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Abstract

Biomedical document summarization is a field with significant potential to improve healthcare outcomes and
patient care. The rise of digital health care data, including electronic health records, clinical notes, biomedical
literature, and doctor-patient dialogue, has created a need to develop efficient techniques in summarizing medical
reports. In this paper, we provide a comprehensive and systematic review of various research articles published
between 2017 and 2025 for biomedical document summarization. For data collection, we searched digital libraries
including IEEE, ACM, ACL, ScienceDirect etc., initially retrieving 167 research articles, of which 58 were selected
after applying several filtering criteria. This review spans a broad spectrum across four key dimensions: medical
reports and their types, approaches to medical report summarization, diverse datasets, and evaluation frameworks.
We highlight current trends and the effectiveness of deep learning models (CNNs, RNNs, transformers, and LLMs)
for medical report summarization. In addition, we provide a summary of diverse datasets—including benchmark,
multimodal, and dialogue-centric datasets—and evaluation methods, highlighting their limitations and the need
for more effective evaluation approaches. Overall, this study provides future directions for researchers in the
biomedical summarization field by highlighting progress, current trends, and existing research gaps.

Keywords: biomedical document summarization, deep learning, medical reports, large language models, transformers

1 Introduction

1.1 Background
The field of medical report summarization has gained
ever-increasing significance due to the exponential
growth of digital medical data, including electronic
health records, clinical notes, and published literature.
Large numbers and highly complex nature of documents
create substantial challenges for health care professionals
who need to efficiently extract relevant information for
patient care and for supporting clinical decisions [1, 2].
Traditionally, clinicians devoted large quantities of time
to the onerous task of manual perusal and consolida-
tion of patient data, an activity potentially hindering
direct patient interaction as well as increasing the risk of
information overload [2, 3]. Automated summarization
methods, including extractive, abstractive, and hybrid
approaches, convert voluminous unstructured medical

narratives into concise, coherent, and clinically relevant
summaries [1, 4–6]. Due to the evolution of deep learning
models, summarizing medical reports has recently gained
significant attention from researchers and practitioners
[1, 6–8]. As a result, medical report summarization has
become an important tool for enhancing the efficiency,
accuracy, and accessibility of healthcare data in the
present-day clinical landscape [1, 2, 9].

1.2 Motivation and Challenges
The motivation behind summarizing medical reports lies
in the acute need for lessening the requirements of docu-
menting and relieving overload of information in the field
of healthcare. Healthcare professionals and researchers
are often confronted with the difficulty of comprehend-
ing voluminous and highly complex medical documents
within strict time constraints, potentially hampering
productivity, increasing cognitive load, and affecting the

1

https://orcid.org/0000-0002-4531-9985
https://orcid.org/0000-0002-6677-3650
https://orcid.org/0000-0003-3140-8204


Datasets for Medical Report 

Summarization

Evaluation Methods for Medical 

Report Summarization

Biomedical 

Document 

Summarization

Approaches to Medical Report 

Summarization

Medical Reports and Clinical 

Documentation 

e uen et al  

iari et al  

hosh et al  

e inici et al 

 aar et al 

 hao et al 

e eupane et 

al  han et 

al 

nstruction

uned and 

oundation 

Models

Retrieval

Aumented and 

Multimodal Ms

arameter

Efficient 

ineunin

M ased

Approach

Approaches to Medical 

Report Summarization

C ased 

Approach

e edi et al  

Dalal et al 

e een et 

al  ari 

et al 

e 

Chintaunta 

et al 

Domain

Specific and 

iomedical 

Adaptations

Ms as 

Data 

enerators

R ase

Approach

e uen et al  Michalopoulos et 

al  hosh et al  iari et al  

hosh et al  Sharma et al  

Aacha et al  elta et al  

han et al 

EncoderDecoder 

Models

e i et al  

oshi et al  

enerative 

Model
e Michalopoulos et al  

ralevic et al  Aacha et al  

ee et al  uan et al 

DomainSpecific 

Models

ransformer

e iari et al  Mathur et 

al  elta et al   

aheer et al 

rid 

Methods

e elee et al iR

e Delrouc et alR

iSM

e han et al  See et 

al  Schloss et al 

e rishna et al  i et 

al 

SM

a e hao et al  

inici et al  aar 

et al 

Datasets for Medical Report 

Summarization

 nhouse medical 

dataset

Multimodal dataset 

and CodeMied 

Datasets

enchmar and 

Sharedtas Datasets

DialoueCentric 

Datasets

iomedical nolede 

and iterature Corpora

e eupane et al  

 han in et al 

e eupane et al  

hosh Achara ain et 

al  hosh 

Achara ha et al 

e ari et al  

an een et al 

eChintaunta et al 

arameterEfficient ine

unin

DomainSpecific and 

iomedical Adaptations

Ms as Data enerators

nstructionuned and 

oundation Models

RetrievalAumented and 

Multimodal Ms

e ohnson et al  

ohnson et al 

e hosh Achara 

ain et al  hosh 

Achara Saha et al 

e Aacha et al  

 ohnson et al 

 Moer et al 

e im et al  

Aacha et al  uo 

et al  

apadopoulos et al 

e Cohan et al  

Mohan  i 

enerative 

Model

e M i et al 

 oshi et al 

 Molenaar 

et al 

C ased 

Approach

e edi et al 

 Dalal et 

al 

M ased

Approach

Approaches to 

Medical Report 

Summarization

Medical Reports and 

Clinical 

Documentation 

c
Evaluation Methods 

for Medical Report 

Summarization

Domainspecific and 

asspecific Metrics

R ase

Approach

EncoderDecoder 

Models

DomainSpecific 

Models

Automated eneral

domain Metrics

uman Evaluation 

Methods

ransformer

iR

rid 

Methods

R

iSM

SM

e uen et al  

Michalopoulos et al  hosh 

Achara Saha et al  hosh 

omar et al  Sharma et al 

 en Aacha et al 

e  ee et al  uan et al 

 Michalopoulos et al  

ralevic et al  Aacha et al 

e iari et al  Mathur et al 

 elta et al  aheer et 

al 

e elee et al 

e C i et al  

rishna et al 

e  han hou et al 

e   in  Chen  

Mcuh  Stetson et 

al  Schae et al 

e C in  

apineni et al  

aneree  avie  

Scialom et al  Es et 

al 

e  han et al  

rvin et al  See et al 

e Delrouc et al 

d pes of Medical 

Reports

Standardized 

Documentation 

ormats

e Scarfield et al 

 ohnson et al 
Dischare 

Summaries

Clinical A 

Sessions
iomedical 

iterature

SA otes
e odder et al 

e ohnson et al 

 Aacha et al Radiolo Reports

e eupane et al  Mohan  i 

 ohnson et al  ralevic 

et al 

roress otes

Consultation notes

e ralevic et 

al  Dou et 

al  Dalal 

et al  e 

et al  

elta et al 

  ee et 

al 

e Aacha  

Demnerushman 

hosh 

Achara ain et al 

 hosh 

omar et al  

an een et al 

e apadopoulos et al  uo et al  en Aacha et al  inici et al 

 Mathur et al  iari et al  Ramprasad et al 

atholo Reports

e Shasha et al 

 Raaanapath 

et al  Ahmed et 

al  Alussaini 

et al 

Medical Evidence
e  han in et al 

Fig. 1: Key dimensions covered in this review on biomedical
document summarization

quality of care for patients [3, 4, 8, 10]. Automatic sum-
marization emerges as an effective solution by providing
faster access to key content, aiding clinical decision-
making, and improving overall patient care as biomedical
literature continues to expand.[1, 4, 8, 10].

Despite its promise, this area faces many lingering
challenges. Ensuring accuracy and reliability of facts at
the highest level is of the greatest priority as summa-
rizing systems tend to unwittingly create inaccuracies,
miss important details, or synthesize content poten-
tially leading to clinical consequences [8, 11, 12]. Due
to the heterogeneity of medical documents containing
both structured radiology reports as well as unstruc-
tured patient queries, developing models extracts the
relevant information succinctly but necessarily bear-
ing brevity as well as clinical relevance [1, 3, 8]. In
addition, the difficulty involved in summarizing long
unstructured narratives, incorporating domain-specific
medical knowledge, as well as data privacy and ethi-
cal guideline compliance, add further technical as well
as practical challenges [3, 4, 10, 13]. Popular evalua-
tion measures sometimes fail to assess clinical usefulness,
highlighting the need for better domain-specific metrics
[2, 4]. Overcoming these challenges plays a vital role in
the construction of reliable, efficient, and clinically rel-
evant summarization tools safely applicable in practical
health-care applications.

1.3 Highlights of our Review
In this paper, we have provided an in-depth and sys-
tematic review of biomedical document summarization
with a detailed analysis of research articles published
between 2017 and 2025. For data collection, we searched
digital libraries, including IEEE, ACM, ACL, and Sci-
enceDirect, initially retrieving 167 research articles. Of
these, 58 were selected after applying several filter-
ing criteria based on factors such as publication out-
let, indexing status (e.g., Scopus, Web of Science),
and publisher reputation (e.g., IEEE, ACM, Springer,
Elsevier). Subsequently, we categorize the surveyed lit-
erature along four key dimensions: medical reports
and their types, approaches to medical report summa-
rization, diverse datasets—including benchmark, mul-
timodal, and dialogue-centric datasets—and evaluation
frameworks, as shown in Figure 1. Furthermore, this
survey highlights current trends and the effectiveness
of deep learning models, ranging from early CNN- and
LSTM-based approaches to recent transformer- and large

language model (LLM)–based frameworks, for summa-
rizing different types of medical reports, such as dis-
charge summaries, radiology reports, clinical notes, and
patient–clinician dialogues. In this study, we pose the
following research questions:

Q1: What are the different types of medical reports,
and how are they used in the existing biomedical litera-
ture?

Q2: What diverse datasets have been curated for
report summarization?

Q3: What are the various deep learning approaches
used for medical report summarization, and how have
they progressed?

Q4: Which evaluation measures are critical for assess-
ing the performance of report summarization?

To address the above research questions, we make the
following key contributions:

• This study provides a systematic review of 58 quality
research articles published between 2017 and 2025 in
biomedical document summarization.

• We provide an overview of medical reports and their
types to automate clinical documentation for health-
care professionals (Section 3).

• We categorize diverse datasets along with current
trends in deep learning approaches used for biomedical
report summarization (Sections 3 and 4).

