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Abstract
This study presents efforts focused on extracting and structuring doctor notes, specifically Magnetic Resonance
Imaging (MRI) reports, into a standardized format using large language models (LLMs). We introduce a novel
benchmark dataset comprising of 55 clinically relevant variables given by doctors, making it the first of its kind in
the automated processing of unstructured medical texts. The annotations to the dataset were generated using a
systematic prompt-tuning approach that was manually validated. It was then evaluated across three experimental
stages: baseline, intermediate, and fine-tuned. Each stage assessed the impact of different prompt strategies on the
performance of various LLMs (LLaMA, Qwen, and DeepSeek). Among the models tested, LLaMA 3.1 8B Instruct
consistently achieved the highest composite score in both the intermediate and final phases, resulting in an 18.42%
improvement in performance.
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1. Introduction

In healthcare, a Magnetic Resonance Imaging
(MRI) radiology report is a detailed medical docu-
ment written by a radiologist after analyzing MRI
scan images (Hashemi et al., 2012). It describes
the internal structures of the body, highlights any
abnormalities, and provides a professional interpre-
tation to guide further medical care. These reports
are essential because they convert complex MRI
images into meaningful insights that help the re-
ferring doctors to make accurate diagnoses, plan
treatments, or monitor recovery. The report typi-
cally includes sections such as clinical history, find-
ings, and impression, and it plays a key role in the
patient’s overall medical management (John and
Mittal, 2025). While most MRI reports follow a gen-
eral format, the doctor notes based on these reports
are usually written in a semi-structured or unstruc-
tured manner, meaning the content is expressed in
free-form language rather than fixed templates.

The objective of this study is to develop a data ex-
traction system1 that converts such semi-structured
or unstructured doctor notes on MRI reports into a
structured and standardized format, such as JSON.
The system will identify and extract key clinical ele-
ments from the notes and organize them in a con-
sistent structure. This structured data can then be
used for various downstream applications, includ-
ing integration with hospital information systems,
support for clinical decision-making, large-scale

1The model is made available through this link: SRI

data analysis, and the generation of tabular or other
standardized report formats.

To develop this system, we began by construct-
ing a novel benchmark dataset consisting of 55
clinically relevant variables defined by medical pro-
fessionals. The details of the base dataset, along
with its annotation process and validation using
multiple LLMs under various settings, is described
in detail in Section 2.

1.1. Related Works
Multiple efforts in the recent have focused on con-
verting semi-structured and unstructured medical
texts into structured data formats. For instance,
(Ntinopoulos et al., 2025) investigates the use of
large language models (LLMs) to automate entity
extraction and classification from health records,
enabling faster generation of structured data from
clinical narratives. Similarly, (Ying et al., 2025) in-
troduced GENIE, a Generative Note Information
Extraction System that leverages LLMs to trans-
form health records into standardized data formats.
These two studies differ notably in the number of
variables extracted and the LLMs employed. Ad-
ditionally, (Skyles et al., 2025) explored structured
data extraction from oncological notes, targeting
six primary clinical questions using various prompt
strategies.

In addition, a couple of efforts have been made
in the domain of radiology report extraction and
structuring. Among them, (Steinkamp et al., 2019)
proposed a prototype system using traditional ma-

https://huggingface.co/sushvinmarimuthu/structured-radiology-intelligence
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chine learning techniques to extract useful informa-
tion from abdominopelvic radiology reports. More
recently, (Di Palma et al., 2025) applied LLMs to
extract key radiological features specifically from
prostate MRI reports.

Our work however, focuses on extracting and
structuring doctor notes based on the MRI reports.
We extract all clinically relevant information, includ-
ing details that may not be explicitly stated, resulting
in a comprehensive, structured dataset that goes
beyond the scope of previous works in both scale
and depth. We utilized LLMs in our work due to their
high accuracy compared to traditional rule-based
or machine learning models. Additionally, they sig-
nificantly reduce the time and effort required for
manual annotation.

