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1 Introduction

Radiology report acts as a bridge of communication
between radiologists and physicians (Kahn et al.,
2009; Gershanik et al., 2011). Radiology report
usually contains "Reason for the exam", "Compar-
ison" (with any available previous exams), "Find-
ings", and "Impression" sections (Naik et al., 2001;
Wallis and McCoubrie, 2011). "Findings" section
describes what the radiologist saw in the medical
image(s) while "impression” section summarises
crucial radiology findings and possible causes (dif-
ferential diagnosis) (Wallis and McCoubrie, 2011).

Radiology report summarisation is a task that
generates "impression" section given "findings"
section as an input (Zhang et al., 2018; Ben Abacha
et al., 2021) as physicians often only focus on the
"impression"” section (Lafortune et al., 1988; Ger-
shanik et al., 2011). Existing work on radiology
report summarisation solely rely on the "findings"
section directly related to current medical image
(Zhang et al., 2018; Miura et al., 2021; Ben Abacha
et al., 2021), without taking historical reports into
consideration when generating "impression" sec-
tion. This could pose a problem because radiolo-
gists may not consistently report the same findings,
especially when the examination is intended for
comparison with previous exams.In this work, we
investigate the role of historical reports in radiology
report summarization. The main research question
we focus on is, "Can historical radiology reports
be used together with the "findings" to generate a
more accurate "impression?".

2 Dataset

The dataset used in this work is MIMIC-IV Notes
(Johnson et al., 2023), it contains 2,321,355 de-
identified radiology reports from 237,427 patients.
As we are focusing on patient-specific report, we
first group all reports by patient. Then, to avoid
the problem of wide time-span between each radi-

ology report, we group reports by hospitalisation
to ensure their relevance. Different from the frame-
work in Zhang et al. (2018) and Ben Abacha
et al. (2021) where they generate impression sec-
tion based on current findings section only, our aim
is to generate impression section of radiology re-
port given current and previous findings, and we
take the current impression section as our gold sum-
mary. We argue that impression section of the latest
radiology report can be used as gold summary as ra-
diologists have access to previous medical images
when writing the report (Johnson et al., 2019).

3 Methodology

Our proposed method leverages pre-trained BART-
large (Lewis et al., 2020), a seq2seq model for
natural lanaguage generation. We fine-tune BART-
large under two different settings, using 1) latest
findings only and ii) latest and all previous findings.

4 Analysis

We then evaluate our models using four different
setups:

i) Given the latest "findings" section only, gener-
ate latest "impression" section

ii) Given all "findings" from the same hospitali-
sation, generate the impression section

iii) Given findings section from all previous re-
ports except the latest one, generate the latest im-
pression

iv) Given randomly sampled reports from other
patients and the latest report finding from the pa-
tient, generate the latest impression

On one hand, comparing results from i) and ii),
we can answer the question "Is additional infor-
mation from the same patient and hospitalisation
necessary and effective in improving the quality of
generated summary?". On the other hand, compar-
ing results from ii) and iv) answers the question
"Is the improvement made by related information
about the patient or any arbitrary information helps
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Figure 1: This figure shows the framework we proposed and the grouping method we used. The left part shows
the original radiology report summarisation framework as in Zhang et al. (2018) and MEDIQA 2021 shared task
(Ben Abacha et al., 2021), where each findings section is used to generate its corresponding impression section. The
right part shows our proposed framework where our aim is to generate the latest impressions section given current

and previous findings as additional information.

improve the summary quality?". Question 1), ii),
and iii) helps to analyse to what extend the his-
torical information can improve the quality of the
summary.
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