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A B S T R A C T

Medical imaging is an important tool for clinical diagnosis. Nevertheless, it is very time-consuming and error-
prone for physicians to prepare imaging diagnosis reports. Therefore, it is necessary to develop some methods
to generate medical imaging reports automatically. Currently, the task of medical imaging report generation is
challenging in at least two aspects: (1) medical images are very similar to each other. The differences between
normal and abnormal images and between different abnormal images are usually trivial; (2) unrelated or
incorrect keywords describing abnormal findings in the generated reports lead to mis-communications. In
this paper, we propose a medical image report generation framework composed of four modules, including a
Transformer encoder, a MIX-MLP multi-label classification network, a co-attention mechanism (CAM) based
semantic and visual feature fusion, and a hierarchical LSTM decoder. The Transformer encoder can be used to
learn long-range dependencies between images and labels, effectively extract visual and semantic features of
images, and establish long-term dependent relationships between visual and semantic information to accurately
extract abnormal features from images. The MIX-MLP multi-label classification network, the co-attention
mechanism and the hierarchical LSTM network can better identify abnormalities, achieving visual and text
alignment fusion and multi-label diagnostic classification to better facilitate report generation. The results
of the experiments performed on two widely used radiology report datasets, IU X-RAY and MIMIC-CXR,
show that our proposed framework outperforms current report generation models in terms of both natural
linguistic generation metrics and clinical efficacy assessment metrics. The code of this work is available online
at https://github.com/watersunhznu/LIFMRG.
1. Introduction

The task of automatic medical image report-generation aims to
generate 6C (clear, correct, concise, complete, consistent, and coherent)
reports from a given medical image [1]. Automatic generation of
high-quality medical imaging reports can greatly accelerate workflow
automation, reduce physicians’ workloads, reduce the probability of in-
correct reports, and improve the quality and standardization of medical
reports. Therefore, it has become a popular research topic in the field
of artificial intelligence and intelligent medicine.

The task of automatic medical image report generation belongs to a
subclass of the image caption task. Therefore, a considerable part of the
generation models for medical image reports are derived or optimized
from the image caption models. These models can be broadly classified
into three categories: (1) encoding-decoding based models [2,3]; (2)
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graph structure based models [4,5]; (3) reinforcement learning based
models [6]. The most widely used is the encoding-decoding based
model [7], which originates in the field of machine translation. Its
encoder uses a convolutional neural network (CNN) to extract image
features, and its decoder uses a recurrent neural network (RNN) to gen-
erate reports. The report quality can be further improved by replacing
the encoder network or decoder network, training additional classifiers
to predict disease labels or medical labels [8], and utilizing knowledge
graphs [9].

Although the existing models can generate a complete report, it is
far from the goal of generating 6C reports. Currently, the challenges in
the field are as follows: first, medical images are different from con-
ventional images (e.g., landscape, photos). Medical images are highly
similar, with only minor differences at the area of anomalies, leading
vailable online 22 February 2024
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Fig. 1. A diagram of the proposed framework. From left to right in the three dashed boxes: encoder, co-attention mechanism(CAM) based alignment and fusion, and decoder.
the model to generate a large number of similar reports [10]. Second,
for multiple anomalies found by visual feature extractors, it is difficult
for the existing models to sort out the logical relationships between
anomalies and generate the correct anomaly labels. Therefore, it be-
comes an urgent task to develop models, in which the encoder is used
to distinguish the trivial differences between images and extract correct
feature vectors, and the decoder is used to generate a high-quality
report containing accurate anomalous keywords.

In this paper, leveraging Transformer [11], MIX-MLP [12] and
attention mechanism [13], we proposed an encoding-decoding based
medical image report generation framework, which is composed of
three main parts, i.e., an encoder consisting of a visual and semantic
feature extractor based on Vision Transformer (ViT) encoder and a MIX-
MLP tag classifier, a co-attention mechanism (CAM) based visual and
semantic feature alignment and fusion module [13], and a decoder, as
shown in Fig. 1. Overall, the contributions of our work are as follows:

(1) A Transformer based Vision Transformer encoder [14] is used
as a visual and semantic feature extractor to obtain both types of
features simultaneously. The feature information is extracted from the
penultimate layer of ViT encoder, which is separated into visual and
semantic features and input to the downstream module separately. As
far as we know, this is the first time that ViT encoder is adopted in
the encoding-decoding framework for medical image report generation,
which is used to effectively extract low-level features of images and
establish long-term dependencies between modalities.

(2) The MIX-MLP network [12] is added to the multi-label classifica-
tion network in order to accurately classify the features extracted by the
visual feature extractor. The MIX-MLP network can learn features with
different labels in multiple dimensions, improving the classification
accuracy while maintaining the time complexity O(n) of the MLP
network. The Focal Loss [15] function is also introduced in the multi-
label classification network to alleviate the problem of imbalanced and
sparse label distribution.