By designing diverse prompt strategies, namely,
one-question, multi-question, and all-question
prompting, combined with various prompting set-
tings such as zero-shot, one-shot, and few-shot,
we guided the LLMs to simulate structured data
from unstructured notes on MRI reports provided
by doctors. This approach enabled the creation of
a high-quality synthetic dataset that closely mirrors
real clinical annotations.

We began our experiments using a basic in-
struction prompt with the Llama 3.1 8B Instruct
model (Grattafiori et al., 2024), which achieved a
composite score of 61.16%. Building upon this
baseline, we enhanced our prompt design and ex-
panded the evaluation to include 6 other LLMs.
Among them, Qwen3 4B Instruct-2507 (Team,
2025) achieved the highest composite score at
64.49%, followed closely by the Qwen2.5 7B In-
struct at 63.84%. While DeepSeek R1 Distill Llama
8B (DeepSeek-AI, 2025) and DeepSeek R1 Distill
Qwen 7B (DeepSeek-AI, 2025) attained accuracies
of 63.01% and 53.94%, respectively, Llama 3.2 3B
Instruct (Grattafiori et al., 2024) and MMed Llama
3 8B (Qiu et al., 2024) recorded the lowest perfor-
mance, with accuracies of 35.56% and 34.86%.

In our intermediate set of experiments, we en-
hanced the prompt and applied different prompt
strategies as well as the settings on all models.
Subsequently, in the final phase, we fine-tuned all
models, with Llama 3.1 8B Instruct, achieving the
highest composite score of 87.36%

Thus, through this multi-level experimental setup,
we created a structured dataset that can be effec-
tively utilized to train and evaluate information ex-
traction models, particularly for converting unstruc-
tured medical text into structured formats.

2. Dataset Creation

A major challenge in building an unstructured-to-
structured data extraction system is the lack of pub-
licly available labeled datasets containing doctor

notes on MRI reports and their corresponding struc-
tured outputs. We used a total of 630 unstructured
doctor notes on MRI reports collected from a large
academic health center. The Institutional Review
Board (IRB) of the institution granted a waiver of
informed consent for the use of de-identified radiol-
ogy reports.2

To convert these notes into a structured format,
we extracted 55 variables from each report using
the Llama 3.1 8B Instruct model, guided by a ba-
sic instruction prompt developed by the specific
requirements provided by the medical team. The
resulting structured data was labeled as V1 (Ver-
sion 1).

To validate the composite score and clinical rel-
evance of the extracted attributes, doctors man-
ually reviewed and corrected the outputs for the
first 60 reports. These validated annotations were
recorded as V2 (Version 2). When there was a
disagreement between the extracted data and the
clinicians, we refined the prompts in consultation
with them to align with clinical requirements.

Using the V2 data as a reference, we further
experimented with various prompting strategies
across multiple models to generate structured out-
puts for an additional 65 reports. This output was
labeled as V3 (Version 3).

Subsequently, doctors reviewed and validated
the V3 outputs, resulting in the final refined dataset,
referred to as Version 4 (V4). In this dataset, the
first 60 reports served as the gold standard test
set for evaluating the performance of all prompting
strategies and models. The remaining 65 reports
were used as example data for constructing the
various prompt strategies used in the study.

Additionally, we took another 300 samples (from
630 notes) for training the models. This was re-
ferred to as Version 5 (V5) and was also validated
by the doctors. The initial round of all validations
was performed by us, followed by a second round
conducted by the doctors. To facilitate easy valida-
tion, we developed a web application that was used
by both the clinicians and us. Below, we describe
the various prompt-tuning strategies we employed
to optimally extract all variables for the construction
of the dataset.

2.1. Prompt-Strategies
We tested three main types of prompt settings: zero-
shot, one-shot, and few-shot. Within each of these
categories, we further experimented with three
prompt strategies: one-question prompt, multi-
question prompt, and all-question prompt, to extract
the required variables from the reports.

