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ARTICLE INFO ABSTRACT
Keywords: Purpose: Natural language processing using language models has yielded promising results in various fields.
Transformer Language models can help improve the workflow of radiologists. This retrospective study aimed to construct and

Natural language processing
Radiology report
Summarization

evaluate language models for automatic summarization of radiology reports.

Methods: Two radiology report datasets from the MIMIC Chest X-ray (MIMIC-CXR) database and the Japan
Medical Image Database (JMID) were included in this study. The MIMIC-CXR is an open database comprising
chest radiograph reports. The JMID is a large database comprising computed tomography and magnetic reso-
nance imaging reports from 10 academic medical centers in Japan. A total of 128,032 and 1,101,271 reports
were included in this study from the MIMIC-CXR database and JMID, respectively. Four Text-to-Text Transfer
Transformer (T5) models were constructed. Recall-Oriented Understudy for Gisting Evaluation (ROUGE), a
quantitative metric, was used to evaluate the quality of the text summarized from 19,205 and 58,043 test sets
from the MIMIC-CXR and JMID, respectively. The Wilcoxon signed-rank test was used to evaluate the differences
among the ROUGE values of the four T5 models. Moreover, the subsets of automatically summarized text in the
test sets were manually evaluated by two radiologists. The best T5 models were selected for automatic sum-
marization using the Wilcoxon signed-rank test.

Results: The quantitative metrics of the best T5 models were as follows: ROUGE-1 = 57.75 + 30.99, ROUGE-2 =
49.96 + 35.36, and ROUGE-L = 54.07 + 32.48 in the MIMIC-CXR; and ROUGE-1 = 50.00 + 29.24, ROUGE-2 =
39.66 + 30.21, and ROUGE-L = 47.87 + 29.44 in the JMID. The radiologists’ evaluations revealed 86% and 85%
of the texts automatically summarized from the MIMIC-CXR and JMID, respectively, to be clinically useful.
Conclusion: The T5 models constructed in this study were able to perform automatic summarization of the
radiology reports. The radiologists’ evaluations demonstrated most of the automatically summarized texts to be
clinically valuable.

a large number of unstructured reports is challenging as radiology re-
ports are often documented as unstructured data.

Natural language processing (NLP) by computers [1,2] facilitates the
extraction of structured information from electronic medical records
and radiology reports. Thus, NLP has been used for text classification,
summarization, and generation in the field of radiology [3-5]. Recent
advances in NLP include the application of deep learning.

1. Introduction

Radiology reports, which are a valuable source of information, play a
crucial role in improving clinical practice and supporting research. A
multitude of radiology reports have been written in recent years owing
to the advances in the field of radiology. However, manually processing
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Abbreviations
CXR Chest x-ray
JMID Japan Medical Image Database
NLP Natural language processing
ROUGE Recall-Oriented Understudy for Gisting Evaluation
T5 Text-to-Text Transfer Transformer
BERT Bidirectional Encoder Representations from
Transformers
CT computed tomography
MRI magnetic resonance imaging

NLP can potentially reduce the workload of radiologists by extract-
ing structured information from radiology reports, thus aiding clinicians
and radiologists in the decision-making process and identifying patients
for research. However, unlike the computer vision [6], NLP has not
received significant attention in the field of radiology, and reviews
concerning the application of NLP are limited [5].

The development of language models is considered a promising
advance in NLP; language models are neural networks trained using a
large amount of text data, and the number of parameters in the model
can be deemed a measure of performance. Several language models,
such as Bidirectional Encoder Representations from Transformers
(BERT) [7], Text-to-Text Transfer Transformer (T5) [8,9], and Genera-
tive Pre-Training-1 [10], Generative Pre-Training-2 [11], Generative
Pre-Training-3 [12], and so on [13], have demonstrated state-of-the-art
performance in NLP tasks.

Radiology reports are divided into two sections: findings and
impression. Automatic summarization of the impression section ac-
cording to the findings section would reduce the workload of radiolo-
gists. Thus, this study aimed to investigate the effectiveness of a
language model to summarize radiology reports automatically. The
contributions of this study are as follows: (i) The T5 language model was
used to summarize radiology reports automatically. (ii) Automatic
summarization of radiology reports was performed in two languages:
chest radiograph (CXR) reports in English and computed tomography
(CT) and magnetic resonance imaging (MRI) reports in Japanese. (iii)
Recall-Oriented Understudy for Gisting Evaluation (ROUGE), a quanti-
tative evaluation metric, and a semi-quantitative evaluation performed
by radiologists were used to evaluate the automatically summarized
sentences, and the relationship between the ROUGE metrics and radi-
ologists’ evaluations was investigated. (iv) A dataset with more than one
million Japanese radiology reports was used for constructing and eval-
uating the T5 language model.