(3) A POS-SCAN based co-attention mechanism for visual and text
alignment is proposed to infer the similarity between global images and
text, which is achieved by mapping the visual semantic information and
multi-label classification information into the same joint semantic space
to align with text information, so that images and text can be matched
at fine granularity.

Finally, we assessed the performance of the proposed framework
on two datasets. The results show that our framework outperforms
a variety of current state-of-the-art approaches in image caption and
automatic medical image report generation.

2. Related works

Automatic medical image report generation is essentially an image
caption task. So, many models applied in the field of image caption
can also be applied to the task of automatic medical image report
2

generation, such as the encoder–decoder architecture (CNN-RNN) pro-
posed by Vinyals et al. [7]. Inspired by the RNN-RNN based machine
translation architecture, the encoder RNN is replaced by the CNN to
extract the rich representation of the input image. The main stream
feature extractor in the encoder is usually the CNN based VGG [16] or
ResNet [17]. CNN have great advantages in extracting local features
of images. However, it cannot handle long-distance relationships well
due to the limitations of convolutional operations. Recently, Vision
Transformer (ViT) [14], which combines a CNN with a form of self-
attention, was used for image classification. A self-attention mechanism
can be used to further process the output of CNN to achieve better
results, especially on some large-scale datasets [18]. Dai et al. [19] used
the Hybrid architecture for medical image classification and proposed
the TransMed model, which combines the advantages of CNN and
Transformer to effectively extract low-level features of images and
establish long-term dependencies between modalities. Inspired by this
work, we adopt ViT as the visual feature extractor to obtain the final
visual features.

The goals of label classification tasks can be divided into: sin-
gle label binary classification, single label multiple classification, and
multi-label classification. For medical images, one image often corre-
sponds to multiple labels. So the label classification target in the feature
extraction process is generally multi-label classification. Traditional
label classifiers generally use multi-layer perceptron (MLP) or convolu-
tional neural networks to classify labels. MIX-MLP is a computer vision
model that only uses the MLP structure to replace the convolutional
operation (Conv) in traditional CNN and the self attention mechanism
(Self Attention) in Transformer [12]. For the aforementioned encoding-
decoding based medical image report generation framework [8], the
label information play a key role in the process. Because of the excellent
performance of MIX-MLP, compared with the CNN and Transformer
based approach, we select MIX-MLP as the label classifier in the frame-
work to generate the correct anomaly labels in the highly similar
medical images.

Ba et al. [20] and Xu et al. [21] found that the attention mechanism
can be used to combine the image features extracted by the image
encoder with the label information output from the image multi-label
classification network to assist in the generation of medical image
reports. Since the label information obtained from the multi-label
classification network is local information in multiple places, while the
image features extracted by the image encoder are global information,
the feature information of this image cannot be well represented if
the two are simply stitched together [22,23]. Jing et al. [8] used
a co-attention mechanism that focuses on both image features and
label information, which stitches together the image features and label
information to develop a text generation model to form a complete
medical image report. Zhou et al. [13] proposed a POS-SCAN model
based on the SCAN text-image matching model [24] that can focus on
the correct object when generating the report. It significantly improves
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the accuracy in unsupervised learning conditions. In this work, POS-
SCAN based co-attention mechanism is adopted to align and fuse the
visual information with label information on the mapping space.

The decoder can generate a complete report by generating different
topics and then generating sentences from the topics. Considering
the structural nature of medical image reports, i.e., a sentence or a
paragraph to describe an abnormality, and then multiple sentences or
paragraphs to form a complete medical image report. The structural
characteristics of the hierarchy LSTM network are compatible with
those of medical image report, which can be used to solve the problem
that hidden information cannot be retained in a long paragraph gen-
eration by a LSTM network [14,25]. The hierarchical LSTM network
consists of two LSTM networks: a sentence LSTM (Sentence LSTM) and
a word LSTM (Word LSTM). The Sentence LSTM generates topics and
the Word LSTM generates a sentence for each topic. The hierarchical
LSTM enables the models to model long sentences better than the RNN
model with multiple LSTMs [3]. Although the fully connected networks
work well in the Transformer based GPT series, such as ChatGPT [26],
the LSTM network is selected as the final output layer due to its low
computing load and memory usage. On the other hand, because the
attention of this work is paid on the improvement of the encoder, we
select the well validated LSTM network as the decoder. At the same
time, large language models (LLMs) may bring new opportunities for
the generation based language tasks [26,27], but they are not readily
applicable in clinical settings due to a lack of medical knowledge in
specialized domains [28].

According to the above analysis, the current mainstream research
related to encoder–decoder models mainly focuses on the improvement
of the decoder. However, the encoder is responsible for processing
the input medical images into feature vectors and its performance
will affect the overall model performance [14]. Additionally, the co-
attention mechanism is responsible for fusing the visual and semantic
information extracted by the encoder in order for the decoder to
generate a high-quality report. So, our work focuses on the encoder
and fusion parts, and adopts the existing hierarchical LSTM network
based decoder to generate the final report. Overall, the research related
to medical image report generation is still in its infancy. The research
on multi-modal feature extraction, alignment and fusion in the field of
medical image report generation is still limited.

