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Abstract
Alzheimer’s disease (AD) is a progressive cognitive and neurological
disorder that affects millions of people worldwide. Retinal imaging
has emerged as a cheap, non-invasive biomarker for AD, using
which artificial intelligence (AI) models can be trained to streamline
AD screening and diagnosis. Given the sensitivity of AD diagnosis,
the lack of interpretability of conventional AI models, such as
convolutional neural networks (CNNs), is an important barrier to
their practical application. In this context, the Kolmogorov-Arnold
network (KAN) architecture provides an intrinsically interpretable
alternative to traditional deep learning models. Using KANs, we
propose an interpretable AI model for AD detection that achieves an
accuracy of 87%, outperforming state-of-the-art models by margins
of more than 6%.

CCS Concepts
• Computing methodologies; • Artificial intelligence; • Com-
puter vision; • Computer vision tasks; • Visual inspection;

Keywords
Alzheimer’s Disease, Kolmogorov-Arnold Networks, Interpretable
Artificial Intelligence, Optical Coherence Tomography
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1 Introduction
Alzheimer’s disease (AD) is a progressive neurological disorder
characterised by cognitive decline and memory loss. Early detec-
tion of AD can significantly impact the management of the disease,
making accurate screening and diagnostic tools essential for pa-
tient care [1]. Artificial intelligence (AI) and computer vision can
streamline AD detection and improve its speed and accuracy [1].
Retinal imaging has recently emerged as a potential cheap and
non-invasive biomarker for AD detection [2].

A modular machine learning (ML)-based method for AD de-
tection using retinal images is presented in [3]. This method is
comprised of three modules. The first module, which is a neural
network ensemble, detects and excludes low-quality images. The
second module, a U-Net model, performs blood vessel segmentation.
The third module, a support vector machine (SVM), classifies retinal
images with an accuracy of 82.44%. EfficientNet-B2 is utilised by the
authors of [4] to detect AD using retinal imaging, achieving an ac-
curacy of 83.6%. Residual neural networks (ResNets) are leveraged
in [5] for AD detection using multi-modal retinal image data, with
a precision of 74.4% and a recall of 72.7%. The authors of [6] com-
pare the performance of multiple ML methods, reporting accuracies
ranging from 67% to 74%. The authors of [7] use EfficientNetB-3
to capture the relationship between retinal fundus images and cog-
nitive scores, explaining 22.4% of the variance of cognitive scores
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using both retinal images and their respective metadata, and 9.3%
of the variance using metadata alone. The study undertaken in
[8] leverages VGG-16 and explainable artificial intelligence (XAI)
methods to assess the continuum of AD, reporting an accuracy of
71.4%. The authors of [9] utilise MobileNet for AD classification
using retinal fundus images and report an area under the curve of
the receiver operating characteristic curve of 0.927.

While deep learning-based machine vision models, including
convolutional neural networks (CNNs) have achieved high accuracy
in various tasks, including AD detection, they are generally consid-
ered black box models due to their complex, non-linear transfor-
mations of input data, which is particularly concerning in medical
applications where reliability and trustworthiness are paramount.
While XAI methods can offer insight into the decisions made by
these models, they are still intrinsically not interpretable.

The Kolmogorov-Arnold network (KAN) architecture offers an
interpretable alternative to conventional deep learning models. The
KAN model is a novel architecture motivated by the Kolmogorov-
Arnold representation theorem, stating that any continuous multi-
variate function can be written as the sum of continuous univariate
functions. Unlike other neural network models, the KAN model
uses learnable activation functions [10]. B-Splines and wavelets
are among the commonly used activation functions in the KAN
architecture [10, 11]. The efficacy of KANs for image classification
has been demonstrated in [12] by comparing the KAN model with
MLPs and ResNets on CIFAR10 [13], CIFAR100 [13], and MNIST
[14] datasets.

The interpretability of the KAN model makes it an attractive
choice in the context of medical diagnosis, where transparency and
reliability are crucial.

This study investigates the efficacy of KANs in AD detection
using retinal images. Our findings contribute to the development of
more accurate, reliable, and streamlined screening and diagnostic
tools for AD detection.2 Materials and Methods

1.1 Data
The publicly available optical coherence tomography (OCT) dataset
[15] is utilised in this research to train and test the proposed model
and the benchmark algorithms. Two-dimensional slices are ex-
tracted from three-dimensional OCT images and down sampled to
50x50 pixels, resulting in 1120 two-dimensional 50x50 grayscale
images.

