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Abstract

Medical image classi�cation is a very challenging and interesting task that has seen

incredible advancements with the use of deep learning approaches. This thesis addresses

the task of multi-label medical image classi�cation, called medical image tagging. The

task aims to assign medical terms (tags) describing possible �ndings in an image with

the ultimate goal of helping clinicians in the diagnostic process. Towards this goal, we

develop models employing several deep learning architectures for encoding the images and

combine them with classi�cation-based and retrieval-based methods in order to classify the

images. We experiment with two datasets, one consisting of radiology images of several

modalities (e.g., MRI scans, angiography etc.) and one that consists of chest X-rays.
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Περίληψη

Η ϰατηγοριοποίηση ιατριϰών ειϰόνων είναι ένα δύσϰολο ϰαι ενδιαφέρον αντιϰείµενο

που έχει γνωρίσει µεγάλη πρόοδο µε τη χρήση µεϑόδων βαϑιάς µάϑησης. Αυτή η ερ-

γασία πραγµατεύεται την ταξινόµηση ιατριϰών ειϰόνων σε πολλές ϰατηγορίες, που ονοµάζε-

ται επισήµανση ιατριϰών ειϰόνων (medical image tagging). Η εργασία στοχεύει στον

εντοπισµό ιατριϰών όρων που περιγράφουν πιϑανά ευρήµατα σε µια ειϰόνα ασϑενούς

µε απώτερο σϰοπό να βοηϑήσει τους ιατρούς στη διαγνωστιϰή διαδιϰασία. Για αυτόν

τον σϰοπό, αναπτύσσουµε µοντέλα που χρησιµοποιούν αρχιτεϰτονιϰές βαϑιάς µάϑησης

για την ϰωδιϰοποίηση των ειϰόνων ϰαι τις συνδυάζουµε µε µεϑόδους ταξινόµησης ϰαι

µεϑόδους ανάϰτησης πληροφορίας προϰειµένου να ϰατηγοριοποιήσουµε τις ειϰόνες. Τα

πειράµατα περιλαµβάνουν δύο σύνολα δεδοµένων, ένα που αποτελείται από αϰτινολογιϰές

ειϰόνες πολλών ϰατηγοριών (π.χ., αξονιϰές τοµογραφίες, αγγειογραφίες ϰ.ά.) ϰαι ένα που

αποτελείται από αϰτινογραφίες ϑώραϰα.
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1Introduction

Medical professionals often subject their patients to various screening examinations that

are important for a correct diagnosis. Thus, they examine a large amount of medical

images like MRI scans, X-rays and PET/CT scans in order to be more accurate about their

diagnosis [Wil+12]. In many cases, examining medical images can be time consuming and

may also be a di�cult task for inexperienced clinicians. In order to help the diagnostic

process regarding medical imaging, Computer Vision (CV) techniques can be used and assist

professionals in the interpretation of medical images. Additionally, recent advancements in

deep learning have led to increasingly accurate computer vision models that can prove very

useful in automating medical image examination as well as more tasks in the biomedical

domain.

There are several tasks regarding medical imaging that can assist clinicians during medi-

cal examinations, like classi�cation (binary, multi-class or multi-label) [Sha+21], lesion

detection [Kij+19], segmentation [Hes+19] etc. This thesis discusses a form of multi-label

medical image classi�cation called medical image tagging. In medical image tagging, the

goal is to identify one or more medical terms (tags) that that correctly describe possible

diagnostic �ndings based on given image, and assign them to the image. Medical image

tagging is a very interesting task that can constitute a �rst step in the creation of medical

reports in a way that the tags predicted could be used to create coherent text. This text

generation task is called medical image captioning and its goal is to automatically create

text reports that describe �ndings in medical images [KPA19a]. Furthermore, tagging can

accelerate the process of diagnosis by indicating possible �ndings present in a medical

image and help clinicians to identify them more easily. Towards this direction, part of

the work of this thesis was done for the participation of the AUEB NLP Group
1

in Image-

CLEFmed 2021 Caption’s concept detection sub-task [Pel+21]. The competition aimed

to the development of systems that can perform medical image tagging. We participated

in the competition, addressing the problem with the use of deep learning architectures

for image representation in combination with multi-label classi�ers and retrieval-based

methods. Based on the intuition that patients with similar conditions exhibit similar

medical screening results, non-parametric retrieval methods combined with image similar-

ity metrics can be used with relative success. Following our previous success [KPA19b;

Kar+20], we managed to rank �rst in the campaign achieving best results with the use of

a retrieval-based system, showcasing the usefulness of the approach [Cha+21]. We will

1
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describe these systems and present their results as well as additional work done using

another dataset.

Thesis Structure

The rest of this thesis is organized as follows:

Chapter 2

Chapter 2 constitutes an introduction to (medical and non-medical) image classi�cation

and the approaches that have been used throughout the years in the literature.

Chapter 3

In Chapter 3, we present the models that were implemented during this thesis.

Chapter 4

Chapter 4 discusses the data that was used for our experiments as well as the details of

our experimentations.

Chapter 5

Chapter 5 concludes and proposes directions for future work.

2 Chapter 1 Introduction



2Background and Related Work

2.1 Background

Image classi�cation is the task of classifying an image into one or more categories by

identifying certain objects of interest that are present in (or missing from) the image. In

general, we have three main families:

• Binary classi�cation: We need to �nd whether an image does or does not belong

in a certain category. For example, we care to �nd whether a picture contains a

dog or not. Another example, in the medical domain, is to �nd whether an exam is

normal or abnormal [Raj+17b; KKK18].

• Single-label multi-class classi�cation: We need to �nd whether an image be-

longs to a certain category but we have to choose from several others. The categories

are mutually exclusive. For example, we need to �nd whether an animal image con-

tains a dog or a cat. In the medical domain, we would want to �nd if a chest X-ray

contains a condition such as cardiomegaly etc. [Zon+21; Lee+20].

• Multi-label multi-class classi�cation: In this problem, an image can belong to

several categories at the same time. For example, we could �nd that an image

contains both a dog and a cat at the same time. Concerning the medical domain, an

exam can contain multiple conditions that should be identi�ed [Irv+19].

The classi�cation process involves an algorithm that extracts features from the pixels of

the image. These features represent di�erent properties of the image that will help the

algorithm classify it correctly. Features are divided in low-level (e.g., edges of di�erent

directions, shapes, textures) and high-level (e.g., ears, eyes etc.). For example, a cat classi�er

should be able to extract higher-level features such as the eyes, ears and the tail of the

animal in order to classify it. In the past, traditional computer vision and machine learning

algorithms relied on hand-crafted image �lters and features in order to work well [KVB88].