3. Method

In this paper, we propose a label information fused medical image
report generation framework, using a Transformer [11] encoder as
a visual feature extractor, a MIX-MLP network [12] as a multi-label
classifier, a co-attention mechanism based on a POS-SCAN image text
matching model [13] to align and fuse visual and semantic features [8],
and a hierarchical LSTM network [29] text generator to generate
reports, as shown in Fig. 2. Among them, the Transformer network
as a visual feature extractor can discover fine-grained anomalies in
images. The MIX-MLP network can learn the relationship between
anomaly labels and generate accurate anomaly labels for multiple
anomalies found. The POS-SCAN based co-attention mechanism can
align visual information with label information on the mapping space
and fuse them. The hierarchical LSTM network can generate sentences
containing anomaly labels by the guide of the co-attention mechanism
to compose a complete medical report.

3.1. Encoder

3.1.1. Visual and semantic features
For a given medical image Img∈R𝐻×𝑊 ×𝐶 , where 𝐻 and 𝑊 denote

the image height and width, respectively, and 𝐶 is the number of chan-
nels. Since the Transformer network can only accept one-dimensional
3

embedding sequence input, we divide the image into 𝑀 image blocks
and flatten them into 2-dimensional vector 𝐢𝑝∈R𝑀×(𝑃 2×𝐶). The reso-
lution of each image block is (𝑃 , 𝑃 ) and the total number of image
locks is 𝑀 = 𝐻𝑊 ∕𝑃 2. The first step is to extract the visual features
nd the primary semantic features, i.e., Img→ 𝐟𝑣, 𝐟𝑠′ . 𝐟𝑣∈R𝑀×𝐷 is the
isual feature, which is obtained by projecting 𝐢𝑝 to the 𝐷 dimension
pace through a fully connected layer. The primary semantic feature
𝑠′∈R𝐷 is input to the label classifier to obtain the semantic feature
𝑠∈R𝑁×𝐷1 . Similar to the class token in the Bert network [30], we then
oncatenate a learnable position encoding vector 𝐱𝑐𝑙𝑎𝑠𝑠∈R1×𝐷 and a
ne-dimensional position embedding vector 𝐄𝑝𝑜𝑠∈R(𝑀+1)×𝐷 that carries
osition information, and input to the Transformer encoder (𝐳𝑙). The
ntire hierarchical LSTM network based encoder consists of 𝐿 Trans-
ormer encoders, each of which contains a Multi-Layer Self-Attention
MSA) and a Multi-Layer Perceptron (MLP) network. LayerNorm (LN)
nd residual connections are added before MSA and MLP to reduce
verfitting and prevent gradient disappearance. The visual feature and
rimary semantic feature vectors 𝐟𝑣, 𝐟𝑠′ are output by Transformer
ncoder [14] with a vector 𝐳𝑒 = [𝐱𝑐𝑙𝑎𝑠𝑠; 𝐱1; 𝐱2;… ; 𝐱𝑛], where 𝐟𝑣 =
𝐱1; 𝐱2;… ; 𝐱𝑛] and 𝐟𝑠′ = [𝑥𝑐𝑙𝑎𝑠𝑠].

0 = [𝐱𝑐𝑙𝑎𝑠𝑠; 𝐢1𝐄; 𝐢2𝐄;… ; 𝐢𝑛𝐄] + 𝐸𝑝𝑜𝑠 (1)

′
𝑙 = 𝑀𝑆𝐴(𝐿𝑁(𝐳𝑙−1)) + 𝐳𝑙−1, 𝑙 = 1,… , 𝐿 (2)

𝑙 = 𝑀𝐿𝑃 (𝐿𝑁(𝐳′𝑙)) + 𝐳′𝑙 , 𝑙 = 1,… , 𝐿 (3)

𝑒 = 𝐿𝑁(𝐳𝑙) (4)

The 𝐟𝑠′1∈R
𝐾×𝐷1 is obtained through a K-dimensional fully-

onnection layer, where 𝐾 is the number of tags’ type in the dataset, 𝐷
s the dimension of visual features, and 𝐷1 is the dimension of semantic
eatures.

.1.2. Tag classification
The label classifier is constructed by connecting Z MIX-Block net-

orks in series. The output of the former MIX-Block network is the
nput of the latter MIX-Block network. Each MIX-Block consists of
wo MLP networks, the first MLP (MLP1) network acting on the first
imension of 𝑓𝑠′1 and the second MLP (MLP2) network acting on the
econd dimension of 𝑓𝑠′1 as shown in Fig.3. Each MLP network contains
wo fully connected layers and a GELU activation function. 𝑓𝑠′2 ∈ R𝑁×𝐷1

s obtained after 𝑓𝑠′1 passes through the full connection layer and the
oftmax function. The first dimension of 𝑓𝑠′2 is the number of tags. The
econd dimension of 𝑓𝑠′2 , i.e., the occurrence probability of each tag, is
orted to select the top N tag tensor embeddings to obtain the semantic
eatures 𝑓𝑠, which can be expressed as:

