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Abstract. Large Language Models hold the potential to revolutionise
the field of radiology by automating radiology tasks and enhancing clin-
ical decision-making. However, the substantial computational resources
required for training LLMs with a large number of parameters create bar-
riers to their use both in radiology-related research and potential clinical
applications. This study evaluated the performance of two smaller large
language models (Meta-Llama-3-8B-Instruct and Mistral-7B-Instruct) in
comparison to a newly introduced state-of-the-art multimodal model,
LLaMA 4 Scout, for the task of impression generation in radiology. Ex-
periments were conducted with and without in-context learning to as-
certain its impact on model performance. Results show that in-context
learning considerably improves the performance of all models, allowing
them to achieve competitive results in the task of impression generation.
These findings underscore the capabilities of small open-source LLMs
and highlight the potential of advanced multimodal models for radiology-
specific NLP tasks.
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1 Literature review

1.1 Communication and workflow in radiology - challenges and
perspectives

Clear and effective communication between physicians is essential for providing
good-quality patient care. Suboptimal communication among healthcare practi-
tioners can be one of the main contributors to medical errors, which can nega-
tively impact patient care [9]. Considering the magnitude of the medical and legal
implications of poor communication, seamless communication between radiolo-
gists and referring physicians is essential. Writing reports is a considerable part
of the radiologists’ daily work and the main form of communication between ra-
diologists and referring physicians [6] [11]. The ‘findings’ portion of the radiology
report features factual observations about the study and can be extremely valu-
able in radiologist-to-radiologist communication [11]. The ‘impressions’ section
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of a radiology report serves the important purpose of communicating directly to
the referring physician the radiologist’s interpretation of the findings [11]. This
section also features differential diagnosis and recommendations.

It has been suggested that referring physicians mainly rely on the impres-
sions section of the report and often only read the findings when the impression
part is not sufficiently clear, underlining the importance of radiologists convey-
ing relevant information as clearly as possible in the impression section [11]. The
American College of Radiology (ACR) Council has elevated the role of communi-
cation to a critically important component, particularly in diagnostic radiology
[22]. Radiological examinations are commonly performed at the request of refer-
ring clinicians, after which radiologists send back reports of the imaging studies
[22]. It has been indicated that globally, 80–90% of radiologists do not directly
communicate with patients before or after imaging studies [10]. However, with
the recent rise of patient-centered care, the existing communication paradigm in
radiology is likely to undergo changes. Nevertheless, factors such as high work-
loads in radiology departments could considerably affect the likelihood and speed
of such changes taking place. However, current and future AI innovations can
potentially broadly impact healthcare workloads, including radiology.

1.2 Miscommunication and errors in radiology - sources and
implications

Errors and poor communication between radiologists and referring physicians
can bring about medical and legal issues. According to a study by Kim&Mansfield,
under-reading, where an examination is reported as normal despite the presence
of a detectable abnormality [20], represented 42% of total errors [13]. Interpre-
tative errors in radiology occur at a rate of approximately 4% [23]. Around 1
billion radiology examinations are performed annually worldwide, which equates
to 40 million interpretive errors annually [23]. Up to 80% of interpretative errors
are perceptual, and due to the importance of detection in radiology, failing to
detect conspicuous abnormalities can lead to missed diagnoses [23]. Despite the
advances in imaging modalities, humans’ perceptual limitations suggest the need
for the development of tools that can reduce errors and enhance patient safety.

Although not commonly addressed in studies, poorly written reports are an-
other considerable cause of poor patient outcomes [6]. Despite being the main
vessel for communication between radiologists and referring physicians, radiol-
ogy reports can lack the clarity to allow the referring physician to appreciate
the radiologist’s interpretation, conclusions and advice [6]. The discrepancy that
can occur between the message conveyed by the radiologist in the report and the
interpretation of the referring physician can lead to misunderstandings with ad-
verse consequences for the patient [6]. Miscommunications between the referring
clinician and the radiologist can also arise from inadequate clinical information
or expectations that do not realistically reflect the capabilities of a radiologi-
cal technique [6]. Despite the importance of clinical information for radiological
examinations, it is common during in-hospital care for imaging studies to take
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place before a detailed medical history is acquired, which can reflect negatively
on the quality of care [6].