The disadvantage of this approach was that feature engineering became extremely di�cult

as it required extensive input tuning. The rise of deep learning revolutionized image

classi�cation and the computer vision �eld in general [Dea20], as contemporary neural

networks learn features present in the image in an automated way during their training
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process, thus removing the need for preprocessing the data in order to derive them by

hand.

2.2 Deep Classification Pipeline

Image classi�cation can be seen as the following high-level process: a neural network

receives an input image as a three-dimensional matrix where the size of the �rst two

dimensions corresponds to the length and width of the images in pixels and the third

dimension is the number of the color channels (in most cases, we have 3 RGB channels).

The image is passed through the layers of the network, which outputs the probability of

the image belonging to a certain category.

In more detail, image classi�cation is a supervised learning problem, meaning that we de�ne

a set of target classes (categories or objects to identify in an image), and train a network to

recognize them using labeled example images. The objective of the training is to minimize

a loss function that shows us how well the network guesses. The network is trained using

the back-propagation algorithm [RHW86] and updates its weights in order to decrease

the loss in every iteration and thus learn more meaningful image features. Therefore, the

goal of these networks is to extract useful features from the images which are transformed

into vector encodings (representations), also called image embeddings. Because of this,

these networks are called image encoders. Many image encoder architectures have been

studied during the previous years and we will take a brief look at them in the next section

[Hua+17; TL19; He+16; Dos+21; Ros57].

In order to train the network, we choose the loss function depending on the problem

we want to solve. When it comes to binary classi�cation, the most common approach is

the following: the �nal layer of the network contains one output neuron with a sigmoid

activation function which outputs a probability in [0, 1]. The network is trained using the

binary cross-entropy loss function. When we have a multi-class classi�cation problem, the

�nal layer contains as many neurons as the categories we want to identify and a softmax

activation function that converts the logits to a vector of (normalized) probabilities in [0, 1].
The network is trained using the categorical cross-entropy loss function. This approach can

also be used with binary classi�cation where the �nal layer will contain only two neurons

(one for each class). Finally, when we are dealing with a multi-label classi�cation problem,

the �nal layer again contains as many neurons as the categories present in our data but we

use the sigmoid activation function and the binary cross-entropy loss function. In essence,

the network acts as n binary classi�ers where n = number of distinct categories.

4 Chapter 2 Background and Related Work



2.3 Architectural evolution

In this section, we will brie�y describe the three main architectures of neural image

encoders that have been used throughout the years.

Multi-Layer Perceptrons

At �rst, traditional MLP networks [Ros57; Ros63] were used for image processing. These

networks are composed of multiple linear layers followed by non-linear activation functions

and are stacked together (see Fig. 2.1). Each neuron is connected with every neuron from

the previous layer. Such architectures do not take into account the spatial structure of

images, treating pixels which are far apart in the same way as pixels that are close together.

Furthermore, the full connectivity between nodes result in computational intractability

when dealing with higher resolution images (e.g., a layer receiving a 1000×1000-pixel

image with 3 color channels will have 3 million (1000 ∗ 1000 ∗ 3) weights).

Fig. 2.1: An MLP for handwritten digit classi�cation. There are four layers (the input layer, two

hidden layers and the �nal/output layer). The �nal layer receives the image representation

vector (i.e., the output vector of the previous layer) as an input and outputs a probability

distribution showing the probability of the input image belonging in each category. Figure

taken from [Che+20b].

.

Convolutional Neural Networks

A breakthrough in building image processing models came when CNNs [LeC+89] were

discovered. These networks consist of convolutional layers that apply learnable �lters using

the convolution operation by sliding over the image and pooling layers that downsample

2.3 Architectural evolution 5



the convolved features and provide translational invariance. CNNs are variants of MLPs

that, following the concept of human receptive �elds, exploit spatially local correlation by

enforcing a sparse local connectivity pattern between neurons of adjacent layers. Therefore,

each neuron is connected to only a small region of the input volume and not to all of

it like in MLPs (see Fig. 2.2). The extent of this connectivity is called the receptive �eld
of the neuron. This architecture ensures that the learned convolutional �lters produce

the strongest response to a spatially local input pattern. Stacking many convolutional

and pooling layers together, leads to non-linear �lters that become increasingly global

(i.e. responsive to a larger region of pixel space) as the depth of the network increases so

that it �rst creates representations of small parts of the input, then from them assembles

representations of larger areas.

Fig. 2.2: A CNN for handwritten digit classi�cation. There are many stacked convolutional and

pooling layers that help the network extract global features. We can see that the repre-

sentation is sent to an MLP which will output probabilities regarding the classi�cation

categories. Figure taken from [Zha+21b].

Vision Transformers

In recent years, Transformer networks [Vas+17; Dev+19] have dominated the �eld of

Natural Language Processing (NLP) producing state of the art results in several language

related tasks. Due to their success, Transformers have begun to enter the �eld of computer

vision [Dos+21; Bel+19; Ram+19] as an alternative to CNN encoders. Visual Transformers

(ViT) [Dos+21] receive images divided in patches and they handle them in parallel, like

NLP Transformers receive word tokens (see Fig. 2.3). Usually, in NLP, the input is a set

of vectors (called word embeddings) that are either pre-trained or produced by learnable

linear layers. Likewise, in ViT, the image patches are encoded by a learnable linear layer

and the output vector is fed to the Transformer encoder. When applied to images, the

multi-head self-attention (the main component of the Transformer architecture) acts as

a generalization of convolutional layers [CLJ20]. Furthermore, Transformers are able to

learn complex spatial relationships between high level image features (like ears, eyes

etc.), something that CNNs are unable to do. More speci�cally, CNNs are highly e�ective at
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recognising features e.g., facial: eyes, ears, a nose etcḢowever, CNNs struggle to learn the

spatial relationships between these sub-components and other details such as the number

of each of these components that should be present. As long as the sub-components are

present, CNNs are likely to classify the image as containing a face. However, a face that

contains multiple ears or multiple eyes will also be classi�ed as a face. CNNs have no

concept of the number or relative position of these features. In other words, CNNs are

good feature detectors but bad at the relationship between features.
1

ViT can be used with CNNs as well, if we want to decrease the computational resources

that we need. The CNN can be used to process lower level features in the image that will

be fed to the Transformer encoder. In addition, more recent works explore whether the

use of the attention mechanism in the Transformer architecture is critical, by replacing the

multi-head attention layers [Vas+17] with feed-forward MLPs [Liu+21; Tol+21; Tou+21]

and achieving comparable results.