∗,𝑖 = 𝑋∗,𝑖 +𝑊2𝜎(𝑊1𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑋)∗,𝑖) (5)

𝑗,∗ = 𝑈𝑗,∗ +𝑊4𝜎(𝑊3𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑈 )𝑗,∗) (6)

𝑠′2
= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑡𝑎𝑔𝜃

𝑍 (𝑓𝑠′1 )) (7)

𝑠 = 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝜁 (𝑓𝑠′2 )) (8)

here 𝑊∗ is the parameter matrix of the MLP network and 𝜎 is the
ELU activation function. i, j are the dimensions of the hidden layer of

he two MLP networks, which take values independent of the dimen-
ionality of the feature vectors. 𝜃𝑧(𝑥)indicates that x passes through Z
LP-Block layers, and 𝜁 is the Topk function which selects the top N

ectors after sorting 𝑓 ′ .
𝑠2
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Fig. 2. The detail of the medical report generation model. The visual feature extractor is composed of 𝐿 Transformer encoders and the multi-label classification network is
composed of 𝑍 MIX-MLP block stacks.
Fig. 3. The Mix-Block structure. It contains two MLPs, and each MLP network consists of two fully connected layers and a GELU activation function.
3.2. Co-attention mechanism

For the 𝑓𝑣 ∈ R𝑀×𝐷 and 𝑓𝑠 ∈ R𝑁×𝐷1 , which are output vec-
tors from the encoder, we use an image-text matching mechanism to
compute their similarities to the hidden layer state to better achieve
visual-semantic feature alignment. Specifically, we calculate the cosine
similarity 𝑠𝑚, 𝑡𝑣 , 𝑠𝑛, 𝑡𝑠 between 𝑓𝑣, 𝑓𝑠 and the hidden layer state ℎ(𝑡−1)𝑠𝑒𝑛𝑡 ∈
R𝑇×𝐷2 of the Sentence LSTM network at the step t−1, respectively, by
the following method.
4

𝑠𝑚, 𝑡𝑣 =
𝑓 ′
𝑣, 𝑚(ℎ

′
𝑣, 𝑡)

𝑇

‖𝑓 ′
𝑣, 𝑚‖‖ℎ

′
𝑣, 𝑡‖

, 𝑓 ′
𝑣, 𝑚 = 𝐵𝑁(𝑊𝑣𝑓𝑣, 𝑚),

ℎ′𝑣, 𝑡 = 𝐵𝑁(𝑊𝑣, ℎℎ
(𝑡−1)
𝑠𝑒𝑛𝑡, 𝑡)

(9)

𝑠𝑛, 𝑡𝑠 =
𝑓 ′
𝑠, 𝑛(ℎ

′
𝑠, 𝑡)

𝑇

‖𝑓 ′
𝑠, 𝑛‖‖ℎ

′
𝑠, 𝑡‖

, 𝑓 ′
𝑠, 𝑛 = 𝐵𝑁(𝑊𝑠𝑓𝑠, 𝑛),

′ (𝑡−1)

(10)

ℎ𝑠, 𝑡 = 𝐵𝑁(𝑊𝑠, ℎℎ𝑠𝑒𝑛𝑡, 𝑡)
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where m∈[1, M], n∈[1, N], t∈[1, T], 𝐷2 is the dimension of the hidden
ayer, and BN is the batch normalization layer to control gradient
xplosion to prevent gradient disappearance and overfitting. 𝑊𝑣,𝑊𝑣,ℎ

are the parameter matrices of visual similarity and 𝑊𝑠,𝑊𝑠,ℎ are the
parameter matrices of semantic similarity. The normalized visual and
semantic similarities are used to calculate the visual soft attention
and semantic soft attention feature weights, 𝑎𝑚, 𝑡𝑣 , 𝑎𝑛, 𝑡𝑠 , respectively.
For 𝑎𝑚, 𝑡𝑣 , 𝑎𝑛, 𝑡𝑠 , their soft attention feature vectors are calculated by the
following formula,

𝑣(𝑡)𝑎𝑡𝑡 =
𝑀
∑

𝑚=1
𝑎𝑚, 𝑡𝑣 𝑓𝑚, ∗

𝑣 (11)

𝑠(𝑡)𝑎𝑡𝑡 =
𝑁
∑

𝑛=1
𝑎𝑛, 𝑡𝑠 𝑓 𝑛, ∗

𝑠 (12)

fter these two vectors are concatenated with a full-connected network
unction, 𝑐𝑜𝑓 (𝑡) ∈ R(𝐷+𝐷1) is obtained by the following formula,

𝑜𝑓 (𝑡) = 𝑊𝑓𝑐 [𝑣
(𝑡)
𝑎𝑡𝑡; 𝑠

(𝑡)
𝑎𝑡𝑡] (13)

.3. Decoder

Leveraging the similarity between the structure of medical image
eports and the structure of hierarchical LSTM networks, the long text
eneration network is developed with a hierarchical LSTM network.
he hierarchical LSTM network is composed of a Sentence LSTM and a
ord LSTM. Both the Sentence LSTM and the Word LSTM are standard

STM networks. The Sentence LSTM is a single-layer LSTM network
hat takes the feature vector 𝑐𝑜𝑓 ∈ R𝑇×(𝐷+𝐷1) obtained by the co-
ttention mechanism as the input, and generates the corresponding
opic vector 𝑡𝑜𝑝 ∈ R𝑇×𝐷2 .

