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ARTICLE INFO ABSTRACT

Keywords: Nearly two billion chest X-rays (CXRs) are performed annually, making them the most used imaging technique
Medical imaging in radiology for the diagnosis of pulmonary disorders. The accompanying report with the findings from a
Report generation chest X-ray forms a crucial part of the examination. By providing an accurate report, healthcare professionals

Knowledge distillation

Pre-traini can be enabled to make better decisions about the care being provided. To this end, we propose an end-
re-training

to-end radiology report generation framework built on transformers trained on text reports in conjunction
with visual characteristics of the chest X-ray to generate a reliable report that astutely describes the findings
from a single CXR taken either from the Anterior-Posterior or Posterior-Anterior position. A foundation
model is utilised to perform Knowledge Distillation (KD) in conjunction with the Encoder which is fine-tuned
during the training phase. In addition, using a large corpus of radiology reports to pre-train the foundation
model in an unsupervised manner is shown to improve the performance on smaller datasets. This training
methodology results in comparable performance to architectures that employ a lot more parameters. The
proposed framework is evaluated on multiple datasets including the Indiana University dataset, MIMIC dataset,
MIMIC-PRO dataset, and BRAX dataset. The incorporation of KD results in an increase of BLEU-1 score for
Indiana dataset by 4% and BERTScore by 7.5%. Similarly, pre-training on larger datasets in combination with
KD, further increases BLEU-1 score for Indiana dataset by 7.2% and BERTScore by 3%. For MIMIC dataset,
comparable performance is achieved for the Findings and the Impression sections of the report while the
proposed framework outperforms other techniques when both of these sections are combined. For MIMIC-
PRO dataset, an s,,, score of 0.4069 while a RadGraph F1 score of 0.1165 is achieved outperforming other
techniques in the literature. Finally, the proposed framework is also evaluated on locally gathered dataset and
BRAX subset without any re-training or fine-tuning resulting in BLEU-1 score of 0.3827 and a BERTScore of
0.4392 for the former and BLEU-1 score 0.1671 of and a BERTScore of 0.2186 for latter showing generalisation

ability.
1. Introduction reasons, the demand for CXR evaluation and interpretation surpasses
the capacity of radiologists to address it effectively [4,5]. Adding to the
For the diagnosis of pulmonary disease, radiologists rely on chest utility of CXR, are the associated medical reports that provide supple-
X-rays (CXR) since they are a low-cost, readily available method with mentary insights that may not be apparent from the imaging itself thus
the added advantage that they can even be brought to the patient making such a report quite useful. Automated report generation from
if the circumstances necessitate [1,2]. Despite the greater sensitivity a single or a pair of CXRs can allow for rapid evaluation of a patient’s

and diagnostic efficacy of Computed Tomography (CT) scans compared
to CXR [3], the widespread availability and practicality of the CXR
significantly enhance its utility as a diagnostic tool. Additionally, the
reduced radiation exposure further bolsters its appeal. Owing to these

condition as not only it can be generated quickly but can be made less
error-prone as compared to a non-experienced radiologist [6]. The use
of diverse deep learning-based techniques has become more prevalent
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where the problem can either be modelled as a retrieval problem
because the radiology report follows a template [7] or a generation
problem where a free-text report is generated from scratch.

Li et al. [8] employed the retrieval-based approach and proposed
a Knowledge-Driven Encode, Retrieve, Paraphrase (KERP) framework.
This framework adopted a sequential process involving graph trans-
formers at each architectural phase using either the latent space output
or the graph output from the preceding module. By the use of a
Graph Transformer (GTR), the features in the latent space are used
for generating an abnormality graph. The abnormality graph is again
transformed using GTR, resulting in a sequence of templates that are
enriched with case-specific information along with improving the text
itself to make it more dynamic using the Paraphrase module. The
researchers validated their research on two datasets: the Indiana Uni-
versity Chest X-ray dataset [9] and a private dataset. Li et al. [10] also
proposed a Hybrid retrieval-generation reinforced (HRGR) agent - a
similar approach to [8] of encoding visual features extracted through a
CNN [11] as a context vector which was used to generate topic states by
the use of stacked RNN layers with attention. A retrieval policy module
was then used to determine whether a template should be retrieved or a
new sentence generated depending on the probability. The researchers
trained this module using hierarchical reinforcement learning.

The conventional sequence-to-sequence architecture was expanded
by Chen et al. [12] by the introduction of two additional modules.
In the proposed framework, latent space features extracted from an
image are regarded as input sequences. A relational memory module
was added to store the pattern information in order to take advantage
of similarities between the images. ResNet101 [13] was used as the
feature extractor and the feature length was capped at 2048. Using
a Multilayer Perceptron to predict the Ay and A from the matrix
from the memory module, the second module called Memory-driven
Conditional Layer Normalisation (MCLN) is responsible for improving
the generalisation capabilities of the decoding process. [14] utilised
Long Short-Term Memory (LSTM) [15] in conjunction with CNN and
attention module to generate X-ray reports. They modified the VGG19
architecture by integrating additional fully connected layers at the
end, yielding a feature vector of length 256. Employing an embedding
layer, the latent space vector is converted to embeddings where one
dimension represents the maximum size of the findings in [9] dataset.
An attention mechanism generates a context vector prior to the em-
beddings being used by the LSTM for the generation of the output
words, which is then combined with the hidden state to forecast the
following word. The inclusion of a context vector allows the framework
to selectively focus on the information that is most relevant to the
region of interest. Similar to [12], two datasets [9,16] were used for
gauging the performance of the proposed methodology.

Liu et al. [17] used the Knowledge Graph Auto-Encoder (KGAE),
an unsupervised method that relies on a pre-built knowledge graph,
to reduce the reliance on datasets that contain image-report pairs.
The knowledge graph, integral to both the encoder and decoder, is
constructed using [16] reports instead of the images, with the abnor-
malities acting as nodes and the normalised co-occurrence of these
abnormalities in the reports serving as edge weights. ResNet50 [13]
and Transformer [18] are used to extract the embeddings which are
then used as queries to the pre-built knowledge graph. Similarly, a
knowledge-driven decoder is used to generate textual reports from
the graph representations of the image. The researchers also modified
their proposed approach to make it semi-supervised and supervised by
incorporating some of the image-report pairs in the generation of the
knowledge graph. Their findings showed that the supervised approach
outperformed both the semi-supervised and the unsupervised approach.
In order to mimic the process of report writing by the radiologists, Liu
et al. [19] proposed a Posterior and Prior Knowledge Exploring and
Distilling (PPKED) approach. Three primary components formed this
approach: Multi-domain Knowledge Distiller (MKD), Prior Knowledge
Explorer (PrKE), and Posterior Knowledge Explorer (PoKE). PoKE was

Biomedical Signal Processing and Control 111 (2026) 108340

used to extract the abnormality information from the image embed-
dings and the embeddings from a bag of Tags T containing the most
common abnormality tags. Using multi-head attention and Feed For-
ward Network (FFN), the output from the image and tag embeddings
was normalised and added to generate the final output of PoKE. The
next component, PrKE, uses the results of POKE to generate two more
outputs: Prior Working Experience created by generating embeddings
from the text reports of the 100 closest images using cosine similarity
from the training corpus, and Prior Medical Knowledge created by
combining the results of POKE with embeddings from a knowledge
graph created using the same abnormality tags. MKD serves as the
decoder, utilising the outputs from PoKE and PrKE.