2. Material and method

This retrospective study was approved by the Institutional Review
Boards of the Japan Medical Image Database (JMID) project and Kobe
University Hospital; the requirement for informed consent was waived.
This study was conducted in accordance with the Checklist for Artificial
Intelligence in Medical Imaging [14].

2.1. Dataset

Two datasets were used from the MIMIC-CXR database and JMID in
the study. The MIMIC-CXR database comprises chest radiographs and
corresponding reports [15]. The MIMIC-CXR database is a large dataset
of 377,110 CXR images for 65,379 patients who visited the Beth Israel
Deaconess Medical Center between 2011 and 2016. Most of the CXR
images included their radiology reports. The JMID dataset was obtained
from the JMID project, in which 10 academic medical centers in Japan
(Juntendo University, Kyushu University, Keio University, The
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University of Tokyo, Okayama University, Kyoto University, Osaka
University, Hokkaido University, Ehime University, and Tokushima
University) collaborated to create a large radiology database with
de-identified patient data. Each center of the JMID project collected
images and CT and MRI radiology reports from clinical radiology ex-
aminations and sent them to a central server of the JMID project. All the
data of the clinical radiology examinations were collected in each cen-
ter. The JMID project data were used for centralized management of
medical resources of the radiology department, development of
computer-aided diagnosis systems using artificial intelligence, central-
ized management of radiology reports, development for appropriate
usage in radiology examinations, Japan Quantitative Imaging Bio-
markers Alliance, and radiation dose management.

The modality of the MIMIC-CXR dataset was radiography, with the
chest being the specified location; the reports were written in English.
The modalities in the JMID dataset were CT and MRI, with locations
spanning different parts of the body, and the reports were written in
Japanese. All reports dated from 8/4/2010 to 3/31/2023 were collected
from the JMID database. Fig. 1 presents the flowchart of data inclusion
in this study. Reports with missing data in the findings or impression

(A) MIMIC-CXR

Potentially eligible
reports.
N =227781

A 4

,
Excluded reports.
Blank reports (N = 99749)

A 4

Non-blank reports.
N =128032

A 4

Non-blank Non-blank Non-blank
reports in train reports in reports in test
set. validation set. set.

N =102425 N =6402 N=19205

(B) IMID

Potentially eligible

reports.
N=1120311

Excluded reports.
Blank reports (N = 19040)

y

Non-blank reports.
N=1101271

y
Non-blank

Non-blank Non-blank
reports in train reports in reports in test
set. validation set. set.

N =1035574 N=17654 N =58043

Fig. 1. Flowcharts of the included radiology reports. (A) MIMIC-CXR, (B)
JMID. Abbreviations: CXR, Chest X-ray; JMID, Japan Medical Image Database.
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sections were excluded. Pairs of findings and impression sections were
collected from each report in the two datasets. Table 1 presents the
characteristics of the two datasets used in this study. Among the 227,781
reports present in the MIMIC-CXR dataset, 128,032 reports had no
missing data. The findings or impression sections were often missing in
the reports of the MIMIC-CXR dataset. On the other hand, 1,101,271 had
no missing data among the 1,120,311 reports in the JMID dataset.

2.2. Dataset partition

The MIMIC-CXR images were randomly divided into training, vali-
dation, and test sets in a 16:1:3 ratio. The reports acquired from the
JMID were divided into three sets according to the date of the reports:
training set, 8/4/2010-11/30/2022 and 12/10/2022-12/31/2022;
validation set, 12/1/2022-12/9/2022; and test set, 1/1/2023-3/31/
2023. Date-based dataset partitioning was not possible in the MIMIC-
CXR dataset as the MIMIC-CXR reports were not dated. After dataset
partitioning, the training, validation, and test sets of the MIMIC-CXR
dataset comprised 102,425, 6,402, and 19,205 reports, respectively. In
the JMID dataset, the training, validation, and test sets comprised
1,035,574, 7,654, and 58,043 reports, respectively.

2.3. Ground truth

The MIMIC-CXR database and JMID include clinical radiology re-
ports; thus, the impression sections of actual reports were used as the
ground truth.