The Word LSTM is similar to the Sentence LSTM network, which
s a standard LSTM network [14]. The first and second inputs are the
opic vector 𝑡𝑜𝑝(𝑡) generated by the word LSTM and a predefined start-
ng token. The subsequent inputs are words of sentence. The hidden
ayer state is similarly used to predict the distribution of generated
ords 𝑝(𝑦𝑡|𝑦1∶𝑡−1). After the Word LSTM generates its word sequence
𝑡
𝑟, all generated sequences are concatenated to form the final report
(1)
𝑟 ;… ; 𝑦(𝑡)𝑟 .

.4. Loss calculation and model training

Considering that there are multiple loss calculations for each train-
ng sample, the losses are calculated separately and then summed to get
he total loss. Consider each training sample as a tuple(I,G,R), where
is an image, G is the Ground Truth corresponding to the image I,

nd R is the generated report corresponding to the image I, consisting
f T sentences, each consisting of 𝑆𝑖 words. For each training sample
I,G,R), the model first calculates the probability distribution 𝑝𝑡𝑎𝑔 of the
ag corresponding to the image I over all tags. Considering the sparsity
f tag distribution, the focal loss(FL) function is used to calculate the
oss of 𝑝𝑡𝑎𝑔 with the real tag. The focal loss function is a loss function
o deal with sample classification imbalance,

𝑙(𝑝𝑡𝑎𝑔) =
1
𝑁

𝑁
∑

𝑛=1
−𝛼(1 − 𝑝𝑡𝑎𝑔, 𝑛)𝛾 𝑙𝑜𝑔(𝑝𝑡𝑎𝑔, 𝑛) (14)

where 𝑁 is the number of tags, 𝛾 is the sample difficulty adjustment
factor, and 𝛼 is the sample weight.

The Sentence LSTM operation is divided into 𝑇 steps, and the
probability distribution 𝑝′𝑖 of the 𝑖-th sentence at each step at the
two states {STOP, CONTINUE} is calculated. Then, the topic vectors
are fed into the Word LSTM network to generate words 𝑤𝑖, 𝑗 . Each
generated word sequence is calculated by cross-entropy (CE) losses, the
loss 𝑙𝑜𝑠𝑠𝑠𝑒𝑛𝑡 corresponding to the sentence number distribution 𝑝𝑠𝑡𝑜𝑝, 𝑖
and the loss 𝑙𝑜𝑠𝑠 corresponding to the word distribution 𝑝 for
5

𝑤𝑜𝑟𝑑 𝑖,𝑗
Table 1
Details of the IU X-RAY and MIMIC-CXR datasets.

Data set IU X-RAY MIMIC-CXR

Train Validation Test Train Validation Test

Image 5976 747 747 368,960 2991 5159
Report 3165 395 395 222,758 1808 3269
Patient 3165 395 395 64,586 500 293
Average length of report 36.98 36.67 35.43 53.00 53.05 66.40

each sentence. Therefore, the total loss is calculated using the following
formula,

𝑙𝑜𝑠𝑠(𝑙, 𝑝, 𝑤) = 𝜆𝑡𝑎𝑔𝑓𝑙(𝑝𝑡𝑎𝑔) + 𝜆𝑠𝑒𝑛𝑡
𝑇
∑

𝑖=1
𝑙𝑜𝑠𝑠𝑠𝑒𝑛𝑡(𝑝′𝑖)+

𝜆𝑤𝑜𝑟𝑑

𝑇
∑

𝑖=1

𝑆𝑖
∑

𝑗=1
𝑙𝑜𝑠𝑠𝑤𝑜𝑟𝑑 (𝑝𝑖, 𝑗 , 𝑤𝑖, 𝑗 )

(15)

where 𝜆𝑡𝑎𝑔 , 𝜆𝑠𝑒𝑛𝑡, 𝜆𝑤𝑜𝑟𝑑 are the pre-set weights of each loss. After we
conduct several trials, we choose 𝛾 = 3, 𝛼 = 0.2, 𝜆𝑡𝑎𝑔 = 10, 𝜆𝑠𝑒𝑛𝑡 = 1
and 𝜆𝑤𝑜𝑟𝑑 = 1 for the experiments.

4. Experimental results and analysis

We evaluated the performance of the models on two datasets. In
the following sub-sections, we described the two datasets, the evalua-
tion metrics, the parameter configuration of the experiments, and the
analysis of the results.