Keeping in the same vain as incorporating previous knowledge, [20]
proposed including two different forms of knowledge — general do-
main knowledge and image-specific knowledge — in the report gen-
eration task, the former of which is independent of the input and the
latter depends on the input. The manually constructed RadGraph [21]
was utilised for generic domain knowledge and as a relation extractor.
Latent-space features were used to retrieve similar reports from a
report pool to obtain image-specific information. The novel knowledge-
enhanced attention module aggregates the embeddings generated from
the generic domain knowledge and those extracted from the visual fea-
ture extractor. These embeddings are amalgamated into triplets derived
from similar reports, further processed through Clinical BERT [22], and
aggregated alongside the visual features. This concatenation facilitates
the creation of image-specific domain knowledge. For report genera-
tion, the decoder from [18] is used with the generic knowledge, specific
knowledge, and the visual features concatenated as input.

Srinivasan et al. [23] suggested a report-generation methodology
that utilised Image Level Chest Features (ICLF) extracted using a CNN
and Tag Level Chest Features (TCLF) extracted using Multi-Head Atten-
tion (MHA) by using only the lung area clipped using the Single Shot
Detector (SSD) [24]. The CNN used for ICLF was modified such that it
could classify the image as normal or abnormal based on overlapping
patches to retrieve the tags for only diseased images. Triplet loss was
used for training this sub-module. Using a concatenated version of ICLF
passed through MHA, the top 16 tags were selected. The framework em-
ployed two [18]-esque encoders: one processing TCLF for embeddings
and the other handling ICLF. Similarly, two decoders are used as well;
one for generating Findings output based on both embeddings while
the other generates Impressions based on output features from the first
decoder. In addition to the aforementioned approaches, Large Language
Models (LLMs) have also been utilised for the generation of radiology
reports. Zhong et al. [25] utilised Llama2 for report generation that was
trained on 0.3 million images from six different institutes. In addition
to providing the report for CXRs, ChatRadio-Valuer was also adapted
for the diagnosis of disease for musculoskeletal, head and neck regions
based on specific prompts. The fine-tuned Llama2 model outperformed
several other LLMs including GPT3.5 and GPT4. To gauge the perfor-
mance of state-of-the-art LLMs for radiology report interpretation, Liu
et al. [26] used 32 LLMs to interpret the radiology reports in [16] and
Openl dataset. ROUGE-L, ROUGE 1 and ROUGE-2 [27] were employed
as the performance metrics with Zero-shot, One-shot and Five-shot
evaluation methods. Claude2 was able to outperform all other models
in a Zero-shot setting.

The majority of report generation frameworks for chest X-rays
often rely on multiple views of the chest cavity, with only a scant
few relying on a singular view, whether it Posterior-Anterior (PA) or
Anterior-Posterior (AP). Additionally, many of these approaches tend
to employ either large-scale models or a hybrid approach combining
report retrieval and report generation. To address this gap, our main
research contributions in this article are as follows:

1. We propose a report generation framework that is capable of
generating a CXR report based on a singular view such as AP
or PA.
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2. The proposed framework employs foundation model fine-tuning
on CXR reports for use as a Teacher model to train a smaller Stu-
dent model. We also employ Knowledge Distillation (KD) so that
a smaller Student model can learn better CXR representation.

3. We show that pre-training on larger CXR datasets with reports
improves performance when used in conjunction with Knowl-
edge Distillation providing reasonable performance at a rela-
tively small size and simple architecture.

4. As there is no standard test set available for BRAX, therefore,
we have provided manually annotated reports by radiologists for
100 images sourced from this dataset which can also be used for
validating future frameworks and experimentation.

5. Locally collected dataset with radiology reports (findings) is used
to validate the proposed framework.

The remaining paper is organised as follows: related work is de-
scribed in Section 2. Section 3 Materials and Methods describes the data
set and the proposed architecture. The results are given in Section 5.
Section 6 provides the discussion of the results and finally Section 7
concludes the paper. Moreover, the source code of the framework pro-
posed in this paper is available at: https://github.com/asadkhan1221/
radiology_report_generation/tree/main

2. Related work

Our proposed framework generates a CXR report that provides
the findings from a single CXR captured either from the AP or PA
viewing position. Central to this framework are three components:
an encoder—decoder architecture employed in the report-generation
module, fine-tuning of a foundation model, and Knowledge Distillation
(KD) performed using the encoder and the foundation model trained in
the previous step. Keeping this in view, the current section provides an
overview of the relevant literature.

Leveraging the transformer architecture put forth by [18] for pri-
marily sequential data, Vision Transformer (ViT) [28] modified it to
work with images by creating embeddings of size d of the flattened
image patches. To these embeddings, positional encoding embeddings
are added to keep a record of the position of each patch, and a learnable
embedding representing the class of the image is prepended. Within
the encoder block in the transformer architecture, two distinct sub-
layers, namely the Multi-head Self Attention and the Feed Forward
Network are present. For Self Attention (SA), instead of using the input
embeddings directly, Key (K), Query (Q) and Value (V) are generated
by projecting the input with different weight matrices. Egs. (1) and
(2) detail the operations that are performed on the Key, Query and
Value. Skip connections are also incorporated to maintain consistent
latent vector size followed by layer normalisation. ViT was shown to
provide better performance than convolutional neural networks for im-
age classification tasks [28]. ViT’s versatility has found applications in
various domains. [29] paired a Convolutional Neural Network with ViT
where the former extracted feature maps and visual tokens from those
feature maps and the latter modelled relationships between the visual
tokens. This fusion approach was employed for both classification and
semantic segmentation and was shown to improve the results com-
pared to the convolution-only counterpart significantly while also using
fewer parameters. In another study, [30] implemented a novel training
strategy aimed at reducing both training time and data requirements
for ViT models. Their proposed approach also incorporated knowl-
edge distillation. Moreover, the study highlighted the advantageous
integration of established optimisation and regularisation techniques
typically employed in CNNs, demonstrating their utility in enhancing
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the training efficacy of ViTs.
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The decoder architecture mirrors the encoder in that Masked Multi-
Head Self Attention (MMHA), another sub-module, is included
alongside Multi-Head Self Attention and Multilayer Perceptrons. In the
Masked MHA layer, some of the values in the product of the Attention
Weights and the Value V are masked limiting prediction dependency
to preceding outputs, and offsets embeddings by one position. The
MHA sub-module of the decoder computes the Self Attention utilising
Keys K and Values V from encoder block’s hidden state and Queries Q
generated from the decoder input. Skip connections and normalisation
layers, akin to the encoder, are applied by adding input to sub-layer
output and normalising. Positional encoding embeddings are used
similarly.

