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Abstract: Automatic radiology report generation is a task that combines artificial intelligence and
medical information processing, and it fully relies on computer vision and natural language process-
ing techniques. Nowadays, automatic radiology report generation is still a very challenging task
because it requires semantically adequate alignment of data from two modalities: radiology images
and text. Existing approaches tend to focus on coarse-grained alignment at the global level and do
not take into account the disease characteristics of radiology images at fine-grained semantics, which
results in the generated reports potentially omitting key disease diagnostic descriptions. In this work,
we propose a new approach, disease-knowledge-enhanced fine-grained image—text alignment for
automatic radiology report generation (DKA-RG). The method combines global and disease-level
alignment, thus facilitating the extraction of fine-grained disease features by the model. Our approach
also introduces a knowledge graph to inject medical domain expertise into the model. Our proposed
DKA-RG consists of two training steps: the image-report alignment stage and the image-to-report
generation stage. In the alignment stage, we use global contrastive learning to align images and
texts from a high level and also augment disease contrastive learning with medical knowledge to
enhance the disease detection capability. In the report generation stage, the report text generated
from the images is more accurate in describing the disease information thanks to sufficient alignment.
Through extensive quantitative and qualitative experiments on two widely used datasets, we validate
the effectiveness of our DKA-RG on the task of radiology report generation. Our DKA-RG achieves
superior performance on multiple types of metrics (natural language generation and clinical efficacy
metrics) compared to existing methods, demonstrating that the method can improve the reliability
and accuracy of automatic radiology report generation systems.

Keywords: computer vision; natural language processing; multimodal modeling; contrastive learning;
radiology report generation; knowledge graph

1. Introduction

Medical image analysis and report writing play an important role in the field of
medicine. Doctors diagnose diseases and evaluate their progression by analyzing medical
images such as X-rays, CT, MR], etc., and writing reports to develop treatment plans. Image
analysis can detect early signs of diseases and provide accurate information about the
pathology, thus improving the accuracy of diagnosis and the effectiveness of treatment.
The report writing systematizes and standardizes the results of these analyses, making
them easy for clinical doctors to refer to and use while providing patients with clear and
concise health status maps. High-quality medical imaging analysis and report writing
not only improve the level of medical services but also promote medical research and the
application of new technologies.

Computer-based medical assistance systems have gradually begun to enter actual
medical scenarios. For example, method [1] develops a computer system for asymmetry
detection in mammographic images, and method [2] uses deep learning technology for
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intelligent image recognition, thereby helping clinicians make more informed diagnostic
decisions. Computer-assisted medical care can improve the accuracy of medical diagnosis
and greatly improve the efficiency of medical diagnosis.

The writing of radiology reports is a very laborious process that requires doctors
to first carefully examine and analyze radiology images, and then use professional and
accurate medical terminology to record them [3]. Due to the rapid development of artificial
intelligence technology, many researchers have begun to explore how these techniques can
be applied to automated radiology image analysis and report generation [4-6]. Through
computer vision technology, we can extract disease information from radiology images,
and through natural language processing technology, we can automatically generate report
text based on this information. This process can greatly reduce the workload of doctors
and improve the standardization of reports, which is meaningful for promoting medical
development.

Radiology report generation is very similar to general image-to-text generation
tasks [7-10] but differs from them in that it pays more attention to fine-grained semantic
information in radiology images and requires higher accuracy. Small changes in radiology
images can correspond to different diagnostic results, so the automated generation system
must be highly sensitive and precise to capture and correctly interpret these details. In
addition, radiology reports must follow strict medical terminology and standards to ensure
that doctors and patients can accurately understand and rely on the content. These unique
requirements make report generation a complex and critical technical challenge.

Therefore, one of the difficulties in automated radiology report generation lies in
achieving semantic alignment of medical images and reports, i.e., accurately establishing
cross-modal correspondence between disease information at a particular site in an image
and the description of the disease in a report. This requires the system to be able to
accurately recognize and interpret subtle lesions in the images and to accurately represent
these findings during text generation. Establishing this cross-modal correspondence is a
key challenge in ensuring that the content of reports is accurate, detailed, and clinically
meaningful, which is the focus of current research.

At present, some methods [11,12] utilize contrastive learning to establish semantic
associations between radiology images and reports. Although they have achieved some
results, such semantic associations are still limited to the global level. Some other methods
perform local alignment; AlignTransformer [13] aligns image-region-level features with
some fixed disease labels, and RGRG [14] aligns independent sentences with anatomical
locations using manually labeled data. Although these alignment methods can align image
regions to textual local descriptions at a fine-grained level, the additional annotation data
make the process more costly.

In this paper, we propose a disease-knowledge-enhanced fine-grained image—text
alignment for automatic radiology report generation named DKA-RG. To further facil-
itate the semantic alignment of radiology images and texts, our framework constructs
contrastive learning methods at the global and disease levels, respectively. Specifically, we
encode images and texts with Vision Transformer [15] and BERT [16] models, respectively,
to obtain high-dimensional vector representations of both. Global contrastive learning is
then constructed by treating matched images and reports as positive sample pairs and
mismatched sample pairs as negative sample pairs. Global contrastive learning can bring
semantically related image—text pair encoding closer and push away semantically unre-
lated image—text pairs encoding farther, thus realizing semantic alignment. The semantic
alignment of radiology images and report text still has deficiencies by global alignment
alone, so we use the graph attention network (GAT) [17] to obtain a series of disease tokens
based on the medical disease knowledge graph. Meanwhile, we construct a disease decoder
network based on Transformer [18]. We take disease tokens and the image/text features as
input to the disease decoder to query the disease features in the image and text. Since there
is semantically consistent disease information in the image and the corresponding report
text, we construct disease-level contrastive learning. Specifically, the disease query features
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of the same disease query token in the image and the text, respectively, are used as positive
sample pairs, and the disease query features obtained from different disease query tokens
are used as negative sample pairs, so as to promote the semantic alignment of diseases in
the image and the text. With the alignment at both global and disease levels, our medical
image encoder can better extract the medical features in images. Finally, we construct a
Transformer-based [18] report decoder to generate the radiology report based on the image
features obtained from the image encoder and disease features from the disease decoder.