Fig. 2.3: A high-level view of ViT. An image is divided in equal patches and is fed to the encoder in

order to create the image embedding. The encoder is a Transformer network as described

in [Vas+17]. The image embedding is fed to an MLP in order to be classi�ed. Figure taken

from [Dos+21].

2.4 Related Work

1

https://techblog.ezra.com/transformers-in-medical-computer-vision-643b0af8fc41
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2.4.1 Generic Image Classification

Deep learning methods are extensively used in order to solve image classi�cation tasks

of various schemes (binary, multi-class etc.). Current approaches heavily rely on transfer
learning, a method that allows us to use networks that have already been pre-trained with

a large dataset in order to achieve better results. Neural networks are trained using a

very large dataset, usually ImageNet [Den+09], and we use the pre-trained weights in

our task either by adding a linear classi�er on top of the learned (frozen) features which

we train with our target dataset or by �ne-tuning the whole pre-trained network along

with our classi�er. This approach has enabled the use of several complex architectures

[He+16; TL19; Hua+17] which have been trained on ImageNet and produce great results

in a plethora of tasks.

The current state-of-the-art (SoTA) results on the ImageNet dataset [Den+09] (90.45%

Top-1 accuracy) are achieved by a huge ViT model that consists of 1,843 million parameters

[Zha+21a]. It is an up-scaled version of the original ViT model [Dos+21] and is pre-trained

on a huge dataset of natural images. Additionally, Chen et al. [CHG21] mention that ViT

can achieve good results without needing very large image datasets to pre-train on.

As for the SoTA CNN network, E�cientNet-L2 [TL19] achieves 90.2% Top-1 Accuracy on

the ImageNet dataset when iteratively trained with a student-teacher approach [Pha+21]

(a form of knowledge distillation [HVD15]) using a large unlabeled dataset.

2.4.2 Medical Image Classification

Medical image classi�cation is a more complex task as objects of interest (e.g., conditions)

lie only in particular areas of the image and are more di�cult to be identi�ed. Furthermore,

labeled medical data is more di�cult to �nd than natural images data and there are several

di�erent medical modalities (e.g., ophthalmology images, x-ray chest images etc. ) so

transfer learning (using a medical dataset that contains all modalities for pre-training) is

not easy.

Despite the large di�erence between natural and medical images, image encoders pre-

trained on ImageNet [Den+09] and �ne-tuned on the target medical dataset have achieved

results close to predictions from clinicians [EKN17]. Following this direction, Rajpurkar

et. al [Raj+17a] proposed CheXnet that uses a DenseNet-121 [Hua+17] image encoder

pre-trained on ImageNet [Den+09] and �ne-tuned on the ChestX-ray 14 dataset [Wan+17]

to classify chest X-rays to 14 di�erent conditions. Following the work of [Raj+17a], Kougia

et al. [KPA19b; KPA20] as well as Karatzas et al. [Kar+20] managed to acquire the 1st

position at the ImageCLEFmed concept detection task on 2019 [Ion+19] and 2020 [Ion+20]

respectively. They used a DenseNet-121 as the image encoder along with a Feed-Forward

Neural Network (FFNN) as the classi�er. Their work also included ensembles of di�erent

deep learning models.

Retrieval-based methods have also proved useful in medical image classi�cation. In 2017,
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Valavanis and Stathopoulos [VS17] used the k-NN algorithm [FH89] and acquired the

2nd position at ImageCLEFmed 2017 concept detection task [Eic+17]. They did not use

any deep learning model as they experimented with methods such as bag of colors (BoC)

and bag of visual words (BoVW) to represent the images. Kougia et al. [KPA19b; KPA20]

acquired the 3rd position at the ImageCLEFmed 2019 concept detection task by imple-

menting a neural retrieval-based method. They used k-NN to fetch the k most similar

training images for each test image using image embeddings produced by a DenseNet-121

encoder and scaled-dot product similarity. Additionally, Sonker et. al [Son+20] acquired

the 2nd position in the 2020 task [Ion+20] using k-NN on ResNet-101 [He+16] embeddings.

In 2021, with work done as part of this thesis, we acquired the 1st position at the 2021

ImageCLEFmed concept detection task [Pel+21] using an ensemble of 1-NN retrievers that

utilized several CNN image encoders [Cha+21].

A more recent advancement in medical image classi�cation involves the use of self-

supervised learning. Self-supervised learning is a form of unsupervised learning that

is used to learn representations of the data without the use of labels by solving a pre-

training task. Several pre-training tasks have been proposed [DGE15; NF16; Wu+18]

and the most successful until now is the instance discrimination task [Che+20a; CH21;

He+20]. In this setting, visual encoders are trained to project similar images (i.e., images

that depict the same content) close together in the embedding space and dissimilar images

far away. For example, an NLP counterpart is the famous word2vec [Mik+13]. This form of

self-supervised learning (when instance discrimination is the pre-training task) is called

contrastive learning as the network is trained to "contrast" instances. This is achieved with

the use of a contrastive loss function which calculates the similarity between di�erent

image samples. Due to the scarcity of human-annotated medical datasets, contrastive

learning can be used in order to create more robust and domain-related image representa-

tions compared to those created by ImageNet pre-training by leveraging unlabeled medical

data that is more easily accessible. Azizi et al. [Azi+21] utilized SimCLR [Che+20a] and

the CheXpert dataset (without its labels) [Irv+19] for contrastive pre-training and reported

big improvements compared to supervised ImageNet [Den+09] pre-training. Furthermore,

they proposed an algorithm that made use of exam cases found in medical datasets for

contrastive pre-training. Similar to this work, Sowrirajan et al. [Sow+21] used MoCo

[He+20] for the contrastive pre-training to improve Chest X-ray [Irv+19] classi�cation

performance. Additionally, Zhang et al. [Zha+20] proposed a multi-modal contrastive

learning pipeline where they jointly train an image and a text encoder to contrast images

with text reports. The objective was to maximize the agreement between true image-text

pairs versus random pairs between the image and text modalities using a bidirectional

contrastive objective. They reported improvements compared to ImageNet pre-training

and image-only contrastive pre-training algorithms [CH21; Azi+21; Sow+21] in several

medical datasets. They used ResNet-50 [He+16] as their image encoder, ClinicalBERT as

their text encoder [Als+19] and the MIMIC-CXR dataset [Joh+19] for the pre-training.