In computer vision, a model can learn broad representations of
various objects by being pre-trained on a big labelled dataset with a
large number of samples for a large number of classes [31]. The same
model can then be fine-tuned for a comparable task using these weights.
In the same vein, it is possible to train large language representation
models for upstream tasks using unlabelled data and then fine-tune
them for a particular downstream task — an approach that has shown
performance improvements [32-35]. During training, certain words or
phrases are masked in the input data, requiring the model to predict
and fill in these blanks. BioBERT has applied the same approach
to BERT [35] by pre-training the aforementioned model on medical
corpora from sources such as PubMed and PMC articles totalling 18
billion words [36]. It was then further fine-tuned for three downstream
tasks namely biomedical named entity recognition, biomedical relation
extraction, and biomedical question answering where it achieved better
performance compared to BERT.

Researchers have applied various types of Knowledge Distillation in-
cluding response-based [37-40], feature-based [13,41-43] and
relation-based [44-47] KD to take advantage of knowledge learnt by
a larger, more complex model owing to its size and the number of
parameters [48]. The smaller model (student) learns not only from the
labelled data but also from the larger model (teacher). By distilling the
knowledge encapsulated in the Teacher’s predictions, representations,
and learned relationships, the student model gains a more comprehen-
sive understanding of the data distribution and underlying patterns.
Sun et al. [49] proposed a novel KD method where the student is able
to learn either from a series of specific k layers output of the teacher
model or learns from every k' layer in the model. This methodology
was demonstrated to be effective at providing comparable performance
to the large model at a fraction of the cost both in terms of training
efficiency and parameter size. Jiao et al. [50] also employed BERT [35]
as a teacher model to train a student model termed TinyBERT at
only 13% the size of the teacher model while retaining close to 97%
performance. They were able to achieve this performance by a two-step
knowledge distillation process from [35]; initially, a general Teacher
model is used to train a general Student model. Subsequently, the
process is repeated utilising a task-specific Teacher and a task-specific
Student.
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3. Materials and method

This section describes the data sets, pre-processing for the reports,
proposed framework, and the training methodology.

3.1. Data sets

Every chest X-ray examination is accompanied by a report that
summarises the key findings of the CXR providing a thorough analysis
of the chest cavity’s condition from which a label for the CXR can
also be obtained [51,52]. Recently, datasets with a focus on report
generation have also become available and they serve as an important
training resource for transformer-based and other architectures for
the generation of reports. On three different data sets, the proposed
methodology has been validated.

Gathered from different hospitals affiliated with the Indiana Uni-
versity School of Medicine, this dataset is a collection of 7784 frontal
and lateral chest radiographs [9] available in the DICOM format.
Accompanying these CXRs are 3927 unique reports that contain the
key findings of the scan under different sections. The overall number
of words is 1,22,096 and there are 3257 unique terms in the lexicon
with over 75% of the paragraphs being unique.

MIMIC [16] dataset includes 377,110 images acquired from 227,835
radiography studies of 65,379 patients making it the largest collection
of chest X-rays that is publicly accessible. The CXRs in this dataset were
predominantly obtained in frontal (PA and AP) and lateral projections
utilising a variety of different equipment. The screening may include
one or more images with one or more projections for a single patient.
Reports with the label No finding have the maximum number of around
a 140,000 followed bysupport devices. Pleural effusion and lung opacity
have the second and third most samples respectively when support
devices are ignored. There are 324,641 words total in the dataset, with
145 words and 642 characters on average in each report. Each provided
report has three main sections: findings, impressions, and free-form text
without any heading. The findings provide an elaborate description of
the key findings in the CXR while the impressions are far more concise.
A report may contain both the findings, impressions, and free-form text
but one or more may also be absent from a report.

The references to earlier CXR studies that may or may not be
contained in the dataset are one issue that such a huge dataset poses.
These prior references may limit the deep learning models’ capacity
to learn the representation, leading to reports that make references to
erroneous data. Previous data might be ignored because the major goal
of a radiological report is to highlight the findings in the most recent
scan. This issue has been resolved by [53] by automatically rewriting
the reports and eliminating past references. This dataset which can be
considered a modified version of [16] contains 316,437 reports for an
equivalent number of images in the train portion and 2188 reports in
the test set containing both the frontal and lateral views.

The original split for MIMIC [16] and MIMIC-PRO [53] have been
used and the split used for Indiana University [9] is taken from [54].
For all the datasets, only the AP and PA view positions are kept while
all other view positions are discarded reducing the number of samples
that are used for training. The textual data must be cleaned as part of
the standardisation process by getting rid of special characters, unused
spaces, and redacted patient data. The removed personal information of
the patients is represented by xxxx in [9] and ___ in [16]. Furthermore,
after the removal of all unnecessary characters, the remaining charac-
ters are converted to lowercase. The standardisation process from [20]
was adapted for the [16,53] datasets while for the Indiana dataset, [54]
was used along with the training, validation, and test split. In addition,
the vocabulary for each of the datasets — generated from the entire text
corpus including findings, impressions, and free text — was determined
individually, and for [16] the words with an occurrence of < 3 were
dropped from the reports. This resulted in 9396 unique words for [16]
and 5615 for [53]. The findings and impressions sections are combined
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for [16], and if either is missing, the other is used. The free text section
is utilised if either or both are missing. A local dataset has also been
acquired from Rawalpindi, Pakistan from January 2020 to November
2020 and has been used for testing. This dataset contains 1054 frontal
chest X-rays which is the same number of patients. The resolution of
the scans is 3072 x 3072 pixels and they have been captured using
‘FXRD-1717NB’ machine. In addition to the local dataset, a test set of
100 images from BRAX [52] dataset has been manually annotated for
report generation by local radiologists as well.

3.2. Proposed framework

Our proposed framework generates a CXR report that provides the
findings from a single CXR taken either from the Anterior-Posterior
or Posterior-Anterior viewing position. An encoder and a decoder are
employed in the report generation module. The training process also
makes use of fine-tuning of a foundation model that is then used to
perform Knowledge Distillation using the encoder. The sections below
describe the different parts of the framework in detail. An overview of
the entire framework is provided in Fig. 1.