Overall, our method addresses the shortcomings of existing methods in promoting
medical image text alignment, achieving finer grained alignment and thus achieving
better disease feature extraction capabilities. Thanks to excellent alignment of image and
textual features, our method can be more reliable in practical application scenarios, further
promoting the popularization of medical report automatic generation systems in clinical
medicine.

Our contributions are summarized as follows:

¢ Webuild DKA-RG, a novel framework for automatic radiology report generation. The
framework utilizes multi-level contrastive learning, which more comprehensively
facilitates cross-modal semantic alignment of radiology images and reports during the
encoding process.

*  We design a disease decoder network using the medical knowledge graph, which
not only takes into account medical disease relationships but also extracts disease
information from images and reports at a fine-grained level. We construct disease-level
alignment to improve the feature extraction capability of the image encoder.

¢ We conduct comprehensive qualitative and quantitative experiments on two widely
used datasets, MIMIC-CXR [19] and IU-Xray [20]. The experimental results demon-
strate that our method achieves high performance in terms of both language generation
metrics and medical clinical evaluation metrics, outperforming existing methods. We
also construct qualitative experiments to analyze the accuracy of generated reports.

2. Related Work
2.1. Contrastive Learning

Unlike normal supervised learning, contrastive learning, a self-supervised learning
method, is well suited for domains that lack labeled data (such as the medical field) or
where multimodal alignment is required. The basic idea of contrastive learning is to
enable the model to distinguish between similar and dissimilar sample pairs, thereby
enhancing the model’s ability to extract data features in the process. SimCLR [21] proposed
a very simple framework that utilizes data augmentation techniques to create positive
and negative sample images and then trains the model using contrastive learning loss
to enhance its ability to extract image features. Another work, MoCo [22], proposed
momentum-based contrastive learning to address the sensitivity of contrastive learning to
batch size. MoCo [22] placed encoded sample pairs into a queue during the contrastive
learning process to simulate batch size expansion, thereby promoting the effectiveness
of contrastive learning with limited computing resources. Contrastive learning has also
made significant strides in biomedical imaging and the generation of radiology reports.
ConVIRT [23] facilitates the alignment of medical images and reports using a multimodal
contrastive learning approach, which improves the performance of image classification,
retrieval, etc. DCL [12] introduces a dynamic knowledge graph in multi-task learning to
improve report generation.

Our work utilizes contrastive learning to facilitate alignment between medical images
and report text. Due to the fact that medical images and text belong to two types of modal
information but have a matching relationship, they meet the requirements of contrastive
learning. Firstly, we perform contrastive learning on the global features obtained from
the encoder of the image and report text, which promotes global semantic alignment.
In addition, we also extract disease features from images and text for contrastive learning
at the disease level.
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2.2. Medical Knowledge Graph

The knowledge graph can effectively represent the extensive and complex biomedical
information in the medical field. By modeling the relationships and entities of medical
diseases, symptoms, anatomical locations, treatment plans, etc., medical knowledge graphs
can be fully utilized for disease discovery and diagnosis. Zhang et al. [5] introduces knowl-
edge graphs into the field of radiology report generation and incorporates an attention
mechanism to improve the accuracy of report generation. DCL [12] dynamizes the knowl-
edge graph so that medical knowledge can be flexibly introduced during training and
inference. KnowMat [24] combines knowledge graphs with other types of knowledge,
demonstrating the importance of knowledge richness for the field of the generation of
radiology reports.

These works confirm the effectiveness of medical knowledge graphs. By structuring
biomedical knowledge, medical knowledge graphs can not only enhance the effectiveness
of information storage, but also promote the extraction of specific disease features in
medical images.

2.3. Radiology Report Generation

The automatic radiology report generation task combines computer vision and natural
language processing techniques involving information from both modalities. Its purpose is
to assist physicians in disease diagnosis by automatically generating detailed and accurate
text descriptions based on medical images using computer technology.

Earlier approaches directly introduced generalized image caption generation methods
into the medical field. Xu et al. [8] proposed a method that combines a CNN for image
feature extraction and an RNN for sequence generation and enhances attention to important
parts of the image through an attention mechanism. The model has inspired subsequent
work in the medical field, where the attention mechanism helps guide the model to extract
information in the image that is more important for diagnosis. The introduction of the
encoder-decoder architecture further facilitated the technique of automatic radiology report
generation. The model proposed by Jing et al. [4] uses CNNs to encode and extract medical
image features and RNNs to decode image features into textual descriptions. The method
introduces a special attention mechanism that focuses on the important regions of the image
and text at the same time, which improves the accuracy of the generated report. Yuan
et al. [25] extended this approach by incorporating a hierarchical recurrent neural network
model. The model simulates the real report writing process in two steps: first creating high-
level impressions and then describing the detailed findings section. Yi et al. [26] proposes
two-stage global enhancement layers to facilitate the generation of more reliable reports
from a global perspective. Gu et al. [27] proposed using additional mask information as
guidance to promote the targetedness of medical report generation.

Some work has begun to introduce pre-trained large models to improve report quality.
A number of BERT [16] and its variant models can be used to improve the quality of
generated reports. Zhang et al. [28] proposed a hybrid model in which CNN is used to
facilitate image feature extraction, and BERT is used to facilitate the richness and fluency of
the context of the report. Pre-trained models contain a lot of prior knowledge, which can
increase the richness of the generated reports.

With the rise of large language models, many researchers have begun to try to use
large language models for the automatic generation of medical reports. The method [29]
uses ChatGPT [30] for automatic writing of medical reports, which is verified to have
excellent readability and fluency. In addition, the method [31] focuses on the key exception
information in the report, thus avoiding the templating of report generation.

In addition, it is a challenging task to better integrate Al techniques into actual clin-
ical healthcare workflows. Method [1] develops a computer system for the detection of
asymmetry in mammographic images. Nakaura et al. [32] develops pipelines to automati-
cally convert Al results into structured reports, which drives the practical application of
Al-assisted healthcare.
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These existing methods for building models for medical image analysis and report
generation, while supporting the fusion of information from both modalities of medical
images and reports, do not fully consider the fine-grained semantic alignment of medical
information. Our approach improves the alignment of multimodal characteristics at the
disease level, which is more adapted to the medical reporting domain. In Table 1, we
present a comparison between our method and existing methods, as well as the advantages
of our method.