Despite the importance of good communication in radiology, radiologists do
not receive sufficiently extensive formal training on the radiology report struc-
ture and the pertinent medical and legal intricacies [22]. Radiology trainees ob-
tain report-writing skills more passively by reading radiology reports, receiving
feedback and emulating the style of senior colleagues. The significance of pos-
sessing good communication and report-writing skills in the field of radiology
necessitates more focus on the training received by future radiologists.

The increase in radiologists’ workload, unparalleled by a necessary increase
in radiologist numbers, poses another risk for errors. The concern that higher de-
mand in radiology can bring about reduced accuracy has attracted considerable
attention due to important medico-legal implications [4]. With the growing age-
ing population and likely further rise in demand, this issue is poised to gain even
more relevance in the future. Despite the propositions for introducing workload
limits, current evidence is not sufficient to substantiate concrete and suitable
workload or speed limits in radiology [4].

1.3 Addressing miscommunication and errors in radiology

Various papers have proposed addressing errors and miscommunication in ra-
diology by tackling different causal factors. Literature is increasingly shedding
light on AI technology’s possibilities in this context. AI technology has been
proposed as a solution to reducing radiologists’ trivial tasks, such as measuring
lymph nodes and lung nodules [4]. Additionally, AI could be utilised to enhance
trainee radiologists’ training process. Also, there is a proliferating interest in
how AI could be used to assist radiologists in identifying abnormalities and help
improve accuracy [5]. A recent study aimed to design a system that can min-
imise perceptual errors by utilising eye gaze data and radiology reports [5]. The
system demonstrated potential by correcting 76% of the missed abnormalities
and achieving a Total-Usefulness score exceeding 0.4 [5]. However, it is worth
noting that the study used a simulated error dataset, which does not accurately
represent the broad range of perceptual errors in radiology and thus may affect
reproducibility when applied to real-world radiology datasets.

However, at present, there is no sufficient evidence consolidating the effec-
tiveness and utility of AI in improving radiologists’ decision-making and patient
outcomes [4]. Additionally, AI systems require large amounts of data, which
brings about ethical concerns regarding data privacy and security, considering
the sensitivity of healthcare data. Additionally, there are various regulations
that AI systems used in radiology must adhere to, depending on the location.
However, at present, there is no specific legislation on the use of AI in health-
care in the UK. This highlights the importance of developing appropriate legal
frameworks regarding the use of AI in healthcare.
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1.4 Closed-source vs Open-source LLMs in radiology

Closed-source LLMs The properties of Transformer-based models, such as im-
pressive scalability and versatility, have consolidated their superiority for most
Natural Language Processing (NLP) tasks, and those models continue to at-
tract significant academic and industry interest in different applications [21].
Nevertheless, some applications using transformer-based models that exhibit
state-of-the-art performance, such as CoPilot, ChatGPT, GPT-3 and GPT-4,
are closed-source, preventing the public from accessing and modifying the source
code, model weights or training data [21]. This constitutes an impediment to the
progress in the field of NLP and brings about a myriad of ethical quandaries.
For the most common NLP task in the domain of radiology - generating impres-
sions from findings, Ma et al., 2024 proposed ImpressionGPT – which utilises dy-
namic prompts and an iterative response optimisation approach [17]. The results
demonstrated that ImpressionGPT outperformed Radiology-Llama2, ChatGPT,
GPT-4 and the fine-tuned GPT- 3 against the Rouge metrics on the MIMIC-
CXR and OpenI datasets [17]. Similarly, when evaluating the potential of LLMs
in the de-identification of clinical reports, Liu et al., 2023 showed that when
compared against BERT, RoBERTa, and ClinicalBERT, GPT-4 achieves the
highest de-identification accuracy [14]. The study highlighted another strength
of the GPT-4 model: carefully designed prompts can confer extremely high ac-
curacy without requiring fine-tuning.

Open-source LLMs Despite the impressive capabilities of commercial models
such as GPT-4, ChatGPT, and PaLM 2 for radiology-related tasks, their utility is
partially neutralised by their inability to be implemented in healthcare systems.
Therefore, due to privacy and security protection guidelines and mandates, it is
imperative to focus on localized large language models in the realm of healthcare.
Various parameter techniques and privacy accounting methods have enabled the
private fine-tuning of models that are comparable in performance to commercial
models. This has created the right conditions for the LLaMA model, which is
under a non-commercial license to gain prominence. For instance, a recent study
introduced Radiology-Llama2, which was trained on a large radiology dataset
using instruction tuning to generate radiology impressions from findings [15].
Radiologists have ascertained that impressions generated by Radiology-Llama2
surpass those of general LLMs in coherence, conciseness and clinical utility [15].
Additionally, it was shown that the Radiology-Llama2 performance exceeds that
of all other models across all ROUGE metrics [15].