• This review also highlights different evaluation strate-
gies employed in the biomedical literature summariza-
tion (Section 5).

• This review outlines future research directions in
biomedical summarization by highlighting its progress,
current trends and existing gaps (Section 6).

2 Literature Review Methodology
In this study, we adopt a systematic literature review
methodology to analyze research articles published
between 2017 and 2025 in biomedical document summa-
rization, as shown in Figure 2. We start by searching for
the query term ”Biomedical Document Summarization”
in major scholarly search engines and online libraries,
including Google Scholar, IEEE Xplore, ACL Anthol-
ogy, and other scientific archives. The articles identified
during this initial search were used as base papers for
the subsequent detailed literature review. After a careful
scrutiny of these base papers, we identified several syn-
onymous and closely related terms, including clinical text
summarization, medical text summarization, healthcare
report summarization, biomedical NLP summarization
etc. Later, we searched for different permutations of new
terms to build our literature repository. In addition, we
also performed backward and forward citation searches
on selected studies to identify additional relevant articles
not captured by the keyword-based search (Figure 2a).
In this way, we retrieve a total of 167 research articles,
including 129 articles from keyword-based search, and 38
from citation-search, satisfying our query.

To make sure that the credibility and quality of the
literature so chosen, we used several inclusion criteria
depending on parameters like English language, pub-
lication outlet, status of being indexed (e.g., Scopus,
Web of Science), and reputation of the publisher (e.g.,
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(a) Literature Collection

(b) Literature Selection

Fig. 2: Graphical representation of literature review method-
ology

IEEE, ACM, ACL, Springer, Elsevier etc.). In addition,
we remove duplicate records and other irrelevant articles
that did not contribute to biomedical summarization.
In this way, articles satisfying the quality and relevance
criteria were kept and stored within a structured refer-
ence database. Following this, each retained article was
critically reviewed to extract methodological details, key

contributions, evaluation strategies, and identified limi-
tations. Throughout the review process, other domain-
specific terms occasionally emerged, prompting us to
refine our search terms and repeat the search cycle. This
iterative cycle consisting of keyword search, literature
retrieval, quality filtering, and critical evaluation was
carried out until no new terms or related articles were
forthcoming, indicating saturation of the search process.
By adopting this iterative and systematic approach, we
gathered a rich and high-quality corpus consisting of a
final set of 58 research articles on biomedical document
summarization (Figure 2b).

3 Medical Reports and Clinical
Documentation

This section aims to answer the research questions Q1
and Q2 raised in Section 1 to provide an overview of
medical reports and related datasets in the biomedical
domain. More specifically, we shed light on various types
of medical report, including discharge summaries, radi-
ology reports, progress notes, consultation notes, clinical
QA sessions, and biomedical literature along with the
datasets utilized in the biomedical document summa-
rization domain. In addition, we also highlight standard
documentation formats such as SOAP notes, pathol-
ogy reports, etc. which are crucial to develop effective
computational models for clinical documentation.

3.1 Types of Medical Reports
In the field of biomedical, clinical documentation plays a
vital role for authentic and accurate patients’ diagnoses
and effective treatment planning including symptoms,
test results, treatments, medications, and other relevant
clinical data. These reports are generally created, main-
tained and accessed by healthcare professionals such as
doctors, nurses, pharmacists and others. We categorize
the medical reports used in the reviewed literature into
six categories: discharge summaries, radiology reports,
progress note, consulation notes, clinical QA sessions,
and biomedical literature, as shown in Figure 3. Table
1 summarizes all such report types along with their
dataset details. This table illustrates the variability of a
total of 30 datasets in terms of size, modality (e.g., text,
text + image, audio + text), and availability (e.g., open
access, private, limited access), thus helping researchers
select suitable resources for specific summarization tasks.
Moreover, for reference, Figure 4 shows the frequency
distribution of research articles across different types of
reports in the reviewed literature. It is clear that consul-
tation notes take the maximum count, whereas discharge
summaries come at lowest. As consultation notes contain
long clinical documentation that includes patient his-
tory, symptoms, diagnoses, and treatment plans, making
them a comprehensive and practically important tar-
get for biomedical summarization research using LLMs.
Moreover, this predominance of consultation notes can
be attributed to the availability of large-scale public clini-
cal datasets (Table 1). However, discharge summaries are
already condensed clinical documents containing criti-
cal information, and further summarization may increase
the risk of information loss or factual inaccuracies. This
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can also be verified by the limited availability of public
datasets for discharge summaries (Table 1).

3.1.1 Discharge Summaries

Discharge summaries are important clinical documents
that summarize the entire process of a patient’s hos-
pital stay, from admission to diagnosis, interventions,
medications ordered, and post-discharge care [14]. Inef-
fective or incomplete summaries can compromise patient
safety and hinder communication between primary and
secondary care. Since they play a central role, discharge
summaries have been an important target in clinical
summarization studies. From our literature, 2 well-
known public datasets MIMIC-III [15] and MIMIC-IV
[16] falls in this category (Table 1). These datasets are in-
house biomedical datasets containing institution-specific
or proprietary information that may include de-identified
clinical reports, dialogues, or data obtained from individ-
ual healthcare providers or local studies. These datasets
tend to be bounded by privacy and confidentiality guide-
lines, but are very helpful for institutional-specific NLP
applications such as clinical summarization, report struc-
turing, and dialogue-to-note generation [8, 17]. Several
studies including Michalopoulos et al. [18], Sharma et
al. [19] , and Kraljevic et al. [20] have utilized these
datasets for large language modeling and demonstrated
strong performance in automatic discharge summary
generation.

3.1.2 Radiology Reports

Radiology reports describe imaging procedures such as
X-rays, CT scans, and MRIs that detail clinical findings,
diagnoses, and recommendations. Automated summa-
rization of such reports assists radiologists and physi-
cians in expediting diagnostic workflows and improving
clinical communication. Some of the well-known datasets
in this category are transitioned from exclusively textual
data to multi-modal that consist of visual and textual
content. Key examples include MIMIC-CXR [21] which
associates more than 370, 000 chest radiographs with
structured radiology reports, and the Indiana University
Chest X-ray (Open-i) dataset [23] comprising 7, 470 X-
ray images with 3, 955 corresponding reports (Table 1).
Another popular dataset, MEDIQA 2021 RAD [25], is a
benchmark shared-task dataset designed for the evalua-
tion and comparison of models in medical NLP research.
Recent works [22, 24, 26, 29] state that multimodal inte-
gration of text and visual data considerably improves
the quality and clinical applicability of radiology report
summarization.

3.1.3 Progress Notes

Progress notes document the dynamic state of a patient’s
condition over a course of clinical observations, treat-
ments, and care decisions over several visits. They require
consistent language and high contextual fidelity, mak-
ing them natural candidates for both self-supervised and
fine-tuned summarization schemes. A well-known public
repository, MTSamples, offers medical transcripts with
accompanying SOAP-style notes, falls into this category.

It includes doctor–patient dialogues, tele-consultation
conversations, and synthetic or anonymized dialogues for
clinical NLP tasks. Two additional benchmark datasets,
ProbSum [32], which focuses on summarizing struc-
tured problem lists from progress notes, and ShARe/-
CLEF [31], which supports clinical concept and assertion
detection, are widely used progress note–oriented cor-
pora (Table 1). Various frameworks have since been
introduced to enhance progress note summarization,
including the RAG framework [30], built on GPT-3.5-
Turbo, and the MedCAT framework [20], which combines
NER+L with BioClinicalBERT to improve summariza-
tion performance. Moreover, some recent studies [8, 20]
fine-tuned LLMs to produce context-aware summaries
from progress notes.

3.1.4 Consultation Notes

Consultation notes capture patient–clinician interactions
and are usually recorded in a structured SOAP (Subjec-
tive, Objective, Assessment, Plan) format. Summarizing
these notes enables effective clinical documentation and
allows for the development of dialogue-to-note generation
systems. In recent years, several studies have provided
datasets for consultation note summarization tasks. In
this direction, most datasets are dialogue-centric, such
as PriMock57 [33] , NoteChat-1000 [35] , MTS-Dialog
[37] , MEDIQA-Chat 2023 [38] etc., while some are in-
house datasets, such as Stanford Hospital Course Summ.
[32] and the Family Medicine Dataset [53]. Proprietary
datasets such as Abridge SOAP [43] and Verilogue Inc.
transcripts [52] are true consultation data, but not
publicly available because of confidentiality limitations.
Consultation notes are highly important for clinical doc-
ument summarization, as most reviewed research articles
use them for summarization tasks (Figure 4). To under-
stand consultation note summarization, several studies
[17, 34, 39, 40, 42] investigate a broad range of archi-
tectures and optimization techniques to significantly
enhance its quality and reliability. For more details on
consultation reports and the datasets, kindly refer to
Table 1.