Table 1. Summary of the advantages and disadvantages of different types of medical report automatic
generation methods, as well as the advantages of our method compared to these methods.

Method Type Representative Methods  Advantage Disadvantage
: Jing et al. [4] Simple end-to-end Weak ability to extract
Non Alignment Wang et al. [33] training disease features
Unify mult¥modal Lack of fine-grained
Global Alienment Ma et al. [34] features of image and text image text feature
o) .
& Lietal [12] to enhance feature alignment

extraction capabilities

Knowledge enhancement

The way of introducing
knowledge is too
complicated

Huang et al. [35] Medical knowledge
Yang et al. [24] enhances performance

The advantages of our
method

Global and local alignment of diseases enhances the ability to extract disease features. The disease
knowledge graph serves as a direct guide for contrastive learning, which is simple and efficient.

3. Method
3.1. Radiology Image and Text Feature Extraction

Our architecture consists of six modules which are image encoder, text encoder, graph
encoder, image disease decoder, text disease decoder, and text decoder, as shown in
Figure 1.

Image Feature Extraction. With the rise of the Transformer [18] architecture, vision
encoders such as Vision Transformer (ViT) [15] have powerful visual feature extraction
performance. Therefore, we use it as the image encoder. The structure of ViT is shown
in Figure 2. Given a medical image I, it is first preprocessed by scaling, adjusted to the
size required by the model (resolution 224 x 224) and normalized. Next, the image I
is cut into multiple small patches of 16 x 16 size. Each patch p; is mapped to a high-

dimensional feature vector Iif through a linear layer. In order for the model to process the

sequence information, each vector of features Ilf is associated with a position encoding pos;,
which is used to help the model understand the relative or absolute position information
of the individual patches. The entire sequence If is then fed into a transformer encoder
consisting of multiple layers. Each layer of the encoder contains a self-attention module and
a feed-forward network that allows the model to capture the information between image

patches. After being processed by the image encoder, the output sequence I/ " contains rich
contextual information that can be further used for subsequent global alignment tasks and
disease feature extraction processes. The whole process of image feature extraction can be
formalized as follows:

X; = LN(SelfAttn(Xl_1) + Xl—l) @)
X; = LN(FEN(X;) + X;) (2)

where SelfAttn stands for self-attention, LN stands for layer normalization, and FFN stands
for feed-forward network [18].
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Figure 1. Illustration of our proposed DKA-RG framework.

Text Feature Extraction. We use BERT [16] as the text encoder as shown in Figure 2.
Given a radiology report text T, it is first cleaned to remove non-standard characters to fit
the input requirements of the model. Then, the text is segmented into multiple tokens, and
each token t; is mapped to a high-dimensional feature vector Tif through an embedding
layer. Similar to ViT [15], each text token is also summed with a position embedding to
insert position information. The entire sequence T/ is then fed into a Transformer encoder
consisting of multiple layers. After processing by the Transformer encoder, the output
sequence T/ ' is used for subsequent global alignment tasks and disease feature extraction
processes.
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a) 1f b) Tf
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Figure 2. Architecture for image and text encoders. (a) shows the image encoder, which is based on
the Vision transformer structure. It has M layers (12 in our specific implementation) of transformer
blocks. (b) shows the text encoder, which is based on the BERT structure and consists of N layers
(also implemented as 12) of transformer blocks.

3.2. Disease Knowledge Graph Embedding

Disease Knowledge Graph. The medical domain is different from the general-purpose
domain in that it is filled with a large amount of specialized knowledge. In order to
introduce medical expertise into the modeling framework, we follow some existing work
to construct a disease knowledge graph, i.e., a graph structure of the 20 diseases that
appear with high frequency in chest radiograph reports according to the distribution of
their anatomical locations, as shown in Figure 3. For example, the heart may have cardiac
enlargement, and the lungs may have edema, emphysema, etc. Knowledge mapping
can reveal potential associations between different diseases, such as the co-occurrence,
causation, and similarity of pathomechanisms, which can help to understand the complexity
and diversity of the diseases and to identify co-morbid conditions.

Graph node initialization. First, the names of 20 diseases are encoded using the
BERT [16] model to obtain an initial disease node representation:

hi = BERT(Di), i=12,..., Ndisease (3)

where D; represents the name of the ith disease and Njq.,se is the total number of diseases
(20 in our implementation).
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Figure 3. Knowledge graph containing 20 chest radiograph diseases and their relationships (solid
borders are diseases, dashed borders are anatomical locations).

Neighborhood information aggregation based on graph attention networks (GAT).
The disease nodes are considered as nodes in the graph, and the graph embedding of these
nodes is performed using GAT, as shown in Figure 4. Let /(i) be the set of neighboring
nodes of node i. In GAT, the new embedding representation h! of node i is computed by
aggregating the representations of neighboring nodes:

/!
hi =0 2 tXl]Wh] (4)
JEN (i)
where ¢ is a nonlinear activation function, W is a learnable weight, and a;j is an attention

weight indicating the importance of neighboring node j to node i. The attention weight a;;
is computed from the representation of node i and node j:

e;j = LeakyReLU (aT[WhiHWhj]) ©)

where a is a learnable weight vector, and || denotes the vector’s join operation. Next, the
attention weights of all neighboring nodes are normalized:

exp(e;j)

— LA 6
Yken(i) exp(eik) ©

061']'

Through the above steps, the new embedding representation h/ of each node can be

calculated. Finally, the final disease feature vector is obtained by propagating through a

multi-layer GAT network. Let the GAT network have L layers (5 layers in our implementa-
tion; the representation of node i in the /th layer is

hl(l):a 2 a(?)w(l)h](l_l) (7)

)
JEN (D)
After the propagation of L layers, the final disease feature vectors hl(L) are obtained.
These feature vectors will be used as disease query tokens to extract disease information
from images and reports.
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LeakyReLU

Figure 4. Aggregate node information using graph attention mechanism. The node i and node j are
transformed and computed with learnable weights W, respectively, and after activation function
LeakyReLU activation and softmax function, the attention weights «;; are obtained.

