and 25% from the right edges to 

eliminate eyelid regions, and 60% from the bottom to exclude areas outside the cornea. Future research 

could investigate the performance of CNN architectures on uncropped images. 

The CNN models DenseNet121, EfficientNet-B0, MobileNetV3-Large, and ResNet18 were modified to 

classify corneal conditions into one of three groups: ‘normal’, indicating a normal eye; ‘ectasia’, 

indicating corneal ectasia; or ‘other disease’, including eyes with corneal dystrophies, penetrating 

keratoplasty, subepithelial or stromal scarring, Salzmann's nodules, or pterygium, using raw data from 

the Casia2 instrument. MobileNets are suitable for mobile and embedded vision applications and have 

been tested on the ImageNet dataset [71]. To accommodate the multi-channel input, the network 

architectures were revised by altering the first convolutional layer so that it accepted sixteen channels, 

replacing the typical three-channel Red–Green–Blue (RGB) input. The classification head was also 

modified, as rather than producing the 1000 outputs used in ImageNet models, it was redesigned to 

generate three outputs corresponding to the categories ‘normal’, ‘ectasia’, and ‘other disease’. All other 

parts of the CNN architectures remained unchanged. The modified MobileNetV3-Large achieved the 

highest overall accuracy, with a value of 0.9286, compared with the other three modified CNN models. 

Moreover, a GUI was provided for the classification of the corneal condition. Users can choose a raw 

data file in 3dv format and access the 16 automatically scaled images extracted from the file, with the 

option to magnify each image. This capability allows users to compare the diagnosis generated by the 

GUI with the observations they make in the images. In addition, the probability for each class is 

presented. The GUI assists ophthalmologists in diagnosing corneal conditions by providing a prediction 

based on the modified MobileNetV3-Large architecture from an eye examination conducted with the 

cornea/anterior segment OCT Casia2, without being affected by any revisions to the Casia2 software.  

The macro-average F1 score obtained by the modified MobileNetV3-Large (0.9285) is higher than the 

weighted-average F1 score of 0.8817, derived from the value reported in [47]. Moreover, the F1 score 

achieved by the modified MobileNetV3-Large for the ‘Ectasia’ class (0.9412) is higher than the F1 score 

of 0.9134 for the Keratoconus class, derived from the value reported in [47]. While this comparison 

again suggests that using raw OCT data may offer improved performance over methods based on 

preprocessed data, it should be interpreted with caution, as the datasets in the referenced study differ 

from those used here.  
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One point could be explored in future research regarding the study reported in [76]. Mismatched 

assessments among the three experienced ophthalmologists were not considered, which may have 

influenced the generalisability of the results to the entire patient population. Future studies could 

consider including mismatched cases in order to improve the generalisability of the findings to the whole 

patient population. 

Furthermore, EfficientNet-B0 was modified to mimic the ESI using a dataset that included 4,898 files 

for training, 620 files for validation, and 623 files for testing, with each file consisting of 16 equiangular 

meridional images. Two distinct categorisation methods were examined: a two-class model separating 

cases with no detectable ectasia from those with suspected or clinical ectasia grouped together, and a 

three-class model that independently classified no detectable ectasia, suspected ectasia, and clinical 

ectasia. When applied to the two-class classification task, the modified EfficientNet-B0 reached an 

accuracy of 0.8796. The model yielded an F1 score of 0.8933, a PPV of 0.9752, a sensitivity of 0.8241, 

and a specificity of 0.9669. When applied to the three-class classification, the architecture achieved an 

overall accuracy of 84.75%. and a weighted F1 score of 84.95%. The architecture reached an MAE of 

6.65 on the test dataset. 

A GUI was developed to predict the corneal ectasia score and to diagnose the corneal status in one of 

three categories: no detectable ectasia pattern, suspected ectasia, and clinical ectasia. Additionally, the 

GUI allows users to save the 16 extracted equiangular meridional images from the selected 3dv file, 

enabling them to compare their own assessment of the corneal status with the GUI’s diagnosis. This 

provides an additional opportunity for independent assessment, which supports more reliable decision-

making if the GUI produces an incorrect classification. The GUI generates a numerical score for corneal 

ectasia, which permits users to compare ectasia severity across different measurements. 

Three points could be considered in future research regarding the study reported in [77]. First, future 

research could compare the diagnoses provided by the GUI with the same dataset labelled by a cornea 

specialist, who classifies the corneal condition into three categories: no detectable ectasia, suspected 

ectasia, and clinical ectasia. Second, specifying the eye side was essential, as the user must indicate 

whether the 3dv file is from a left- or right-eye examination. Future research could train the CNN 

architecture on the dataset without considering whether each file corresponds to a left- or right-eye 

examination, which would allow the GUI to function without requiring the user to specify the eye for 

each 3dv file. Third, for the three-class classification, the dataset contained differing numbers of eye 

examinations in each class: 2,549 files for ‘No Ectasia’, 1,127 files for ‘Suspected Ectasia’, and 2,465 

files for ‘Clinical Ectasia’, with each file containing 16 equiangular meridional images. Future research 

could use a balanced dataset, which may improve the accuracy of predicted cases of ‘Suspected Ectasia’. 