3.1.5 Clinical QA Sessions

Clinical Question–Answer (QA) sessions are interactive
conversations between patients and clinicians that are
intended to explain diagnoses, treatments, or medical
problems. Summarizing such sessions using models that
maintain factual correctness, contextual consistency, and
readability while handling multimodal inputs such as
textual and visual data is challenging. In this direction,
benchmark datasets such as MeQSum [57] have provided
the means to systematically analyze clinical QA summa-
rization frameworks, while the newer multi-modal cor-
pora MMQS [54] and MMCQS [56] have generalized such
investigations to image-text domains (Table 1). These
datasets are also code-mixed medical datasets made up of
bilingual/multilingual statements (e.g., Hindi–English)
interlaced with relevant clinical images or textual sum-
maries. Current studies have focused on fusing LLMs
with multimodal encoders [54, 55] to improve the clini-
cal QA summarization process. Moreover, a recent study
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Fig. 3: Comprehensive overview of biomedical document summarization: (a) taxonomy of approaches for medical report
summarization, including CNN-based, RNN-based, transformer-based, generative, and LLM-based methods; (b) datasets used
for medical report summarization, covering in-house, benchmark, multimodal, and dialogue-centric datasets; (c) evaluation
methods, including domain-specific metrics, general-domain automated metrics, and human evaluation strategies; and (d)
medical reports and clinical documentation, illustrating types of reports and standardized documentation formats considered
in this survey.
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Table 1: Summary of Medical Reports Utilized in Biomedical Field

Report
Type

Dataset Dataset
Type

Modality Size Description Availability Referred
In

Link

Discharge
summary

MIMIC-III
[15]

In-house
dataset

Text 2M+
notes, 46K
patients

ICU clinical database
including discharge sum-
maries, nursing notes, and
radiology reports

Credential
Access

[8, 17,
20]

MIMIC-III

MIMIC-IV
[16]

In-house
dataset

Text 331K
sum-
maries,
2.3M
reports

Clinical text corpus
containing discharge sum-
maries and radiology
reports

Credential
Access

[19] MIMIC-IV

Radiology
reports

MIMIC-CXR
(v2.0) [21]

Multi-
modal

Text +
Image

377k
images,
227k
reports

Chest X-rays, paired with
images

Credential
Access

[8, 22] MIMIC-CXR

Indiana
Chest X-ray
(Open-i) [23]

Multi-
modal

Text +
Image

7,470
images,
3,955
reports

Chest Radiography reports
(Indiana University Chest
X-Ray Collection)

Open Access [22, 24] Open-i

MEDIQA
2021 RAD
[25]

Benchmark
& shared-
task

Text 3,600
reports

Radiology report sum-
marization (Findings →

Impression)

Open Access [26] MEDIQA2021

Mayo Clinic
Chest CT
Reports

In-house
dataset

Text 7k reports De-identified CT reports
from Mayo Clinic

Limited
Access

[27] Mayo

CheXpert
(Stanford
PACS) [28]

In-house
dataset

Text +
Image

224K
images,
65K
patients

Large chest radiograph
dataset with reports

Open (DUA) [29] CheXpert

Progress
notes

MTSamples Dialogue-
centric

Text 5k docu-
ments

Multi-specialty clinical
notes (web-based collec-
tion)

Open Access [30] MTSamples

ShARe/CLEF
2014 [31]

Benchmark
& shared-
task

Text 300 notes Annotated clinical notes
for disorder extraction

Credential
Access

[20] ShAReCLEF

ProbSum
[32]

Benchmark
& shared-
task

Text 1K notes,
2.7k diag-
noses

Task for summarizing diag-
noses and problem lists
from clinical progress notes

Credential
Access

[8] ProbSum

Consultation
notes

PriMock57
[33]

Dialogue-
centric

Dialogue
+ Text

57 consul-
tations

Primary care consultation
transcripts

Open access [34] PriMock57

NoteChat-
1000 [35]

Dialogue-
centric

Dialogue
+ Text

1,000 syn-
thetics

Conversational transcripts
for clinical note generation

Open Access [34] NoteChat

ACIBench
[36]

Dialogue-
centric

Dialogue
+ Text

1,000
encoun-
ters

Dataset for automatic clin-
ical impression generation
from dialogues

Open Access [17] ACIBench

MTS-Dialog
[37]

Dialogue-
centric

Dialogue
+ text

1,726 dia-
logues

Conversations with SOAP
summaries

Open Access [37–40] MTS-Dialog

MEDIQA-
Chat 2023
[38]

Dialogue-
centric

Dialogue
+ Text

1̃.7K MTS
Dialog +
207 ACI-
Bench

Shared task dataset for
dialogue summarization
and note generation

Open Access [41] MEDIQA-
Chat-2023

MM-
CliConSumm
[2]

Dialogue-
centric

Dialogue
+ Text
+ Image

1,200 Multimodal consultation
summarization

Open Access [42] MM-
CliConSumm

Abridge
SOAP [43]

Proprietary
/ In-house

Dialogue
+ Clini-
cal Notes

146k
utter-
ance–SOAP
pairs

Doctor–patient conversa-
tions paired with struc-
tured SOAP notes and evi-
dence alignment

Private [43, 44] -

Stanford
Hospital
Course
Summ. [32]

In-house
dataset

Text 20K Hospital course summa-
rization dataset

Limited
Access

[45] STARR

Ambulatory
Orthope-
dic Surgery
Encounters

Dialogue-
centric

Text Few hun-
dred

Transcripts from outpa-
tient orthopaedic consulta-
tions with notes

Private [46] -

FigShare +
MTS-Dialog
(combined)

Dialogue-
centric

Text 2K Combined datasets used in
research (not official stan-
dalone dataset)

Open Access [40] FigShare

MTS-Dialog

Anonymized
clinical dia-
logues [47]

Dialogue-
centric

Text 27 dia-
logues

Primary care conversations
for summarization

private/ con-
trolled access

[48–50] -

MCDH
dataset [51]

Multimodal
and Code-
mixed

Text +
Image

1,668 dia-
logues

Multimodal Code-Mixed
Dialogues in Healthcare

Open Access [51] MCDH
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Verilogue
Inc. +
YouTube [52]

Dialogue-
centric

Audio +
Text

1k dia-
logues +
117 videos

Real consultation record-
ings used in research

Verilogue
Inc. (Pri-
vate),
YouTube
(Open
Access)

[52] -

Family
Medicine
Dataset [53]

In-house
dataset

Text 150 audio
tran-
scribed
consulta-
tions

Speaker-diarized primary-
care transcripts

Private [53] -

Clinical
QA

sessions

MMQS [54] Multi-
modal &
Code-mixed

Text +
Image

3,000 Medical queries from
online forums augmented
with relevant images

Open Access [51, 55] MMQSD

MMCQS [56] Multi-
modal &
Code-mixed

Text +
Image

2̃,500 Code-mixed medical Q&A
(Hindi–English) + images

Open Access [51, 55] MMQSD

MeQSum
[57]

Benchmark
& shared-
task

Text 1k Consumer health questions
with expert summaries

Open Access [8, 17] MeQSum

Biomedical
litera-
ture

MedMentions
[58]

Biomedical
corpora

Text 4,392
abstracts

PubMed abstracts fully
annotated with UMLS con-
cepts

Open Access [20] MedMentions

PubMed Biomedical
corpora

Text 30M+ Biomedical abstracts and
articles

Open Access [41, 59,
60]

PubMed

arXiv Biomedical
corpora

Text 1.7M Preprint Scientific
abstracts and articles

Open Access [17, 45,
61–66]

arXiv

Fig. 4: Frequency distribution of research articles across dif-
ferent medical report types

by Van Veen et al. [8] explored parameter-efficient fine-
tuning on these datasets and reported improved perfor-
mance. In-depth details of deep learning models trained
on these datasets can be found in Section 4.

3.1.6 Biomedical Literature

The corpora of biomedical literature include publicly
available research articles such as pre-prints, journal arti-
cles, and conference papers intended mainly for scientific
knowledge extraction, information retrieval, and text
mining, but not for the direct analysis of clinical data.
Their emphasis lies in extracting structured biomedi-
cal knowledge, such as terminologies, relationships, and
contextual evidence embedded within scientific articles.
Some examples of biomedical literature are large-scale
corpora such as PubMed [5, 13] that store millions of
abstracts as well as full-text research articles, MedMen-
tions [58] consisting of 4, 392 PubMed abstracts richly
annotated with UMLS concepts and arXiv [17, 45, 61–
66] that archives preprints on a wide range of topics
from bioinformatics through computational biology to
biomedical engineering. Several studies such as Kralje-
vic et al. [20], Dou et al. [60], Dalal et al. [59], Beltagy
et al. [61], and Lee et al. [67] have utilized various

biomedical and general-domain corpora, such as Reddit,
XSum, CNN/DailyMail, WikiHow, NYT, and PubMed,
for biomedical summarization tasks.

Figure 5 presents a taxonomy of medical datasets,
highlighting each dataset type and the corresponding
deep learning models employed in the literature.

3.2 Standardized Documentation
Formats

In the previous section, we emphasize the discussion on
variety found in medical reports, but in the field of medi-
cal science, foundational documentation formats are cru-
cial for creating effective computational models. While
the structure of medical documentation varies, many
medical institutions and specialties depend on standard-
ized formats to ensure consistency, enhance clarity, and
support subsequent applications such as research, billing
and automated summarization. Consequently, summa-
rization models must be engineered to adapt not only to
the unique linguistic characteristics of medical reports
but also to their specific documentation style. In our
reviewed literature, we categorize standardized formats
into 3 broader types: SOAP notes, pathology reports and
medical evidence.

3.2.1 SOAP Notes

The Subjective, Objective, Assessment, and Plan
(SOAP) note is a widely used method of documentation
among healthcare professionals. The SOAP structure
reminds clinicians of essential tasks, provides a frame-
work for analyzing information, and supports clinical
reasoning [68]. It enables healthcare professionals to eval-
uate, diagnose, and treat patients based on reported
information, while also serving as a checklist and cogni-
tive aid. The basic structure of a SOAP note is shown
in Figure 6. A SOAP note is divided into four sections:
Subjective (S). Objective (O), Assessment (A) and Plan
(P).
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Fig. 5: Taxonomy of medical summarization datasets and models. Here, the models are associated with the datasets on which
they are trained across four modalities: text, image, audio, and dialogue

Subjective (S): This section records details of the
patient’s health concerns and medical history.

Objective (O): This section captures vital signs,
diagnosis, lab reports, and medications for patient care.

Assessment (A): This section provides a concise
overview of both past and active diagnoses, explain-
ing the reason for hospital admission, and highlighting
current issues along with comorbidities.

Plan (P): This section outlines the need for further
testing and consultations with other healthcare providers
to address the patient’s condition. It also describes addi-
tional measures being implemented for patient care,
helping subsequent physicians understand the next steps.

This structured approach mirrors the natural work-
flow of a consultation and has therefore become the gold
standard for transforming raw doctor–patient dialogues
into structured clinical notes.