1.5 Utilization of smaller LLMs in radiology for Impression
generation

Recent research has attempted to explore the potential application of LLMs
for a wide range of radiology-related tasks, from inferring disease diagnosis to
generating radiology reports [12] [26]. However, automated summarisation of
radiology findings (i.e. impression/conclusion generation) remains one of the
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most prominent radiology-related NLP tasks in literature thanks to its potential
for reducing radiologists’ workload by being utilised for clinical decision-support
purposes in radiology. Additionally, given its prominence in research, impression
generation serves as a valuable benchmark for evaluating and comparing LLM
performance in the domain of radiology.

While many studies on the use of LLM models for radiology-related tasks
have tested the feasibility of larger models with more than 10 billion parame-
ters such as GTP-4, PaLM 2, Llama-3-70B [12], there are many advantages to
using smaller LLMs with up to 10 billion parameters or less. Firstly, when fine-
tuning using domain-specific datasets, smaller LLMs can surpass larger general
LLMs in performance on domain-specific tasks [7]. For instance, using a model
with 2.7 billion parameters and an innovative training pipeline, researchers have
demonstrated that their language model outperformed their larger counterparts
in chest X-ray report automation [25]. Moreover, smaller LLMs require fewer
computational resources, highlighting their efficiency [7]. Additionally, the com-
plexity of architecture and the number of parameters of models are inversely
correlated with interpretability and transparency, both of which are important
in the medical domain [7].

This study aims to evaluate the feasibility of using smaller open-source LLMs
in the most common NLP task in the radiology domain of generating impressions
based on findings and compare their performance to recently released state-of-
the-art large open-source LLMs.

The exploration of the feasibility of smaller LLMs for the field of radiology
in this study is underpinned by the growing interest in smaller language mod-
els, which, despite having considerably smaller model sizes, can demonstrate
performance similar to that of their larger counterparts. This shift in research
towards smaller LLMs has been catalysed by computational constraints in fields
such as academia and healthcare. Smaller foundation models, such as Llama 3
8B, which has demonstrated superior performance compared to competing mod-
els while offering considerable computational efficiency, hold immense promise
for NLP applications in radiology [7]. The selection of the three models in this
study is grounded in the aim of investigating the trade-offs between model size
and performance in NLP tasks in radiology, as well as exploring the impact of
in-context learning on performance.

To the best of our knowledge, there are no published papers in which the
chosen models have been tested on this task using the OpenI dataset.

2 Methodology

2.1 Data

The OpenI dataset will be used for this study [8]. The first one thousand reports
from the dataset were selected for the experiments on generating impressions
from findings. Reports were excluded if they do not have either findings or im-
pression sections.
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Fig. 1. Model-interaction process

2.2 Models

For this study, two open-source models with less than 10 billion parameters will
be used, namely meta-llama/Meta-Llama-3-8B-Instruct and mistralai/Mistral-
7B-Instruct. They will be compared to the recently released state-of-the-art
Llama 4 Scout model for the task of impression generation. The Llama 4 Scout
model features a Mixture of Experts architecture, echoing a trend towards utilis-
ing attention-compatible mechanisms to confer higher performance and training
and inference efficiency on LLMs [18]. The Mixture of Experts architecture en-
ables the activation of only a subset of all parameters during inference depending
on scores assigned by a gating network [18]. Powerful commercial LLMs, such as
GPT-4, have been speculated to employ a Mixture of Experts architecture [18].
The models were accessed using OpenRouter, which provides an interface for ac-
cessing and experimenting with different models. Firstly, an API request using
the OpenAI client API is created, and then OpenRouter routes the request to
the specified models, which generate a response and send it back, as per Figure
1. This will be implemented using Python.

2.3 Generating impressions from findings task and assessing the
impact of in-context learning

To test the performance of Meta-Llama-3-8B-Instruct and Mistral-7B-Instruct
models against Llama 4 Scout, findings and impression sections from the re-
ports are extracted, and a prompt is sent to the model, providing the findings
and asking it to generate impressions based on the findings. The responses from
the model are then returned. ROUGE scores are computed for all separate files
and overall. Following that, in-context learning is applied to the next set of ex-
periments. In-context learning, which is also referred to as few-shot prompting,
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consists of providing examples of target input-output pairs in the prompt [14].
Five radiology reports from the remaining OpenI dataset were provided as ex-
amples, and the outputs were compared to those without in-context learning.
System prompts are commonly used to improve the performance of AI systems,
specifying the role of the system and steering the LLM in the desired direction.
The system prompt that is passed to all LLMs for all experiments for this task
is: “You are a radiologist expert skilled at writing radiology reports”. For these
experiments, the temperature is set to 0.4, as the medical context implies higher
determinism than creativity.