1.2 Kolmogorov-Arnold Networks
Assuming that f is a continuous multi-variate function over a
bounded domain, the Kolmogorov-Arnold theorem states that f
can be decomposed into a sum of univariate functions [10]:

5 (G) =
∑2=+1

@=1
Φ@

(∑=

?=1
q@,?

(
G?

) )
, (1)

The Kolmogorov-Arnold representation theorem (1) is equivalent
in formulation to a 2-layer neural network. This architecture can
be generalised to an arbitrary number of layers (L) [10]:
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Figure 1: A 2 layer KAN

where =8 is the number of nodes in the i-th layer of the KAN, q;,8, 9
is the activation function connecting the i-th node in layer l to the
j-th node in layer l+1, and the number of nodes of the final layer
(=!) is assumed to be one.

In the KAN architecture introduced in [10], the qThe The q;,8, 9
functions are defined as follows:

q;,8, 9 (G) = F1,8, 9,;1 (G) +FB,8, 9,;B (G) , (3)

whereF1,8, 9,; andFB,8, 9,; are learnable weights of the fixed and learn-
able activation functions, respectively, s(x) denotes the B-spline
function, and b(x) is a fixed activation function, such as the swish
function:

1 (G) = G

1 + 4−G
. (4)

While, in principle, the learnable weights can be absorbed into
b(x) and s(x), they offer better control over the magnitude of the
activation functions [10].

The optimal hyperparameters of the KAN model, obtained us-
ing (non-nested) 3-fold cross-validation and Bayesian optimisation
are presented in Table 3, and the optimal hyperparameters of the
benchmark models are presented in Table 4.

Fig. 1 depicts a KAN with 2 layers, a 2-dimensional input (on
the lower side), and a 1-dimensional output (on the upper side).
As shown in the figure, each input feature passes an activation
function, and the results are all summed up, producing the features
in the second layer of the network. The second layer features each
pass another activation function and are summed up to produce the
network output. Furthermore, the activation functions of the KAN
model are learned, and the activation function of each neuron differs
from the activation functions of other neurons. Each function is
univariate, and only receives one input variable.

1.3 Computational Complexity
Denoting the number of KAN layers with L, the number of spline
functions with N, the number of spline knots with G, and spline
order with k, the computational complexity of the KAN model is
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Table 1: The search space for the KAN model

Hyperparameter Possible Values Prior Distribution

Number of Layers {1, 2, …, 5} Uniform
Number of Spline Functions per Layer {10, 11, …, 100} Uniform
Number of Spline Knots {0, 1, …, 100} Uniform
Fixed Activation Functions {RELU, GELU, Sigmoid} Uniform

Table 2: The search space for the CNN-based benchmarks

Hyperparameter Possible Values Prior Distribution
Number of MLP Layers {1, 2, 3, 4} Uniform
Number of Neurons per MLP Layer {100, 101, …, 4096} Exponential

Table 3: KAN Hyperparameter Values

Hyperparameter Value

Layers 3
Units per Layer 72
Spline Order 3
Grid Size 11
Fixed Activation Function GELU

Table 4: The hyperparameters of the benchmark models

Model MLP Layers Neurons per Layer

EfficientNet-B3 3 829
MobileNet 3 870
ResNet-50 3 458
VGG-16 4 3599

O(# 2!(� + :)) [10]. The computational complexity of the CNN-
based benchmarks is O(# 2!�2), where L denotes the number of
CNN layers, N denotes the number of feature maps in each layer,
and D denotes the dimensionality of each feature map [16].

2 Results
To assess the performance of the proposed method, its classifica-
tion accuracy, precision, recall, and area under the curve (AUC)
of its receiver operating characteristic curve are compared with
RETFound, a transformer-based foundation model for retinopathy

detection [17], as well as EfficientNet-B3, MobileNet, ResNet-50
and VGG-16. The RETFound model is initialised from the weights
published by its authors [17], while the other benchmark methods
are initialised from weights resulting from pretraining on the Im-
ageNet dataset [18]. The final classifier layers of the benchmark
models are discarded, and an MLP classifier head is added on top
of the benchmark models. The number of MLP layers and the num-
ber of units per MLP layer constitute the hyperparameters of the
benchmark models. The KAN model is trained from scratch using
the OCT data.