2.4. Language model

T5, which is a transformer-based neural network model, comprises
an encoder and decoder that uses a text-to-text approach [8,9]. Most
NLP tasks, including translation, question answering, and classification,
require delivering input sentences to the models and training them for
generating target sentences, which facilitates the use of the same model,
loss function, and hyperparameters of T5 for a variety of tasks. T5 has
reported state-of-the-art results on many NLP benchmarks, while
maintaining sufficient flexibility to be fine-tuned for a variety of
important downstream tasks. T5 is considered particularly useful in text
summarization as the downstream task. A large amount of unlabeled
text data and an objective analogous to BERT’s “masked language
modeling” were used to pre-train the T5 model. Tokens of input text

Table 1
Characteristics of the datasets.
Item MIMIC-CXR JMID
Number of reports 227781 1120311
Number of non-blank reports 128032 1101271
Number of reports in train set 102425 1035574
Number of reports in validation set 6402 7654
Number of reports in test set 19205 58043
Age (year)
train set Not available 62.33 + 18.49
validation set Not available 62.78 + 18.16
test set Not available 62.46 + 18.82

Sex (male:female)

train set Not available 555975:479599

validation set Not available 4002:3652

test set Not available 30463:27580
Modality X-ray CT, MRI
Location Chest Various locations
Language English Japanese

Private/Public datasets Public dataset Private dataset

Note: Non-blank reports indicate that neither the findings nor impression sec-
tions are blank in the radiology reports. Information concerning age was un-
available for 16754, 726, and 6210 reports in the training, validation, and test
sets, respectively.

Abbreviations: JMID, Japan Medical Image Database.
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were randomly corrupted with special tokens during pre-training. The
pre-trained T5 reconstructed the corrupted tokens of the input text after
pre-training. Fine-tuning the pre-trained T5 model can improve the
performance of text summarization, question answering, and text clas-
sification [16,17]. The present study focused on text summarization
(summarization of radiology reports). Thus, text summarization of
radiology reports was performed as a downstream task in this study. To
our knowledge, few studies have used the fine-tuning of language
models (T5, BERT, and so on) for automatic summarization of radiology
reports. The input and output of the T5 model comprised the text of the
findings and impressions sections, respectively. The T5 model was
trained to automatically summarize the findings section via fine-tuning.
Pre-trained T5 models were obtained from Hugging Face (https://hu
ggingface.co/models) for fine-tuning. Two pre-trained T5 models
(“t5-base” [18] and “google/mt5-base” [19]) were obtained for the
MIMIC-CXR database. Two pre-trained T5 models (“mega-
gonlabs/t5-base-japanese-web” [20] and “google/mt5-base” [19]) were
obtained for the JMID. “t5-base,” “megagonlabs/t5-base-japanese-web,”
and “google/mt5-base” are pre-trained English, Japanese, and multi-
lingual models, respectively.

2.5. Model training

Fig. 2 summarizes the model development process and prediction
using the T5 model. As shown, the following pre-trained T5 models were
used to summarize the radiology reports in the MIMIC-CXR and JMID
datasets.

@ MIMIC-CXR: “t5-base” or “google/mt5-base”
@ JMID: “megagonlabs/t5-base-japanese-web” or “google/mt5-base”

Character encoding conversion to UTF-8 was performed for the
Japanese text of JMID as a preprocessing step before fine-tuning the T5
models. With the exception of character encoding conversion in JMID,
no data preprocessing or normalization techniques were employed in
the present study. Apart from the report selection process shown in
Fig. 1, the feature selection process was not used. The following
hyperparameters were used to fine-tune the pre-trained T5 models.

@ Number of tokens in input: 1024

@ Number of tokens in output: 128

@ Number of training epochs: 5

@ Batch size: 2 or 8

@ Number of steps for gradient accumulation: 32
@ Learning rate: 5e-5

@ Learning scheduler: cosine annealing

@ Warmup ratio in cosine annealing: 0.05

As shown, batch sizes of 2 and 8 were used for fine-tuning. Two types
of pre-trained models and batch sizes for MIMIC-CXR and JMID were
possible, resulting in four combinations. The following parameter was
used to generate the predicted impression using the fine-tuned T5
models.

