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Abstract

Recent years have witnessed an increase in studies associated with image captioning, but
little of that knowledge has been utilised in the biomedical [elt. This thesis addresses
medical image captioning, referred as Diagnostic Captioning (DC), the task of assisting
medical experts in diagnosis/report drafting. We present deep learning uni-modal, cross-
modal and multi-modal methods that aim to generate a representative “diagnostic text”
for a given medical image. The uni-modal approaches employ only one modality for both
input and output, and for the purpose of this thesis, text is the only acceptable option.
The cross-modal approaches use a medical image as input and output a text that explains
this image. The multi-modal approaches, utilise the radiology concepts (tags) used by
clinicians to describe a patient’s image (e.g., X-Ray, CT scan, etc.) as an additional input
data. The latter methods have not been adequately applied to biomedical research. We
also experimented with a novel technique that utilises the captions generated from all the
systems implemented as part of this thesis. Lastly, this thesis concerns the participation of
AUEB’s NLP Group, with the author being the main driver, in the 2022 ImageCLEFmedical
Caption Prediction task. Out of 10 teams, our team ranked second based on the primary
evaluation metric, using an encoder-decoder approach, and Lrst based on the secondary
metric, utilising an ensemble technique applied to our generated captions.






[Teptindm

Ta teAevTaio Xpovia £X0UV Yivel TTOANEQ UEAETEG OXETIMEC LE TO TTEDI0 TAPAYWYNHC UEIUEVWV
TIOU TIEPIYPAPOLV EIMOVEC, OAAG EAAXIOTEC OTIO QUTEC TIC YVWOEIC €XOUVV XPNOIUOTION-
ndei otov Topéa NG BloioTpmnc. H mapoloa TTUXIONT OGXOAEITAL e TN TTOPAYwWYN
TIEPIYPOPWVY 1ATPIAWV EIMOVWV, TIOL AVOQEPETAL WC dlayvwaTin meptypaen (DC), éva
TIPORANUa 61OV TTpooTadolpe va Bondrooupe Toug 10TPOLC 0TN CUVTOEN dIOYVWOEWV-
ava@opwv. Mapouatdloupe HOVOTPOTIINEC, DIOTPOTIIMEG MOl TIOAUTPOTIIMEC HedOd0UC Ba-
D1a¢ uadnong mouv atoxebouv oTn SNUIoVPYIa EVOC AVTITIPOCWTIEUTIMOU “Ol0yvVwoTIHOU
MEILEVOL” Y1a i dedopévn 1aTpiur) emova. Ot HOVOTPOTIIMEC TIPOCEYYITEIC XPNOIUOTIOI00VY
HOVO ia pop@n TOGO yio TNV €i00d0 600 1al yia TNV €000, 1Al YIO TOUC GUOTIOUC TNG
TIOPOLoOC dIATPIPNC, TO UEIKEVO Eival N HOVN OTOOEUTH) ETIIAOYT. O1 JIOTPOTIIMEC TIPOOEY-
YIOEIC XPNOIUOTIOI00V IO 1OTPIUT EMOVA WC £i0000 Mal EEAYOLV Eva UEIPEVO TIOU €nyei
™V eméva autr). Ot TTOAUTPOTIUEC TIPOCEYYITEIC XPNOIUOTIOIO0V TIC OUTIVOAOYINEC EV-
VOIEG (ETIMETEC) TIOU XPNOIUOTIOIOVVTAI ATIO TOUG UAIVIMOUG YIATPOUC VIO VO TIEPLYPAouV
TNV €MOVa €VOC a0devolg (TL.X. antivoypagia, aovinr ToHoypa@ia K.ATL) WG TPOCIETA
dedopEva 10000V, AUTEC 01 UED0DO0I dEV £XOUV EQUPUOCTEL EMAPUWG oTn ProtaTpinn £pe-
vva. MEPAPATICTANALE ETIONG UE IO VED TEXVIUN TIOU XPNOIUOTIOIEL TIG TIEPIYPAPEC TIOU
mapdyovtal amo OAd To GUCTAUOTA TIOL UAOTIOIN3NKAV GTO TAQIGCI0 AUTHG TNG TTTUXI-
oung. TEAOC, N apovoa TITUXIONT EPyAaia a@opd T CUMMETOXA TNG opadag Emegep-
yaaoiag dvomnic Mwaoaoag tou OMNA, e #0p10 0dnNyo Tov Guyypa@éd, 6To dIoYyWVIoUO Im-
ageCLEFmedical Caption Prediction tou 2022. A6 Ti¢ 10 ouadeg, n opdda pog uatéAafe
TN 6e0TEPN FE0n Ue BAan TNV uOPLa PETPIUT) a&loAdyNang, XPNOILOTIOIOVTAC IO TIPOCEY-
y10N *WAIMOTIOINTH-OTOUWAIMOTIOINTH), Ml TNV TPWTN dEan He BAon Tn deutepELovaa
UETPIUT), XPNOILOTIOIDVTOC UIO TEXVIME] UVOLACHOU (MEIUEVWV) TIOU EQAPUOCTNHUE OTIC
TIOPAYOUEVEC DIAYVWOEIC LG,
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Introduction