3.3. Image—Report Alignment

Global Contrastive Learning. Contrastive learning can effectively align data (e.g.,
images and text) from different modalities, making information with the same semantics
closer in the representation space of different modalities [21,22,36-38]. Through contrastive
learning, images and text can be mapped to a unified representation space, thus achieving
semantic consistency across modalities. Contrastive learning achieves efficient represen-
tation learning by bringing feature distances between pairs of positive samples (images
and corresponding texts) closer together and pushing feature distances between pairs of
negative samples (images and mismatched texts) farther apart. This representation not only
performs well in cross-modal tasks but can also be used in downstream tasks to improve
the generalization ability of the model.

As shown in Figure 5a,b, after global alignment training, the features obtained from
the encoder of the image and report will move from a chaotic state to an aligned state,
which makes the extracted features of the image richer in valuable information.

We follow [22] using the momentum contrastive learning approach. Given an image I
and a corresponding report T, we extract the features mentioned above to obtain a sequence
of image and text features I/ "and Tf' to be averaged and mapped to a uniform dimension

to obtain the global features Ig and Tg . Based on the global features, we can compute
the cosine similarity s(I, R) between image and text. Then, we use InfoNCE loss [22] to
compute image-to-text similarity and text-to-image similarity:

pr iy _ PG T)/T) 8
P = B exp(s(1, 0 /1) ®
pEZI(T) _ eXP(S(Tr Ik)/T) (9)

XK exp(s(T, k) /7)

where 7 is a learnable parameter, and K represents the length of the queue in momentum-
based contrastive learning. The loss function for global alignment is defined as follows:

1
Latobat = 5B (1,1)~D [Lee(y™?T (1), p?T (1)) + Lee(y™N(T), p™2U(T))] (10)

where L¢r is the cross-entropy loss function, and y*(-) is the ground truth of similarity
based on constructed positive—negative pairs.



Electronics 2024, 13, 3306 10 of 22

After global contrastive learning, the features of the two modalities, image and text,
reach a coarse-grained alignment. This alignment facilitates the ability of the image encoder
to extract medical image features.

a) Distribution of image and report features
before global alignment

@
@ @
Report
Report 3
Report 1

b) Distribution of image and report features
after global alignment

Image 2
Image 1
Report 2]
Image n
Report
Image 3
Report

Report O Image Features

¢) Distribution of disease features of an image-
report pair before alignment

d) Distribution of disease features of an image-
report pair after alignment

.... .;:.

Figure 5. Demonstration of global alignment and disease alignment. The four subfigures of (a—d)

Image Disease
Features

Report Disease
Features

show the feature distribution states before and after alignment. The feature distribution before
alignment is chaotic, while the matched features after alignment are pulled closer, which promotes
the learning ability of the model.

Disease Contrastive Learning. Although global contrastive learning has significant
advantages in aligning medical images and report texts to promote semantic consistency
across modalities, its alignment is still coarse-grained. Global contrastive learning focuses
on the overall semantic alignment of images and text, often ignoring the semantic alignment
of specific disease details. This approach is difficult to capture the relationship between
the tiny features of lesions in images and the fine descriptions in the report text, thus
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limiting the accurate analysis and diagnosis of subtle lesions in complex medical scenarios.
Fine-grained alignment, which can more effectively link specific lesion regions in images
and corresponding text descriptions, is the key to further improve the alignment of medical
images and report texts.

As shown in Figure 5, through contrastive learning, the same disease features are
brought closer together, thereby achieving semantic alignment at the disease level and
improving the model’s ability to extract disease features.

To address the limitations of global alignment, we propose a knowledge-based disease
contrastive learning. Specifically, we construct an image disease decoder and a text disease
decoder based on the Transformer decoder structure for extracting disease-specific features
from images/text, as shown in Figure 6. In order to extract the disease information in
images and texts, we use the disease embedding vectors obtained in the previous section
as disease query tokens and interact with the image or text feature tokens through the
cross attention module, so that the disease information in a specific image or text can
be extracted eventually. For an image and report text pair, they essentially contain the
same disease semantic information and thus should be queried for similar information
through the disease decoder, so we construct disease-level contrastive learning. Specifically,
we obtain the image/text disease features D! and DY_ through the disease decoder.

1~n 1~n
Disease contrastive loss is constructed in the following form:

exp(sim(D}, D))
exp (sim(Dj, Df)) + ¥ exp(sim(D], D))

Ljisease = Z lo (11)

where sim is the cosine similarity function, and # is the total number of diseases.

Image/text feature tokens [ ]
7y
D D D |:| |:| 4’[ Cross-Attention ]

(

2| Disease query tokens

Figure 6. Disease decoder based on Transformer decoder structure. Disease query tokens are taken
as input and made to interact with image or text features to extract the relevant disease features in
the image/text.

Our total image text alignment loss is the sum of the global contrastive learning and
disease contrastive learning losses:

Ealignment = Alcglobal + A2 Lisease (12)

where A; and A; are the weighting factors that control the two losses (set to 1 by default in
the experiment).
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3.4. Image to Report Generation

After the alignment of image and text, the image encoder and image disease decoder
can fully extract disease features from medical images. So we build a text decoder to
transform the disease information extracted from the images into a final report. Specifically,
we use a text decoder based on a transformer decoder. After splicing a special start token
<bos> in front of the report text, it is fed into the text decoder. At the same time, we use
the disease features D! extracted by the image disease decoder as the input to the cross
attention module of the text decoder, as shown in Figure 1b. Finally, we perform text
generation autoregressive loss computation:

N
£genemtion - - Zi:l log P(xi‘x<i/ Dl) (13)
where D! represents the image disease features, and N is the number of report tokens.

4. Experiments
4.1. Datasets

There Author : Con firmed.Noso f twarementionedinthepaper.are two widely used chest
radiograph datasets in computerized medicine: IU-Xray [20] and MIMIC-CXR [19]. We
performed extensive experiments on these two datasets.