2.4 Related Work 9





3Implemented methods

This section will describe the systems that were implemented for the work of this thesis.

All methods used image encoders based on deep neural networks combined with an Feed

Forward Neural Network (FFNN) or a retrieval-based component.

3.1 Deep learning-based approaches

3.1.1 CNN encoder + FFNN

This system is based on previous work from Kougia et al. [KPA19b; KPA20; Raj+17a] and

Karatzas et al. [Kar+20]. It uses a CNN image encoder and a single dense layer on top

comprised of |C| neurons, where C is the number of the possible tags, that acts as the

classi�er. We experimented with several modern CNN architectures (such as ResNet-50

[He+16], DenseNet-121 [Hua+17]) that were pre-trained on ImageNet [Den+09] and �ne-

tuned them on the target medical dataset. In a fully-supervised setting, we �ne-tuned the

model using labeled images that were rescaled to 224×224 and normalized with the mean

and standard deviation of ImageNet to match the requirements of the encoder and how it

was pre-trained. We trained the model by minimizing the binary cross entropy loss (as

we experimented on multi-labeled datasets) and used Adam [KB15] as the optimizer with

its default hyper-parameters. Following Kougia et al. [KPA19b], we used early stopping

on the validation set with patience of 3 epochs and decayed the learning rate by a factor

of 10 with patience of 1 epoch. At inference, we predicted the tags for each image using

their probabilities, as estimated by the last fully connected layer of the classi�er. For each

tag, we assign it to the test image if its output probability exceeds a threshold t. Instead of

using the default value t = 0.5, we tuned the decision threshold using the validation data.

Similar to Karatzas et al. [Kar+20], we also experimented with ensembles using set opera-

tions on the di�erent predicted tags. We trained �ve classi�ers and the two best performing

were kept. We combined their predicted tags using either the union or the intersection

operation.

Additionally, wanting to improve the representations learned by the image encoder in

order to achieve better performance, we also experimented with a pre-training step that

utilized supervised contrastive learning [Kho+20], introducing it to the biomedical domain.

Supervised contrastive learning is a special case of contrastive learning where the labels

in the data are employed in order to provide more information about similar instances. In
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the self-supervised setting, there are no labels present in the data. The loss is calculated as

such: for each anchor image in an augmented batch, an augmented sample is used as the

positive (similar) example and all the others samples in the batch are used as negatives

(dissimilar). The loss takes the following form [Che+20a]:

L1 = −
∑
i∈I

log exp(sim(zi, zj)/τ)∑
α∈A(i)

exp(sim(zi, zα)/τ) (3.1)

where zi is the anchor image, zj is the positive example, sim denotes cosine similarity, I

is the augmented batch, A(i) ≡ I \ {i}, za is a negative example and τ is a temperature

hyper-parameter for restricting the range of similarity scores [Che+20a].

In supervised contrastive learning, we utilize label information in order to use a di�erent

sample of the same class as the positive instead of generating one through the anchor. The

loss takes the following form [Soh16]:

L2 = −
∑
i∈I

log exp(sim(zi, zk)/τ)∑
α∈A(i)

exp(sim(zi, zα)/τ) (3.2)

where zk is now a positive example originating from a di�erent sample image with the

same class as the anchor.

For this experiment, we used a ResNet-50 [He+16] initialized with ImageNet weights as

our image encoder. The network mapped each image to a dense representation vector and

after normalizing it, we passed it through a projection MLP [Che+20a]. The output of the

projection was used in the calculation of the pre-training loss. We further pre-trained the

model following the pipeline presented in [Kho+20] while using the supervised contrastive

loss with a temperature value of τ = 0.1 and Adam as the optimizer. At the end of the

pre-training, we discarded the projection MLP and used the (frozen) backbone encoder as

a feature extractor by adding a dense layer on top. We then trained the top layer similarly

to the fully-supervised setting that was mentioned above.

3.1.2 ViT encoder + FFNN

In this system, we replaced the CNN image encoder with a ViT architecture [Dos+21] (see

Section 2.3). We used the ViT encoder pre-trained on ImageNet provided by the original

paper [Dos+21], attached a fully-connected layer, and �ne-tuned them together on the

medical dataset using the supervised setting that was described in the previous section. To

create the output of the encoder (i.e., the �nal representation to be fed in the classi�er), we

considered two approaches:
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• Classi�cation token: The authors of the original paper used a learnable embed-

ding, called classi�cation token, which was prepended to the input sequence of the

linearly encoded patches (see Fig. 2.3). This embedding served as the representation

of the whole input image.

• Using the outputs of the encoder: ViT is comprised of a stack of Transformer

encoders. We used the outputs of the �nal encoder and �attened them to a single

vector and then passed it to the linear classi�er.

3.2 Retrieval-based approaches

3.2.1 Image encoder + k-NN retrieval

This system is the same as the one presented in [KPA19a; Kar+20]. We experimented with

CNN and ViT encoders similar to the ones described in the previous section. For each

training image, we extracted its image embedding (encoding) from the last global average

pooling layer of the encoder (or the classi�cation token in the case of ViT) and stored it in

an o�ine dictionary. Given a test image, we obtained its embedding (the same way we

created the training embeddings) and then retrieved the top k most similar training images

according to their cosine similarity with the test image (calculated on image embeddings)

and assigned the r most frequent tags present in them to the test image. We tuned the two

hyper-parameters using the validation set. For k, we experimented with values between

1 and 200. For r, we used values between 1 and 10 and also considered two additional

functions:

• The average number of concepts in the k images:

r = 1
k

k∑
i=1

ni (3.3)

• Α weighted sum which depended on the cosine similarities of the retrieved images:

r =
k∑
i=1

cos(g, gi)∑k
j=1 cos(g, gj)

· ni (3.4)

where:

ni = the number of ground-truth concepts of the i-th retrieved image

g = the test image

gi = the i-th closest training image

cos(g, gi) = the cosine similarity between images g and gi
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In special cases where the dataset contains images that depict healthy patients, if the most

frequent tag in the retrieved images is a tag that declares that no condition is present in

the image (e.g., "no �nding", "normal" etc.), then the test image is classi�ed only with this

tag.