3.2.1. Foundation model and pre-training

Making use of the same approach that [36] used to train Bidirec-
tional Encoder Representations from Transformers for Biomedical Text
Mining (BioBERT), we pre-train BioBERT on the CXR reports using the
Masked Language Modelling approach which was inspired by [55].
Although BioBERT is already pre-trained on a medical corpus that is
suited for the medical domain, this training corpus lacks CXR reports.
Therefore, pre-training it on the CXR report corpus should improve the
performance for the downstream task of knowledge distillation.

We make use of pre-trained BioBERTg g having 137 million param-
eters where approximately 108 million parameters are trainable. The
model contains 12 layers with the size of the latent vector from the last
hidden layer being 768 and it also incorporates a token classification
layer. This model is trained with the maximum number of 512 tokens
and 35% of the tokens are masked during this process. The learning
rate is kept as 5 x 107 with a weight decay of 0.01. As the result of
applying a softmax function to the full vocabulary, the model outputs
the probability of the masked token. Fig. 2 shows a part of a report is
masked for training the foundation model.

3.2.2. Knowledge distillation

In order to further improve the performance of the proposed frame-
work, features-based knowledge distillation was adopted. Using a sim-
ilar approach to [56], the visual encoder in the report generation
module acts as the student model while BioBERT which has been
pre-trained on a particular dataset reports acts as the teacher model.

In contrast to the masked language model training of BioBERT [36],
the complete associated text is tokenised and no token is masked.
Concurrently, the corresponding image is passed through the ViT [28]
to obtain the image embeddings. The last hidden state from BioBERT
and the image embeddings are then used to calculate the Kullback—
Leibler [57] divergence loss given by Eq. (3).

Ypred

L1 (Ypreds Yirue) = Yirue * log < > = Ytrue (log Yirue — 10g yPred) 3

Ytrue

LKL(ypred’ yrrue) = Softmax(ytrue) : (IOg(Softmax(ytrue))
— log(Softmax(y,req))) 4

To ensure that the KL divergence is mathematically correct, a log
operation is applied to the embeddings from each model preceded by a
Softmax operation as shown in Eq. (4). The KL divergence loss makes
sure that the hidden states, which are regarded as features, allow the
reduction of the difference between the teacher’s and the student’s
model activation, where the embeddings from the former are regarded
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as the target while those from the latter are regarded as input. Fig.
3 shows the training time configuration of the Teacher-Student model.
The teacher model is removed during inference and the trained student
model is used as the encoder in training the encoder—decoder module
in the report generation framework.

The encoder model ViT [28], which behaves as the student, is
trained using the foundation model serving as the teacher, once the

arity appear within normal limits.

manner. The trained foundation model is then used as the teacher in the Knowledge

foundation model has been trained using the processed dataset. The
KL divergence [57] uses the embeddings generated by the final hidden
layer of each of these models, which have the same dimensions. The
encoder for training the report-generation sub-module is the student
model from the training with the minimum loss.

For the student model, We make use of ViT-Base [28] architecture
consisting of 12 layers and 12 heads and containing approximately 86
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million parameters. The input image size for the ViT is set to 224 x 224
and 16 patches per image are used. The latent vector’s dimensionality
from ViT’s final hidden layer mirrors that of BioBERTg,g at 768, elim-
inating the need for dimensional adjustments. The collective parameter
count for the combined ViT and BioBERTg,g models reaches approx-
imately 194 million, indicating a substantial capacity for learning and
adaptation. 5 x 10~ is the learning rate that is used for training with
no weight decay and a batch size of 128.

3.2.3. Training of the downstream task: Report generation

Using the distilled student ViT-Base from the previous training step,
the report generation sub-module is trained. ViT acts as the encoder
that extracts the visual features in conjunction with MiniLM [58] which
acts as the decoder that takes the latent space vectors from the encoder
and uses it as the hidden state. The transformer model in [58] has itself
been trained using distillation by using a larger teacher model based
on BERT [35] achieved by using Kullback-Leibler Divergence [57]
between the scaled dot products of Query-Key and Value-Value from
the last self-attention module of both the teacher and the student
model. The MiniLM that is employed in this configuration has 12 layers,
a hidden state dimension of 384, and only 41 million parameters, bring-
ing the total number of parameters for the sub-module close to 127
million. The tokenizer from MiniLM is the one used for tokenization
with a varying maximum length for different datasets. AdamW [59]
optimiser is used with a learning rate 5 x 1073 and the training batch
size is varied between 2 to 8. Fig. 4 shows the configuration of the
report generation module.

4. Experimental setup

The proposed framework was trained and evaluated on three dif-
ferent datasets: Indiana University Chest X-ray [9], MIMIC [16] and
MIMIC-PRO [53]. To gauge the performance of the proposed frame-
work, every model in the framework was trained at least three times,
and the best-performing model was retained. The details of the hy-
perparameters have been added in Table 4. The models were trained
using PyTorch in Python on two systems; one with 64 GB RAM and
two Nvidia RTX 2070 GPUs and the other with 128 GB RAM and a
single Nvidia RTX 3090 Ti GPU. The performance metrics that have
been calculated for this framework include both semantic similarity
and lexical similarity. The BLEU score [60] and ROUGE-L [27] are
used for lexical similarity while BERTScore [61] is used for semantic
similarity. RadCliQ [62] provides a combination of both lexical and

semantic similarity. The computation of the aforementioned and other
metrics has been done using [62]. For BLEU, ROUGE-L, RadGraph F1
and s,,,;,, a higher score (1) is better while for RadCliQ a lower score
(1) is better.

In order to verify the utility of Knowledge Distillation and pre-
training using a large dataset, two ablation studies were performed.
This section lists the findings of those studies.

4.1. Ablation study for knowledge distillation

The strength of the proposed framework stems from Knowledge
Distillation where what the teacher model has learnt can be used to
improve the performance of a smaller student model despite their
architectural differences and distinct purposes. In order to evaluate the
effect of Knowledge Distillation, using the IU dataset [9], the proposed
framework was trained with and without utilising this training step.
Table 1 shows the effects of using this strategy. The BERTScore and
BLEU-1 scores both increased with the use of knowledge distillation,
going from 0.4725 to 0.5482 and 0.4449 to 0.4848, respectively, as
seen in Table 1.

4.2. Ablation study for pre-training

In order to utilise a large amount of data and account for the lower
number of samples used in the Indiana University dataset, two experi-
ments were conducted. In the first experiment (Exp 1), the foundation
model was trained on the larger MIMIC dataset while the knowledge
distillation and the report generation sub-module were trained using
the IU dataset. In the other experiment (Exp 2), only the report gen-
eration sub-module was trained on the IU dataset, and the training of
the foundation model and knowledge distillation were both performed
using the MIMIC dataset. As before, the split given in [54] has been
used.