IU-Xray. The IU-Xray dataset [20] is widely used in the field of radiology report
generation. The amount of data contained in the IU-Xray is shown in Table 2. Each report
in IU-Xray either corresponds to a frontal view or a combination of a frontal and a lateral
view. Specifically, we divide the dataset into training/validation/testing sets in the ratio
7:1:2 based on the work [39].

MIMIC-CXR. The MIMIC-CXR dataset [19] is currently the largest chest X-ray report
dataset. The specific number of samples in the MIMIC-CXR dataset is shown in Table 2.
We directly use the official way of dividing the dataset, in line with most methods. The
dataset can be used to support a wide range of medical tasks, including medical image
understanding and report generation. Due to its large data volume, this dataset enables
our method to mine richer disease information.

Table 2. Statistics on the number of training, validation, and test sets for both datasets and the average

length of the reports.
IU-Xray MIMIC-CXR

Datasets

TRAIN VALIDATION TEST TRAIN VALIDATION TEST
Num of Images 5226 748 1496 368,960 2991 5159
Num of Reports 2770 395 790 222,758 1808 3269
Num of Patients 2770 395 790 64,586 500 293
AVG. LEN. 37.56 36.78  33.62 53.00 53.05  66.40

4.2. Evaluation Metrics

We use the most common natural language generation (NLG) metrics and clinical
efficacy (CE) metrics to assess our model’s performance.

BLEU. The BLEU [40] metric is an indicator originally used to evaluate the quality of
machine translation. It mainly calculates the similarity between sentences from the n-gram
similarity between the generated text and the reference text. BLEU mainly calculates the
quality of the generated text from the perspective of precision, so the BLEU metric is also
widely used to evaluate the precision of radiology report generation. A high BLEU metric
represents a high percentage of generated reports that are consistent with ground-truth
reports.

ROUGE-L. Unlike the BLEU metric, the ROUGE metric [41] measures the proximity
of the machine-generated text to the reference text in terms of recall. In addition, ROUGE-L
differs from BLEU in calculating n-gram similarity, which calculates the longest common
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subsequence of the ground-truth report and the generated report. Therefore, the ROUGE-L
metric can be used to measure whether our generated report successfully recalls the content
in the ground-truth report. A good generated report should maintain a high level of both
BLEU metrics and ROUGE-L metrics.

METEOR. METEOR [42] is another metric for evaluating text generation. It calculates
the similarity between the generated text and the reference text in terms of word-level
accuracy and recall, as well as penalties for order. In addition, cases such as synonyms are
not considered in the BLEU metric and ROUGE, whereas the METEOR metric takes into
account the exact matching of words and also the matching of stems, synonyms, and other
linguistic variants.

CIDEr. The CIDEr metric [43] is specifically designed to evaluate the quality of image
descriptions. Compared to the evaluation metrics BLEU and ROUGE, which are commonly
used for text translation, CIDEr is closer to the principle of the human ability to judge
whether two sentences are similar, because it takes into account the frequency of occurrence
of n-grams in a sentence, thus reducing some parts that are high-frequency but contain
little information. Thus, CIDEr focuses more on evaluating that the model has extracted
more unique information from the image rather than some generic utterances.

Clinical Efficacy. Clinical efficacy metrics have recently been introduced to assess
the accuracy of predictive radiology reports. The CheXbert labeling tool described in [44]
is used to annotate prediction reports and ground-truth reports for 14 different medical
diseases. Subsequently, classification metrics such as F1-score, precision, and recall were
computed to assess the validity of the generated reports in describing the anomalies.
Notably, since the IU-Xray provider does not employ CheXbert for label generation, CE
metrics are only reported for the MIMIC-CXR dataset.

4.3. Implementation Details

For the image encoder, we use the pre-trained 12-layer ViT/B16 [15] at ImageNet
dataset [45]. For the text encoder, we use the pre-trained 12-layer BERT [16]. For the
image/text disease decoder, we use a 3-layer transformer decoder [18] structure with
random parameter initialization. For the text decoder, we use a 6-layer transformer decoder
structure and initialize it with BERT weights. There are two stages in the training process
of our method. Stage 1 performs image—text alignment training with 20/5 epochs on IU-
Xray and MIMIC-CXR datasets, respectively. Stage 2 performs image-to-report generation
training, which retains the image encoder, image disease decoder, and graph encoder that
have been trained in stage 1 and introduces the text decoder for 10/3 epochs of training
on the two datasets, respectively. We use a NVIDIA 4090 GPU (produced by NVIDIA
Corporation, Santa Clara, CA, USA) to train our model. We set the batch size to 16 and
the learning rate to 1 x 10~* with cosine annealing decay strategy. The optimizer uses
RAdam [46] and sets the weight decay to 0.95.

4.4. Main Results

NLG Results. Table 3 shows the results of our method on the two used datasets in
comparison with other methods. On the IU X-Ray dataset, the DKA-RG method is the best
on most of the metrics, especially on the BLEU and CIDEr metrics, where the improvement
is more obvious. In addition, the ROUGE-L metric is slightly lower than the DCL method
but still reaches 0.376, showing a strong text generation capability. The METEOR score
of 0.201 is the highest among all the methods, and the CIDEr score is even as high as
0.621, which demonstrates that our method generates reports that are more relevant to the
images. The DKA-RG method performance is also stable on the MIMIC-CXR dataset. Its
scores on BLEU-1~4 are 0.395, 0.254, 0.165, and 0.122, respectively, which are all ahead of
other methods. Although the ROUGE-L metric is slightly lower than the 0.285 of the KiUT
method, it also reaches 0.282, showing better text relevance. Meanwhile, the CIDEr score is
0.303, which again verifies its superiority in generating high-quality reports.
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Table 3. Comparison of our method with other methods on multiple language generation metrics.
The best results are in boldface. B-n is the abbreviation of BLEU-n.