Recent years have shown an increase in workload in the biomedical [elt. More precisely,
medical experts examine a large number of radiology images every day (such as X-Ray,
CT scans, etc.), aiming to draft a diagnosis or describe the medical [ndings, for a patient.
This examination frequently requires a long time and is challenging for less-experienced
physicians. Computer Vision (CV), along with Natural Language Processing (NLP) methods,
come to solve this problem. Speci [cdlly, recent improvements in both [elts, with novel
deep learning (DL) based approaches, can aid medical experts in this process. Many
contributions by recent researchers have proved that computer vision models can be very
useful in patient’s report (diagnosis) generation as well as in other downstream biomedical
tasks (e.g., medical image tagging, biomedical question answering, etc.) [NDK22; Moo+21;
Che+21; Zha+20]. They have further proved that these models can also reduce medical
errors [NDK22] produced by medical experts with no experience in diagnosis drafting.

This thesis discusses uni-modal, cross-modal as well as multi-modal methods for medical
image captioning, called Diagnostic Captioning (DC) [Pav+22]. Speci Lcally, we present
approaches that take a patient’s radiology image and generate a text (report/diagnosis),
describing the [ndings of this image. Regarding multi-modal approaches, our novel ap-
proaches take radiology concepts (tags) assigned by medical experts to the given medical
images, in order to incorporate extra conceptual data about the patient’s image. It is worth
noting that in the area of biomedical research, these techniques have not been widely used.
This thesis presents encoder-decoder architectures, and deep neural retrieval approaches
with a novel technique that utilises the captions assigned to the test instances. For the
former, we had a CNN-RNN, and three models with state-of-the-art (SOTA) performance in
the biomedical [eltl [Che+20; Che+21; Che+22]. Ensembles of the aforementioned models
were also used during the development of this thesis, as well as an ensemble technigue that
only employs the captions generated from these systems using ClinicalBERT [HAR19].
Part of this thesis concerns the participation of AUEB’s NLP Group in the 2022 Image-
CLEFmedical campaign, an annual competition where researchers implement methods that
help medical experts in medical image classi Lcation/captioning. It is worth emphasising
that the team, has managed to achieve 2nd place in the primary evaluation measure and
1st place in the secondary one, amongst 10 teams, with the author serving as the main
driver for the Caption Prediction task of this campaign. The thesis’ code is available at:
https://github.com/zaaachos/Thesis-Diagnostic-Captioning


https://github.com/zaaachos/Thesis-Diagnostic-Captioning
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Thesis Disclaimer : It is worth noting that some of the experiments (mainly for 2022
ImageCLEFmedical campaign) come from team work, with the author serving as the
primary driver. As a result, the pronoun "we" will be used throughout this thesis to refer to
the author's implementations along with his experiments (both collaborative and not).

1.1 Contribution

1. Implemented multi-modal models that use visual and medical terms/concepts (tags)
generated by medical specialists. In the area of biomedical research, these techniques
have not been widely used. The main intention was to incorporate more of each
patient's information during medical image captioning.

2. Used state-of-the-art (SOTA) models with image clustering as a preliminary step in
the ImageCLEFmedical Caption Prediction datasets, which haven't been investigated
in published literature, to the best of the author's knowledge.