2However, due to privacy concerns, we are not releas-
ing the dataset as a part of this paper.

https://sri.sushvinmarimuthu.com/
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Figure 1: Dataset creation Flow-Chart

Dataset version Size
Version 1 (V1) 630
Version 2 (V2) 60
Version 3 (V3) 65
Version 4 (V4) 125
Version 5 (V5) 300

Table 1: Summary of dataset versions and corre-
sponding sample sizes

Initially, we planned to use the LLM to gener-
ate responses for all 55 variables by asking one
question per prompt (shown in Baseline Prompt
(Appendix A)). The idea was that generating the
answers first using the LLM would make the annota-
tion process easier and more efficient. For this, we
used the Llama 3.1 8B Instruct model to generate
the initial version of the data, which we referred to
as V1. Then, doctors reviewed and refined only 60
reports in the initial data, resulting in a validated ver-
sion referred to as V2. When we compared V1 with
V2, the overall match composite score was 61.16%.
Then we experimented with multiple models using
the same baseline prompt.

In this comparison, we observed several issues
in the model-generated responses. The model of-
ten repeated numeric values unnecessarily, marked
certain fields as ‘not mentioned’ even though they
were clearly present in the report, and provided
inconsistent answers for binary questions such as
‘yes’ or ‘no’. We further extended our experiments
to 6 other models (results summarized in Table 2).
Across these models, we continued to observe sim-

ilar issues such as repeated numeric values, incor-
rect ‘not mentioned’ labels, inconsistent answers
to binary questions, and hallucinations.

To address these issues and improve the quality
of the generated responses, we refined the prompt-
ing approach and adopted three different prompt
strategies. They are discussed below:

1. One-question prompt: refers to a strategy
where each of the 55 variables is derived from
a separate, individual prompt. In this approach,
we created a distinct question for each variable,
resulting in one variable per prompt. Each
prompt was designed to include all relevant
information required to generate an accurate
response, including contextual dependencies
and supporting details related to that specific
variable. This ensured that the model had suffi-
cient context to produce a meaningful and pre-
cise answer for each prompt individually. The
key distinction between the baseline prompt
and the enhanced one-question prompt lies in
the level of specificity provided for variable ex-
traction. In the enhanced version, we explicitly
defined how each variable should be identi-
fied and extracted, including cases where the
information was implicitly stated rather than
directly mentioned. Example: Enhanced One
Question Prompt (Appendix A)

2. Multi-question prompt: refers to a strategy
where related variables were grouped based
on patterns and dependencies observed in the
report responses. Instead of querying each
variable individually, we combined several logi-
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cally connected questions into a single prompt.
These groupings were based on the nature
of the answers, such as numeric values or bi-
nary (yes/no) responses, and their contextual
interdependence. For instance, variables that
are often mentioned together in the reports or
rely on shared information were grouped to en-
sure the model had a broader context while still
keeping the prompt concise. Example: Multi-
Question Prompt (Appendix A)

3. All-question prompt: involves presenting all
55 questions within a single, comprehensive
prompt. Each question in the prompt is de-
signed to extract one specific variable, cover-
ing the entire set of 55 variables in one go. In
this approach, we provided all the relevant in-
formation and instructions in a single prompt
to ensure the model had complete context and
access to all interdependent data points.

So far, all the prompt strategies were only applied
in the zero-shot prompt setting, where we provided
only variable extraction-specific instructions with-
out including any examples for inputs or outputs.
Therefore, we wanted to experiment with one-shot
and few-shot prompt settings to assess the models’
ability to generate accurate and relevant responses
under varying levels of context and examples.

1. One-shot setting: For one-shot setting,

• in the one-question prompt strategy, we
provided one example for each prompt
where the target variable was explicitly
mentioned in the report. This helped the
model understand how to extract that spe-
cific variable based on a concrete exam-
ple.

• in the multi-question prompt strategy,
each prompt was accompanied by one
example in which most of the grouped vari-
ables were clearly present in the report.
This allowed the model to understand how
to handle interdependent variables within
a shared context.

• in the all-question prompt strategy, we
included a single comprehensive example
containing a report where the majority of
the 55 variables were explicitly mentioned.
This example served as a reference for
the model to understand how to extract all
variables from a complete and information-
rich report.