4.1. Dataset

IU X-RAY (The Indiana University Chest X-ray Collection) [31]:
IU X-RAY was collected by Indiana University and used extensively
to evaluate the performance of medical report generation models. The
dataset contains 7470 image pairs including frontal and lateral X ray
images, and 3955 radiology reports in English, each consisting of the
following components: impressions, findings, tags, comparisons, and
indications.

MIMIC-CXR [32]: MIMIC-CXR is the recently released largest
dataset to date for performance evaluation of medical report generation
models, including 377, 110 chest X-ray images and 227, 835 radiology
reports in English for 64, 588 patients from Beth Israel Deaconess
Medical Center. For these two datasets, the IU X-ray dataset uses a ratio
of 8:1:1 to obtain the training, validation, and test sets after excluding
the samples without text; MIMIX-CXR uses the officially given division
sets. The details of the two datasets are shown in Table 1.

4.2. Evaluation metric

In this study, we utilized the evaluation metrics BLEU [33], ME-
TEOR [34], and ROUGE-L [35], which are widely used in the existing
natural language generation (NLG) domain, where BLEU and METEOR
are mainly used to evaluate machine translation performance, and
ROUGE-L is used to evaluate the summary generation performance.
BLEU-n denotes BLEU score using up to n-grams. These metrics are
mainly used to assess the similarity between the generated reports and
Ground Truth but they do not reflect anomalies in the generated re-
ports. Therefore, to measure the accuracy of abnormality descriptions,
we used the CheXpert tool [36] to tag the reports in the MIMIC-CXR
dataset [32], which extracts 14 different categories of labels related
to chest disease from each report. Comparisons with model-generated
labels were made. Precision, Re-call and F1 scores were calculated as
Clinical Efficacy metrics (CE metrics).
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Table 2
Experimental parameter settings.

Parameter Value Parameter Value

Visual feature dimensions D 768 Number of image blocks M 49
Semantic feature dimensions 𝐷1 256 Select the number of tags N 10
Sentence LSTM hidden layer dimension 𝐷2 512 Number of subject vectors T 5
Word LSTM hidden layer dimension 𝐷3 512 Tag loss weight 𝜆𝑡𝑎𝑔 10
Number of MLP-Block Z 2 Sentence loss weight 𝜆𝑠𝑒𝑛𝑡 1
MLP-Block hidden layer dimension i 768 Word loss weight 𝜆𝑤𝑜𝑟𝑑 1
MLP-Block hidden layer dimension j 768 Stop to control the input dimension 64
Sample difficulty regulator 𝛾 3 Stop the control threshold 0.5
Sample weight 𝛼 0.2 Batch size 16
Image block size P 32 Learning ratio 1e−5
Fig. 4. Loss in training (train) and validation (val) on IU-X-RAY dataset.
Fig. 5. Loss in training (train) and validation (val) on MIMIC-CXR dataset.
s
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4.3. Parameter settings

In the encoder, we used pre-trained Vit [29] on ImageNet as a visual
feature extractor to obtain visual and semantic features. The input
dimension of the image is 224 × 224, the patch size is set to 32, the
isual feature dimension is 768, and the number of image blocks is 49.
he number of MLP-Block is set to 2, where the two hidden dimensions
f MLP are 768, the weight 𝜆𝑡𝑎𝑔 is set to 10, the rest of the weights
re set to 1, and the number of selected tags N=10, 𝛾 = 3, 𝛼 = 0.2

for focal loss. In the decoder, the dimension of word embedding is set
to 512, the stop control threshold of the component is set to 0.5, the
input dimension is 64, and the model uses ADAM optimizer to train the
model. The Batch size is set to 16 and the learning rate of the encoder
6

b

and decoder is set to 1e−5. The detailed experimental parameters are
et as shown in Table 2.

.4. Results and analysis

.4.1. Losses and evaluation scores in training and validation
Our experiments are carried on a desktop PC, containing an Intel

eon E5-2680 v3 CPU at 2.5 GHz with a 128G of RAM and a Nvidia
080 Ti GPU with a 10 GB of VRAM. Time cost for each training epoch
s 120 s for IU X-ray and 5880 s for MIMIX-CXR, respectively. The
osses in training and validation on IU X-RAY and MIMIC-CXR datasets
re shown in Figs. 4 and 5, respectively. Because of the size difference

etween two datasets and the successive computation load of training,
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Fig. 6. Evaluation Score on MIMIC-CXR dataset.
Fig. 7. Evaluation Score on IU X-RAY dataset.
the training epoch of IU X-RAY and MIMIC-CXR dataset is 100 and 20,
respectively. As shown in Figs. 4 and 5, both the losses of training and
validation decrease with the increase of training epoch. However, after
the training epoch reaches around 61 for IU X-RAY dataset, and around
18 for MIMIC-CXR dataset, the decrease of losses is very small, or rather
remains oscillatory. That is also the reason that we stop the training at
the epoch 20 and 100, respectively.