3.2.2 Pathology Reports

Pathology reports contribute largely to the medical cor-
pus and are essential for guiding clinical decisions, but
are often complex and lengthy, containing a mix of
crucial and superfluous data. Large Language Models
(LLMs) tackle this complexity by extracting key infor-
mation and producing accurate and concise summaries
to support rapid decision-making. One primary applica-
tion of LLMs is to generate readable summaries of long
and medical domain reports for both patients and other
medical professionals [50]. Synoptic reporting is another

key area of pathological summaries, which involves doc-
umenting clinical information in a structured, standard-
ized format rather than a free-form narrative. One recent
study by Rajaganapathy et al. [69] proposed QLoRA-
based framework to fine-tune LLMs such as LLaMA-2,
to convert unstructured pathology reports into a struc-
tured synoptic format with predefined data elements
(e.g., ”Tumor Size”) and their corresponding responses
(e.g., ”1.3×0.8×0.2 cm”). As pathological reports some-
times contain visual interpretation of results, it leads to
another key application of LLMs in multi-modal summa-
rization. In this direction, Ahmed et al. [70] introduced
POLYPATH, a model that leverages the long-context
capabilities of Gemini 1.5 Flash to generate reports
directly from image patches of multiple whole-slide
images (WSIs). The Challenge of Lay Summarization is
another important research area where studies simplify
complex scientific information for non-expert audiences
like patients. To this end, Al-Hussaini et al. [71] proposed
a two-stage approach for lay summarization, generat-
ing summaries with BART and simplifying them using
MUSS. While this study improved readability, it reduced
relevance and factual accuracy, highlighting the challenge
of simplifying medical text without losing critical infor-
mation, which remains a key challenge in patient-facing
summarization tools.

3.2.3 Medical Evidence

Medical evidence, particularly systematic reviews of ran-
domized controlled trials (RCTs), serves as the gold
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Doctor: 
"Good morning. What brings you in today?" 
Patient:  
"Hi, Doctor. I've had this really nasty cough for about a
week. It's dry, and it gets worse at night. I've also had a
low-grade fever for the past three days." 
Doctor: 
"I see. Any other symptoms? Shortness of breath or chest
pain?" 
Patient:  
"No, nothing like that. Just really tired." 
Doctor: 
"Okay, let me take a listen to your lungs. Your breathing
sounds a bit coarse, and I can hear some wheezing." 
Patient:  
"Is it serious?" 
Doctor: 
"Based on your symptoms and what I'm hearing, it
sounds like you have a case of acute bronchitis." 
Patient:  
"Oh, okay. What should I do?" 
Doctor: 
"I'm going to prescribe an inhaler, Albuterol, for you to
use twice a day to help with the wheezing. I also want
you to get plenty of rest and drink lots of fluids. We'll
follow up in a week to see how you're doing." 

"I've had this really nasty cough for about a week.
It's dry, and the condition worsens at night. I've also
had a low-grade fever for the past three days." 

"Your breathing sounds a bit coarse, and I can hear
some wheezing." 

Doctor- Patient Dialogue Utterance from Conversation Generated Note 

Subjective 

Objective 

Chief Complaint: Patient reports a dry cough for 1
week, worse at night, with a 3-day history of low-
grade fever and fatigue. 

"Based on your symptoms and what I'm hearing, it
sounds like you have a case of acute bronchitis." 

"I'm going to prescribe an inhaler, Albuterol, for you
to use twice a day... get plenty of rest and drink lots
of fluids. We'll follow up in a week." 

Physical Exam: Lungs are coarse with audible
wheezing on auscultation. 

Diagnosis: Acute Bronchitis. 

Prescription: Albuterol inhaler, 2 puffs BID. Patient
Education: Advised rest and increased fluid intake.
Follow-up: Re-evaluate in 1 week. 

Subjective 

Objective 

Assessment Assessment 

Plan Plan 

Fig. 6: Basic structure of a SOAP note

standard for guiding healthcare decisions. The time-
consuming and complex process of creating these reviews
using much faster and effective automated text summa-
rization with Large Language Models (LLMs) presents a
promising solution to streamline and accelerate the syn-
thesis of medical evidence [72]. Recent studies [24, 39, 48,
50, 73] on medical summarization largely rely on pow-
erful but proprietary (closed source) LLMs such as the
GPT series. While effective, these models raise concerns
about transparency, vendor dependence, and data pri-
vacy. Later, researchers offer a compelling alternative as
open source LLMs for better transparency, control, and
the ability to customize [20, 45, 69]. A recent study [74]
on medical summarization utilized MedReview dataset
and fine tuned 3 open source LLMs including PRIMERA,
LongT5, and Llama-2, and demonstrated a significant
improvement in summarization performance.

4 Approaches to Medical Report
Summarization

This section aims to answer the research question Q3
raised in Section 1 and provides a concise summary
of deep learning architectures for the summarization of
medical reports. In this review, we cover not only the
basic deep learning architectures, but also the advanced
and domain-adapted models that have shaped recent
progress in the field. From the foundational CNN and
LSTM-based methods to transformer-based architec-
ture, generative models, and large language models,
each approach reflects a step forward in addressing the
complexity and sensitivity of medical texts. To get a sum-
mary of the deep learning models used in recent work for
biomedical document summarization, readers can refer
to Table 2.

4.1 Convolution Neural Networks (CNN)
Convolution Neural Networks (CNNs) [75] demonstrate
strong effectiveness in medical text summarization. In
text summarization task, CNNs use Convolution, pool-
ing, and fully connected layers to learn local patterns
inherent in the text, as shown in Figure 7. Recent
developments have combined CNNs and domain-specific
methods for extractive summarization of biomedical
transcripts. As an example, Bedi et al. [76] designed a
Deep-Dense LSTM + CNN (DDCNN) pipeline involving
ELMo embeddings to summarize biomedical transcripts.
When tested on MT Samples dataset, DDCNN obtained
an average ROUGE score of 93.5%. Similarly, Dalal et
al. [59] proposed MedicoVerse, a multi-stage system for
pharmaceutical text summarization that combines Sap-
BERT embeddings with the BART-large-CNN-SAMSum
model, achieving ROUGE-L: 68%, and BERTScore:
0.76, demonstrating strong performance in pharmaceu-
tical and regulatory domains. These works show that
CNNs perform well in medical summarization with
advanced embeddings or hybrid models, however, they
may struggle with long-range dependencies compared to
transformer-based approaches.

4.2 Recurrent Neural Networks (RNN)
Recurrent neural networks (RNNs) are a family of
deep learning architectures specially designed to pro-
cess sequential input data [77]. Through their internal
memory or state, RNNs possess the unique ability to
retain information from prior inputs, distinguishing them
from feedforward neural networks. [90] A basic RNN has
input, hidden, and output layers with recurrent connec-
tions, as shown in Figure 7. At each time step t, the
hidden state and output are computed as:

ht = σh(Wxhxt +Whhht−1 + bh) (1)

yt = σy(Whyht + by) (2)
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Table 2: Summary of Deep Learning Models utilized for Biomedical Document Summarization

Model Strength Weakness Variant Results Dataset Referred In

CNN [75]
Efficient for local fea-
ture detection, scal-
able for multimodal
data

Limited in handling
sequential dependen-
cies and long-range
context

BART-large-
cnn-samsum [59]

ROUGE-1: 69%,
ROUGE-2: 56%,
ROUGE-L: 68%,
BERTScore: 0.76

PubMed [59, 76]

RNN [77]

1. LSTM [78]
2. BiLSTM [79]
3. GRU [80]
4. BiGRU [80]

Effective for mod-
elling long-term
dependencies with
gating mechanisms

Vanishing gradient
problem limits long-
range dependency
capture

Encoder-decoder
based LSTM [81]

ROUGE-1: 38.9%,
ROUGE-2: 17.1%,
ROUGE-L: 35.7%

CNN/DailyMail [81, 82]

Captures context
from both directions,
improves comprehen-
sion

Higher computa-
tional cost due to
bidirectional process-
ing

Encoder-decoder
based BiLSTM
[29]

ROUGE-1: 48.6%,
ROUGE-2: 35.3%,
ROUGE-L: 47.1%

Stanford Hos-
pital PACS
radiology
report dataset

[29, 44, 83]

Computationally effi-
cient, fewer parame-
ters than LSTM

Simpler than LSTM
but may under-
perform on very long
sequences

DenseNet121
(GRU-based
encoder-
decoder) [22]

ROUGE-2 F1:
54.3%,
BLEU-score: 28.3%

Indiana Uni-
versity Chest
X-ray

[22]

Utilizes full sequence
context, enhances
accuracy in temporal
tasks

Increases complexity
with bidirectional
flows

Two-layer bidi-
rectional GRU
with SOAP for-
mat [52]

F1 (Diagnosis): 0.78,
F1 (SOAP): 0.60

Proprietary
dataset from
Verilogue Inc.
and YouTube

[52]

Transformer [84]

1. Encoder-Decoder
(BART, FLAN-T5,
Pegasus etc.)

2. Domain-specific
Models (BERT,
BioBERT, MedCAT
etc.)

3. Hybrid Models
(BigBird,
LongFormer,
BART-GPT2 etc.)

Encoder-decoder
structure, strong con-
textual and factual
understanding

Requires fine-tuning,
may hallucinate facts

FLAN-T5-Large
Medalyz [45]

ROUGE-L: 37%,
BERTScore: 0.65,
SpaCy Sim: 0.84

Curated med-
ical dataset
from Stanford
University

[37, 51, 61]
[19, 42, 45]
[85]

BART [55] ROUGE-L: 53.4%,
METEOR: 61.1%

MM CliCon
Summation

BART and Pega-
sus [37]

Factual F1: 0.76 MTS-DIALOG

Domain-adapted
embeddings, superior
on biomedical datasets

Limited to domain of
pretraining, not
general-purpose

Bio ClinicalBERT
[20]

F1: 0.95 MIMIC-III
[20, 38, 66]
[18, 67]

UMLS-BERT
[18]

NER F1: 88.6,
MedNLI Acc: 83.0

MIMIC-III
v1.4

MedCAT [20] ROUGE-1: 58%,
BLEURT: 78%

MEDIQA-Chat
2023

Handles long inputs,
incorporates
structured knowledge,
improves factual
faithfulness

Complex integration,
high resource demand

Hybrid
Transformer
LongFormer [61]

ROUGE-1: 46.6%,
ROUGE-L: 41.9%

arXiv summa-
rization [39, 42, 61, 86]

Hybrid BART–
GPT2 [42]

ROUGE-L: 51.8%,
BLEU: 34.7%,
BERTScore: 0.92

MM CliCon
Summation

Generative
Models
[87]

Learns joint data dis-
tribution, high lin-
guistic fluency and
adaptability

Can hallucinate or
generate incoherent
text

Hierarchical
attentional
model [49]

F1: 72.8,
ROUGE-L F1:
55.4%

Anonymized
clinical dia-
logues

[49, 53, 88]

Large Language
Models (LLMs)
[89]

Strong zero-shot
capabilities, adapt-
able via prompting

May lack domain
precision without
fine-tuning

Instruction-
tuned LLMs-
GPT-3.5, GPT-
4, LLaMA-3,
MEDSAGE [34]

ROUGE-L: 13.3%,
F1 Score: 24.5%,
BERTScore: 0.531

PriMock57 [34, 64]

Reduces training cost,
efficient adaptation to
new domains

Sensitive to low-
resource training
data

PEFT-based
LLMs– LoRA,
QLoRA,
Adapters [40]

ROUGE-L F1: 55%,
BERTScore F1: 0.84

FigShare +
MTS-Dialog

[40, 74]

Enhances factual pre-
cision, supports mul-
timodal input (text +
image)

Integration complex-
ity, dependent on
retrieval quality

RAG & Multi-
modal LLMs -
MedSumm [56]

ROUGE-L: 38.4%,
BERTScore: 0.80

Code-mixed
medical
Q&A (Hindi–
English)

[30, 42, 56]

High factual accuracy,
low hallucination,
domain-aware gener-
ation

Requires domain-
specific corpora

Domain-Specific
LLMs - BioGPT,
GPT-4, FLAN-
T5 [8]

Lower error rates
(13%) than medical
experts (25%)

Open-i,
MIMIC-CXR,
MIMIC-III,
MeQSum,
ProbSum

[8, 27]

where σh is activation function, W are weights
between different layers, and b is bias. RNNs have been
utilized by a variety of architectures, including unidi-
rectional LSTMs & GRUs and bidirectional variants
Bi-LSTM & Bi-GRU.