2. Few-shot setting: For the few-shot setting,
we provided three examples for each prompt
to help the model learn from a variety of sce-
narios and improve its generalization capability
across different levels of report completeness

• In the one-question prompt strategy,
each prompt included:
(a) An example where the target variable

was explicitly mentioned in the report.
(b) An example where the target variable

was not mentioned in the report.
(c) An example of the complete radiology

report.
• In the multi-question prompt strategy,

each prompt included:
(a) An example in which most of the

grouped variables were explicitly men-
tioned in the report.

(b) An example where some of the
grouped variables were either not men-
tioned or marked as not applicable.

(c) An example of the complete radiology
report.

• In the all-question prompt strategy, each
prompt included:
(a) An example radiology report where

most of the 55 variables were men-
tioned.

(b) An example where a subset of vari-
ables was either missing or not appli-
cable.

(c) An example of the complete radiology
report.

The intermediate results are summarized in Ta-
ble 3.

3. Finetuning

Despite experimenting with different prompt strate-
gies across various prompt settings, the best-
performing model, Llama 3.1 8B Instruct, achieved
a maximum composite score of only 77.69%.
Therefore, to further improve performance, we pro-
ceeded with fine-tuning the models to determine
whether additional gains in composite score could
be achieved.

The V4 and V5 versions of the dataset, consisting
of 125 + 300 notes, were utilized in the fine-tuning
of the models. From these combined 425 notes,
345 were allocated for training, 20 for validation,
and 60 for testing.

Fine-tuning was performed using each model’s
LoRA configuration and employed the one-question
prompt strategy.

Overall, fine-tuning led to a clear improvement
in performance, demonstrating measurable gains
in composite score compared to the intermediate
experiment. The detailed results are presented in
Table 4.
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4. Evaluation

To evaluate model performance, we applied 2 differ-
ent metrics based on the type of the variable. For
variables with numerical outputs, we computed an
exact match score. The model’s prediction for each
variable was compared against the corresponding
value in the gold-standard data, assigning a score
of 1 for an exact match and 0 otherwise. The report-
level score was then obtained by summing these
scores across all numerical variables and dividing
them by the total number of variables. For variables
involving multi-label classifications, we calculated
the F1 score using the same ground-truth annota-
tions as the reference. We then calculate the aver-
age of the exact match and the F1 scores and report
it as the composite score. Thus, this composite
score forms the final result on the basis of which
models are compared, and the best-performing
model is noted.

CS =
1

2

(
1

Nnum

Nnum∑
i=1

1 (ŷi = yi) +
2PR

P +R

)

5. Results

We assessed the performance of the LLMs based
on the type of prompt provided at each stage. For
the baseline experiment, we evaluated the models
using a simple instruction prompt (one-question
prompt). The results of the baseline evaluation are
summarized in Table 2.

In our intermediate experiment, we systemat-
ically evaluated the performance of the models
across all three prompt strategies: one-question,
multi-question, and all-question under zero-shot,
one-shot, and few-shot settings. The detailed re-
sults of this evaluation are presented in Table 3.

Our intermediate experiment results show that:

• Under zero-shot setting, across all three
prompting strategies, the Llama 3.1 8B Instruct
model performed better than the other models.
Using the one-question, multi-question, and
all-question strategies, it achieved 73.19%,
72.96%, and 74.68%, respectively.

• Under one-shot setting, across all three
prompting strategies, the Llama 3.1 8B Instruct
model performed better than the other models.
Using the one-question, multi-question, and
all-question strategies, it achieved 73.98%,
71.94%, and 75.56%, respectively. However,
Qwen2.5 7B Instruct performed comparably
to Llama 3.1 8B Instruct on the one-question
prompt under the one-shot setting.

• Under few-shot setting, the Llama 3.1 8B In-
struct model outperformed the other models

on the one-question and all-question strate-
gies, achieving 74.91% and 77.69%, respec-
tively. However, the MMed-Llama 3 8B model
achieved 72.22%, and Llama 3.1 8B Instruct
performed nearly the same as MMed-Llama
3 8B on the multi-question prompt under the
few-shot setting.

LlaMA 3.1 8B Instruct achieved the highest com-
posite score in both the baseline and intermediate
experiments.