While the difference between the number of samples in MIMIC and
MIMIC-PRO is only around 16%, the difference in unique words in the
text corpus between the two datasets is nearly 40%. Therefore, keeping
this in view, in a similar manner to the pre-training performed on the
Indiana University dataset, the same two experiments are conducted as
before. Table 2 shows the results of this approach.

From Table 2, it can be seen that both types of pre-training result
in improvement of scores across all evaluation metrics. Just using
the foundation model trained on MIMIC dataset and re-training the
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Fig. 4. Multiple layers are used in both the encoder and the decoder with each layer containing multiple attention heads. Each successive layer in the encoder receives the input
from the previous layer while the last layer passes the output to each decoder layer. The figure illustrates the last encoder and decoder layer.

Table 1

Effects of using knowledge distillation in training by using the foundation model as teacher and ViT as the student model on the Indiana

University [9] data set.

Technique BLEU-1 t BLEU-2 t BLEU-3 1t BLEU-4 t ROUGE-L t RadCliQ | BERTScore 1
Without knowledge 0.4449 0.2921 0.2070 0.1518 0.3562 2.767 0.4725
distillation
With knowledge 0.4848 0.3183 0.2280 0.1670 0.3573 2.3954 0.5482
distillation

Table 2

Performance of proposed framework on Indiana University [9] and MIMIC-PRO [53] data sets with pre-training on MIMIC [16] data set for

different sub-modules.

Technique Dataset Data BLEU-1 1 BLEU-2 1 BLEU-3 1 BLEU-4 1 ROUGE-L 1 RadCliQ | BERT-

partition score 1

[9] - 0.5572 0.4032 0.3028 0.2172 0.4211 2.1943 0.5800

Exp 1 [53] I (AP & 0.1181 0.0602 0.0329 0.0192 0.118 3.9468 0.2243
PA)

I 0.1157 0.0581 0.0314 0.0180 0.1139 3.9590 0.2245

[9] - 0.5476 0.3397 0.3450 0.2218 0.4291 2.1600 0.5730

Exp 2 [53] I (AP & 0.1098 0.0555 0.0303 0.0172 0.1130 3.9393 0.2235
PA)

I 0.1081 0.0542 0.0294 0.0165 0.1099 3.9480 0.2245

Knowledge Distillation module on IU data set results in higher BLEU-
1, BLEU-2, and BERTScore as compared to the other methodology.
Conversely, BLEU-3, BLEU-4, ROUGE, and RadCliQ show improvement
when the ViT distilled using MIMIC foundation model is used. Im-
provement in these metrics can be observed for the MIMIC-PRO data
set where the scores improve as a result of pre-training which can be
attributed to the fact that while the difference between the number of
samples in MIMIC and MIMIC-PRO is only around 16%, the difference
in unique words in the text corpus between the two datasets is nearly
40%.

5. Results

The following section details the results for different datasets that
were used for evaluation.

5.1. MIMIC dataset evaluation

For the MIMIC dataset, the Findings and the Impressions sections
were combined to form the reports for the chest X-rays. The use of this
combination provides a two-fold advantage: it not only increases the
length of the individual report but also increases the number of samples

that would have been otherwise discarded due to the missing Findings
or Impressions sections. Furthermore, only PA and AP views were kept
resulting in 237,887 training samples and 1958 validation samples.
The foundation model and the knowledge distillation sub-module were
trained using the training and evaluated using the test samples. Table
3 shows the results of the proposed framework on only Findings, only
Impressions, and Findings combined with Impressions.

Along with the quantitative results shown in Table 3, the qualitative
results from randomly selected samples from the MIMIC dataset are
shown in Table 5corresponding to results on Findings, Impressions, and
combined Findings and Impressions sections. The differences are shown
in red while the other colours are used for similarities. The order of the
sentences generated varies from that of the ground truth. Furthermore,
different verbiage is employed to express the same concept.

A comparison with state-of-the-art techniques is undertaken to as-
sess the efficacy of the proposed report generation methodology. Table
7 shows the performance of the proposed methodology against different
techniques for the under consideration evaluation metrics for just the
Findings section of the reports.

Similar to Tables 7, 8 shows the performance of the proposed
methodology against different techniques the Impressions section
which is a brief summary of the findings section. Table 9 shows the
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Performance of proposed on MIMIC [16] dataset. The framework is trained on a combination of Findings and Impressions sections while the
results are computed on different sections of the report. F represents Findings, F+I represents Findings & Impressions while I represents Impressions.
The absence of (AP & PA) denotes that all samples were used for testing.

Data partition BLEU-1 t BLEU-2 1 BLEU-3 1 BLEU-4 1t ROUGE-L 1t RadcCliQ | BERTScore 1
F (AP & PA) 0.3104 0.1801 0.1167 0.0818 0.2213 3.6145 0.3484
F 0.3048 0.1762 0.1145 0.0803 0.2197 3.6360 0.3507
F + I (AP & PA) 0.3007 0.1720 0.1099 0.0763 0.2142 3.7210 0.3192
F+1 0.2959 0.1689 0.1084 0.0725 0.2134 3.745 0.3207
I (AP & PA) 0.1625 0.0839 0.0488 0.0312 0.1404 4.1372 0.2405
1 0.1512 0.0767 0.044 0.0276 0.1344 4.2053 0.2344
Table 4
Hyperparameters of different stages of the report generation framework.
Stage Models Layers Parameters Latent Tokens Learning  Learning  Loss Activation Image Input Optimiser Batch
(Millions) dimensions rate scheduler function size dimensions size
Foundation BioBERT 12 137, 768 512 5x107° Cross- Softmax - - 4
Model 108 Constant  entropy AdamW
Knowledge BioBERT 12,12 194 768 512 5x 1074 KL - 224 3 128
Distillation ViT Base (108, Diverg-
86) ence
Report ViT Base 1212 127 768, 512, 5% 1073 Cross- GELU 2
Generation MiniLM (86, 384 50/80 entropy to
41) 8
Table 5

The text in red represents portions of the text that are absent in the generated report for the MIMIC [16] data set. Conversely, the other coloured sentences demonstrate the
similarities between the ground truth and the generated report. The model is unable to correctly identify the distance of different tubes in the image. The combination of Findings
and Impression sections not only improves the number of unique words in vocabulary but also improves the quality of the generated reports as well. Best viewed in colour.