3. Created a novel ensemble technique that utilises the captions predicted by all systems
implemented, aiming at the best caption selection for a given test instance.

1.2 Thesis Structure

Chapter 2

Chapter 2 provides background material for several deep learning architectures that were
used throughout this thesis as well as methods and models that have been used in Image
Captioning research.

Chapter 3

In Chapter 3, we present the methods and approaches that were implemented during this
research in Diagnostic Captioning (DC).

Chapter 4

Chapter 4 presents the data, which were used for assessing our methods, along with an
exploratory data analysis for each dataset.

Chapter 5

In Chapter 5, the experiments we conducted along with their results are presented. Addi-
tionally, some interesting points noted upon these experiments for each dataset are also
mentioned.

Chapter 1  Introduction



Chapter 6

In Chapter 6, we provide the conclusions of the research of this thesis on DC, and we
propose additional approaches for future development in the biomedical eld.

1.2 Thesis Structure 3






Background and Related Work

2.1 Background

This section provides insight on the architectures that our systems were built upon, which
are deployed in image captioning tasks. In particular, we describe the Convolutional
Neural Networks (CNNs), the Encoder-Decoder (with an introduction to Recurrent Neural
Networks), and theTransformers (vision or non-vision). It is worth noting that this
information is intended for readers who are unfamiliar with deep learning (DL).

Before we begin, it is essential to de ne what uni-modal, cross-modal and multi-modal
models are. A great survey for these three modalities is [Hei+22] which presents crucial
details for each kind of network for radiology report generation. Speci cally:

uni-modal : Models that use only one modality for both input and output, i.e. image-
only or text-only. For this thesis, the only acceptable option is text-only, as we want
our outputs to be diagnoses. Thus, these methods are blind to the image input and
are simply utilized as a basic baseline. The most well known uni-modal model for
DC is ClinicalBERT [HAR19], which is trained on numerous medical notes.

cross-modal: Models whose inputs and outputs consist of two di erent modali-
ties. The research of this thesis mainly deals with these types of networks, and in
particular image-to-text.

multi-modal : Models that use two or more types of data as input. For our thesis,
we utilised image and tags as input to produce text.

2.1.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs), rstintroduced by [LeC+89], are Arti cial Neural
Networks (ANNSs) that are primarily used for image processing tasks. CNNs, as every
Neural Network (NN), comprise an input layer, hidden layers and an output layer. Since
CNNs operate in a spatial manner as opposed to regular neural networks, each neuron in
a CNN is connected to the nearest neurons in the previous layer. Thus, the network tries
to identify important details across di erent parts of the input image.



The hidden layers of CNNs consist of three main modules, the convolutional layers, the
pooling layers and the fully connected layer (Fig. 2.1). The fully connected layer is primarily
used for classifying images (e.qg., if this image depicts a dégg convolutional layers

slide over an image and apply Iters (kernels) on the pixels of this image. These lters
are learned during training (i.e. during backpropagation), but the inspiration comes from
conventional image processing, where lters for sharpening, edge detection, blurring, etc.
are used. The outputs of this process are called convolved maps (feature maps). Then,
using a pooling operation, the pooling layers down-sample these feature maps from the
prior convolutional blocks, producing a summary of the feature maps. There are two basic
pooling operations, the Average Pooling and the Maximum Pooling. The former calculates
the average and the latter the maximum, of each value across the convolved maps. The
learning of important visual features of an image becomes more e cient, by stacking more
convolutional layers as well as pooling layers. This stems from the fact that as the CNN
grows, more representations of larger regions are produced [Chol7]. More precisely, the
network becomes more receptive to a wider region of pictures as its depth rises. They start
by representing the smaller components of the input image, and then they combine those
representations together to represent the bigger areas.

Fig. 2.1: An example of a Convolutional Neural Network (LeNet-5), used for hand-written let-
ters/digits recognitions. There are many stacked convolutional as well as pooling layers,
which enhance the performance of the classi cation problem. It is important to mention
that the values of the lters in convolutional layers are learnt via backpropagation. Figure
taken from [LeC+98].