4.2.1 Long Short-Term Memory (LSTM)

To address the vanishing gradient problem found in
basic RNNs, a study by [78] developed LSTM networks,

which are distinguished by their use of gating mecha-
nisms that regulate the flow of information. The internal
structure of each LSTM cell, shown in Figure 7, con-
sists of input, forget, and output gates that regulate
how new information is added, how past information
is discarded, and how the cell state is produced [91].
For biomedical text summarization, several studies have
employed LSTMs as a benchmark approach for evalua-
tion. Li et al. [81] proposed a Key Information Guiding
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Network (KIGN) using an LSTM-based encoder–decoder
model to improve abstractive summarization, reporting
ROUGE-1: 38.95%, ROUGE-2: 17.12%, and ROUGE-
L: 35.68% on CNN/DailyMail corpus. Similarly, another
work by Krishna et al. [82] developed a modular sum-
marization pipeline for the end-to-end generation of
SOAP notes from doctor–patient conversations using
hierarchical LSTM and BERT–LSTM models, achieving
ROUGE-1 scores of 57.5% on the medical dataset and
57.4$ on the AMI corpus.

4.2.2 Bidirectional LSTM (BiLSTM)

As Illustrated in Figure 7, Bidirectional LSTM (Bi-
LSTM) is an extension of LSTM and is characterized
by an external recurrence between layers as they work
through the input sequence in both directions, much like
BiRNNs [79], resulting in a more context-aware model.
Bi-LSTMs are also very common in NLP-based text sum-
marization tasks for clinical documents. Zhang et al.
[29] proposed a Bi-LSTM–LSTM encoder–decoder with
a pointer-generator network for radiology report summa-
rization, achieving ROUGE-1, ROUGE-2, and ROUGE-
L scores of 48.56%, 35.25%, and 47.06%, respectively,
on the Stanford Hospital PACS dataset. Similarly, See
et al. [83] proposed a Bi-LSTM–based encoder-decoder
architecture augmented with attention, and reported
ROUGE-L = 36.38%, establishing a strong baseline for
hybrid extractive–abstractive summarization. Another
work by Schloss and Konam [44] utilized a stacked Bi-
LSTM with ELMo embeddings to label utterances as
SOAP categories, forming a foundation for structured
clinical note generation.

4.2.3 Gated Recurrent Unit (GRU)

GRU reduces LSTM architecture by fusing input and
forget gates into one update gate [80], making the model
simpler and computationally more efficient. GRU struc-
ture is made up of two gates: the reset gate and the
update gate [92], as shown in Figure 7. As far as biomed-
ical report summarization is concerned, several studies
have employed GRU architectures for improvement over
LSTMs. In [22], a multimodal radiology report summa-
rization model combining a GRU-based encoder–decoder
with DenseNet121 was proposed, using both report find-
ings and X-ray images to generate impressions. The
model achieved ROUGE-2 F1 scores of 54.38% and
48.98%, and BLEU/METEOR scores of 28.32% and
26.10% on the Indiana University Chest X-ray and
MIMIC-CXR v2.0 datasets, respectively.

4.2.4 Bidirectional GRU (BiGRU)

As illustrated in Figure 7, BiGRU is an extension of
GRU that utilizes two GRU layers (forward and back-
ward) to capture both past and future context, making
it highly effective for tasks such as text processing where
bidirectional context is important. In biomedical clinical
context, Jeblee et al. [52] introduced a multi-component
pipeline using Bi-GRU for utterance classification in
automated doctor-patient dialogue-based clinical note-
taking. Assessed on 800 patient–clinician conversations

from Verilogue Inc. and simulated YouTube interactions,
their model achieved F1 scores of 0.78 (Diagnosis), 0.64
(Entity Extraction), 0.77 (Modality), and 0.60 (SOAP),
demonstrating Bi-GRU’s ability in capturing conversa-
tional context for clinical note generation.

4.3 Transformer Architecture
The Transformer model proposed by Vaswani et al. [84],
unlike earlier CNN- and RNN-based architectures, elim-
inates recurrence and convolutions, leading to significant
advancements in clinical tasks. It solely depends on a self-
attention mechanism for assigning importance to various
words in a sequence, letting the model concurrently pro-
cess all the input elements, greatly enhances training
efficiency and captures long-range dependencies. Based
on Transformer architecture, numerous pre-trained mod-
els have been established and fine-tuned for different
tasks and domains.

4.3.1 Encoder-Decoder Models

Most of the Transformer models use an encoder-decoder
architecture and are thus highly suitable for sequence-
to-sequence problems such as summarization. Some
well-known models include BART [93], T5 [94], Pega-
sus [85] and Longformer-Encoder-Decoder (LED) [61]
(Figure 7). Recent work highlights their effectiveness
in biomedical and clinical domains. For example, one
recent study [45] adapted FLAN-T5-Large in Medalyze
for medical conversation summarization (SpaCy sim-
ilarity: 0.88). Another work by Michalopoulos et al.
[26] presented MedicalSum, a dual-encoder Transformer
model for abstractive summarization of doctor–patient
conversations (ROUGE-1 F1: 68.2%).

Later, multimodal encoder–decoder architectures
became the backbone of biomedical summarization.
Examples include HealthAlignSumm [51], which com-
bines T5 and BART encoders (ROUGE-L: 46.8%,
MedAlign F1: 72.4%), and Extended BART with cross-
modal attention [55], which achieves ROUGE-L: 53.37%
and METEOR: 61.09% on the MM CliConSummation
dataset. Moreover, fine-tuning the base models in spe-
cific domains has proven to be very effective. Sharma et
al. [19] fine-tuned BART-Large, achieving ROUGE-1 and
ROUGE-2 scores of 59.11% and 23.69%, respectively,
while Abacha et al. [37] fine-tuned BART and Pegasus on
the MTS-DIALOG dataset, reporting a factual F1 score
of 0.77 with low hallucination (0.03) and omission (0.33)
rates.

4.3.2 Domain-Specific Models

To address the domain-specific requirements of clinical
documents, numerous studies have explored domain-
specific models based on the general BERT architecture,
as shown in Figure 7. BERT utilizes a transformer-
based architecture with bidirectional self-attention that
effectively captures contextual relations. Examples of
BERT-based models employed in the clinical domain
include BioBERT [67] and Bio ClinicalBERT [66], both
trained on clinical and biomedical corpora, as well as
UMLS-BERT [18], a BERT-based model enhanced with
Unified Medical Language System (UMLS) embeddings
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Fig. 7: Architecture of various deep leaning models employed for biomedical document summarization

that achieved an NER F1 score of 88.6 and a MedNLI
accuracy of 83.0%, and MedCAT [20], which integrates
Bio ClinicalBERT-based embeddings with clinician feed-
back and achieved an F1 score of 0.95.

4.3.3 Hybrid Models

In addition to pure encoder–decoder or domain-
specialized architectures, hybrid frameworks integrate
architectural advancements or combine multiple modali-
ties to extend the capacity of Transformer architectures.
Some well-known hybrid architectures include BigBird
[86] and Longformer [61], which overcome the quadratic

complexity of vanilla attention to facilitate process-
ing of very long sequences. Longformer-Encoder-Decoder
(LED) [61] is specifically suited for long-document
summarization tasks, achieved ROUGE-1: 46.63% and
ROUGE-L: 41.83% on arXiv Summarization dataset [95]
Moreover, multimodal and knowledge-infused architec-
tures also extend this field of transformers. Tiwari et
al. [42] proposed a hybrid adapter-based BART–GPT-
2 model, MM-CliConSummation, which achieved a
ROUGE-L score of 51.7%, a BLEU score of 34.7%, and
a BERTScore of 0.91. Similarly, SummQA [39], an in-
context learning paradigm based on an ensemble of GPT-
4 and BioBERT, reported ROUGE-1, ROUGE-2, and
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ROUGE-L scores of 52.76%, 37.82%, and 43.60%, respec-
tively. Overall, these advances reflect a shift toward
scalable hybrid and multimodal transformers that han-
dle long sequences, integrate medical knowledge, and
improve factual accuracy in clinical narratives.

4.4 Generative Models
A generative model learns the underlying patterns and
distribution of training data to generate new, similar con-
tent [87]. Figure 7 shows the general structure of a gener-
ative model. Such models have shown great importance
in summarization tasks where models can create new text
sequences. Numerous research works have utilized these
models for summarizing text over specialized domains.
For example, a hierarchical attentional model [88] for
multimodal meeting summarization achieved ROUGE-
1: 53.3%, ROUGE-2: 13.5%, and ROUGE-L: 26.9%,
while a similar model by Joshi et al. [49] fine-tuned
on telemedicine dialogues, captures local conversational
structures and achieves concept F1: 72.8 and ROUGE-L
F1: 55.4%, highlighting improvements in factual con-
sistency and concept preservation in medical contexts.
Moreover, Molenaar et al. [53] propose a speech-to-text
pipeline using Frog, FRED, and Ollie analyzers to enable
automated clinical report generation, reporting an F1

score of 0.24.