Dataset Methods B-1 B-2 B-3 B-4 ROUGE-L METEOR CIDEr
R2Gen [39] 0470 0304 0.219 0.165 0.371 0.187 -
CA [34] 0492 0314 0222 0.169 0.381 0.193 -
PPKED [47] 0483 0315 0.224 0.168 0.376 - 0.351
U R2GenCMN [48] 0475 0309 0.222 0.170 0.375 0.191 -
X-ray KnowMat [24] 0496 0.327 0238 0.178 0.381 - 0.382
MSAT [49] 0481 0316 0226 0.171 0.372 0.190 0.394
METransformer [33] 0483 0322 0.228 0.172 0.380 0.192 0.435
DCL [12] - - - 0.163 0.383 0.193 0.586
DKA-RG (Ours) 0.496 0.328 0.239 0.182 0.376 0.201 0.621
R2Gen [39] 0.353 0.218 0.145 0.103 0.277 0.142 -
CA [34] 0.350 0.219 0.152 0.109 0.283 0.151 -
PPKED [47] 0360 0224 0.149 0.106 0.284 0.149 -
MIMIC R2GenCMN [48] 0353 0218 0.148 0.106 0.278 0.142 -
OXR KnowMat [24] 0.363 0.228 0.156 0.115 0.284 - 0.203
MSAT [49] 0373 0235 0.162 0.120 0.282 0.143 0.299
KiUT [35] 0.393 0.243 0.159 0.113 0.285 0.160 -
DCL [12] - - - 0.109 0.284 0.150 0.281
DKA-RG (Ours) 0.395 0.254 0.165 0.122 0.282 0.154 0.303

Clinical Efficacy. Table 4 shows the comparison results of our method with other
methods in clinical efficacy indicators, which corresponds to the overall classification
performance of the model for diseases. Compared with methods such as R2Gen [39],
R2GenCMN [48], KnowMat [24], KiUT [35], and DCL [12], our DKA-RG shows a higher
level of performance, with precision, recall, and F1-score of 0.489, 0.384, and 0.430, respec-
tively, far ahead of other methods. This shows that our DKA-RG has a good ability to detect
diseases in images and reflect them in reports. In addition, we also explore the F1-score
of DKA-RG on specific diseases, as shown in Figure 7. As can be seen from the figure,
our method achieves a higher Fl-score than the baseline method (without global-level
and disease-level alignment) for most diseases. Our method has achieved significant im-
provements in cardiomegaly, edema, consolidation, pneumonia, and pneumothorax. This
improvement shows that our designed global-level and disease-level alignment and knowl-
edge graph enhancement can enable the model to have better disease mining capabilities.

Table 4. Comparative results between our DKA-RG method and other methods on clinical efficacy
metrics. Since the IU-Xray dataset [20] does not provide its ground truth on clinical efficacy, we
only perform this comparison experiment on the MIMIC-CXR dataset [19]. The best results are in
boldface.

Methods P R F1

R2Gen 0.333 0.273 0.276
R2GenCMN 0.334 0.275 0.278
KnowMat 0.458 0.348 0.371
KiUuT 0.371 0.318 0.321
DCL 0.471 0.352 0.373

DKA-RG (ours) 0.489 0.384 0.430
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Figure 7. Clinical efficacy Fl-score on different diseases for the baseline and our DKA-RG method.
4.5. Ablation Study
Table 5 shows the performance of our model in different module combinations. Specif-
ically, we set up 5 different situations. The base represents the training of image-to-report
generation directly using only one image encoder and text decoder without any alignment.
Setting (a) performs global contrastive learning on the basis of base setting, setting (b)
introduces disease contrastive learning on the basis of base setting, setting (c) further
introduces knowledge graph on the basis of setting (b), and setting (d) is our complete
DKA-RG method.
Table 5. Ablation results on IU-Xray dataset. Base stands for a method that uses only one image
encoder and one text decoder. Global CL stands for global contrastive learning. Disease CL stands
for disease contrastive learning. The check mark indicates that the corresponding module is used.
Settings Global CL Disease CL Knowledge Graph BLEU-4 ROUGE-L METEOR CIDEr AVG.A
Base 0.166 0.365 0.194 0.454 -
(a) v 0.178 0.373 0.201 0.547  +10.2%
(b) v 0.175 0.368 0.197 0.541 +8.7%
(o) v v 0.181 0.373 0.203 0589  +14.2%
(d) v v v 0.182 0.376 0.201 0.621  +17.0%

Effect of global contrastive learning (Global CL). We only use global contrastive
learning in setting (a). Global alignment already improves performance more than the
baseline method (without any alignment). Specifically, BLEU-4 increases from 0.166 to 0.178,
ROUGE-L from 0.365 to 0.373, METEOR from 0.194 to 0.201, and CIDEr from 0.454 to 0.547.
This results in an average improvement (AVG.A) of +10.2%. This demonstrates that global
alignment can help the model establish semantic associations between medical images and
reports. Since the final report needs to embody the same information as the image, this
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ability to globally semantically correlate improves report generation and produces reports
that are better aligned to the global features of the image.

Effect of disease contrastive learning (Disease CL). In setting (b), we introduce
disease contrastive learning, which is slightly lower than the performance improvement
from global contrastive learning in (a), but still considerably higher than the metrics of the
baseline method. Specifically, BLEU-4 improves to 0.175, ROUGE-L to 0.368, METEOR to
0.197, and CIDEr to 0.541, with an AVG.A of +8.7%. This illustrates the ability of disease
contrastive learning to help the model align the disease features in the images and reports
so that this disease information is reflected in the final report generation session.

Effect of disease knowledge graph. In setting (c), we combine disease contrastive
learning and the knowledge graph to enable the model to refer to relevant medical disease
knowledge when performing disease alignment. This configuration shows significant
improvements with BLEU-4 at 0.181, ROUGE-L at 0.373, METEOR at 0.203, and CIDEr
at 0.589, resulting in an AVG.A of +14.2%. The interconnections of multiple diseases are
represented in the medical knowledge graph, which introduces a priori knowledge for the
model to perform disease alignment, thus improving the training stability of the model
and avoiding the learning of useless noise.

Effect of combination of three modules. In setting (d), which is our final method,
we introduce global contrastive learning, disease contrastive learning, and the knowledge
graph at the same time and achieve a significant improvement in average performance
(+17.0%). This shows that global-level alignment and knowledge-enhanced disease-level
alignment can promote each other, and it also shows that alignment from different angles
can improve the final model effect.