2.1.2 Encoder-Decoder

Both the eld of Computer Vision (CV) and Natural Language Processing (NLP) have
bene ted greatly from encoder-decoder architectures, which were rst introduced by
[SVL14] for Neural Machine Translation (NMT). The encoder and the decoder are the two
main components of encoder-decoder models. The former takes input data (text, image,
etc.) and converts it into one or more feature vectors that represent the information of
this input. The decoder is the module that is responsible for reading this feature vector,
interpreting the representations and producing the output.

Chapter 2 Background and Related Work



Recalling the CNN's architecture (see Subsection 2.1.1), the convolutional and pooling
layers together make up the encoder, as they take the pixels from an image and transform
them into a feature map representation (encoded version), and the fully connected layer
serves as the decoder, as it decodes these features into a class (e.g., dog, cat, etc.). An
illustration of an encoder-decoder architecture can be seen in Fig. 2.2.

Recurrent Neural Networks (RNNs) are yet another fascinating encoder-decoder architec-
ture. Unlike the regular NNs, RNNs are equipped with the concept of memory , which
enables them to store information from previous states. Hidden states store the informa-
tion from earlier sequences of inputs in order to assist the construction of later outputs.
These kinds of architectures bene t text generation because they are able to store previous
text context through their memory usage. The most popular RNNs are Long Short-Term
Memory (LSTM) [HS97], Gated Recurrent Unit (GRU) [Chu+14] and their Biderectional
variants (Bi-LSTM, Bi-GRU). A high-level illustration of an RNN is provided in Fig. 2.3.

Fig. 2.2: An encoder-decoder architecture, used for translating a text from English to German.

Fig. 2.3: A recurrent neural network (RNN) for sentiment analysis (i is the hidden state at time
stepi).

Encoder-decoders are divided into four di erent varieties. These &ne to OngOne to
Many, Many to Oneand Many to Many In each title of the four variants, the words that
precede and follow the wordd' de ne the number of inputs and outputs of these models,
respectively. An illustration of these four types is provided in Fig 2.4. During this thesis,
we only worked with One to Manyross-modal models andany to Manymulti-modal
models. For the former, the input was an image and the outputs consisted of the words
that were generated by the decoders in each time-step. In contrast to the former, we added
text (tags) as an additional input for the latter.

2.1 Background 7



Fig. 2.4: The four di erent types of an encoder-decoder architecture.

2.1.3 Transformers

Transformers have been recently considered as a crucial advancement in the Natural
Language Processing (NLP) eld, having achieved state-of-the-art performance in many
downstream tasks (e.g., sentiment analysis, text generation, etc.) [Bro+20; Dev+19; Jia+20].
These networks, rst introduced by [Vas+17], are encoder-decoder architectures (see
Section 2.1.2). They employ a mechanism that is called attention [BCB15], which enables
the decoder to make use of the input sequence's most relevant segments. In contrast to
Recurrent Neural Networks (RNNSs) that utilise only previous states of inputs (see Section
2.1.2), Transformers can utilise the entire input concurrently. Therefore, Transformers are
faster, having the capacity to parse entire documents without a huge increase in training
time (e.g., BERT [Dev+19] applications), outperforming earlier architectures including
LSTMs.

The rst step before the learning process of Transformers, is to feed the input data (e.g., the
words or characters of a text) into a linear layer, often initialised with a pre-training step,
which is called embedding layer. This layer produces feature vectors, named embeddings
(if they represent words, they are also called word embeddings). RNNs (see Section
2.1.2) also use embeddings for their input data. Tranformers use an additional layer
(positional encoding) that produces a distinctive representation of each input, denoting
its position in a sequenceé. The feature vectors along with their positional information
(positional embeddings) de ne the inputs of the Transformer encoder. An illustration of
this architecture can be found in Fig 2.5

In recent years, Transformer-based models joined the eld of Computer Vision (CV),

having already achieved state-of-the-art results in many tasks that involve images (e.g.,
image classi cation, image captioning, image generation). These consist of the Vision
Transformers (ViTs) that were rstintroduced by [Dos+20]. It should be noted that the