@ Number of tokens in beam search: 6

Python (version, 3.8.8), pytorch (version, 1.8.0), and transformers
(version, 4.22.2) were used for the development of the model and
summary prediction. The source code for the model development was
run_summarization.py of transformers (https://github.com/huggingfac
e/transformers/blob/main/examples/pytorch/summarization/run_s
ummarization.py). The T5 models were developed and evaluated on a
workstation with NVIDIA(R) RTX(TM) A6000.


https://huggingface.co/models
https://huggingface.co/models
https://github.com/huggingface/transformers/blob/main/examples/pytorch/summarization/run_summarization.py
https://github.com/huggingface/transformers/blob/main/examples/pytorch/summarization/run_summarization.py
https://github.com/huggingface/transformers/blob/main/examples/pytorch/summarization/run_summarization.py
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Reports in
train set. \ Y
Pre-trained Fine-tuned
i wﬁ
Reports in /‘ TS B T5
validation
set.
Phase Ill: Prediction
\ 4
Reports in _ Fine-tuned Prediction
> —
test set. T5 results
Input text

A left-sided dual-lead pacemaker is seen with the
wires terminating in the expected location of the
right atrium and right ventricle. There is mild
cardiomegaly. The lungs are clear without focal
consolidation, effusion or pneumothorax. There is
atherosclerotic calcification of the descending aorta.

—

Prediction result

—)I 1. Mild cardiomegaly. I

Fine-tuned T5
for MIMIC-CXR

Fig. 2. Outline of model development and prediction. (A) Flowchart for obtaining a pre-trained T5 model, fine-tuning the T5 model from the pre-trained model, and
predicting the text of the impression section with the fine-tuned model. (B) Examples of the summary text predicted from the findings section. Abbreviations: T5,

Text-to-Text Transfer Transformer.

2.6. Evaluation

The summarized text obtained from the fine-tuned T5 models was
evaluated quantitatively using ROUGE metrics [21,22] and
semi-quantitatively by radiologists. First, the ROUGE metrics were
calculated between the impression text of the actual report and the
predicted text. ROUGE is a metric commonly used for evaluating text
summarization. This metric measures the alignment between human-
(reference summaries) and model-generated summaries. ROUGE has
several variants; ROUGE-1, ROUGE-2, and ROUGE-L were used in this
study. ROUGE-1 and ROUGE-2 are basic metrics that measure the
alignment on an n-gram basis. ROUGE-1 and ROUGE-2 use unigrams
and bigrams, respectively. The original definition of ROUGE-1 and
ROUGE-2 is as follows:

> Countyaen(gram,)
Sereferencesgram, €S
ROUGE —n= 1
" > > Count(gram,) )

Sereferencesgram, €S

where n represents the length of the n-gram and Countg.n(gramy)

represents the maximum number of n-gram co-occurring in a model-
generated summary and reference summary. ROUGE-1 and ROUGE-2
can be calculated according to the recall, precision, and F-measure. F-
measure-based ROUGE-1 and ROUGE-2 were used in this study.
ROUGE-1 and ROUGE-2 use the frequency of n-gram co-occurring;
however, ROUGE-L uses common subsequence between human-
generated and model-generated summaries. Considering two se-
quences X and Y (where X is a reference summary sentence, and Y is a
model-generated summary sentence), the longest common subsequence
(LCS) of X and Y is defined as a common subsequence with maximum
length. To estimate the similarity between two summaries X of length m
and Y of length n, ROUGE-L (F;) is defined as LCS-based F-measure
according to the following equations:

R, =KX, ) @
m
LCS(X,Y
les = CS(n’ ) (3)
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Summary text should be tokenized for evaluating the alignment for
calculating ROUGE metrics. Tokenizer of BERT was used to perform
tokenization in this study.

Next, 100 reports were randomly selected from the test sets for semi-
quantitative evaluation. Two radiologists with 17 and 7 years of expe-
rience in clinical radiology independently rated the predicted impres-
sion of the 100 reports on a 5-point scale as the semi-quantitative
evaluation. The following text was semi-quantitatively evaluated: (i) the
pairs of actual and predicted impression sections and (ii) finding sections
of the actual reports. The 5-point scores were defined as follows: 1, the
predicted impression could not be used clinically without rewriting; 2,
most of the predicted impressions requires rewriting to be clinically
useful; 3, approximately half of the predicted impression requires
rewriting to be clinically useful; 4, the predicted impression is clinically
useable with minor modifications; and 5, the predicted impression is
clinically useable without modification. Summarized texts with scores of
4 and 5 were considered clinically useful. A consensus was reached
through discussion in case of disagreements between the two
radiologists.

2.7. Statistical analysis

The differences among the ROUGE metrics of the four T5 models
were compared using the Wilcoxon signed-rank test. Quadratic-
weighted kappa values were calculated for the scores of the two radi-
ologists. The kappa values were interpreted using the following criteria:
0.00-0.20, none to slight; 0.21-0.40, fair; 0.41-0.60, moderate;
0.61-0.80, substantial; and 0.81-1.00, almost perfect agreement.
Spearman’s correlation coefficients between the ROUGE-2 values and
radiologists’ consensus scores were determined for the 100 reports of the
MIMIC-CXR and JMID, and the coefficients were statistically evaluated.
Statistical significance was set at a p-value of 0.05. Statistical analyses
were performed using R (version 4.2.2), Python (version 3.8.8), and
Scipy (version 1.10.1).