3.2.2 1-NN ensemble

This system is an extension of the one that was described in [Kou19] and was also used for

biomedical captioning [KPA19a]. Similar to k-NN (see Section 3.2.1) where we considered

multiple neighbors, 1-NN returns the tags of the single most similar training image, given a

test image. We used several CNN image encoders (e.g., DenseNet-121 [Hua+17], ResNet-50

[He+16], E�cientNet-B0 [TL19]) in order to form the ensemble. We again calculated the

image embeddings for all the training images and for each test image, for each encoder,

we retrieved the training image with the highest cosine similarity resulting in a total of

|E| images, one retrieved per encoder, where E equals the number of encoders used. For

the tags assignment, we considered four di�erent strategies:

• majority voting: For each tag, we counted how many of the E images (one

retrieved per encoder) are associated with it. If the tag is present in the majority (i.e.,

|tag| ≥ |E|2 ), we assign it to the test image.

• union of intersections: We considered the intersection of the tags retrieved

by a subset of encoders (usually the encoders that shared the same architecture) and

then we used the union of the above intersections.

• intersectionofunions: This is the reversed calculation of the previous strategy.

We considered the union of the tags retrieved by a subset of encoders and then used

the intersection of the unions.

• union of unions: We used the union of the tags of the images retrieved by a

subset of encoders and then used the union of the unions.

Similar to k-NN, for datasets with "normal" images, if the most frequent tag in the retrieved

images is a tag that declares that no condition is present in the image (e.g., "no �nding",

"normal" etc.), then the test image is classi�ed only with this tag.

3.3 Hybrid approaches
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3.3.1 Similarity-based decision

This system is loosely based on the work done by Li et al. [Li+18] for biomedical image

captioning. It is a hybrid method that uses a 1-NN retrieval component and a classi�er. We

used an image encoder in order to obtain the image embeddings for all the training images.

During inference, we retrieved the training image with the highest cosine similarity to the

test image embedding and applied a similarity threshold s. We tuned the value of s in the

interval [0.65, 1] with step = 0.01. If the similarity exceeded s, the tags of the neighbor

were assigned to the query image. If not, we fed the test image to the (already trained)

classi�cation component and assigned the predicted tags to it.
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4Experiments

4.1 Datasets

There is a variety of datasets that contain medical images and are available in the literature.

They cover a wide range of medical examinations (X-rays, PET/CT scans etc.) and body

parts (brain, eye etc.) and have been used for several tasks (most notably classi�cation,

detection and segmentation) [Lit+17]. Furthermore, recent works [Joh+19; Irv+19; Wan+17;

Raj+17b] have introduced several large-scale, labeled, medical datasets to the community

(although most of them are only comprised of chest X-rays). The MIMIC-CXR dataset

[Joh+19] also includes textual reports written by doctors. Τwo of these datasets (CheX-

pert [Irv+19] and MURA [Raj+17b]) were released along with a competition that invited

participants to develop medical classi�cation systems using deep learning. Moreover, the

ImageCLEFmed datasets were collected and distributed for the ImageCLEFmed Caption

competition tasks [Eic+17; Her+18; Ion+19; Ion+20; Pel+21]. The aim of such competitions

is to encourage the implementation of new systems in order to develop automated methods

to assist the diagnostic process and therefore help clinicians in their daily work�ow.

We will brie�y describe the ImageCLEFmed 2021 Caption [Pel+21] and IU X-ray [Dem+15]

datasets that consist of of medical images annotated with multiple medical terms (tags).

4.1.1 ImageCLEFmed Caption 2021

In 2021, the ImageCLEFmed Caption task focused on medical image understanding based

on the visual perception of the images and medical text data. Such data is medical captions

or UMLS® Unique Identi�ers (CUIs) paired with each image [Pel+21]. This year, the

competition also included a Caption Prediction sub-task [Her+18; Eic+17], which was not

included in the two previous years.

In order to make the task more realistic, the organizers used real radiology images annotated

by medical doctors in contrast with previous years where the dataset originated from

biomedical articles of the PMC Open Access
1

[Rob01]. This year’s dataset was the same

with the one used in the ImageCLEFVQA task [Aba+21] and stemmed from the MedPix
2

database. The organizers stated that only cases where the diagnosis was made based on the

image were selected and their corresponding text annotations were used as a basis for the

1

https://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/

2

https://medpix.nlm.nih.gov/home
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extraction of the concepts and captions. Furthermore, the dataset included images divided

in 7 sub-classes. Each sub-class was indicated only with a corresponding set of concepts

that showed the image acquisition technique. Instead of distributing the dataset into 7

di�erent categories like last year, the above way was chosen [Pel+21; Ion+20; Kar+20].

All images in the dataset were accompanied by the unique identi�er (CUI) of the UMLS

[Bod04] tags (here called concepts). An image can be associated with multiple CUIs (see

Figure 4.1)

Fig. 4.1: Three images of the ImageCLEFmed 2021 dataset (1st row) with their corresponding tags

(2nd row) and captions (3rd row). Figure taken from [Cha+21].

The number of unique concepts was reduced once again compared to previous years. There

were 111,156 possible concepts in 2018 [Zha+18], 5,528 in 2019 [KPA19b], 3,047 in 2020

[Kar+20] and 1,585 in 2021. The average number of concepts assigned to each image was

3.48. The minimum number of concepts assigned to an image was 1 (found in 10 images),

and the maximum was 12 (found in 2 images). The distribution of the assigned concepts

can be seen in Figure 4.2. Furthermore, the dataset is highly imbalanced (e.g., 632 concepts

appear only one time, 1 concept appears 1,400 times) and there is no concept appearing

in every image, unlike in the last year’s dataset. [Cha+21; Kar+20]. Table 4.1 shows the

5 most frequent concepts of the training set and how many training images they were

assigned to
3
.

3

We used the REST API (https://documentation.uts.nlm.nih.gov/rest/home.html) of the UMLS Metathesaurus

(uts.nlm.nih.gov/home.html) to map each CUI to its term
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Fig. 4.2: Distribution of assigned concepts in the ImageCLEFmed 2021 dataset.

A small training set of 2,756 images and a validation set of 500 images were provided.

A separate test set consisted of 444 images and the concepts for the test images were

unknown. For our experiments, we merged the provided training and validation sets and

used 10% of the merged data as our validation set, and another 10% of the merged data as

our development set in which we evaluated the performance of our models. The remaining

80% served as the training set.

Tab. 4.1: The 5 most frequent concepts (CUIs) in the training set of ImageCLEFmed Caption 2021

and how many training images they are assigned to.