After fine-tuning, Llama 3.1 8B Instruct again
outperformed all other models. Using the one-
question, multi-question, and all-question strate-
gies, it achieved 85.09%, 86.71%, and 87.36%,
respectively. The overall report-level composite
score reached 87.36%, representing an improve-
ment of nearly 18.42% over the baseline results.

Further, we also observed that the hallucination
rate after finetuning was 0.

6. Discussion

We examine several errors observed in the models’
performance across three different stages: base-
line, intermediate, and fine-tuned. In the baseline
setting, the models are provided with a simple in-
struction prompt and asked to extract both explicit
and implicit variables. In the intermediate stage, the
prompt is enhanced with more detailed guidelines
along with examples to support variable extraction.
And in the fine-tuned stage, the enhanced prompt
is retained but the examples are removed, and the
models are asked to extract the variables using
only the refined instructions.

6.1. Baseline Stage
1. We observed that in the single-question

prompt, the Llama models frequently returned
"not mentioned" for certain variables even
when answers were explicitly stated. For ex-
ample, although the report explicitly mentioned
DWI (Diffusion-weighted imaging) as ‘dwi – re-
stricted’, the model still responded with ‘not
mentioned’.

2. The models also incorrectly responded "yes"
for variables that were not affected by the
tumour. For example, the report states:
‘PROSTATE AND SEMINAL VESICLES – Nor-
mal,’ indicating that the prostate and semi-
nal vesicles are not affected by the tumour;
however, the model incorrectly returned the
response ‘yes’, implying involvement.

3. For numeric variables such as distance from
the anal verge and distance from the ano-rectal
junction, the models often repeated the ‘tu-
mour length’ value in unrelated fields. For
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Model Single Intermediate All
Llama 3.2 3B Instruct 35.56% 47.78% 45.23%
Llama 3.1 8B Instruct 61.16% 64.81% 68.94%
MMed Llama 3 8B 34.86% 56.71% 51.25%
Qwen3 4B Instruct-2507 64.49% 65.79% 62.50%
Qwen2.5 7B Instruct 63.84% 67.96% 63.01%
DeepSeek R1 Distill Llama 8B 63.01% 61.02% 67.04%
DeepSeek R1 Distill Qwen 7B 53.94% 55.14% 43.47%

Table 2: Baseline Result: Comparison of Model composite score on baseline prompts

Prompt strategy Composite Score
zero-shot one-shot few-shot
Llama 3.2 3B Instruct

One-question 45.97% 44.31% 42.18%
multi-questions 34.68% 31.94% 35.00%
All-Questions 39.12% 33.38% 31.62%

Llama 3.1 8B Instruct
One-question 73.19% 73.98% 74.91%
multi-questions 72.96% 71.94% 72.18%
All-Questions 74.68% 75.56% 77.69%

MMed-Llama 3 8B
One-question 54.81% 51.94% 49.31%
multi-questions 71.02% 70.09% 72.22%
All-Questions 70.00% 71.44% 72.36%

Qwen 4B
One-question 59.44% 58.94% 54.77%
multi-questions 68.15% 69.44% 71.16%
All-Questions 65.69% 63.10% 65.69%

Qwen 7B
One-question 56.39% 58.89% 54.17%
multi-questions 68.80% 71.02% 71.81%
All-Questions 64.81% 64.63% 62.08%

DeepSeek Llama 8B
One-question 69.54% 67.87% 70.46%
multi-questions 71.57% 67.73% 70.19%
All-Questions 70.23% 71.25% 69.17%

DeepSeek Qwen 7B
One-question 53.94% 54.86% 53.61%
multi-questions 61.02% 63.01% 62.78%
All-Questions 41.94% 39.86% 44.49%

Table 3: Intermediate Result: Comparison of Model composite score on one-question, multi-question,
and all-question under zero-shot, one-shot, and few-shot settings.

example, although the report explicitly stated
‘tumour length: 12 mm’, the model incorrectly
returned ‘distance from the anal verge: 12 mm’
and ‘distance from the ano-rectal junction: 12
mm’.

4. In the multi-question prompt, the models re-
turned "not mentioned" for some numeric vari-
ables while the correct answer should have
been "nil significant."