4.5 Large Language Models (LLMs)
Recent advancements in medical text summarization
include the emergence of large language models (LLMs),
which scale transformer architectures to billions of
parameters and leverage massive pretraining corpora
along with sophisticated instruction-tuning methods
[89]. Compared to standard encoder–decoder trans-
formers, LLMs achieve flexibility via large-scale pre-
training and prompt-based adaptation, enabling high-
quality performance on a wide range of tasks with
minimal supervision, including biomedical text sum-
marization, medical dialogue generation, and clinical
decision support. The architecture of an LLM is sim-
ilar to that of encoder–decoder transformers such as
T5 and BART, as shown in Figure 7. Based on the
reviewed literature, we categorize LLMs into several cat-
egories, including instruction-tuned, parameter-efficient
fine-tuning (PEFT), retrieval-augmented, and domain-
specific models.

4.5.1 Instruction-Tuned and Foundation
Models

Instruction-tuned LLM models such as GPT-3.5, GPT-
4, and LLaMA-3 are excellent zero- and few-shot models
in biomedical summarization [64]. Some recent works
include MEDSAGE [34], which combines ASR mod-
els (Whisper and Wav2Vec2) with LLaMA-3-8B and
Mistral-7B, achieving a ROUGE-L score of 13.3% and
a BERTScore of 0.53, and uMedSum [17], which inte-
grates GPT-4 and LLaMA-3 using in-context learning
for hybrid abstractive–extractive summarization.

4.5.2 Parameter-Efficient Fine-Tuning
(PEFT)

Despite their strong performance, fully fine-tuning
billion-parameter LLMs remains computationally expen-
sive. Parameter-efficient fine-tuning (PEFT) methods
such as LoRA, QLoRA, and adapter-based approaches
have therefore emerged as practical alternatives [96, 97].
For instance, Neupane et al. [40] introduced CLIN-
ICSUM, which fine-tunes LLaMA-3 with LoRA on
patient–doctor conversations and results in a ROUGE-L
F1 of 55% and a BERTScore of 0.84. Similarly, another
study by Zhang et al. [74] fine-tuned LoRA with Long-
T5 and LLaMA-2 on the MedReview dataset, reporting
a ROUGE-L score of 24.6%, a METEOR score of 28.3%,
and a PICO-F1 score of 51.4%. Effective domain adapta-
tion is made possible by these PEFT techniques, which
also significantly lower computing costs while maintain-
ing base model parameters.

4.5.3 Retrieval-Augmented and
Domain-Specific LLMs

In recent years, to overcome the hallucination problem of
LLMs, they have been coupled with retrieval-augmented
generation (RAG) [102]. Several recent studies adopted
RAG as a framework for summarization of medical text.
In this direction, Neupane et al. [30] proposed MedIn-
sight, which integrates GPT-3.5-Turbo and Mistral-7B
with RAG pipelines and acheives RAGAS similarity of
0.93 and correctness of 0.84. Parallel to this, two mul-
timodal architectures were proposed: MedSumm [56],
which uses LLaMA-2, Mistral-7B, and ViT-based visual
embeddings for code-mixed Hindi–English clinical query
summarization, and CLIPSyntel [54], which unites CLIP
with LLMs such as LLaMA-2, Vicuna, and FLAN-T5
(ROUGE-L: 38.4% and BERTScore: 0.80).

Furthermore, to improve performance in biomedical-
based NLP tasks, some recent works have also explored
domain-specific models such as BioGPT, MedAlpaca,
and MedAlpaca-7B, which are fine-tuned in biomedical
and clinical datasets [65, 103]. Tariq et al. [27] and Van
Veen et al. [8] showed that conditioning models such
as GPT-4, FLAN-T5, and BioGPT combined with in-
context learning (ICL) or parameter-efficient fine-tuning
(QLoRA) improves clinical summarization by reducing
error and hallucination rates compared to ChatGPT and
even medical experts.

In summary, Table 3 highlights the significant
work in which fine-tuning the base model improves
performance on biomedical and clinical summariza-
tion tasks. Some significant enhancements achieved
through fine-tuning include SumGPT over GPT-2 [24]
(with ROUGE-L increasing from 36.19% to 85.14%,
an improvement of more than 100%), HealthAlign-
Summ over BART [51] (with ROUGE-L increasing from
29.88% to 50.46%, approximately 69%), and Transformer
+ Pointer-Generator over RNN [46] (with ROUGE-L
improving from 50.1% to 65.4%, a 30% increase, and F1

improving from 64.9% to 74.6%, a 15% increase).
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Table 3: Comparison of Base and Fine-tuned Models for Biomedical Document Summarization

Ref. Base Model Fine-tuned Model Dataset Base Model Fine-tuned

R-L F1 BERT R-L F1 BERT

[17] GPT-4 (Standard Prompt-
ing + ICL)

uMedSum Framework on GPT-
4

MIMIC-III 20 - 86 25 - 89

[20] MetaMap MedCAT (Self-Supervised) MIMIC-III - 49.5 - - 73.8 -

[22] Monomodal (Text-only)
Seq2Seq

Multimodal Seq2Seq (Text +
Image)

Indiana University Chest X-Rays - 52.18 - - 54.38 -

[8] FLAN-T5 (ICL) FLAN-T5 (QLoRA Fine-
tuning)

Open-i, MIMIC-CXR, MIMIC-III,
MeQSum, ProbSum

58 - 93 65 - 94

[43] BART-base BART + section-specific Cross-
Attention

proprietary, de-identified dataset
from Abridge AI

42.27 61.72 - 43.28 62.83 -

[48] BART-LSG-conv (Fine-
tuned)

ChatGPT (Zero-shot) anonymized clinical dialogues 18.46 - - 20.06 - -

[18] Bio ClinicalBERT UmlsBERT (UMLS Knowledge
Augmented)

MIMIC-III dataset - 93.6 - - 94.4 -

[51] HealthSumm (Multimodal
BART)

HealthAlignSumm (DPO
Alignment)

MCDH (Multimodal Codemixed
Dialogue Summarization in Health-
care)

29.88 - - 50.46 - -

[54] GPT-3.5 (Text-only) CLIPSynteI Framework (CLIP
+ LLM)

MMQS (Multimodal Medical Ques-
tion Summarization)

39.6 - 90.1 40.9 - 92.1

[98] LED-large (Vanilla) LED-large (In-Domain Pre-
trained)

doctor-patient conversations 25.43 - - 27.19 - -

[39] GPT-3 (Zero-shot) GPT-4 (In-Context Learning
w/ Prompt Selection)

MEDIQA-Chat 2023 Task B (ACI-
BENCH)

34.80 - - 43.60 - -

[41] Fine-tuned LED GPT-4 (In-Context Learning) MEDIQA-Chat 2023 Task B (ACI-
BENCH)

61.7 70.7 - 62.7 71.2 -

[37] BART-large BART (Pre-finetuned +
Guided + Augmented)

MTS-DIALOG 26.91 - - 34.9 - -

[61] PEGASUS LED-large (Longformer
Encoder-Decoder)

arXiv summarization dataset 38.83 - - 41.83 - -

[46] Hierarchical RNN +
Pointer-Generator

Transformer + Pointer-
Generator

800,000 orthopedic surgery encoun-
ters

50.1 64.9 - 65.4 74.6 -

[99] BART-large (Single-stage) BART-large (Multistage
”Chunking”)

History of Present Illness (HPI)
summaries

- 38.47 - - 40.93 -

[74] LongT5-xl (Zero-shot) LongT5-base (Fine-tuned) MedReview 14.72 - - 24.61 - -

[26] Enarvi-PG (Transformer +
Pointer-Gen)

MedicalSum (UMLS-Guided
Transformer)

MEDIQA 2021 radiology report
(RAD)

34.21 - - 35.22 - -

[45] GPT-4 Flan-T5-Large (Fine-tuned
”M-Passage”)

Stanford University study 64.4 - 54.53 37.28 - 65.53

[34] Llama-3-8B (Zero-shot) Llama-3-8B (Fine-tuned on
Augmented Data)

NoteChat-1000 dataset 11.8 19.9 - 13.1 22.8 -

[88] Pointer-Generator Network
(PGN)

Multi-modal Hierarchical
Attention Model

AMI Meeting Corpus 23.81 - - 26.9 - -

[55] KM-CliConSummation EDI-Summ (Image-Guided
Encoder-Decoder)

MM-CliConSummation dataset 50.87 - - 53.37 - -

[82] Oracle Extractive Cluster2Sent (Modular BART) doctor-patient conversations with
corresponding SOAP notes

32.87 - - 38.38 - -

[100] PEGASUS FROST (Entity Chain Plan-
ning + Pretraining)

XSum dataset 39.64 - - 39.76 - -

[83] Seq2Seq + Attention Pointer-Generator + Coverage CNN / Daily Mail dataset 28.83 - - 36.38 - -

[101] BART CTRLSUM (Keyword-
conditioned BART)

CNN/DailyMail 22.50 - 10.7 24.24 - 16.5

[42] GPT-2, BART, T5, and
MAF

BART with Multi-modality
Fusion of text, visual, and
knowledge

MM-CliConSummation 20.37 22 66 51.77 56.31 91.8

[60] BERT and BART BERT and BART (multi-
attention mechanism)

Reddit, XSum, CNN/DM, Wiki-
How, NYT, PubMed

38.76 - - 40.66 - -

[81] LSTM, KIGN Attentional encoder-decoder +
pointer

CNN/Daily Mail 33.42 - - 35.68 - -

[56] Mistral-7B (Unimodal) MedSumm (LLAMA-2, Multi-
modal)

MMCQS 33.96 - 74 38.41 - 80

[11] BART, GPT-3, GPT-4,
RoBERTa, SciBERT

Fine-tuning (CONFIT,
Davinci), RoBERTa classi-
fication, few-shot in-context
learning (GPT-4)

MTS-Dialog (MEDIQA 2023) 32.14 - - 33.22 - -

[24] VisualGPT (GPT-2 + ViT) SumGPT (T5 + Vision Trans-
former)

Radiology images/reports 36.19 - - 85.14 - -

[71] BART BART + MUSS BioLaySumm 2023 (PLOS and
eLife articles)

43.7 - 86.4 46.0 - 87.1

5 Evaluation Methods for Medical
Report Summarization

Assessing medical report summarization is particularly
challenging due to the complexity of the domain, its
safety-critical nature, and the diversity of documenta-
tion styles (e.g., discharge summaries, radiology reports,
SOAP notes, and conversational transcripts). In this
section, our objective is to answer the research question

Q4, raised in Section 1, by providing a categorization of
the evaluation methods used in the existing literature
into three main categories: automated general-domain
metrics, domain- and task-specific measures, and human
evaluation techniques. Table 4 summarizes quantitative
results from recent biomedical summarization literature,
highlighting the evaluation metrics and identifying the
best-performing models for each metric across different
datasets.
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5.1 Automated General-domain Metrics

5.1.1 Lexical overlap measures

Lexical overlap measures like ROUGE, BLEU, and
METEOR compare the machine-generated summary
with human-created references by estimating word- or
phrase-level overlap. Here, ROUGE [104] is the most
widely used measure which comes in 3 forms: ROUGE-
1: It estimates unigram overlap, ROUGE-2: It estimates
bigram overlap, and ROUGE-L: It captures the longest
common subsequence (LCS) as defined in Eq. 3.