Findings

Impressions

Findings +
Impressions

pa and lateral views of the chest provided .
lung volumes are somewhat low. allowing
for this there is no focal consolidation

as compared to the previous radiograph the
the tip of the

endotracheal tube projects approximately 48

cm above the carinal. the course of the naso-

there
is no pleural effusion or pneumo-

Actual effusion or pneumothorax. gastric tube is unremarkable the tip projects thorax. the cardiac and mediastinal
imaged osse- over the middle parts of the stomach. the right
ous structures are intact. no free air below internal jugular venous introduction sheet is un- no acute cardiopulmonary process.
the right hemidiaphragm is seen. changed . increasing atelectasis at the left lung
bases. unchanged appearance of the
pa and lateral views of the chest provided. as compared to the previous radiograph
there is no focal consolidation effusion or the tip of the endotrac- S
. . no pleural effusion or
pneumothorax. heal tube projects approximately 4 cm above the . .
. . R . °. i pneumothorax is seen. the cardiac
Predicted imaged osseous structures carina. the patient has also received a nasogastric o .
. . . . . X and mediastinal silhouettes are un-
are intact. no free air below the right hemi- tube. the course of the tube is unremarkable the .
. . . . X . . . remarkable. no acute cardiopulmonary
diaphragm is seen. no acute intrathoracic tip of the tube is not included on the image. the
. . . . . rocess.
process. right internal jugular vein catheter is P
in comparison with the study of there again are cardiac mediastinal and hilar contours
there is no focal bilateral pleural effusions with compressive are normal.

Actual consolidation pleural effusion or pneumo- atelectasis much more prominent on the left. no focal consolidation pleural
thorax. the hilar and mediastinal silhouettes continued enlargement of the cardiac silhouette effusion or pneumothorax is present.
are unremarkable. heart size is top normal. with mild elevation of pulmonary venous there are no acute osseous abnormalities.
partially imaged upper abdomen demonstrates pressure . pacer leads are unchanged. no acute cardiopulmonary process.
prominent air-filled large bowel loops.

in comparison with the study of there is little - -
. : . heart size is normal. the mediastinal and
. overall change. again there is substantial en- .
there is no pleural ith pul hilar contours are normal.
. . with pul-
. effusion focal consolidation or pneumothorax. X - p lungs are clear. no
Predicted monary edema and bilateral pleural effusions

hilar and mediastinal silhouettes are unremark-

able. heart size is normal. there is no
pulmonary edema. partially imaged upper
abdomen is unremarkable. a

with compressive basilar
prominent on the left. pacer device remains
in place.

pleural effusion or pneumothorax is seen.
there are no acute osseous abnormalities.
no acute cardiopulmonary abnormality.

comparison of the combined Findings and Impression sections with the
literature. Only a few studies have chosen to use this combined strategy.

5.2. Indiana university dataset evaluation

Keeping the same approach as that used for MIMIC, the proposed
framework was also trained on the Indiana University chest X-rays and

reports. However, instead of combining the Findings and the Impres-
sions, only Findings were used in training. In addition, only PA and
AP views of the CXRs are kept while others are discarded. Images that
do not contain the findings section are also discarded. 3200 training
samples, 500 validation samples, and 300 test samples were produced
as a result. Table 10 shows the results of the proposed framework with
the inclusion of Knowledge Distillation.
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Table 6

For the Indiana dataset [9], the text in red shows that even when different verbiage is used in the generated report, the same meaning is conveyed. For MIMIC-PRO [53]
and BRAX [52], the text highlighted in red represents portions of the text that are absent in the generated report. Conversely, the other highlighted sentences demonstrate the
similarities between the ground truth and the generated report. The reports for BARX [52] subset have been generated without any retraining or fine-tuning. For all datasets, it
can be observed that different verbiage has been used for the same statement in the actual and the predicted reports.

Indiana [9] MIMIC-PRO [53] BRAX [52]

the cardiomediastinal silhouette is within
normal limits for size and contour the lungs
are normally inflated without evidence of focal
airspace disease pleural effusion or
pneumothorax no acute bone

abnormality

There are , which
combine with signs of -
Findings suggest

, pulmonary vascular conges-
tion and bibasilar atelectasis.

lungs are clear heart size appear normal
Actual 8 PP

the cardiomediastinal silhouette is within
normal limits for size and contour the lungs

. . . . with
Predicted are normally inflated without evidence of . .
N . . and bibasilar atelectasis.

focal airspace disease pleural effusion or

pneumothorax no acute bony abnormality

the cardiomediastinal silhouette is within . . . .

- . 5 - with well defined margins may
normal limits for size and contour the lungs - .
. . . , and bibasilar airspace opac- suggest moderate however need
Actual are normally inflated without evidence of s . . e . . .
) . . ities likely reflective of atelectasis. Findings correlation with echocardiogram lungs are clear cp
focal airspace disease pleural effusion or oy .
. compatible with acute with angles are sharp .
pneumothorax no acute osseus abnormality : .
possible layering
the cardiomediastinal silhouette is within . .
L. ) bilateral lower lobe opacities and enlargement . .

normal limits for size and contour the lungs of the with history of
Predicted are normally inflated without evidence of robable echocardiogram is recommended for

focal airspace disease pleural effusion or o P . . further evaluation.

and bibasilar atelectasis.

pneumothorax osseous structures are intact

Table 7
Performance of the proposed framework on the findings section against different techniques in literature for MIMIC [16] data set. The absence
of (AP & PA) denotes that all samples were used for testing.

Technique BLEU-1 t BLEU-2 1 BLEU-3 1 BLEU-4 1 ROUGE-L t RadcCliQ | BERTScore 1
Vinyals et al. [63] 0.256 0.157 0.102 0.070 0.249 - -

Xu et al. [64] 0.304 0.177 0.112 0.077 0.249 - -
Anderson et al. [65] 0.280 0.169 0.108 0.074 0.250 - -

Liu et al. [66] 0.334 0.217 0.140 0.097 0.281 - -

Lu et al. [67] 0.302 0.189 0.122 0.082 0.259 - -
Rennie et al. [68] 0.314 0.199 0.126 0.087 0.265 - -
Krause et al. [69] 0.321 0.203 0.128 0.089 0.266 - -
Harzig et al. [70] 0.328 0.204 0.127 0.090 0.267 - -
Jing et al. [6] 0.329 0.206 0.133 0.095 0.273 - -
Huang et al. [71] 0.337 0.211 0.136 0.095 0.274 - -
Jeong et al. [72] - 0.220 - - - 3.585 0.353
Nicolson et al [73] - 0.196 - - - 3.617 0.347
Proposed (PA & AP) 0.310 0.180 0.116 0.081 0.221 3.614 0.348
Proposed 0.304 0.176 0.114 0.080 0.219 3.636 0.350

Table 8

Performance of the proposed framework on the impressions section against different techniques in literature for MIMIC [16] data set. The
absence of (AP & PA) denotes that all samples were used for testing.