Table 5: Comparison of classification metrics

Model Accuracy Precision Recall AUC

Proposed Model 87% 88% 86% 88%
RETFound 79% 81% 73% 79%
EfficientNet-B3 54% 53% 62% 60%
MobileNet 50% 26% 85% 56%
ResNet-50 73% 81% 76% 84%
VGG-16 81% 86% 80% 87%
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Figure 2: (a) Accuracy vs. Number of Training Epochs for the KAN model (b). Accuracy vs. Number of Training Epochs for the
VGG-16 model

2.1 Hyperparameters
Instead of performing a grid search or a random search to obtain
the optimal set of hyperparameters for the KAN model and the
benchmark models, we have utilised Bayesian optimisation in this
research. Instead of sampling the hyperparameter space at fixed
intervals like grid search or at random points like random search,
Bayesian optimisation samples the hyperparameter space at points
where there is the highest probability of improvement over the best-
observed performance (accuracy, precision, etc.). The hyperparam-
eter search space and prior distributions over the hyperparameters
are presented in Table 1 and Table 2 for KAN and the CNN-based
benchmarks, respectively.

2.2 Performance Evaluation
In order to select the optimal hyperparameters for the KAN model
as well as the benchmark models while performing model selec-
tion to determine the best model, we have utilised nested k-fold
cross-validation along with Bayesian optimisation in this research.

The inner folds are used to obtain the optimal set of hyperparam-
eters, while the outer folds are used to assess the classification
performance of the models. The results are presented in Table 5.

As evident in Table 5, the proposed KAN-based method out-
performs the benchmarks in all classification metrics, showcasing
KAN’s potential in disease diagnosis using medical images.

2.3 Convergence Speed
In order to compare the convergence speed of KAN to the bench-
marks, the train accuracies of 10 different randomly initiated KANs
with the optimal hyperparameters obtained in Section 3.1 are av-
eraged and presented in Fig. 2a. The shaded area highlights one
standard deviation on each side of the average train accuracy. Fig.
2b presents the same curve for VGG-16, which is the best bench-
mark algorithm in Section 3.2.

Keep in mind that KAN is being trained from scratch while VGG-
16 is initialised from weights obtained on the ImageNet dataset and
is being fine-tuned on the OCT data.
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Figure 3: samples of retinal OCT images

Figure 4: Samples of retinal OCT images multiplied by the weights of the KAN model

2.4 Interpretability
As stated earlier, the KAN model is interpretable and can offer
insight into the input-output relationship being studied. Since
we are applying the KAN model to a high-dimensional problem
space (images), it is difficult to assess the input-output relationship
learned by the KAN model using the methodology presented in
[10].

In order to provide insight into the classifications provided by
the KAN model, the pixel values of sample images from the OCT
dataset, shown in Fig 3, are multiplied by the weights from the
splines in the first layer of the KAN model (FB,8, 9,1) to highlight the
areas in the images that are most relevant to the decision making
of the KAN model. The resulting heatmaps are shown in Fig 3

The heatmaps show the highest weights being assigned to the
regions in the image corresponding to the choroid layer of the
retina. They also highlight the general area of the retina. These
areas are in line with clinical studies, which suggest a link between
retinal thickness and AD [2], and between the thickness of the
choroid layer, responsible for retinal blood flow and AD [2, 19].

3 Discussion
In this research, we show the potential of the KAN model in medi-
cal machine vision tasks, specifically in AD detection using retinal
images. It is shown that the KAN model can achieve superior clas-
sification performance in all of the assessed classification metrics
with fewer parameters and smaller network sizes in comparison
with CNN-based benchmarks.

The superior convergence speed of the KAN model can be at-
tributed to its lower complexity compared to the VGG-16 model.
While the computational complexity of a KAN model is similar
to a VGG-16 model with the same number of layers and the same
number of units in each layer, the KAN model can learn the classi-
fication problem using a much smaller network in comparison to
the VGG-16 model, resulting in a significantly lower computational
complexity. Here, the optimal set of KAN hyperparameters results
in a model with approximately 200 thousand parameters, while the
optimal set of VGG-16 hyperparameters results in a model with 42
million parameters.

Another advantage of the KAN model over other deep learn-
ing models, which are inherently black-box models, is its inter-
pretability, offering insight into the classification process of the
network. This enables experts, e.g. ophthalmologists, to review
the predictions made by the KAN model. Leveraging this inher-
ent interpretability, we show that the regions most relevant to
the decision-making process of the model align well with clinical
findings.

4 Conclusion
In this paper, a KAN-based interpretable AI model was proposed
for AD detection using retinal imaging. The proposed model was
evaluated using OCT data, outperforming state-of-the-art bench-
marks by margins of more than 6%, with a much smaller network
size in comparison to the CNN-based benchmark algorithms. It was
also shown that the regions most important to the KAN model’s
classification align well with clinical findings. Overall, the results
showcase the potential of KAN in developing disease detection
algorithms using medical imaging. Future work can focus on ex-
ploring other KAN basis functions, such as wavelets and Fourier
transforms.
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