ROUGE-L =
(1 + β2) · RecallLCS · PrecisionLCS

RecallLCS + β2 · PrecisionLCS

(3)

where RecallLCS = LCS(X,Y )
|Y | and PrecisionLCS =

LCS(X,Y )
|X| , X is the generated summary, Y is the ref-

erence, and β is a constant to balance precision and
recall.

Moreover, another measure ROUGE-LSum, a variant
of ROUGE using sentence-tokenization, is especially con-
ducive to multi-document summarization. BLEU [105],
originally developed for machine translation, empha-
sizes n-gram precision and, although less prevalent than
ROUGE in summarization, is still employed to estimate
adequacy and fluency. METEOR [106] broadens such
methods by incorporating stemming, synonym matching,
and paraphrasing, enabling a closer semantic match, as
defined in Eq. 4.

METEOR = (1− Penalty) ·
10 · Precision · Recall

Recall + 9 · Precision
(4)

5.1.2 Semantic and factual consistency
measures

These measures depend on contextual embeddings and
natural language inference (NLI). One well-known such
measure is BERTScore F1 [63] which uses contextual
embedding to estimate semantic similarity as given in
Eq. 5.

FBERT = 2
PBERT ·RBERT

PBERT +RBERT
(5)

where PBERT = 1
|x̂|

∑
x̂j∈x̂ maxxi∈x x⊤

i x̂j is BERT-

precision, RBERT = 1
|x|

∑
xi∈x maxx̂j∈x̂ x⊤

i x̂j is BERT-

recall, x represents the reference text, and x̂ represents
the candidate text.

Another metric SummaC [107] computes the fac-
tual consistency between the source and the generated
summary as given in Eq. 6

SummaC =
1

N

N∑

i=1

NLI(si, D) (6)

where si denotes the summary sentence,D represents
the source document, and NLI denotes the entailment
score obtained from a Natural Language Inference (NLI)
model.

Other recent factuality-centric measures, such as
QuestEval [108] and RAGAS [109], ensure that gener-
ated summaries do not contain information unsupported
by the source document.

5.2 Domain-specific and Task-specific
Metrics

In clinical and biomedical summarization, evaluation
requires more than general language quality, it must also
account for clinical accuracy and task relevance. Metrics
such as Concept F1 and Medical Concept Coverage (also
known as quickUMLS and UMLSScorer) measure how
precisely and completely medical entities such as diag-
noses, medications, or symptoms are captured in a sum-
mary, ensuring that no vital information is lost. Negation
F1 addresses another important aspect by checking
whether models correctly identify and represent negated
concepts (for example, distinguishing “no evidence of
pneumonia” from “evidence of pneumonia”). Similarly,
the Domain-Specific Entity (DSE) F1-score targets the
correct identification of entities tied to clinical tasks,
such as conditions, treatments, or patient attributes. For
clinical trials, PICO-F1 [72] is widely used, which eval-
uates the ability of a model to extract and summarize
the four essential components - Patient, Intervention,
Comparison, and Outcome, that define trial evidence.
Together, these domain- and task-specific metrics pro-
vide a more faithful and safety-focused evaluation than
general-purpose approaches.

5.3 Human Evaluation Methods
With the spread of computer-based measures, human
assessment by subject-area experts is still the gold stan-
dard. Measures such as Likert scales [110] and Fleiss
Kappa [111] are utilized to measure human judgments on
numerous quality aspects, i.e., fluency, relevance, coher-
ence, and clinical utility. Clinical evaluation tools, such
as the PDQI-9 [112] and Revised-IDEA [113], can be
used to inform expert judgments. In addition, new meth-
ods such as LLM-as-Judge (LLM-EVAL) [114] are being
developed to take advantage of the strength of LLMs to
automate human-like evaluation.

6 Discussions and Findings
This section summarizes the findings of our comprehen-
sive review, including the shift in trends from CNN-
/RNN-based models to transformer- and LLM-based
architectures, an analysis of the reviewed literature, and
the identification of research gaps for future directions.

6.1 Summary of Existing Studies
This review covers quality research articles published
in the last decade for biomedical document summa-
rization. Table 5 summarizes these articles, highlighting
how research in this domain has progressed and evolved
from traditional CNN/RNN approaches to transform-
ers, LLMs, and their advanced fine-tuned architectures,
representing a paradigm shift in biomedical summariza-
tion. To ensure the quality of the articles reported in
Table 5, we also provide the rankings and indexing of the
corresponding conferences and journals, including most
CORE A*/A1 and SCI-indexed2 venues. Early research
(2017–2019) has mainly employed CNN- or RNN-based
variants such as LSTMs, BiLSTMs, and BiGRUs [52,

1https://portal.core.edu.au/conf-ranks/
2https://mjl.clarivate.com/search-results
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Table 4: Common Evaluation Metrics for Biomedical Summarization, highlighting the best score for each metric

Metric Description Model Best Score Dataset

ROUGE-1 Measures overlap of individual words
(unigrams)

SumGPT [24] 85.14% Indiana Chest X-ray (Link)

ROUGE-1 F1 Harmonic mean of ROUGE-1 precision
and recall

Transformer encoder-
decoder [26]

68.22% MEDIQA 2021 RAD (Link)

ROUGE-2 Measures overlap of word pairs (bigrams) SumGPT [24] 84.71% Indiana Chest X-ray (Link

ROUGE-2 F1 Harmonic mean of ROUGE-2 precision
and recall

Attention-based encoder-
decoder + GRU [22]

54.38% MIMIC-CXR (Link)

ROUGE-L F1 Harmonic mean of ROUGE-L precision
and recall

GPT-3 + PEGASUS [73] 58.44% Private medical conversation
dialogues

ROUGE-L Measures longest matching sequence of
words

SumGPT [24] 85.14% Indiana Chest X-ray (Link)

F1-Score Harmonic mean of precision and recall MedCAT (Self-Supervised)
[20]

94.17% MIMIC-II (Link)

BERTScore Measures semantic similarity using
BERT embeddings

CLIPSyntel Framework
(CLIP + LLM) [54]

0.92 MMQS dataset (Link)

BLEU Measures n-gram precision between gen-
erated and reference texts

SumGPT [24] 84.7% Indiana Chest X-ray (Link

83] for medical text summarization. Even traditional
machine learning architectures have helped researchers
generate extractive summaries [52]. Following this, sev-
eral studies used Pointer-Generator Networks (PGNs) to
generate both abstractive and extractive summaries from
medical text with the aim of improving ROUGE scores
[49, 88]. After the emergence of transformer architectures
and attention mechanisms, biomedical summarization
has undergone a revolutionary transformation. From
2020 onward, several transformer-based architectures
including BERT [115], BART [38, 51, 99, 116], PEGA-
SUS [38], FLAN-T5 [41], and LED [41] are employed
using pre-trained embeddings, enabling more nuanced
contextual representations of medical text. Notable
works in this direction include Zhang et al. [99], reporting
BART-Large & BigBird with an improved ROUGE-L of
34.12%, and Abacha et al. [38] utilizing BART-LARGE
& PEGASUS with ROUGE-L of 34.9%. In addition,
several studies have fine-tuned base transformer architec-
tures and proposed domain-specific biomedical models
such as BioMedBERT [115], fine-tuned BART [99], and
MedicalSum [26].

Recent breakthroughs from 2023 to 2025 have been
propelled by cutting-edge large language models (LLMs)
such as GPT-4 [17, 41], LLaMA-2 [51], LLaMA-3 [17, 34],
Mistral-7B [34], Gemini 1.5 Flash [70], and Gemma-7B
[34]. Moreover, most recent studies focus on exten-
sive fine-tuning of these LLMs using in-context learning
(ICL), multimodal extensions, and augmentation in spe-
cific domain, demonstrating improved generalization and
adaptability across various biomedical summarization
tasks [34, 41, 70]. Some of the most notable works in this
direction include HealthAlignSumm [51], which reported
a ROUGE-L score of 50.46%, uMedSum [17], achieved a
BERTScore of 0.87, and SumGPT, reported a ROUGE-L
score of 85.14%.

6.2 Analysis of Literature
This section presents an analysis of the reviewed research
articles and highlights current research trends to bet-
ter understand advancements in biomedical document
summarization. The manner in which research in this
domain is disseminated is characterized by a high degree

of dependence on ”timely” academic conferences. As
shown in Figure 8(a). the bulk of research, approxi-
mately 65%, is published in conferences, followed by
28% in journals, and 7% in arXiv indicating most recent
”cutting-edge” pre-prints breakthroughs in this domain.
In addition, the majority conference papers are con-
centrated in prestigious NLP and AI venues, including
ACL, EMNLP, AAAI, ACM CIKM, and NAACL, as well
as specialized biomedical ACL events such as BioNLP
and ClinicalNLP (Figure 8(b)). Furthermore, all selected
research papers meet strict quality criteria, as they are
published in SCIE Q1/Q2 journals or CORE A*/A-
ranked conferences (Figure 8(e)). The year-wise trend,
as shown in Figure 8(d), indicates that research out-
put remained relatively modest until 2019, followed by
a steady increase in 2020–2021 and a sharp acceleration
from 2023 onward, reflecting the widespread adoption
and advancement of large language models in medical
research. As for journal publications (Figure 8(c)), these
venues include specialized journals in bio-informatics and
digital medicine (e.g., NPJ Digital Medicine and NPJ
Health Systems), as well as multidisciplinary outlets such
as Scientific Reports and IEEE Access.