IA clear explanation of the positional encoding representations can be found here: https://machinelearningmastery.com/a-gentle-
introduction-to-positional-encoding-in-transformer-models-part-1/

Chapter 2 Background and Related Work



Fig. 2.5: A regular Transformer architecture. Left is the Encoder module and right the Decoder.
The numberN refers to how many encoder as well as decoder layers are used in the
learning process. Figure taken from [Vas+17].

encoder of ViTs receives patches of the images (visual tokens) along with their positional
embedding (as described above) as its input. An illustration of Vision Transformer can be
found in Fig. 2.6. Researchers have also managed to use ViTs as an alternative to Convolu-
tional Neural Networks (see Subsection 2.1.1). They observed that Vision Transformers
are better for image understanding tasks due to the fact that they can learn complex
relationships between parts of an image by encoding their relative position. In particular,
CNNs are excellent at detecting signi cant features (such as the legs, hands, ears, and
head in humans), but they nd it hard to comprehend the spatial relationships between
these features. Consider the scenario where we have two images: one of a normal human
being and the other of a creature with four legs and three hands. CNNs will incorrectly
categorise both images as human. Vision Transformers, in contrast, are more e ective,
because they can recognise the quantity of features and the connections between them,
even using less parameters. However, using both CNNs and ViTs in image processing
tasks has now become a common practise in studies, leading to the production of more
useful features for various downstream tasks.

2.1 Background 9



Fig. 2.6: The Vision Transformer architecture used for image classi cation. As we see, before
being fed into ViT's encoder, images are sequentially divided into patches. Figure taken
from [Dos+20].

2.2 Related Work

This section presents previous works in the eld of NLP and DL that have achieved state-
of-the-art performance in captioning for generic images (e.g., the caption is a description
of the image) or medical images (e.g., the caption is the diagnosis). Before presenting any
model it is important to describe what generic image captioning and diagnostic captioning
actually are. Generic image captioning, or captioning, is the process of generating a textual
description of an image. An example of this task can be seen in Fig. 2.7. Diagnostic
captioning (DC) is the process of generating a diagnostic text for a medical image (e.g.,
X-rays, computed tomography (CT) scans, etc.).

Fig. 2.7: An example of the results produced by an Image Captioning motiel.

Chapter 2 Background and Related Work



2.2.1 Generic Image Captioning

The task of generic image captioning is well known in both the NLP and the DL elds,
and has received various contributions from many researchers. COCO (Microsoft COCO)
[Lin+14] is the most popular dataset that is used to assess the systems developed for this
task. COCO is also used for object detection as well as for image segmentation related
tasks. This dataset contains 330K images, more than 220K of which being labelled. Each
image is accompanied by 5 unique captions; each of them describes this image in a di erent
way. Apart from captions, object location features are also provided for each image, which
can be used by systems to assist them in comprehending the image's contents.

Two of the most popular models, that used to be state-of-the-art (SOTA) in generic image
captioning tasks, and that set the foundations for further improvements, are Show and
Tell (SnT) [Vin+15] and its updated version Show, Attend and Tell (SANT) [Xu+15]. Both
models employ a deep Convolution Neural Network (CNN) to produce the feature maps
for a given image input. The caption generation process for both models is acted as a
classi cation problem, as they try to predict the next word token in every time-step. Both
models employ a Recurrent Neural Network (RNN), and a Long Short-Term Memory
(LSTM) [HS97] in particular, for the generation process. The attention module of the Show,
Attend and Tell model, which attends over the image based on the previously generated
word tokens, is the only di erence between these two architectures. Both architectures
for SnT and SANT can be found in Fig. 2.8 and Fig. 2.9 respectively.

Fig. 2.8: The Show and Tell model. This image is taken from [Vin+15].