CUI UMLS term Images

C0040398 tomography, emission-computed 1,400

C0024485 magnetic resonance imaging 796

C1306645 plain x-ray 627

C0041618 ultrasonography 373

C0009924 contrast media 283
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4.1.2 IU X-ray

The IU X-ray dataset [Dem+15] is the �rst chest X-ray dataset with publicly available

reports and is publicly available through the Open Access Biomedical Image Search Engine

(OpenI)
4
. The authors used special software [FM08] to de-identify the texts and images

of the collected data and discarded patient cases where patient information was still

able to be identi�ed. This pre-processing resulted in 3,955 radiology reports (one per

patient) and 7,470 chest X-rays. Each report consists of four sections (’INDICATION’,

’COMPARISON’, ’FINDINGS’ and ’IMPRESSION’). These four sections are usually used

by clinicians as a standardized document structure template. The ’FINDINGS’ section

describes the imaging characteristics of a body structure or function that can have a

clinical impact. The ‘COMPARISON’ section contains previous information about the

patient, often from preceding medical exams. The ‘IMPRESSION’ usually summarizes the

most important �ndings and interprets their clinical value while ’INDICATION’ conveys

the medical reason for the patient to be subjected to the examination (e.g., symptoms)

[Pav+21].

Each report is also associated with two types of tags that stem from the report text. For the

�rst type of tags, two (medically) trained coders used the ‘IMPRESSION’ and ‘FINDINGS’

sections to associate each report with a number of tags (we will refer to them as manual

tags). They are Medical Subject Heading (MeSH)
5

terms, supplemented with Radiology

Lexicon terms (RadLex)
6
. Each annotation tag referred to a pathology, a foreign body or

transplant, anatomy (human body parts), signs (imaging observations), or attributes (object

or disease characteristics). Furthermore, there are no tags for negated terms (e.g., ‘no signs

of cardiomegaly’) or uncertain �ndings. However, there is a ’No indexing’ tag that denotes

that the report could not be labeled. For the second type, tags were automatically extracted

from the ‘IMPRESSION’ and ‘FINDINGS’ sections of each report using the Medical Text

Indexer (MTI) [MYA13]. The resulting tags are called ‘MTI encoding’ and we will refer to

them as ‘MTI tags’. MTI tags are single words or terms (e.g., ‘Hiatus’), while manual tags

may combine anatomical site and type (e.g., ‘Hiatal/large’) [Pav+21].

We discarded 104 reports that contained no image and 25 reports that were missing both

the ’FINDINGS’ and ’IMPRESSION’ sections thus they did not contain tags. The result was

3,826 reports with 7,430 images. There were also 1,726 reports that did not contain MTI

tags. IU X-ray is a dataset which contains X-rays that depict not only exams with medical

conditions but also healthy exams. 1,354 from the 1,726 reports that did not contain MTI

tags were manually tagged as normal from the two coders. When a report is ’normal’,

it does not contain any MTI tags. This means that the MTI system failed to assign the

abnormalities present in the remaining 372 reports [Kou19]. We performed experiments

both with MTI and manual tags. There are 571 unique MTI tags and 1,679 manual tags

4

https://openi.nlm.nih.gov/

5

https://goo.gl/iDvwj2

6

http://www.radlex.org/
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Fig. 4.3: Two images from an X-ray examination in the IU X-ray dataset. We can see the corre-

sponding human-authored ‘FINDINGS’ section, the manual tags that were extracted by

humans (referred to as ’human tags’) and the automatically extracted MTI tags (referred

to as ‘system tags’). The diagnostic caption refers to ‘no change’ with respect to a previous

examination, but there is no link to information and images of the previous examination

in this particular dataset. Figure taken from [Pav+21].

(including the ‘normal’ tag). The average number of manual tags assigned to each report

is 2.07 and the average number of MTI tags is 1.75. The minimum number of manual tags

assigned to a report is 1 (found in 2233 reports), and the maximum is 12 (found in 4 reports).

As for the MTI tags, the minimum number of tags assigned to a report is 0 (indicating that

the report is normal - found in 1751 reports), and the maximum is 17 (found in 2 reports).

The average number of assigned concepts in the manual setting is 2.05 while in the MTI

setting is 2.18. The distribution of the assigned tags (for both types) can be seen in Figure

4.4. Additionally, we encounter imbalance as the majority of reports are labeled as normal.

The number of possible tags is again very large and many tags appear very few times

(e.g., in the manual tags setting, there are 1035 tags appearing only 1 time and in the MTI

setting, there are 229 tags appearing 1 time). Tables 4.2 and 4.3 shows the 5 most frequent

tags (for manual and MTI tags respectively) and how many training images they were

assigned to.
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Tab. 4.2: The 5 most frequent manual tags in IU X-ray and how many reports they are assigned to.

Tag Reports

’normal’ 1,379

’lung/hypoinflation’ 238

’lung/hyperdistention’ 159

’cardiomegaly’ 139

’cardiomegaly/mild’ 129

Tab. 4.3: The 5 most frequent MTI tags in IU X-ray and how many reports they are assigned to.

Tag Reports

’opacity’ 421

’degenerative change’ 396

’atelectases’ 330

’atelectasis’ 321

’scarring’ 292

For our experiments, we used 80% of the dataset for training, 10% for validation and 10%

for testing, splitting with respect to cases.

Discussion

Something that has to be noted about medical image datasets is the presence of patient

cases which can comprise more than one images but only one report (or just a category

e.g., normal/abnormal). This is also the case for the IU X-ray dataset. Each report can

be associated with one or more images. Using each image of the same case as a di�erent

instance (an approach that is called image-based) is not completely correct because �rstly,

the diagnosis was conducted by the clinician by looking at all the case’s images and secondly,

�ndings of the case may not be present in every image. To address these limitations, one

can follow a case-based approach. There are di�erent types of case-based approaches. A

simple one is to obtain the probability distributions over the classes (or the tags) from

the model for each image separately and then average the probabilities and obtain the

decision with the risk that a class (or a tag) detected in only one image may not be chosen

[Raj+17b]. Another solution would be to to choose the tags with the largest probabilities

per image [Irv+19]. A more interesting take is to extract one embedding for every image

of the case and then, concatenate, add or average them to obtain a single image embedding

that will be the case representation [Li+18].

Despite the above, for our experiments with IU X-ray, we chose to train our models using

the image-based approach because of its simplicity. As for the ImageCLEFmed 2021 dataset,

it did not have the notion of patient cases.
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(a) Manual tags distribution (b) MTI tags distribution

Fig. 4.4: (a) Distribution of assigned manual tags in the IU X-ray dataset. (b) Distribution of

assigned MTI tags in the IU X-ray dataset.