Figure 8 also highlights the tools driving this research
through a model architecture heatmap, where research
papers are grouped by their architectural lineage and
model implementations. As shown, this field is currently
in a transitional phase. Despite the ”Transformer Rev-
olution,” there remains a notable legacy density for
LSTMs, with 5 unique papers utilizing this sequential
approach. This is because they are the ”de facto” base-
line against which all other models are evaluated. In
the middle section of this heatmap, Encoder-Decoder
architectures such as BART and T5 dominate, with 7
total papers. These are the go-to tools for any task
requiring high-precision output, such as summarization
of radiology reports, where strict mappings are required
without any chance for ”hallucination.” At the most
modern section of this heatmap, the GPT and LLaMA
architectures represent a massive shift. These Decoder-
Only models are increasingly being preferred for noisy,
unstructured data like doctor-patient dialogues, where
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Table 5: Summary of Biomedical Document Summarization Approaches, highlighting year-wise evolution from CNNs and
RNNs to Transformers, LLMs, and Fine-Tuned architectures

Reference Year Base model Proposed model Results Publisher
(Ranking / Indexing)

See et al. [83] 2017 BiLSTM encoder +
LSTM decoder

Pointer-Generator + Cov-
erage

ROUGE-1: 39.53%, ROUGE-2:
17.28%, ROUGE-L: 36.38%

ACL (Core A*)

Li et al. [81] 2018 Attention + encoder–
decoder

KIGN + Prediction-Guide
(Extractive + Abstractive)

ROUGE-1: 38.95%, ROUGE-2:
17.12%, ROUGE-L: 35.68%

NAACL (Core A)

Jeblee et al. [52] 2019 Rule/lexicon-based clin-
ical models (BiGRU,
SVM, LR)

Context-aware clinical
note-taking pipeline

Utterance F1: 0.71, Entity F1: 0.64,
Modality F1: 0.77, SOAP F1: 0.60

ACL LOUHI Workshop

Li et al. [88] 2019 Pointer-Generator Net-
work (PGN)

TopicSeq + VFOA Hierar-
chical Attention

ROUGE-1: 53.3%, ROUGE-2:
13.5%, ROUGE-L: 26.9%, BLEU:
40.98%

ACL (Core A*)

Joshi et al. [49] 2020 Pointer-Generator
(PGN) + Coverage

Dr. Summarize ROUGE-L: 55.4%, ± 0.9, Concept
F1: 72.8 ± 0.8, Negation F1: 67.3 ±

3.3

EMNLP (Core A*)

Chakraborty et al. [115] 2020 BERT-Large BioMedBERT Precision: 78.04, Recall: 82.01, F1:
92.46

COLING (Core B)

Zhang et al. [99] 2021 BART-Large, BigBird Multistage Fine-tuned
BART

ROUGE-1: 33.3%, ROUGE-2:
11.88%, ROUGE-L: 34.12%;

EMNLP (Core A*)

Delbrouck et al. [22] 2021 Text-only BiGRU
encoder–GRU decoder
+ attention

Multimodal encoder–
decoder (Multi E5 allv)

BLEU: 28.32%, METEOR: 25.30%,
ROUGE-2 F1: 54.38%;

ACL BioNLP Workshop

Michalopoulos et al. [26] 2022 Transformer based
Seq2Seq model

MedicalSum ROUGE-L (HPI: 35.22%, PE:
64.48%, AP: 37.34%, RAD: 26.06%)

EMNLP (Core A*)

Knoll et al. [116] 2022 Fine-tuned BART
Seq2Seq model

Real-time medical note
generation system

Generated-note usage: 13–97%,
ROUGE-L recall overlap: 13–50%

NAACL (Core A*)

Abacha et al. [37] 2023 BART-Large, Pegasus-
Large

BART-PFT-GS-DA (Fine-
tuned BART)

ROUGE-1: 42.52%, ROUGE-
2: 17.5%, ROUGE-L: 34.9%,
BERTScore-M2: 0.41, BLEURT:
51.23%

EACL (Core A*)

Giorgi et al. [41] 2023 GPT-4, LED, FLAN-T5 Fine-tuned GPT-4 few-
shot ICL with Instructor
retrieval

ROUGE-1: 44.66%, ROUGE-2:
22.82%, ROUGE-L: 38.37%

ACL ClinicalNLPWorkshop

Ghosh et al. [51] 2024 BART-Base, T5-Base,
LLaMA-2

HealthAlignSumm ROUGE-1: 60.2%, ROUGE-2:
38.54%, ROUGE-L: 50.46%

EMNLP (Core A*)

Nagar et al. [17] 2024 GPT-4, LLaMA-3-8B uMedSum ROUGE-LSum: 25%, BERTScore:
0.87

ACL (Core A*)

Sultan et al. [24] 2025 GPT, BERT, ViT mul-
timodal baselines

SumGPT (T5 + ViT) ROUGE-1: 85.14%, ROUGE-2:
84.71%, ROUGE-L: 85.14%, BLEU:
84.70%

IEEE Access (SCI, Q1)

Ahmed et al. [70] 2025 Gemini 1.5 Flash PolyPath (Fine-tuned
Gemini)

ROUGE-L: 49.8%, METEOR: 50.3% Elsevier Modern Pathology
(SCI, Q1)

Binici et al. [34] 2025 LLaMA-3-8B, Mistral-
7B, Gemma-7B

MEDSAGE (Fine-tuned
and augmented)

F1: 24.2%, ROUGE-L: 13.3%,
BERTScore: 0.53

AAAI (Core A*)

the inherent reasoning power of a model becomes more
important compared to pattern matching.

6.3 Research Gaps
Despite significant advances in biomedical document
summarization using deep learning architectures, several
critical challenges persist that hinder the field’s progress
toward reliable and clinically deployable systems. Some
identified research gaps are listed in this section.

Limited Domain-Specific and Large-Scale Datasets:
One of the most significant barriers in biomedical doc-
ument summarization is the lack of large-scale and
domain-specific publicly available datasets that capture
the complexity of medical text. Most of the available
work has relied on a small number of publicly available
datasets, which are specific for some regions and acces-
sible only for the English language. In addition, many
existing datasets used in biomedical summarization do
not capture the full complexity of real-world healthcare,
such as multimodal data (combination with text, image
etc.) and longitudinal patient histories. This limitation
hinders the ability of deep learning models to gener-
alize effectively and be fine-tuned for domain-specific
healthcare settings.

Factual Accuracy and Hallucination Control: Factual
inaccuracies and hallucinations, where models produce
made-up or missing information, are a major challenge of
abstractive summarization, which tends to maximize flu-
ency at the expense of source text fidelity. In biomedical
scenarios, such faults have serious impacts, such as mis-
characterizing symptom progression within longitudinal
electronic health records (EHRs) or creating informa-
tion in radiology reports. Although Retrieval-augmented
generation (RAG) and chain-of-thought prompters hold
out hope for hallucinations reduction based on anchor-
ing outputs on evidence from the external world, but
biomedical application is still compromised due to
retrieval faults along with incompleteness of time reason-
ing.

Inadequate Evaluation Frameworks: The evaluation
of biomedical document summarization continues inade-
quate, with the majority of work still employing general-
domain metrics such as ROUGE, BLEU, or METEOR,
which evaluate lexical overlap rather than clinical fidelity
or usefulness. While domain-specific metrics such as
Concept F1, PICO-based measures have been proposed,
adoption remains sporadic, with no shared criterion for
identifying clinical fidelity for a task at large.
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Fig. 8: Consolidated research trends in medical summarization. In (f), color intensity scale is 0–5.

Integration of Structured Medical Knowledge: State-
of-the-art biomedical summarizers have mostly tackled
unstructured text, without much integration of struc-
tured medical knowledge such as ontologies, laboratory
findings, or treatment plans. This lack reduces model
effectiveness for reasoning across deep relationships
within the clinic, storing longitudinal patient informa-
tion, and compliance with adopted medical plans.

Privacy, Ethics, and Legal Barriers: Biomedical data
contain a high degree of sensitivity, privacy, ethical, and
regulatory limitations that impose restrictions on data
sharing and model building. Datasets are highly local-
ized or proprietary, creating a challenge for training and
benchmarking in diversely populated groups. Ethical risk
is at issue when propagating biases, disclosing sensitive
patient information, or creating inaccurate summaries.
Geographically varying legal frameworks further impose
limitations on collaborative study, as well as on AI
deployment within medical contexts, presenting a chal-
lenge. In future, privacy-protected approaches, federated
learning, and cautious governance must be adopted for
a safe and equitable model deployment.

Efficiency and Deployment Constraints: State-of-the-
art biomedical summarization models, particularly large
LLMs, incur high computational costs and memory
usage, limiting their usage in real-time medical workflow
practice. Their high inference latency, energy, and infras-
tructure requirements constitute serious impediments
to integration into hospital infrastructure or resource-
poor locations. Lightweight, resource-efficient models
and optimization methods, including knowledge distil-
lation, pruning, and on-device inference, have not been
extensively explored in this domain.

7 Conclusion
The automatic summarization of biomedical reports has
become an important method for tackling the exponen-
tially growing volume of medical information, enabling
clinicians, researchers, and decision-makers to rapidly
access essential information, reduce cognitive burden,
and improve patient care. This paper provides a schol-
arly account of work undertaken between 2017 and
2025, examining medical report types, datasets, summa-
rization strategies, model architectures, and evaluation
schemes. We have highlighted the trend from the early
sequential, extractive, and early transformer-based mod-
els toward generative ones and the subsequent use of
large language models, which have elevated fluency,
coherence, and clinical relevance for summaries signif-
icantly. Despite such progress, some challenges persist.
Limited large-scale, domain-specific datasets, hallucina-
tions, and factual inaccuracies, inadequate evaluation
protocols, and lack of integration with structured med-
ical knowledge remain discouraging factors for the gen-
eralizability and reliability of summarization systems.
Ethically, privacy, and legal considerations, deployment,
and computational limitations, make deployment of such
technologies in realistic scenarios more difficult. Clos-
ing such gaps continues to require multidisciplinary
solutions, such as the development of diverse, multilin-
gual datasets, advanced fact-checking protocols, privacy-
friendly strategies, and clinically mindful, efficient mod-
els.
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