2.4 Evaluation

For the task of generating impressions based on findings, the outputs of the mod-
els will be evaluated using ROUGE metrics. The ROUGE metrics are obtained
by comparing the original radiology report impression to the corresponding im-
pression generated the LLMs for each report. Finally, the average ROUGE scores
for all files are computed. Three different ROUGE measures are utilised in this
project: ROUGE-1, ROUGE-2, and ROUGE-L. The ROUGE metrics are fre-
quently used for quantitatively assessing model generated text summarisations
by comparing their similarity to human-generated ones based on overlapping
n-grams(number of consecutive words) [19].

The results of all three models with and without in-context learning will be
compared against each other and other models for the same task using the same
dataset. The values that the ROUGE scores can take are between 0 and 1. A
higher score indicates better performance on a summarisation task [3].

3 Results

The experiments were carried out, and the overall ROUGE scores for the two
models with and without in-context learning were calculated by summing indi-
vidual scores and dividing them by the number of files. The table with the scores
can be seen in Fig. 2.

The results show that when in-context learning was introduced, the perfor-
mance of Meta Llama-3-8B-instruct exceeded that of Mistral-7B-instruct. With
in-context learning, Llama 4 Scout outperformed both Mistral-7B-instruct and
Llama-3-8B-instruct. These results were compared to those of Radiology-Llama2
[15]. Radiology-Llama2, a domain-specific model based on Llama 2 architecture
and trained on a large dataset of radiology reports, achieved 0.4185 in ROUGE-1,
0.2569 in ROUGE-2, and 0.4087 in ROUGE-L when evaluated using the OpenI
dataset [15], which Llama 4 Scout with in-context learning marginally exceeded.
Although the Meta-Llama-3-8B-instruct and Mistral-7B-instruct models with
and without in context learning underperformed against Radiology-Llama2, they
outperformed other general LLMs tested in that study on the OpenI dataset such
as Llama 2 (0.0848 in ROUGE-1, 0.0205 in ROUGE-2, and 0.0712 in ROUGE-L),
PaLM 2(0.1386 in ROUGE-1, 0.0477 in ROUGE 24 2, and 0.1194 in ROUGE-L)



8 M. Deli-Slavova & J. Hough

Fig. 2. overall ROUGE scores

and GPT-4 (0.1171 in ROUGE-1, 0.0343 in ROUGE-2, and 0.0975 in ROUGE-
L).

These results demonstrate the potential of Meta-Llama-3-8B-instruct, Mistral-
7B-instruct, and Llama 4 Scout for radiology-specific tasks. Despite the LLaMA
4 Scout model (with 17B active and 109B total parameters) [1] demonstrating
a slight performance advantage over the smaller LLMs such as Meta-Llama-
3-8B-instruct and Mistral-7B-instructed, their high computational efficiency is
an important consideration for future research into adapting open-source LLMs
for NLP tasks in radiology through fine-tuning. It is worth mentioning that
Radiology-Llama2 was trained on a large corpus of radiology data, while none
of the models in this study were. Fine-tuning these models could significantly
improve performance on the impressions-from-findings task and other radiology-
related tasks. However, this study showed the impact of in-context learning and
system prompting on performance. However, it is essential to note that, in this
study, only a thousand radiology reports were assessed, while in the Radiology-
Llama2 study, hundreds more.

4 Discussion

4.1 ROUGE metrics – strengths and weaknesses

Despite the utility and ubiquity of ROUGE metrics for evaluation of model-
generated summaries, they entail some general and radiology-task-specific weak-
nesses. For instance, terminology variations and paraphrasing can cause pertur-
bations in the performance of ROUGE metrics [3]. This weakness arises from the
fact that ROUGE metrics do not account for semantic similarity [3]. It has been
shown that substituting 20% of words with synonyms using 5 sentence summary
results in 5-7% decrease in ROUGE scores [3]. This is particularly relevant in the
field of radiology due to the variations. An example for this variation provided
by Zhu et al., 2024 is that a radiology report can state: “the cardiac silhouette is
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enlarged”, while a model-generated summary can sate “moderate to severe car-
diomegaly is re-demonstrated” [27]. While both suggest the same abnormality
– cardiomegaly, ROUGE metrics may give a lower score due to not recognising
the semantic similarity [27]. This has precluded some researchers evaluating the
performance of NLP models for radiology tasks from using ROUGE metrics in
favour of more qualitative measures [16].