4.6. Qualitative Experiment

In order to verify the effectiveness of our method in real scenarios, we show two reports
generated by our method and the baseline method, respectively, and the corresponding
ground-truth reports in Figure 8.

In the first example, the ground-truth report states “cardiomegaly without acute car-
diopulmonary process”, which is an exact match to the report generated by our method.
Although the baseline method states “no acute cardiopulmonary process”, it omits “car-
diomegaly”, which leads to inaccurate results. In addition, in the finding section of the
report, our DKA-RG also describes that “cardiac silhouette is moderately enlarged”, which
is omitted by the baseline method. This illustrates the ability of our method to generate
more detailed reports when diagnosing images.

In the second example, both the baseline method and our method correctly point out
“mild interstitial pulmonary edema” and “pleural effusion” in the impression section of
the report. In the finding section, both the baseline method and our method notice the
symptom of “mild cardiomegaly”. However, the report generated by the baseline method
is too brief and misses some information. The ground-truth report mentions “tiny right
pleural effusion”, which corresponds to the “small bilateral pleural effusion” mentioned by
our method. This example once again demonstrates that our DKA-RG method can generate
reports that are highly consistent with the ground-truth reports.

In both examples, the DKA-RG method can produce more detailed and accurate
radiology reports compared to the baseline method. In generating reports, our method
always captures the details of the disease in the medical images. This shows that the
disease-level contrastive learning we designed has a good effect. These examples show the
potential of our DKA-RG method in generating high-quality radiology reports, which is of
great significance to promoting diagnostic decisions in the medical field.

Figure 9 shows more examples of comparing the medical reports generated by our
method with ground truth. In most cases, our method can generate report content that is
consistent with the ground truth, but there are also a few examples of errors. As shown
in the 7th and 8th examples in Figure 9, this also indicates that the current medical report
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automatic generation system has not yet reached a very perfect level, but it can still be used
as an auxiliary tool for human physicians.

Ground Truth

impression : cardiomegaly without acute cardiopulmonary process . findings : the
lungs are clear of consolidation effusion or pneumothorax . left chest wall dual lead
pacing device is again seen . moderate cardiomegaly is again noted . upper thoracic
dextroscoliosis is seen . no acute fracture identified based on this nondedicated
exam . surgical clips seen in the upper abdomen .

Baseline

impression : no acute cardiopulmonary process . findings : frontal and lateral views
of the chest . the lungs are clear of focal consolidation effusion or pulmonary
vascular congestion . no acute osseous abnormality is identified . hypertrophic
changes are seen in the spine without acute osseous abnormality .

Ours

impression : cardiomegaly without acute cardiopulmonary process . findings : the
lungs are clear without focal consolidation . no pleural effusion or pneumothorax is
seen . the cardiac silhouette is moderately enlarged . the aorta is slightly tortuous .
dual lead left - sided pacemaker is seen with leads extending to the expected
positions of the right atrium and right ventricle .

Ground Truth

impression : new mild interstitial edema and tiny right pleural effusion . findings :
interstitial prominence has increased compared to prior suggestive of mild edema .
no focal consolidation or pneumothorax is detected . tiny right pleural effusion
appears new compared to prior . heart and mediastinal contours appear stable with
mild cardiomegaly .

Baseline

impression : mild interstitial pulmonary edema and small bilateral pleural
effusions . findings : moderate enlargement of the cardiac silhouette . the aorta is
tortuous and calcified . no pneumothorax is seen .

Ours

impression : mild interstitial pulmonary edema and small bilateral pleural
effusions . findings : moderate enlargement of the cardiac silhouette is re -
demonstrated . the aorta is tortuous and diffusely calcified . there is mild interstitial
pulmonary edema new in the interval with small bilateral pleural effusions . no
pneumothorax is seen . there are no acute osseous abnormalities .

Figure 8. Examples of our DKA-RG and baseline generated radiology reports. Sentences of the same
color indicate that they point to the description of the same disease symptom.
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Image

Ground Truth

Ours

impression : small left pleural effusion and
improving atelectasis but no pneumothorax .
findings : the cardiomediastinal and hilar contours
are normal . subtle linear horizontally oriented
opacities in the left costophrenic angle appear
improved compared to prior exams and likely reflect
the sequelae of resolving atelectasis .

impression : small left pleural effusion . findings : the
cardiomediastinal and hilar contours are normal .
there is no pneumothorax . there is a small left pleural
effusion . there is no focal consolidation concerning for
pneumonia . pulmonary vasculature is within normal
limits . there is no pneumothorax .

impression : no acute cardiopulmonary process .
findings : the lungs are clear without focal
consolidation . no pleural effusion or
pneumothorax is seen . the cardiac and mediastinal
silhouettes are unremarkable . the patient is status
post median sternotomy with the superior most 2
sternotomy wires again seen to be fractured .

impression : no acute cardiopulmonary process .
findings : frontal and lateral views of the chest were
obtained . the patient is status post median sternotomy
and cabg . no focal consolidation pleural effusion or
evidence of pneumothorax is seen . the cardiac and
mediastinal silhouettes are stable and unremarkable . no
overt pulmonary edema is seen .

impression : no acute cardiopulmonary process .
findings : frontal and lateral views of the chest . the
lungs are clear of consolidation or effusion . right
pleural based thickening at the base laterally is again
seen . there is no evidence of pulmonary vascular
congestion . cardiomediastinal silhouette is stable
in . no acute osseous abnormality detected .

impression : no acute cardiopulmonary process .
findings : frontal and lateral views of the chest were
obtained . the patient is status post median sternotomy
and cabg . the cardiac and mediastinal silhouettes are
stable with the cardiac silhouette enlarged . no focal
consolidation pleural effusion or evidence of
pneumothorax is seen .

low lung volumes are present . this accentuates the
size of the cardiac silhouette which is likely mildly
enlarged . mediastinal and hilar contours are likely
within normal limits . a right brachiocephalic venous
stent is re - demonstrated . there is crowding of the
bronchovascular structures with probable mild
pulmonary vascular congestion .

lung volumes are low . this accentuates the size of the
cardiac silhouette which appears mildly enlarged . the
mediastinal and hilar contours are unremarkable . there
is crowding of the bronchovascular structures but no
overt pulmonary edema is present . patchy opacities in
the lung bases likely reflect atelectasis .