Currently, OFA (One For All) [Wan+22] and LEMON (LargE-scale iMage captiONer)
[Hu+22] are the current SOTA systems in COCO. The former is a uni ed multimodal
architecture pretrained on only 20M publicly available image-text pairs. Apart from
generic image captioning, it can also be used for many image related tasks (e.g., image
generation, image classi cation, visual question answering (VQA), etc.). Itis an encoder-
decoder (see Subsection 2.1.2) based architecture that utilises stacked Transformers (see
Subsection 2.1.3) with self-attention and Feed-Forward Neural Network (FFNN) layers. The
image representations, before passing through the encoder, are produced using a ResNet

2https://towardsdatascience.com/image-captioning-in-deep-learning- 9cd23fb4d8d2

2.2 Related Work 11
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Fig. 2.9: The Show, Attend and Tell model. As we can see, the Attention mechanism is applied
over the image in each time-step. This image is taken from [Xu+15].

encoder [K H+16]. In contrast to regular Transformers, the authors of OFA substituted
position embeddings (see Subsection 2.1.3), with the relationship between position and
features (correlation), along with a position bias. In order to adjust to di erent tasks, OFA's
authors managed to use a uni ed vocabulary where every visual and textual token is
represented in one common representation space. A key bene t of OFA is its simplicity for
a sequence-to-sequence model, that allowed it to only require 20M data for pre-training,
as opposed to the earlier SOTA multimodal models that required much more data. It
is additionally competitive in zero-shot learning as well as in adjusting out-of-domain
information without ne-tuning. An illustration of the OFA's pretraining tasks can be
found in Fig. 2.10.

Fig. 2.10: The OFA pretraining phase on several downstream tasks. This image was taken from [K
H+16].

In contrast, LEMON was pre-trained on an extensive amount of data, in particular on
200M image-caption pairs. This model is the rst model that experimented with the
scaling behaviour of vision-language pre-training (VLP) for the image captioning task.
Particularly, the authors of LEMON were able to analyse LEMON's behaviour with a
wide range of parameters (ranging from 13M to 675M), scaling the size of pre-trained
models in the process. LEMON is also a multi-modal architecture consisting of an image
feature extractor and a Transformer module. The former employs a pre-trained Faster

Chapter 2 Background and Related Work



R-CNN model [Zha+21] for extracting images' regions of interest (Rol) concatenated with
the location of their bounding boxes. LEMON's authors also used the same extractor
to detect object tags. Thus, the image and tag embeddings generated from the image
feature extractor and the word embeddings from the caption, constitute the input of the
Transformer module. The latter comprises stacked layers of encoders, each of which has a
multi-head self-attention (MSA) and a feed-forward layer (FF). LEMON follows a sequence-
to-sequence Masked Language Modelling (MLM) approach, substituting the common
practise of bidirectional MLMs (as the authors found it ine ective for text generation).
Speci cally, during training, it randomly masks out some words, as BERT does ([Dev+19]),
and at the inference stage, given the previous predicted tokens, it tries to predict the next
word hidden by the[MASK] token. Additionally, LEMON is remarkably competent in
identifying a variety of long-tail visual objects, even when used in a zero-shot learning.
Finally, the authors' ndings showed that performance signi cantly improved as the model
size and pre-trained data increased.

2.2.2 Diagnostic Captioning

Recent research has also been conducted in Diagnostic Captioning (or Medical Image
Captioning) but has not received the same attention as in Generic Image Captioning. This
thesis is inspired by [Pav+22; PKA19], two signi cant surveys conducted on the biomedical
eld, that have provided to the author of this thesis great knowledge on how arti cial
intelligence (Al) can help medical experts in producing diagnostic text (e.g., draft of a
medical report) for patients. They present signi cant exploratory analysis for biomedical
data as well as for their implemented methods. Two of the authors of the aforementioned
surveys have also madeTEXx[Kou+21], a DC architecture that is used for diagnhosing
abnormal chest radiographs. Its architecture comprises 3 main modules, each of which
employ a DenseNet-121 [Hua+17] CNN encoder to produce image representations for each
image. The rst one is theRTEX@Ra ranking image classi er used for discriminating
abnormal from normal images. The second one is REEX@T a multi-label classi er

for predicting the abnormal tags for each abnormal image classi ed flBTEX@RThe

third and nal module, RTEX@X nds the nearest image from all training images that
shared the same tags (produced fré&®TEx@T), and assigns its caption to the provided
test image. ThéRTExarchiteture can be found in Fig. 2.11.

Fig. 2.11: The RTExarchitecture with its 3 main stages. This image was taken from [Kou+21].

2.2 Related Work 13
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