3. Results
Table 2 presents the ROUGE metrics (ROUGE-1, ROUGE-2, and

ROUGE-L) results of the fine-tuned T5 models in the MIMIC-CXR and
JMID test sets. The results of the fine-tuned T5 models in the validation

Table 2
ROUGE values in the test sets of the MIMIC-CXR and JMID.
Dataset T5 model ROUGE-1 ROUGE-2 ROUGE-L
MIMIC- t5-base, B =2 57.75 + 49.96 + 54.07 =
CXR 30.99 35.36 32.48
MIMIC- t5-base, B =8 55.27 + 46.98 + 51.34 +
CXR 30.55 34.79 31.99
MIMIC- google/mt5-base, B = 2 55.84 + 47.86 + 52.54 +
CXR 31.26 35.61 32.59
MIMIC- google/mt5-base, B = 8 52.35 + 43.97 + 49.05 +
CXR 31.36 35.48 32.53
JMID megagonlabs/t5-base- 48.99 + 38.80 + 46.91 +
japanese-web, B = 2 29.49 30.20 29.64
JMID megagonlabs/t5-base- 44.30 + 34.01 + 42.11 +
japanese-web, B = 8 28.56 28.44 28.54
JMID google/mt5-base, B = 2 50.00 + 39.66 + 47.87 +
29.24 30.21 29.44
JMID google/mt5-base, B = 8 46.18 + 35.69 + 43.91 +
28.39 28.65 28.46

Note: Values represent the mean + standard deviation. The numbers of reports
are 19205 and 58043 for the test sets of the MIMIC-CXR and JMID, respectively.
Abbreviations: T5, Text-to-Text Transfer Transformer; B, batch size; ROUGE,
Recall-Oriented Understudy for Gisting Evaluation, JMID, Japan Medical Image
Database.
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sets of the MIMIC-CXR and JMID datasets are presented in Supplemental
Material 1. The fine-tuned “t5-base” model with a batch size of 2
demonstrated the highest ROUGE-1, ROUGE-2, and ROUGE-L values
(ROUGE-1 = 57.75 + 30.99, ROUGE-2 = 49.96 + 35.36, and ROUGE-L
= 54.07 4+ 32.48) in the MIMIC-CXR dataset. In contrast, the fine-tuned
“google/mt5-base” model with a batch size of 8 achieved the lowest
values (ROUGE-1 = 52.35 + 31.36, ROUGE-2 = 43.97 + 35.48, and
ROUGE-L = 49.05 + 32.53). The fine-tuned “google/mt5-base” model
with a batch size of 2 demonstrated the highest ROUGE-1, ROUGE-2,
and ROUGE-L values (ROUGE-1 = 50.00 + 29.24, ROUGE-2 = 39.66 +
30.21, and ROUGE-L = 47.87 + 29.44) in the JMID dataset. In contrast,
the fine-tuned “megagonlabs/t5-base-japanese-web” model with a batch
size of 8 achieved the lowest values (ROUGE-1 = 44.30 + 28.56,
ROUGE-2 = 34.01 + 28.44, and ROUGE-L = 42.11 + 28.54). These
results underscore the interaction between the type of pre-trained
model, batch size, and dataset characteristics.

The differences in the ROUGE-1, ROUGE-2, and ROUGE-L values
were statistically evaluated between each pair of the four fine-tuned
models. The p-values of ROUGE-1, ROUGE-2, and ROUGE-L were
<0.001 in the pairs of the four models in the MIMIC-CXR dataset, except
for the p-values of ROUGE-1 between “google/mt5-base” with a batch of
2 and “t5-base” with a batch of 8. The p-values of ROUGE-1 between
“google/mt5-base” with a batch of 2 and “t5-base” with a batch of 8 was
0.12. As the number of test set was larger in JMID dataset than that in
MIMIC-CXR dataset, the p-values of ROUGE-1, ROUGE-2, and ROUGE-L
were <0.001 for each pair of the four models in the JMID. Thus, we
focused on the optimal fine-tuned models (the fine-tuned “t5-base”
model with a batch size of 2 for the MIMIC-CXR and the fine-tuned
“google/mt5-base” model with a batch size of 2 for the JMID) based
on the p-values.