4.2 Evaluation measures

The evaluation of the systems was conducted by computing the F1 scores on each test image

(in e�ect comparing the binary multi-hot ground truth vector ytrue to the binary multi-hot

predicted tags vector ypred) and then macro-averaging over all the test instances.

F1∗ =
∑n
i=1 f1_score(ytrue, ypred)

n
(4.1)

where f1_score7
compares the binary vectors ytrue and ypred and n is the number of the

test instances.

This was the o�cial measure of the ImageCLEF competition and we also utilized it for our

IU X-ray experiments. For IU X-ray, in cases where a test image has no gold tags (in the

MTI setting) and no predicted tags assigned, we set the F1 score to 1. That is, because if

an image has no tags, there is no abnormality present, so the correct choice for a model

would be to not assign any abnormality tag. If the model falsely assigns a tag then the F1

score is set to zero.

4.3 Experimental results

4.3.1 ImageCLEFmed Caption 2021

We used our development set in order to evaluate our models and submitted those that

performed best. To generate predictions for the test set, the training and development sets

were merged and a held-out validation set was kept to tune the hyper-parameters. Six of

our submissions were based on the 1-NN ensemble system (see Section 3.2.2). We made

7

https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html
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four submissions, one for each assignment strategy (e.g., majority voting etc.), using an

ensemble of 20 image encoders. We will refer to these models as 1-NN@20xS where S

denotes the strategy used (S=MJ for majority voting, S=IoU for intersection of unions,

S=UoI for union of intersections and S=UoU for union of unions). The two additional

submissions used three and four encoders, respectively and the majority voting assign-

ment strategy. We will refer to them as 1-NN@3xMJ and 1-NN@4xMJ respectively.

One submission used an ensemble classi�cation system pre-trained with supervised con-

trastive learning [Kho+20] (see Section 3.1.1). We only submitted the system that drew the

union of the two seperate models as it performed better than the intersection operation

in our development set. We will refer to this system as 2xCNN+FFNN@U. We used the

held-out validation set to tune the decision thresholds of the models. This resulted in the

values t1 = 0.268 and t2 = 0.304.

Additionally, submissions were made using the hybrid approach system (see Section 3.3.1).

In these submissions, the classi�cation component was the 2xCNN+FFNN@U ensemble,

while we also used the second ensemble system with the intersection (2xCNN+FFNN@I)

as the classi�er. Both of these methods used 1-NN as the retrieval component. We again

used the validation set to tune the similarity threshold. The optimal value turned out to be

s = 0.8.

Table 4.4 presents the scores of our systems on the development and the o�cial test set, as

well their position according to the o�cial ranking.

Tab. 4.4: The results and rankings of our systems on the development and test set.

Approach

F1 Score

Rank

Development Test

1-NN@20xMJ 61.99 50.5 1

1-NN@20xUoI 55.73 45.6 9

1-NN@20xIoU 60.85 49.5 2

1-NN@20xUoU 43.33 34.8 23

1-NN@4xMJ 59.08 49.3 3

1-NN@3xMJ 60.76 49.0 5

2xCNN+FFNN@U 57.24 45.9 8

1-NN/2xCNN+FFNN@U 59.53 46.6 7

1-NN/2xCNN+FFNN@I 59.46 45.1 11

1-NN BASELINE 57.32 – –

MOST FREQUENT BASELINE 27.92 – –

Discussion

Τhe number of the unique concepts present in the data was 1,585. Furthermore, the

number of the total assigned concepts was 11,361. This fact suggests that many images

in the dataset had almost, or completely the same concepts. This may explain why our

retrieval-based approaches worked very well in this particular campaign. Furthermore, the

reduced (in comparison with previous years) number of unique concepts, probably helped
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the systems achieve better results. This is indicated by the increasing score of the winning

systems (see Fig. 4.5) and also supported by the low performance of the MOST FREQUENT

BASELINE on our development set. This baseline assigned to every test image the same

three (as the average number of concepts is 3.48) most frequent concepts of the training

data (see Table 4.4). The di�erence in the score shows that our systems did not assign only

the most frequent concepts found in the dataset to the test images. However, due to the

great imbalance in the dataset and the objectively large number of unique concepts, models

tended to predict only a small fraction of the possible concepts (the concepts present in

the label set), yet achieving competitive results and managed to win the campaign. More

speci�cally, the predictions of a single deep learning-based classi�cation model included

only 127 (8%) of the possible concepts while the union ensemble’s predictions included

242 (15.2%), indicating that this form of ensembling can imporve multi-label classi�cation.

Our 1-NN baseline predicted a total of 422 (26.6%) di�erent concepts. Furthermore, our

winning system predicted 279 (17.6%) of the possible concepts (a reduced number due

to majority voting). The common predicted concepts between our 1-NN baseline and the

single deep learning-based classi�er were only 127, showing that ensembling of the two

methods could prove bene�cial.

Fig. 4.5: The top F1 score achieved each year in the Concept Detection sub-task of the Image-

CLEFmed Caption tasks. Figure taken from [Cha+21].

The value of k (k = 1) in our k-NN baseline (see Section 3.2.1) was a result of a tuning

process based on the F1 score on the validation data (see Fig. 4.6). Thus, we wanted to

improve the performance of the 1-NN baseline by creating the ensemble.

The contrastive pre-training yielded a ∼ 2% improvement in the development F1 score for

our deep learning-based approach in comparison with the ImageNet [Den+09] pre-trained

encoder. For the pre-training, we created a larger augmented version of the training set
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where, for each image, we added four additional variations: we split the image in four

horizontal patches and applied Gaussian blur in each patch separately, resulting in four

extra noisy images. Furthermore, the pre-training data included random horizontal �ip

and random rotation.

In the hybrid approach (see Section 3.3.1), beyond the similarity threshold s, we also

experimented with an MLP "decider" network that would decide whether to feed each test

image to the retrieval component or to the deep learning classi�er. To train this network,

we created a binary version of the dataset using the tag similarity between the images.

In essence, an image belonged to the "positive" class when another image existed that

had been assigned exactly or almost the same concepts (F1 score between the two set

of concepts ≥ 0.85). We tuned the decision threshold of this MLP using validation data.

However, we did not see any performance improvement in comparison to our similarity

threshold approach (56.56% vs. 59.53% F1 score on our development data).