5. Similar to the single-question prompting, the
models also frequently returned “not men-
tioned” for most variables under the all-
question prompting approach.

6. In both the single-question and multi-question
prompts, the Qwen models frequently returned
"not mentioned" for gender-related variables
and stage-related variables. However, they
produced appropriate outputs for numeric vari-
ables, correctly reporting the values along with
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Model Single Multi All
Llama 3.2 3B Instruct 45.42% 40.37% 47.59%
Llama 3.1 8B Instruct 85.09% 86.71% 87.36%
MMed-Llama 3 8B 79.26% 81.30% 80.79%
Qwen 3 4B Instruct 56.71% 65.79% 64.17%
Qwen 2.5 7B Instruct 62.31% 68.84% 70.32%
DeepSeek R1 Distill Llama 8B 73.89% 76.20% 75.93%
DeepSeek R1 Distill Qwen 7B 71.62% 74.58% 73.38%

Table 4: Finetuned Result: Comparison of Model composite score after fine-tuning.

their respective metrics.

7. On the other hand, DeepSeek models, par-
ticularly the DeepSeek version of the Llama
model performed nearly as well as the Llama
3.1 8B Instruct model. However, both models
occasionally produced Chinese characters in
the output. Additionally, they often converted
numbers and their corresponding units, espe-
cially for tumour length; for example, convert-
ing 1.2 cm to 11 mm or 125 mm to 12.5 cm.
It was also observed that the DeepSeek mod-
els exhibited ambiguity when distinguishing
among the following variables: tumour length,
distance from the anal verge, and distance
from the ano-rectal junction. They often re-
turned the tumour length when asked for the
distance from the anal verge or the distance
from the ano-rectal junction, even when these
values were explicitly stated. The models also
consistently confused report types, including
the first MRI report, restaging MRI, and oth-
ers. For example, when the report was a first
MRI, the other report types should have been
marked as "no," but the models returned "yes"
or "not mentioned." Similarly, when the report
was a post-treatment MRI, they sometimes in-
correctly marked it as a "first MRI report".
These were some major reasons for a lower
score in the baseline stage.

6.2. Intermediate

1. Although the prompts were enhanced, the
Llama 3.1 3B Instruct model did not demon-
strate any significant improvement across the
three prompting settings (zero-shot, one-shot,
and few-shot). In contrast, the MMed-LLaMA
8B model performed comparably to the Llama
3.1 8B Instruct model (which performed the
best). The primary issue observed was that
the models consistently returned “not men-
tioned” for MRI report stages. A similar pattern
was identified for Tumour Regression Grade

and treatment response, where the models
frequently defaulted to “not mentioned.”

2. Qwen performed better than the other models
including Llama 3.1 8B Instruct model when
using the multi-question prompt. It produced
more accurate outputs, particularly for tumour
staging variables such as T-stage, N-stage,
and M-stage. Additionally, it correctly identified
CRM involvement, EMVI, tumour deposit (TD),
and T4a status.

3. DeepSeek Llama performed well overall. How-
ever, it frequently generated unnecessary ad-
ditional text, including explanations and repeti-
tive content. Further, DeepSeek Qwen often
reproduced the example outputs provided in
the one-shot and few-shot prompts, rather than
generating responses based on the actual in-
put. Despite major improvements, the models
still demonstrated confusion among the follow-
ing variables: tumour length, distance from the
anal verge, and distance from the ano-rectal
junction. These values were interchanged, al-
though they were explicitly stated in the re-
port. Furthermore, when lymphadenopathy
was clearly reported as “nil significant,” the
models should have returned “nil significant”
for internal iliac, obturator, inguinal, external
iliac, common iliac, and para-aortic nodes. In-
stead, they often responded with “not men-
tioned” or, at times, generated incorrect ran-
dom values from the examples.

6.3. Fine-tuned
1. After fine-tuning, not all the models showed

substantial improvement. Although MMed-
LLaMA 8B improved to some extent, its perfor-
mance was still inferior to Llama 3.1 8B Instruct.
Infact, Qwen showed a decline in output qual-
ity after fine-tuning, frequently returning “not
mentioned” for most variables. Although the
multi-question prompt continued to produce
relatively good outputs, it did not demonstrate
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significant improvement compared to the in-
termediate stage. In contrast, the all-question
prompt showed slight improvement after fine-
tuning, particularly in generating accurate nu-
meric values.