Table 3 presents the results of the radiologists’ semi-quantitative
scores for the predicted summaries of the 100 reports generated by
the optimal fine-tuned models of the MIMIC-CXR and JMID datasets.
The kappa values of the semi-quantitative scores between the two ra-
diologists were 0.785 (95% confidence interval = 0.669-0.900) and
0.736 (95% confidence interval = 0.590-0.883) for the 100 reports
acquired from the MIMIC-CXR and JMID test sets, respectively, indi-
cating substantial agreement between the two radiologists. The number
of reports for the consensus scores was as follows: score 1 = 1, score 2 =
2, score 3 = 11, score 4 = 15, and score 5 = 71 in the MIMIC-CXR; and
score 1 = 2, score 2 = 3, score 3 = 10, score 4 = 25, and score 5 = 60 in
the JMID. These results indicate that 86% (86,/100) and 85% (85,/100)
of the automatically summarized texts were clinically useful in the
MIMIC-CXR and JMID datasets, respectively.

Fig. 3 presents the scatter plots illustrating the relationships between
the ROUGE-2 values and semi-quantitative scores of the two radiolo-
gists. Significant positive correlations were observed between the
ROUGE-2 values and semi-quantitative scores in both the datasets. The
calculated correlation coefficients were 0.446 (95% confidence interval
= 0.274-0.591) and 0.261 (95% confidence interval = 0.0681-0.435)
for the MIMIC-CXR and JMID datasets, respectively. The corresponding
p-values of the correlation coefficients were <0.001 for both the data-
sets, indicating that the positive correlations observed between the

Table 3
Results of semi-quantitative evaluation by radiologists in 100 radiology reports
of test sets.

Item MIMIC-CXR JMID
Number of Score 1 1 2
Number of Score 2 2 3
Number of Score 3 11 10
Number of Score 4 15 25
Number of Score 5 71 60
Number of reports evaluated by radiologists 100 100

Note: Scores were determined by the consensus of the two radiologists.
Abbreviations: JMID, Japan Medical Image Database.
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Fig. 3. Scatter plots between the ROUGE-2 values and semi-quantitative
consensus scores by two radiologists. (A) Scatter plot for MIMIC-CXR, (B)
Scatter plot for JMID. Note for (A): Correlation coefficient and p-value between
ROUGE-2 values and consensus scores were 0.446 and < 0.001, respectively.
Note for (B): Correlation coefficient and p-value between ROUGE-2 values and
consensus scores were 0.261 and < 0.001, respectively. Abbreviations: CXR,
Chest X-ray; JMID, Japan Medical Image Database; ROGUE, Recall-Oriented
Understudy for Gisting Evaluation.

ROUGE-2 values and semi-quantitative scores were statistically signifi-
cant. Scatter plots of the ROUGE-2 values and semi-quantitative scores
for each of the two radiologists are presented in Supplemental Materials
2 and 3. Fig. 4 illustrates representative examples of radiology reports
and the summary text predicted by the fine-tuned T5 models.

4. Discussion

An automatic summarization model of NLP was constructed using
the T5 model. The fine-tuned T5 model was capable of summarizing
radiology reports automatically. The present study revealed that the
fine-tuned “t5-base” model with a batch size of 2 for the MIMIC-CXR and
the fine-tuned “google/mt5-base” model with a batch size of 2 for the
JMID were the best T5 models. The scores of the radiologists’ semi-
quantitative evaluation of the 100 reports were >4 for 86% in the
MIMIC-CXR test set and 85% in the JMID test set, thereby indicating the
clinical usefulness of most of the predicted text in the impression section.
These results demonstrate the usefulness of the T5 summarization
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models in the automatic summarization of radiology reports. Moreover,
statistically significant correlations were observed between the radiol-
ogists’ semi-quantitative scores and quantitative evaluation using
ROUGE metrics for the MIMIC-CXR and JMID datasets.

The MIMIC-CXR is a database comprising CXR reports and images
[15]; however, the anatomical locations and diseases included in the
MIMIC-CXR are relatively limited. In contrast, the JMID comprises CT
and MR images of all locations, and the anatomical locations and dis-
eases involved are broader than those in the MIMIC-CXR. Consequently,
variation in the reports was greater in the JMID dataset, and report
summarization was more challenging in the JMID than in the
MIMIC-CXR. Table 3 shows that the radiologists’ scores were compa-
rable for the two datasets. The JMID contained a greater number of
reports, approximately ten times more than the MIMIC-CXR (Table 1).
The results presented in Tables 1 and 3 suggest that the number of
radiology reports influenced the performance of the automatic sum-
marization models. Thus, the dataset size for constructing language
models may be important in NLP, similar to computer vision [23,24].