Technique BLEU-1 1t BLEU-2 1 BLEU-3 1 BLEU-4 t ROUGE-L 1 RadCliQ | BERTScore 1
Ramesh et al. [53] - - - - - - 0.229
Jeong et al. [72] - 0.084 - - - 3.781 0.287
Endo et al. [74] - 0.055 - - - 4.121 0.193
Li et al. [75] - 0.030 - - - 4.313 0.190
Miura et al. [76] - 0.087 - - - - 0.227
Chen et al. [12] - 0.059 - - - - 0.186
Yan et al. [77] - 0.064 - - - - 0.188
Nicolson et al. [73] - 0.066 - - - - 0.192
Proposed (PA & AP) 0.162 0.083 0.048 0.031 0.140 4.137 0.240
Proposed 0.151 0.076 0.044 0.027 0.134 4.205 0.234
Table 9

Performance of the proposed framework on the combined Findings and Impressions section against different techniques in literature for MIMIC
[16] data set. The absence of (AP & PA) denotes that all samples were used for testing.

Technique BLEU-1 1 BLEU-2 1 BLEU-3 1 BLEU-4 1 ROUGE-L 1 RadcCliQ | BERTScore 1
Jeong et a. [72] - 0.161 - - - 3.835 0.287
Yan et al. [77] - 0.144 - - - 3.986 0.275
Chen et al. [41] - 0.137 - - - 4.051 0.271
Proposed (PA & AP) 0.300 0.172 0.109 0.076 0.214 3.721 0.319
Proposed 0.151 0.076 0.044 0.027 0.134 3.745 0.320
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Performance of the proposed framework on the findings for Indiana University [9] data set.

BLEU-1 1t BLEU-2 t BLEU-3 1 BLEU-4 1t ROUGE-L 1 RadCliQ | BERTScore 1
0.4848 0.3183 0.2280 0.1670 0.3562 2.7670 0.4725
Table 11

Performance of the proposed framework on the findings section against different techniques in literature for Indiana University [9] data set.

Technique BLEU-1 t BLEU-2 1 BLEU-3 1 BLEU-4 t ROUGE-L t RadCliQ | BERTScore 1
Liu et al. [19] 0.483 0.315 0.224 0.168 0.376 - -
Liu et al. [78] 0.492 0.314 0.222 0.169 0.381 - -
Liu et al. [66] 0.473 0.305 0.217 0.162 0.378 - -
You et al. [79] 0.484 0.313 0.255 0.173 0.379 - -
Nooralahzadeh et al. [80] 0.486 0.317 0.232 0.173 0.390 - -
Yang et al. [20] 0.496 0.317 0.232 0.173 0.390 - -
Kale et al. [81] 0.423 0.256 0.194 0.165 0.444 - -
Qin et al. [82] 0.492 0.321 0.235 0.181 0.384 - -
Wang et al. [83] 0.497 0.357 0.279 0.225 0.414 - -
Proposed 0.557 0.403 0.302 0.217 0.421 2.194 0.58
Table 12

Performance of proposed on MIMIC [16] dataset. The framework is trained on a combination of Findings and Impressions sections while the
results are computed on different sections of the report. I represents Impressions and the absence of (AP & PA) denotes that all samples were

used for testing.

Data BLEU-1 1 BLEU-2 1 BLEU-3 1 BLEU-4 1 ROUGE-L 1 RadCliQ | BERTScore 1
partition

I (AP & 0.0988 0.0496 0.0274 0.0162 0.1064 4.0684 0.2074

PA)

I 0.0972 0.0481 0.0262 0.0154 0.1034 4.0766 0.2085

A comparison with state-of-the-art techniques is undertaken to as-
sess the efficacy of the proposed report generation methodology. Ta-
ble 11 shows the performance of the proposed methodology against
different techniques for the under-consideration evaluation metrics.

Along with the quantitative results and comparison with different
techniques in literature, the qualitative results from randomly selected
samples from the IU dataset are shown in Table 6 where the differences
are shown in red.

5.3. MIMIC-PRO dataset evaluation

For MIMIC-PRO, only the Impression section has been rewritten
to remove references to previous reports which results in an overall
reduced length of the report [53]. In a similar fashion to the other data
sets, only the PA and AP views were used in this dataset for training.
There are 2065 samples in the test dataset which are either PA or
AP and 2188 samples if all views are considered, whereas 199,396
samples make up the training dataset. Table 12 shows the results of
the proposed framework.

Along with the quantitative results and comparison with different
techniques in literature, the qualitative results from randomly selected
samples from the MIMIC-PRO dataset are shown in Table 6.

A comparison with state-of-the-art techniques is undertaken to as-
sess the efficacy of the proposed report generation methodology. Ta-
ble 13 shows the performance of the proposed methodology against
different techniques for the under-consideration evaluation metrics.

5.4. BRAX subset evaluation

Just like with the local dataset, the trained models were evaluated
on the BRAX subset of 100 images, for which reports were provided
by a radiologist. The models were used without any retraining or fine-
tuning on the target dataset to assess its performance. Table 14 shows
the metrics under consideration for three models that were trained
on [9,16], and [53] respectively.

From Table 14, it can be seen that the model trained on the Indiana
dataset outperforms the models trained on the other two datasets in
all metrics except RadCliQ. This difference in performance can be

10

explained by the overwhelming ratio of normal samples in the Indi-
ana dataset. Furthermore, the model trained on MIMIC outperforms
both models for RadCliQ by a significant margin. For BERTScore, the
difference between models trained on Indiana and MIMIC dataset is
just 1.16% which is significantly less than the difference observed in
BLEU-1, BLEU-2, and BLEU-3 scores. Similarly, for the BLEU-4 score,
the difference between the model trained on the Indiana dataset and
the model trained on MIMIC dataset is far less.

Another thing to note is that the variation in the generated reports is
least from the model that has been trained on the Indiana dataset which
is due to less variability of the Indiana corpus itself. The reports that
have been generated by the model trained on MIMIC have a tendency
to have hallucinatory references to prior examinations as such reports
are quite common in the dataset corpus. This problem is largely solved
by the use of model trained on MIMIC-PRO which does not contain
such references. However, as the MIMIC-PRO text corpus focuses on
just the Impressions portion of the report, the generated reports tend to
be relatively brief and follow the structure of the Impressions section in-
stead of the Findings section which more closely resembles the structure
of BRAX reports. Table 6 shows the radiologist report and the reports
generated by MIMIC-PRO [53] model.

5.5. Local dataset evaluation

Without any fine-tuning or retraining, the trained models were used
on the locally gathered dataset to assess the generalisability of the
proposed framework. The models trained on both the MIMIC [16] and
Indiana [9] dataset were used for the local dataset where the model
trained on IU dataset performed better than the one trained on MIMIC.
Using this trained model, a BLEU-1 score of 0.3827 and a BERTScore
of 0.4392 was achieved on the local dataset as shown in Table 15.