2. Llama 3.1 8B Instruct produced the most ac-
curate outputs across single-question, multi-
question, and all-question prompting strate-
gies. However, all the versions of Llama mod-
els still returned “not mentioned” for certain
variables that were explicitly stated in the text.
We infer that this issue may be related to train-
ing data imbalance. In our dataset, some
variables such as levator ani, piriformis, and
obturator (internus and externus) were pre-
dominantly labeled as “not mentioned” and oc-
curred only rarely. Nevertheless, the models
appeared to default to “not mentioned” even
when these anatomical structures were clearly
described in the report.

3. It was also observed that the DeepSeek mod-
els produced more accurate outputs for anal
sphincter complex variables when compared
to the intermediate stage. Moreover, the gen-
eration of unnecessary extra content was re-
duced drastically, and the responses became
more concise, containing only minimal addi-
tional text. Metric and unit conversion errors
were corrected, and hallucinations were largely
eliminated. They also performed poorly in iden-
tifying post-treatment changes, such as hy-
pointense changes, residual tumour with the
same signal as the first MRI, and mucin re-
action with a T2 hyperintense focus within a
hypointense post-treatment change.

7. Conclusion

This study demonstrates the effectiveness of LLMs,
particularly LLaMA 3.1 8B Instruct, in extracting
structured information from unstructured MRI re-
ports. A key contribution of this work is the creation
of a novel dataset comprising of 55 clinically rele-
vant variables, specifically tailored for doctor notes
of MRI reports focused on tumors. Through the
evaluation of prompt-tuning strategies across three
experimental stages, we showcase the potential
of LLMs to automate clinical data extraction with a
high composite score. This dataset, along with our
experimental findings, provides a valuable resource
and foundation for future research in medical infor-
mation extraction and supports the development of
more reliable, scalable, and efficient NLP systems
in healthcare.

8. Future Work

As a part of future work, we plan to extend the anal-
ysis to additional report types, including CT, biopsy,
CEA, and surgical histopathology reports. Further-
more, we intend to incorporate a larger number of
reports and curate additional cases in which most
of the relevant variables are explicitly documented,
to improve data balance and overall model perfor-
mance.

9. Limitations

A significant proportion of the dataset contained
variables labeled as “not mentioned,” which intro-
duced class imbalance across the variables in the
dataset. Additionally, certain variable outputs were
unevenly distributed. For example, within the T-
Stage variable, the categories T3B and T4B ap-
peared far more frequently than T0, T1, and T2,
further contributing to class imbalance within the
dataset. These were the only notable limitations
identified.
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A. Prompt Appendix

Baseline Prompt

You are an expert radiology information extraction model. Respond only in JSON.
Extract the n-stage from the radiology report.

OUTPUT FORMAT:
{‘value’: ‘N0, N1, N1c, N2, or not mentioned’}

REPORT: {REPORT}

Enhanced One Question Prompt

You are an expert radiology information extraction model. Your task is to extract the current length
of the tumour from the given radiology report text based on the detailed instructions below and
only respond in JSON format.

Instructions:
You must follow these exact guidelines to generate answer:
1. If the radiology report clearly states phrases such as:

- "No foci of T2 intermediate signal intensity or restricted diffusion in this segment"
- "Likely post-RT changes"
- "Post-treatment changes in the low rectum with no evidence of residual/recurrent tumor"
→ This indicates a complete radiologic response. In this case, return: "Not Relevant"

2. If tumour length is explicitly mentioned using terms such as:
- "length"
- "tumour size"
- "tumour length"
→ Extract the numeric value of length of the tumour and its associated unit, ensuring there is

a space between the number and the unit (e.g., "46 mm", "3.2 cm").
→ Always use numerals instead of words (e.g., "4 mm", not "four mm").