The evaluation scores on IU X-RAY and MIMIC-CXR datasets are
shown in Figs. 6 and 7, respectively. All the six metrics increase with
the increase of training epoch. However, after the epoch reaches around
17 for MIMIC-CXR dataset, the increase is very small, or the maximum
is achieved. For IU X-ray dataset, the six metrics increase till 100
7

training epochs, and then the increase in magnitude is smaller and
smaller.

4.4.2. Overall experiment results
We compared the performance between our framework and the

current mainstream models on these two datasets (Table 1), including
Co-Att [8], HGRG [6], R2Gen [37], PPKED [38], M2transformer [39],
SBF [40], KGAE [5], and PT [41], as shown in Table 3. The results
of the R2Gen model are reproduced under the same experimental
conditions as ours based on published source codes. For the rest of the
models, we directly quote the experimental results from their papers
because the authors did not publish the source codes or the division
ratio of the experimental datasets. The models′ performance is lower



Artificial Intelligence In Medicine 150 (2024) 102823S. Sun et al.
Table 3
NLG metrics on both IU X-RAY and MIMIC-CXR datasets.

dataset model BLEU 1 BLEU 2 BLEU 3 BLEU 4 METEOR ROUGE-L

IU-XRAY

Co-Att [8] 0.455 0.288 0.205 0.154 – 0.369
HGRG [6] 0.438 0.298 0.208 0.151 – 0.322
R2Gen [33] 0.451 0.293 0.209 0.159 0.185 0.381
PPKED [35] 0.483 0.315 0.224 0.168 – 0.376
M2transformer [36] 0.486 0.317 0.232 0.173 0.192 0.390
SBF [37] 0.487 0.346 0.270 0.208 – 359
K GAE [5] 0.512 0.327 0.240 0.179 0.195 0.383
PT [38] 0.496 0.319 0.241 0.175 – 0.377

Ours 0.521 0.384 0.292 0.227 0.244 0.435

MIMIC-CX R

R2Gen [33] 0.352 0.218 0.145 0.103 0.142 0.277
PPKED [35] 0.360 0.224 0.149 0.106 0.149 0.284
M2transformer [36] 0.378 0.232 0.154 0.107 0.145 0.272
KGAE [5] 0.369 0.231 0.156 0.118 0.153 0.295
PT [38] 0.351 0.233 0.157 0.118 – 0.287

Ours 0.428 0.274 0.211 0.155 0.201 0.327
Table 4
CE metrics on MIMIC-CXR datasets.

model Precision Re-call F1

M2transformer [36] 0.240 0.428 0.308
R2GEN [33] 0.333 0.273 0.276
KGAE [5] 0.389 0.362 0.355

Ours (CE) 0.646 0.397 0.308
Ours (FL) 0.662 0.440 0.528

Table 5
Performance of our framework with different components.

The number of parameters BLEU4 METEOR ROUGE

Base 101.9M 0.107 0.164 0.283
Base+ Co 109.4M 0.136 0.182 0.302
Base+ Co+MIX 123.2M 0.152 0.198 0.324
Base+ Co+MIX+FL 123.2M 0.155 0.201 0.327

on MIMIC-CXR dataset than that on IU X-RAY dataset since MIMIC-CXR
dataset contains longer reports and more samples. It can be observed
that our framework outperforms other models in terms of evaluation
metrics on both IU X-ray and MIMIC-CXR datasets.

We also compared the performance in terms of CE evaluation met-
rics between our framework and other models on MIMIC-CXR dataset,
including M2transformer, R2GEN and KGAE models, as shown in Ta-
ble 4. The experimental results are comparable because they all use the
officially divided dataset. It can be seen that our framework achieves a
higher performance in terms of CE metrics in multi-label classification,
compared with the M2transformer, R2GEN, and KGAE models that use
MLP. One of the possible reasons is that the transposition operation
of MIX-MLP in our framework makes the network have some spatial
learning ability similar to that of CNN networks, which enables our
framework to use both the association between labels in different
samples and the association between different labels within the same
sample.

Chen et al. [37] mentioned that the performance in terms of CE
evaluation metrics was low because of the sparse distribution of the
labels as well as the distribution imbalance. After we switched to the
Focal Loss(FL) function, the performance was improved by 1.6%, 3.3%,
and 3.7% in terms of Precision, Re-call, and F1, respectively.

4.4.3. Ablation experiments
We investigated the impacts of different components in our frame-

work on the model performance, including the co-attention mechanism,
MIX-MLP network and focal loss function, respectively. A base model
(Base) is developed at first, comprised of the Transformer encoder
and hierarchical LSTM decoder, in which only visual information,
cross-entropy loss function and MLP network are employed. Then, a
8

Base+Co model is developed by leveraging Base model with the label
information and the concurrent attention mechanism (Co). Moreover,
a Base+Co+MIX model is developed by adding the MIX-MLP network
(MIX) onto Base+Co model. Furthermore, a Base+Co+MIX+FL model
(Full) is developed using the Focal Loss (FL) function to replace the
cross-entropy (CE) loss function. Ablation experiments are performed
on the MIMIC-CXR dataset in this study. The results are shown in
Table 5. It can be observed that after different components are added,
the performance of different models shows an increasing trend in order,
which reflects to some extent that the added components have helped
to improve the performance of our framework.