Fig. 4.6: The F1 score on our validation data for di�erent values of the hyper-parameter k in our

k-NN retrieval-based system.

4.3.2 IU X-ray

As mentioned, IU X-ray is a dataset that contains patient cases that consist of 2 or more

images. For simplicity, we adopted the image-based approach in which we treat each

image separately. We used a training/validation/testing split with respect to the cases,

meaning that two sets can not contain images from the same patient.

For our deep learning-based classi�cation experiments in the manual setting, we removed

the ’normal’ tag from the possible concepts for prediction because a model could predict

’normal’ and e.g., ’cardiomegaly’ for the same image. Thus, we consider an image as normal

when there are no tags assigned (like in the MTI setting).
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We again experimented with deep learning-based and retrieval-based approaches. Table

4.5 presents the results of our experiments in the test split along with the values of the

hyper-parameters of each method.

Tab. 4.5: Results of di�erent approaches in our test split. Value t represents the classi�cation

decision threshold, value k is the number of the closest neighbors and variable r is the

number of the tags assigned to each image in the k-NN algorithm.

Approach

F1 Score Hyper-parameters

Manual tags MTI tags Manual tags MTI tags

CNN+FFNN 39.17 48.53 t = 0.35 t = 0.2
CNN+k-NN 39.10 47.61 k = 126, r = 4 k = 113, r = average

VIT+FFNN([cls] emb.) 38.81 44.2 t = 0.39 t = 0.12
VIT+k-NN 37.8 46.06 k = 37, r = 3 k = 65, r = 1

1-NN@20xMJ 20.79 32.62 – –

MOCO-CNN+FFNN(linear eval.) 38.1 46.67 t = 0.27 t = 0.21
MOCO-CNN+FFNN(end-to-end) 38.50 43.42 t = 0.44 t = 0.13

MOST FREQUENT BASELINE 37.8 34.6 – –

Discussion

Both our deep learning-based and retrieval-based methods failed to predict a large fraction

of the possible concepts. For example, in the manual tags setting, the deep learning-based

classi�er managed to predict only the small number of 26 tags (1.9 %) out of the total 1,350

tags present in the training set. From these 26 tags, the 25 (4.4 %) of them were present

in the 564 ground truth tags of the test set. The k-NN approach, which is based on the

prediction of the most common tags present in the set, predicted 35 tags (2.5 %) out of the

1,350 training tags and 34 out the 35 were present in the in the 564 ground truth tags of the

test set (6.02 %). An interesting point to note is that the retrieval-based method achieves

competitive results when compared with the deep learning-based classi�er showcasing

the usefulness of the approach. However, we can see that the 1-NN ensemble achieved a

low performance, indicating that, despite ensembling, tuning the value of k is important.

We can also see that the approaches using the ViT encoder achieved competitive results

albeit lower compared to their CNN counterparts. In general, the ViT model is more data

hungry than CNNs and we are dealing with a relatively small medical dataset. Due to the

di�erence between the two architectures and the lack of the inductive bias that is present in

CNN models, ViT requires more data in order to create meaningful image representations.

On another note, the experiments yielded better results when the [CLS] embedding was

used for the image representation rather than the averaged outputs of the �nal encoder of

the stack.

We also experimented with self-supervised contrastive pre-training using a DenseNet-

121 [Hua+17] encoder pre-trained on CheXpert [Irv+19] with the MoCo-CXR algorithm

[Sow+21; He+20]
8
. We used two ways of evaluating the pre-trained encoder. The �rst

8

We used the checkpoints (in PyTorch (https://pytorch.org)) that can be found in the o�cial GitHub page of

the original paper (https://github.com/stanfordmlgroup/MoCo-CXR).
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one was the linear evaluation scheme where we froze the encoder, attached a single linear

layer on top and trained it as the classi�er. This scheme yielded better results than its

ImageNet pre-trained counterpart, which had yielded an F1 score of 37.2. The second way

of evaluation was the end-to-end scheme, where the backbone encoder and the linear layer

were jointly �ne-tuned on the target dataset. In our experiments, this approach did not

manage to achieve a better score compared to the model that was pre-trained on ImageNet

and �ne-tuned on the downstream task.

A very interesting note is that, in the manual tags setting, the most freqent baseline

achieves very competitive results by just assigning the ’normal’ tag to every test image.

This indicates the high imbalance of the dataset and the di�culty the models faced in

order to predict a larger number of tags. In general, the classi�cation yields lower results

when using the MTI tags than when using the manual tags. This can be explained by the

fact that the MTI tags are much fewer and thus provide a more simpli�ed version of the

task. However, the MTI tags cannot be trusted completely because they were produced in

an automatic way, which was not evaluated by humans. Furthermore, the manual tags

are much more speci�c as each manual tag consists of many �ndings, where the �rst one

is the main abnormality and the rest describe this abnormality (e.g., its position, severity

etc.).
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5Conclusions and future work

5.1 Conclusions

This thesis addressed the task of medical image tagging, a form of multi-label medical

image classi�cation. The task aims to assist medical professionals and the diagnostic

process when they examine medical images by automatically assigning medical terms

(tags) that correspond to the �ndings of the image. Furthermore, it can constitute a �st

step in the automatic generation of medical textual reports. The systems implemented

in this thesis were deep learning-based following the recent advancements in medical

image analysis. Our approaches also included retrieval-based methods. We focused on

two datasets (ImageCLEFmed Caption 2021 and IU X-ray) that were suitable for the task.

Based on the notion that similar patient conditions exhibit similar properties depicted in

the images, we managed to acquire the �rst position at the 2021 ImageCLEFmed Caption’s

concept detection sub-task using a retrieval-based approach that utilized deep neural

networks, showcasing its usefulness and how promising it can prove. Further experiments

included ensembles of deep learning-based and retrieval-based methods, an implementation

of hybrid systems that made use of retrieval components and probabilistic classi�ers, as

well as exploration of new architectures (e.g., ViT [Dos+21]) for image encoding.

5.2 Future work

In future work, we aim to experiment more with additional retrieval-based methods to

see if and how they can also be used to help classi�cation approaches (e.g., retrieval-

augmented classi�cation). Moreover, we plan to experiment more with the ViT [Dos+21]

architecture and with training strategies such as pre-training with medical datasets instead

of ImageNet.
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List of Acronyms

MLP Multi-Layer Perceptron

CNN Convolutional Neural Network

ViT Visual Transformer

CV Computer Vision

SoTA State of the art

FFNN Feed Forward Neural Network

NLP Natural Language Processing
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