Two different pre-trained T5 models were used for the MIMIC-CXR
and JMID in the present study: “t5-base” and “google/mt5-base” for
MIMIC-CXR; and “megagonlabs/t5-base-japanese-web” and “google/
mt5-base” for JMID. The best ROUGE values were obtained with “t5-
base” for the MIMIC-CXR and “google/mt5” for the JMID (Table 2),
thereby indicating that the English T5 model outperformed the multi-
lingual T5 model in the English task, whereas the multilingual T5 model
outperformed the Japanese T5 model in the Japanese task. In general,
considering the variation in the dataset sizes based on the languages, the
English dataset was more prominent owing to its larger size. The results
of the present study and the size of English datasets suggest greater
effectiveness of pre-trained English models for English tasks owing to
sufficient generalizability. However, the size of the dataset used for pre-
training was smaller for languages other than English. Nevertheless, the
multilingual model would be more effective for non-English tasks
because the multilingual model was pre-trained using both English and
non-English datasets [8].

Table 4 shows the comparison between the present study and pre-
vious studies on automatic summarization of radiology reports. Radi-
ology reports written in English were mainly used in the studies
presented in Table 4 [25-30]. The present study included radiology
reports of CXR in English and those of CT and MRI of various locations in
Japanese, which is a major difference between previous studies and the
present study. Moreover, the JMID dataset has the largest size among the
datasets of studies presented in Table 4 and the JMID dataset was
collected from multi centers. Thus, model development and evaluation
of our T5 models were more robust compared to those of other studies,
which is also a major strength of the present study.

Similar to a previous study [21], statistically significant correlations
were observed between the ROUGE-2 values and the radiologists’
semi-quantitative scores for the 100 reports selected from the test sets.
The Spearman’s correlation coefficients were 0.446 and 0.261 for the
MIMIC-CXR and JMID, respectively, indicating weak correlations. The
ROUGE-2 values exhibited significant variability even when the radi-
ologists’ score was 5 (Fig. 3). Therefore, depending solely on the ROUGE
metrics for evaluating individual summarized sentences may not be
reliable. However, the average ROUGE values could potentially serve as
surrogate for the average radiologist scores when the test set (evaluation
dataset) is sufficiently large. These two evaluation methods should be
used complementary, particularly when the evaluation dataset is
limited.

JMID is a large dataset with a size of more than one million; creating
a larger dataset than the JMID is challenging. Thus, significant im-
provements in the summarization model architecture or the pre-trained
model are warranted for improving the performance of automatic
summarization.

This study had certain limitations. First, we speculate that the use-
fulness of a multilingual or language-specific pre-trained model depends
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(A) (€)
Finding
Dialysis catheter terminates in the right atrium but has been perhaps retracted
slightly. The cardiac, mediastinal and hilar contours appear stable including

Finding
The cardiomediastinal and hilar contours are within normal limits. Lungs are well
expanded and clear. There is no focal consolidation, pleural effusion or

pneumothorax. moderate cardiomegaly. There is no trace pleural effusions are suspected.
Streaky retrocardiac opacity suggests atelectasis. The lungs appear otherwise
clear.

Impression

No acute cardiopulmonary process. Im pression

Perhaps slight retraction of dialysis catheter. No evidence of acute
cardiopulmonary disease. Stable cardiomegaly.

Predicted impression

No acute cardiopulmonary process.

Predicted impression

Dialysis catheter terminates in the right atrium but has been perhaps retracted
slightly. No evidence of acute cardiopulmonary disease.

®) ®
Finding
Compared to chest radiographs from ___, right infrahilar, right basilar,
retrocardiac and left basilar opacities have increased, concerning for worsening
atelectasis or aspiration. There is increasing central vascular congestion and
new moderate pulmonary edema. Small right pleural effusion has worsened.
No appreciable effusion on the left. No pneumothorax. Mildly tortuous and
calcified thoracic aorta is stable. ETT in standard placement, unchanged. Left
subclavian central line terminates in the upper right atrium. Enteric tube
descends below the diaphragm and out of the field-of-view.