4.4.4. Qualitative analysis of some examples
We also conducted a qualitative analysis of some cases, in which

two reports are generated by the Base model versus the Full model.
Fig. 8 shows two examples of reports generated from chest X-ray images
in the MIMIC-CXR and IU-XRAY datasets. Different colors on the text
indicate the differences between the generated reports and Ground
Truth, where the red sentence indicates that it is incorrectly predicted,
blue sentence indicates that it is not fully consistent with ground truth,
and green sentence indicates that it is largely consistent with ground
truth. Underlined words indicate that anomalous keyword is different
between the sentences generated by two models. The difference of
anomalous keywords causes the misunderstanding because the meaning
of the generated sentences is completely inconsistent with the original
meaning of the report.

It can be observed that the generated reports by Base+Co +MIX+FL
comply with Ground truth. For examples, these sentences are correctly
predicted, including ‘‘the patient is status post mitral valve replacement
and probably coronary artery bypass graft surgery’’, ‘‘there is no pneu-
mothorax’’, ‘‘the heart is mildly enlarged’’. etc. For the Base model,
these sentences do not match the original meaning of the report due to
keyword errors, e.g., ‘‘patient’’ and ‘‘heart’’ are misclassified as ‘‘lung’’.
Additionally, some findings are missed in the generated reports, such as
‘‘no pneumothorax’’ and ‘‘no acute bony abnormalities’’. Nevertheless,
it is observed that there are some reported anomalies that are not
reflected in the generated reports for both models, such as ‘‘no free
air is demonstrated’’. We speculate that this anomaly appears just few
times in MIMIC-CXR dataset (a total of 22 times in the training set),
resulting in the network that do not learn the features of this anomaly
well.

Generally, it is difficult to generate reports directly from medical
images. By decomposing the task of report generation into feature
extraction from medical images and using extracted features as prompts
to generate reports, the difficulty of the task can be reduced and the
quality of the generated reports can be improved [42]. The superior
performance of our framework that integrates label information may
be due to multi-dimensional information integration. A model that
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Fig. 8. Examples of generated reports on MIMIC-CXR and IU-XRAY datasets. The output in red indicates the sentences with wrong predictions, the output in blue indicates the
sentences that are not fully consistent with the ground truth, the output in green indicates the sentences that are basically consistent with the ground truth, and the underlined
words indicate the keyword differences between our framework and the Base model. (For interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)
integrates label information can consider both image information and
related label information, and this integration of multidimensional
information enables the model to have a more comprehensive under-
standing of the context and content of the image. The label information
provides relevant information about the image content. By integrating
the label information, the model can understand specific structures or
lesions in the image, thereby generating more accurate and detailed
reports. Additionally, label information is used to reduce ambiguity in
image interpretation, which helps to improve the performance of our
framework. For example, when analyzing breast X-ray images, label
information may include breast tissue density, tumor location, etc. This
information helps the model to describe images more accurately and
reduce possible blurring or uncertainty in medical image reports.

5. Discussion

In this paper, we proposed a framework for medical image report
generation, using a Transformer encoder as a visual feature extractor
and a MIX-MLP network as a multi-label classifier. In the framework,
a co-attention mechanism is also used to align and fuse visual and
semantic features. The proposed framework is effectively trained un-
der two criteria (NLG and CE evaluation metrics), ensuring that our
framework has good visual and textual feature extraction capability
with high multi-label classification performance. This study is one
among a few studies addressing the problem of medical image report
generation [8,9,25,37–43]. We tried our best effort to make a fair
comparison with the state-of-the-art models. Experimental results on
two publicly available datasets demonstrate that our framework has a
superior performance over other models. We also performed ablation
experiments to verify the impact of different components on model
performance, showing that our framework is capable of generating long
reports with correct medical terminology and meaningful image-to-text
attention mapping.
9

Although our framework has achieved good performance in gener-
ating medical reports, it has some limitations. First, the labels related
to chest disease are tagged by the CheXpert tool. A better solution is
to label the report by doctors, which will improve the performance of
the whole report generation system. Second, there are also some missed
outliers that are not reflected in the generated reports. In the future, the
dataset can be divided into smaller subsets to ensure that the frequency
of each anomalous keyword is basically the same. It is also possible
to augment the samples with fewer occurrences, and then train the
framework sequentially from low to high difficulty [43]. Additionally,
for the decoder part, an attempt can be made to generate medical
reports using pre-trained language models [44] as word embeddings,
which can effectively improve the fluency of the generated reports.
Another option for improving the decoder is to adopt LLMs [45],
but we need to fine-tune them for a given category medical image.
Finally, knowledge graphs [9] can be introduced into our proposed
framework to improve the quality of features extracted from images
since knowledge graphs can learn the relationships between abnormal
keywords, which is very helpful to generate a high-quality medical
report.
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