Using black box libraries such as Pandas, NumPy, and Matplotlib in Python can pose risks for 

programmers. For example, if programmers do not fully understand how these libraries operate 

internally, it becomes difficult to debug performance issues. Library updates may change functionality, 
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remove features, or introduce bugs. Relying heavily on these tools without awareness of their 

dependencies can also create compatibility issues in long-term projects. 

Python scripts for Articles 1, 2, and 3 are provided in separate zipped files at 

https://doi.org/10.5281/zenodo.18451700. 

 

5.1 Limitations of the study 

This study has some limitations. For predicting the ESI, cases were excluded if they exhibited motion 

artefacts, narrow lid openings, and post-Penetrating Keratoplasty (PK) conditions. The exclusion was 

performed manually by visually inspecting the OCT images. This filtering may have influenced the 

extent to which these results can be generalised across all patient populations. Additionally, three CNN 

models were adapted and evaluated. Other CNN models may provide more accurate predictions. 

Furthermore, the eye side was used as a parameter for predicting the ESI. Future research could aim to 

remove its influence on the analysis.  

For assessing corneal condition across three categories of normal, ectasia, and other diseases, four CNN 

models were adapted and evaluated. Other CNN models may attain superior performance. Moreover, of 

the 2,737 eye examinations labelled by three ophthalmologists, 1,325 were classified as ‘normal’ by all 

three ophthalmologists, representing around 73.49% of the 1,803 eye examinations that received the 

same labels from all three ophthalmologists. If further samples were available for the ‘ectasia’ and ‘other 

disease’ classes, the architecture could have been trained on a larger dataset from these classes, which 

could have led to higher accuracy.  

The provided GUI for predicting the corneal ectasia score and diagnosing corneal condition into one of 

three classes of no detectable ectasia pattern, suspected ectasia, and clinical ectasia, lacked independent 

validation of the Casia2-derived ESI scores against a gold standard. Therefore, there may be potential 

inconsistencies between the ESI and the clinical diagnosis. Furthermore, cases primarily affected by 

movement artefacts, narrow lid openings, and post-PK were excluded from the dataset used to train, 

validate, and test the CNN architecture integrated into the GUI. As a result, the model may not generalise 

well to images with movement artefacts, narrow lid openings, and post-PK eyes. Future research should 

include these cases to assess and potentially enhance external validity. Moreover, for predicting the ESI, 

assessing corneal condition across three categories of normal, ectasia, and other diseases, and providing 

a GUI for predicting the corneal ectasia score, a monocentric dataset was used. This may affect 

generalisability when only data from a single institution are considered. Including data from multiple 

institutions and a greater variety of devices could improve generalisability. 

 

5.2  Conclusions and outlook 

According to the results, it can be concluded that raw OCT data can provide better performance than 

preprocessed data for predicting the ESI and the corneal condition. However, this should be interpreted 

cautiously, as comparisons with previous studies are not equivalent, given that the datasets differed 
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between studies. As advantages of using raw data instead of preprocessed data, it can be noted that 

preprocessed data can vary if the instrument’s software changes, whereas raw data remain fixed. This 

affords a more reliable basis for analysis. Moreover, raw data are more natural, as no modifications such 

as noise removal are applied to them. As disadvantages of using raw data instead of preprocessed data, 

it can be noted that raw data may contain noise and be difficult to interpret. Moreover, each raw data 

file was 36.6 MB in size, whereas preprocessed data may be smaller.  

Accurate determination of the corneal ectasia score is clinically important because it enables early 

diagnosis and treatment of keratoconus, which may slow disease development and maintain vision 

quality. The provided GUIs for classifying corneal conditions into one of three categories (‘normal’, 

‘ectasia’, or ‘other disease’) and for predicting the corneal ectasia score can assist ophthalmologists in 

diagnosing the corneal condition. Ophthalmologists have the opportunity to compare their own 

assessment by examining the saved extracted equiangular meridional images from the selected 3dv file. 

Additionally, the GUI for predicting the corneal ectasia score outputs a numerical corneal ectasia score, 

which enables comparison of ectasia severity between eye examinations within the same class. Since 

both GUIs use raw data as input, their predictions are not affected by any changes to the software version 

of the cornea/anterior segment OCT Casia2. 

Although DenseNet121, EfficientNet-B0, and ResNet18 were adapted for predicting the ESI, and 

DenseNet121, EfficientNet-B0, MobileNetV3-Large, and ResNet18 were modified for classifying 

corneal conditions into one of three categories (‘normal’, ‘ectasia’, or ‘other disease’), other CNN 

models could also be considered for further research. Moreover, future research could evaluate the 

performance of CNN models by using datasets collected from multiple sources. 
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