Despite the weaknesses of ROUGE metrics, however, they remain useful and
could be used alongside qualitative measures based on expert evaluation, as it
has been shown that there is a correlation between semi-quantitative radiologist
evaluations and ROUGE metrics [16]. The use of ROUGE metrics on common
benchmark datasets allows for replicating, validating, and comparing study re-
sults. For future studies on NLP tasks in radiology, however, it may be beneficial
to explore the combined use of ROUGE, semantic-aware metrics [27], and semi-
quantitative evaluations by radiologists [19].

Recently, LLMs have also been proposed as an evaluation approach for radi-
ology report generation. GPT-4, for instance, has been shown to reach evaluation
performance comparable to that of radiologists while circumventing the draw-
backs of both ROUGE metrics and manual expert evaluation [24]. Additionally,
distilled models have demonstrated promising results as an automatic evaluation
approach for radiology report generation while offering greater computational
efficiency [24]. Future research efforts on evaluating model-generated radiology
reports and summaries could focus on validating the evaluation efficiency of
distilled models. Establishing effective automatic evaluation methods could ac-
celerate advancements in NLP applications in radiology. Future research could
also focus on developing an effective evaluation framework for model-generated
radiology summaries.

4.2 Between in-context learning and fine-tuning

There are many benefits to selecting a smaller LLM as a base model to be further
fine-tuned for the task of generating impressions from findings in radiology. One
of the limitations that led to these techniques not being used for this study
was the lack of access to sufficient data. The OpenI dataset is considerably
small for training, testing and validation. Another reason why fine-tuning could
not be used in this project was related to computational resource limitations.
Nevertheless, it is recommended to experiment with in-context learning before
considering the utilization of fine-tuning as it can help deduce if fine-tuning
would improve model performance [2].

The considerable improvement that Meta-Llama-3-8B-instruct demonstrated
following in-context learning and system prompting on the most common radiol-
ogy summarisation task suggests that fine-tuning would improve model perfor-
mance. Future research should explore fine-tuning of smaller LLMs for radiology-
specific tasks.
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4.3 Potential of using multimodal models

The horizon of Transformer-based model applications continues to expand, which
is facilitated by innovations such as the introduction of multimodal models,
which can process and learn to relate text and other modes of data, such as im-
ages or audio, simultaneously [21]. Such models can be employed for tasks such
as image-to-text and audio-to-text generation [21]. The accumulating advance-
ments in multimodal models signify their potential to be adapted for various
tasks in different fields. For instance, transformer-based models that integrate
text and image modalities, such as clinical reports and accompanying images,
could be valuable for healthcare fields such as radiology.

Studies utilizing multimodal models for report generation and error detection
and correction in radiology have demonstrated promising results [26] [5]. How-
ever, both studies have highlighted weaknesses relating to the use of multimodal
models or data used for such models. For example, for one of the studies, although
the proposed multimodal model outperformed other baseline models for report
generation, it did not perform well in generating sentences that it had never seen
before in the training data [26]. This could negatively affect the performance of
such models on real-world datasets. This issue is further exacerbated by the fact
that there are only two large publicly available radiology report datasets both
of which for X-ray-based reports only. This study demonstrated the multimodal
Llama 4 Scout’s high performance for impression generation following in-context
learning, suggesting that with further fine-tuning, this model could emerge as a
leading model for natural language processing (NLP) applications in radiology.
However, its more complex architecture and a greater number of parameters will
require higher computational resources.

4.4 Conclusions

This study attempted to ascertain the feasibility of using LLMs with fewer
than 10 billion parameters, namely Meta-Llama-3-8B-instruct and Mistral-7B-
instruct, for radiology-related NLP tasks and explore how in-context learning
would affect model performance. The evaluation of the model outputs from the
summarisation task of generating impressions based on findings demonstrated
that in-context learning and system prompting led to the smaller LLMs achiev-
ing similar performance to the larger Llama 4 Sout and outperforming powerful
general LLMs such as GPT-4 for the same task [15].
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