impression : no free air under the diaphragms . low
lung volumes with bibasilar atelectasis . probable
small left pleural effusion . findings : there are low
lung volumes . the heart size is normal . the aorta
remains tortuous . there is crowding of the
bronchovascular structures but no overt pulmonary
edema . linear opacities at the lung bases likely
reflect atelectasis .

impression : low lung volumes with bibasilar
atelectasis . findings : lung volumes are low . the aorta
is tortuous and diffusely calcified . mediastinal and
hilar contours are otherwise unremarkable . there is
crowding of the bronchovascular structures but no
overt pulmonary edema is present .

impression : no significant interval change . findings :

frontal and lateral views of the chest were obtained .
there are relatively low lung volumes . mild
elevation of the right hemidiaphragm persists . there
is persistent right base atelectasis . no new focal
consolidation is seen . there is no pleural effusion or
pneumothorax .

impression : no acute cardiopulmonary process .
findings : frontal and lateral views of the chest were
obtained . there are relatively low lung volumes . given
this no focal consolidation pleural effusion or evidence
of pneumothorax is seen . the cardiac and mediastinal
silhouettes are unremarkable . no overt pulmonary
edema is seen . no displaced fracture is seen .

impression : lines and tubes in place . increased
pulmonary edema with right upper lobe and bibasilar
consolidations . findings : the endotracheal tube tip
sits 5 cm above the carina . a left - sided ij central
venous catheter tip sits in the left brachiocephalic
vein . the right - sided ij central venous catheter tip

sits in the upper svc . the heart size is large but stable .

the monitoring and support devices are constant .
constant appearance of the lung parenchyma and of the
cardiac silhouette . no new parenchymal opacities . no
larger pleural effusions . no pneumothorax . no overt
pulmonary edema . unchanged appearance of the hilar
and mediastinal contours .

heart size remains mildly enlarged . aortic knob is
calcified . mediastinal and hilar contours are
unchanged . previously noted left upper lobe mass
appears more vague with surrounding ill - defined
opacity possibly related to infection .

heart size is normal . mediastinal and hilar contours are
unremarkable . pulmonary vasculature is normal . linear
opacities within the left lung base likely reflect
subsegmental atelectasis . no focal consolidation pleural
effusion or pneumothorax is present . there are no acute
osseous abnormalities .

Figure 9. More comparisons between the reports generated by DKA-RG and the ground truth, where

bold text indicates that the generated reports contain the same content as the ground truth. Our

method still has the possibility of errors, as indicated by the highlighted parts in the image that

describe symptoms that are inconsistent with the ground truth.
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5. Discussion
5.1. Main Novelty

As mentioned above, the core innovation of our work is the alignment of features of
medical images and report texts with the help of the medical knowledge graph. Previous
work often only performs coarse-grained alignment at the global level or directly trains
end-to-end image-to-report text generation, which is suitable for general-purpose domains
but not for domains such as medical diagnosis that require more detailed processing of
images and text. Our approach takes into account the specificity of medical diagnosis
and introduces the medical knowledge graph as an additional knowledge supplement to
help the model mine medical features. At the same time, we additionally design image—
report disease-level feature alignment for disease disorders that has not been considered in
previous approaches, which facilitates the feature extraction capability of medical images
and reports at a finer-grained level, thus improving the accuracy of the final medical
image-to-report generation.

5.2. Limitations

Our method also has some limitations. First, although our method is theoretically
generalizable, we have only experimented on the chest image dataset because open datasets
in the medical domain are very scarce. Other types of medical images tend to be smaller
in size and lack high-quality physician-written reports, making it difficult to conduct
experiments. Second, due to the limitation of computational resources, our method does
not introduce larger scale models (e.g., large models with 7B or 13B parameters) to further
enhance the modeling effect. Finally, the knowledge graph used in our method is fixed and
does not cover all types of disease, which is a point that can be optimized in the future.

5.3. Practical Application

Our radiology report automatic generation system has high practicality. Although
the automatic generation of radiology reports is still in the early stages of exploration,
our method relies less on computing resources and can easily be inherited into existing
healthcare systems. For example, for an existing chest radiograph scanning system, we
can install our method based on its computer environment. Our method uses GPU during
the training phase but can rely entirely on CPU during the usage phase. The chest X-ray
scanning system takes the scanned images as input to our system, and ultimately, our
system outputs a medical report in text format for future reference by professional doctors.
Our method is compatible with most x86-based computers and mainstream operating
systems.

6. Conclusions and Future Works
6.1. Conclusions

In this work, we build a novel framework for automatic radiology report generation,
DKA-RG. We use multi-layer contrastive learning to enhance the model’s ability to extract
disease features from radiology images. At the same time, we also construct a medical
knowledge graph to introduce medical knowledge into the alignment process, making it
easier for the model to understand the relationships between diseases and the anatomical
locations of diseases. Our DKA-RG can ultimately generate more accurate radiology reports
due to its ability to extract more detailed disease semantic information. Our multiple
experiments on two X-ray datasets have demonstrated the effectiveness of our method,
thus validating the necessity of global and disease-level alignment and medical knowledge.

The radiology report automatic generation system we have constructed can be widely
applied in practical medical scenarios. Our method can further promote the work efficiency
of modern medical practitioners, reduce medical labor costs, improve the standardization
and accuracy of medical diagnosis, and thus promote the development of interdisciplinary
medical and computer science.
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6.2. Future Works

In the future, we will further optimize our method. Currently, to improve the training
and inference efficiency of the model and reduce the resource consumption of the automatic
report generation system when used in actual environments, we select moderately sized
models (12-layer BERT and 12-layer ViT). Considering that the medical field attaches
more importance to the fluency and accuracy of reports, we plan to use the medical large
language model as our text decoder in the future. Through the internal expertise of the
pre-trained medical large language model, our method should be able to further improve
performance. In addition, we are also considering expanding this method to more medical
fields in the future. We will further design methods to improve the efficiency of data
utilization to make up for the problem of data scarcity in other medical fields, thereby
enhancing the universality of our method.
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