6. Discussion

One of the limitations of the framework presented here lies in
the hardware and the time requirements for training the complete
framework as it contains several sub-modules. However, at the time of
inference, the architecture is simplified which reduces the number of
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Performance of the proposed framework on the against different techniques in literature for MIMIC-PRO [53] data set. For the different
techniques used in the proposed methodology, the absence of (AP & PA) denotes that all samples were used for testing.

Technique BLEU-1 1 BLEU-2 1 BLEU-3 1

BLEU-4 1 Semp T RadGraph F1 1t BERTScore 1

Ramesh et al. - - -
(Report

Retrieval)

[53]

Ramesh et al. - - -
(Sentence

Retrieval,

k=1)

[53]

Ramesh et al. - - -
(Sentence

Retrieval,

k=2

[53]

Ramesh et al. - - -
(Sentence
Retrieval,
=3)

[53]
Proposed
(AP & PA)
Proposed
Proposed
(AP &
PA)[Exp 1]
Proposed
[Exp 1]
Proposed
(AP &
PA)[Exp 2]
Proposed
[Exp 2]

0.0988 0.0496 0.0274
0.0972

0.1181

0.0481
0.0602

0.0262
0.0329

0.1157 0.0581 0.0314

0.1098 0.0555 0.0303

0.1081 0.0542 0.0294

- 0.3601 0.0925 0.2160

- 0.3967 0.0864 0.2159

- 0.3859 0.1056 0.2351

- 0.3779 0.1118 0.2254

0.0162 0.3739 0.0983 0.2074

0.0154
0.0192

0.3735
0.4000

0.0904
0.1165

0.2085
0.2243

0.0180 0.3988 0.1083 0.2245

0.0172 0.4069 0.1125 0.2235

0.0165 0.4059 0.1048 0.2245

Table 14

Performance of proposed framework on BRAX [52] subset. Models trained on three different datasets (Indiana University [9], MIMIC [16] and

MIMIC-PRO [53]) were used.

Model BLEU-1 1t BLEU-2 1t BLEU-3 1t BLEU-4 1t ROUGE-L 1 RadCliQ | BERTScore 1
trained on
Indiana [9] 0.1671 0.0816 0.0422 0.0169 0.1085 4.3325 0.2186
MIMIC [16] 0.1295 0.0570 0.0261 0.0139 0.1057 4.0717 0.2070
MIMIC-PRO 0.1013 0.0391 0.0129 0.0009 0.0716 4.2896 0.1875
[53]

Table 15

Performance of proposed framework on Local data set. The framework trained on the Indiana University [9] data set was used.

BLEU-1 | BLEU-2 1 BLEU-3 1

BLEU-4 1

ROUGE-L 1 RadCliQ | BERTScore t

0.3827 0.2367 0.1624

0.1153

0.2745 2.5256 0.4392

parameters required. This, in addition to the proposed framework not
relying on report retrieval, makes the framework a relatively simple
approach at the time of inference.

Due to most of the lungs having a normal presentation in the
MIMIC [16], BRAX [52], MIMIC-PRO [53] and the Indiana [9] datasets
and the findings section following a systematic structure, most of the
associated reports are repetitive and similar thus lacking information
regarding different abnormalities. While this allows the machine learn-
ing approaches to learn better representations of normal images and is
in line with the natural distribution of the samples in most of the CXR
datasets [9,16,52,53], critical findings can be missed in the report due
to the lack of abnormal samples. This issue also plagues the proposed
framework here as evidenced by the sample generated reports present
in Table 5. One attempt to address this is the use of only abnormal
radiology reports in the MIMIC dataset to train a model as proposed
by [84]. To improve the model’s ability to identify abnormalities in
CXRs, it may be helpful to fine-tune a model that was trained on the
complete MIMIC corpus using this aberrant-only dataset.
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Knowledge Distillation is shown to improve the performance as
evident by the improvement in performance on the Indiana dataset in
Table 1. Furthermore, it has been demonstrated that pre-training for
report generation enhances performance on smaller datasets relative to
the bigger pre-training dataset, in addition to Knowledge Distillation.
The performance for both [9,53] datasets increases — as evident by
Table 2 — as a result of pre-training on [16]. The larger corpus of the
MIMIC dataset, both in terms of samples and vocabulary allows the
framework to learn better representations.

The use of Knowledge Distillation allows for a model with a rel-
atively small size to perform reasonably well. In contrast to our pro-
posed strategy, the architecture proposed in [74] makes use of a
report retrieval strategy which necessitates that the embeddings from
a large CXR reports corpus are extracted and then compared with
the embeddings extracted from the test image. This results in large
memory and time requirements which can be reduced by a compression
technique [74]. Even though the proposed framework takes less compu-
tational resources [85] than the retrieval approach [74], it is still able
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to outperform the in s,,, and RadGraph F1 score. Even in BERTScore,
the difference is a just little over 1% as can be seen in Table 13. Another
thing to consider is the report template discrepancy that can be found
in the gathered local dataset and the international datasets that were
used to train the framework. The difference in the style of how the
findings are provided in a radiology report can impact the performance
of automated frameworks. This difference can been in Table 14 for the
BRAX reports created by local experts. The length of the reports in the
different datasets can have greater impact on metrics like BLEU scores
while metrics like BERTScore are affected less by it.

One more thing to consider is that the BLEU-1 score captures
semantic similarity. For reports that are closer in content, the BLEU-1
score is also high. However, this is affected by the ratio of the normal
reports in the testing data and the structure of the findings section
that is followed for a dataset. During experimentation, some models,
while underperforming on the BLEU-1 metric (approximate BLEU-1
score of 0.41 on Indiana [9] dataset) had a greater number of unique
generated reports with more variability in the verbiage of the reports.
This variability resulted in a lower BLEU-1 score, despite having more
unique words and less repetition.

While pre-training has been performed for the Foundation model to
accommodate for the lack of CXR reports in the original training corpus,
pre-trained weights have been used in case of BioBERT and ViT while
MiniLM has been trained from scratch. Training these larger models
from scratch on the CXR corpus might improve the overall performance
of the proposed framework. However, such a change to the training
strategy will increase the training time significantly.

7. Conclusion

We present a radiology report generation framework from a single
perspective using a transformer encoder—-decoder with features-based
knowledge distillation and demonstrate reasonably good performance
on all the datasets. We also demonstrate that using pre-training and
knowledge distillation improves the report generation results which
is evident from an increase in metrics such as the BLEU score. Our
method also shows that it is possible to achieve variation in the gen-
erated reports while still doing well on the aforementioned measures.
Masked language pre-training of the teacher language model with a
particular dataset allows for better domain and dataset representation.
The parameters of the student models are then updated based on loss
calculated using the latent space features of the student and the teacher
model. Generating an automated report that represents an accurate
picture of the condition of the chest cavity is an important step in
providing better care to patients.
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