Finding

AP upright and lateral views of the chest provided. Mild basal atelectasis noted.
Lungs are otherwise clear though hyperinflated and somewhat lucent likely
reflecting known emphysema. Cardiomediastinal silhouette is stable. Bony
structures are intact. No free air below the right hemidiaphragm. Calcifications
are prominent in the right and left neck

likely reflecting prominent carotid bulb calcification. Bony defect at the right
distal clavicle may reflect acute or chronic injury for which clinical correlation
advised.

Impression

1. Increased central vascular congestion with new moderate pulmonary edema.
2. Worsening small right pleural effusion. 3. Increased right infrahilar, right
basilar, retrocardiac and left basilar opacities, suggestive of worsening atelectasis
or aspiration.

Impression

1. Emphysema with mild bibasilar atelectasis. 2. Prominent carotid bulb
calcifications and a carotid ultrasound may be considered to further assess. 3.
Bony defect at the right distal clavicle, correlate for focal pain as an acute
fracture difficult to exclude.

Predicted impression

1. Worsening right infrahilar, right basilar, retrocardiac and left basilar opacities
concerning for worsening atelectasis or aspiration. 2. Worsening central vascular
congestion and new moderate pulmonary edema. 3. Worsening small right
pleural effusion.

Predicted impression

Emphysema. No free air below the right hemidiaphragm.

Fig. 4. Representative example of radiology reports and predicted summary text from MIMIC-CXR. Note: The radiologists’ scores are as follows: A=5,B=05,C =4,
and D = 2.

Table 4
Comparison of the model for radiology report summarization.
Paper  Dataset Dataset Size Source of Language Anatomical Model Metric
dataset Location
[25] M Stanford Hospital W 87,127 M Single M English W Various M Neural Sequence-to-Sequence Model (Bi- H ROUGE-L = 47.06
dataset center Locations LSTM and LSTM) + Pointer-Generator
M Indiana University W 2691 W Public M English W Chestll Network B ROUGE-L = 34.56
Chest X-ray Dataset for dataset (cross-
cross-organization organization)
[26] W MIMIC-CXR W 124,577 W Public W English M Chest M A pre-trained encoder and a randomly M ROUGE-L = 47.12
dataset initialized Transformer-based decoder + and 56.13
Il OPENI W 3268 Hl Public M English M Chest Graph Enhanced Encoder + Contrastive B ROUGE-L = 64.45
dataset Learning
[27]1 B MedStar Georgetown W 41,066 M Single M English W Various W RadLex PG B ROUGE-L = 37.02
University center Locations
[28] W MIMIC-CXR W 124,577 M Public W English M Chest B WGSUM B ROUGE-L = 55.32
dataset
W OPENI W 3268 W Public W English W Chest B ROUGE-L = 63.97
dataset
[29] B Stanford dataset W 130,850 M Single M English W Chest W Pointer-generator model + M ROUGE-L =49.5
center Reinforcement-learning with the ROUGE
W RIH datasets W 139,654 M Single M English W Chest reward B ROUGE-L = 55.7
center
[30] B MIMIC-CXR W 123,620 W Public M English W Chest B ChatGPT + Dynamic Prompt + Iterative B ROUGE-L = 47.93
dataset Optimization
W OPENI MW 2976 W Public W English W Chest B ROUGE-L = 65.47
dataset
Ours B MIMIC-CXR W 128,032 H Public M English W Chest H 15 B ROUGE-L = 52.54
dataset
W JMID W 1,101,271 W Multi W Japanese W Various W mT5 W ROUGE-L = 47.87
centers Locations
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on the language of the radiology reports. However, this may depend on
the dataset characteristics other than the language. As only two datasets
were utilized, the usefulness of the pre-trained models could not be
adequately evaluated in this study. Second, only two languages were
used in this study. Thus, other languages should be investigated in future
studies. The summarization performance of mT5 could be improved by
studying large datasets with multilingual radiology reports. Third, the
sizes of the MIMIC-CXR and JMID datasets were relatively large for
medical NLP. Smaller datasets were not used in this study.

In conclusion, this study demonstrated the feasibility of automatic
report summarization. According to the semi-quantitative evaluations
performed by radiologists, majority of the automatically summarized
text were clinically useful. Significant correlations were observed be-
tween the semi-quantitative and quantitative evaluations performed by
the radiologists and ROUGE metrics, respectively. The use of quantita-
tive assessments provided by the ROUGE metrics in conjunction with the
semi-quantitative scores by radiologists could be complementary. These
results were confirmed in the large MIMIC-CXR and JMID datasets
written in English and Japanese, which could contribute to further ad-
vances in NLP radiology research. Based on the results of the present
study, we aim to explore the usefulness of our models in clinical radi-
ology workflow in future studies.
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