3. If the report is a post-treatment complete radiology report, and it only mentions scar size but
not tumour size, extract the scar size as the current tumour length.
4. If neither tumour size nor scar size is mentioned, but the report qualifies as complete (based on
the text), return: "Not Relevant"
5. If the tumour length is not mentioned, and the report is not complete, return: "Not Mentioned"

Multi Question Prompt

You are an information extraction system that can extract information from a given text and only
respond in JSON format.
for ’crm_or_mrf_involvement’:
1. If crm or mrf involvement is explicitly mentioned using terms such as:

- "CRM - involved"
- "CRM - 0 mm"
- "mesorectal fascia - 9 mm"

2. return "Yes" if the distance to the mesorectal fascia is explicitly reported as less than 1 mm.
3. return "No" if the distance is explicitly reported as greater than or equal to 1 mm.
4. Return "Not Mentioned" if the distance to the mesorectal fascia is not mentioned in the text.
for ’emvi’:
1. If EMVI is explicitly mentioned using terms such as:

- "EMVI - present"
- "EMVI - nil"
- "EMVI - absent"

2. return "Yes" if EMVI is present and not mentioned as fibrosed, healed.
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3. return "No" if EMVI is mentioned as fibrosed, healed, resolved, absent, or nil.
4. return "Not Mentioned" if EMVI is not explicitly mentioned.
for ’tumour_deposit’:
1. return "Yes", if the report explicitly mentions the presence of tumor deposits, or uses terms like:

- “tumor deposit (TD) - present”
- “ENTD (extranodal tumor deposit) - present”

2. return "No" if the report explicitly mentions the absence of tumor deposits, or uses terms like:
- “tumor deposit (TD) - absent”
- “ENTD (extranodal tumor deposit) - absent”

3. return ’Not Relevant’ if the input text is a complete radiology report.
4. return "Not Mentioned" if tumor deposit (TD) or ENTD (extranodal tumor deposit) are not explicitly
mentioned.
for ’is_t4a’:
1. return "Yes", if tumor invasion of the pelvic peritoneal reflection is explicitly mentioned.
2. return "No", if the pelvic peritoneal reflection is not involved, or confirms that the tumor is below
the peritoneal reflection.
3. return "Not Mentioned", if the pelvic peritoneal reflection is not mentioned.

B. Example Appendix

Semi-Structured or Unstructured Report Example

MRI ABDOMEN AND PELVIS
FINDINGS:
RECTUM: Residual circumferential thickening of the low rectum with peri-rectal fat stranding ,
inferiorly extending to anorectal junction. Shows focus of T2 intermediate signal intensity with
small focus of restricted diffusion in left lateral wall
- length - 15mm vs 20 mm previously
- extramural spread - 2.4 mm
- CRM - involved at 12 0clock position by tumor
- CRM - 0 mm - EMVI - nil
- highest margin of the tumor is below the peritoneal reflection
- no infiltration of puborectalis or anal sphincter complex
- no infiltration of vagina, uterus, cervix or bladder
- mesorectal nodes: nil significant
LYMPHADENOPATHY: para-aortic - Nil significant internal iliac - Nil significant external iliac - Nil
significant inguinal - Nil significant
LIVER - No focal lesions in the liver, no IHBRD. SPLEEN - Normal GB - Distended, no wall
thickening or calculi. CBD is of normal calibre. PANCREAS - Normal ADRENALS - Normal
KIDNEYS - Normal BOWEL, MESENTERY, OMENTUM - Rectum as described.
Rest nil significant FLUID - nil
BLADDER - Minimally distended, normal
UTERUS - multiple fibroids, largest 15x13mm in the anterior wall
OVARIES - Nil significant
INGUINAL ORIFICES - Nil significant
ABDOMINAL WALL - Divarication of rectus noted.
BLOOD VESSELS -Nil significant
VISUALISED LUNG BASES -Nil significant
VISUALISED BONES -Nil significant
IMPRESSION: 70 year old lady with carcinoma rectum, post treatment on follow up, MRI shows
1. Residual circumferential thickening of the low rectum, extending to anorectal junction with T2
intermediate signal intensity and small focus of restricted diffusion CRM =0 EMVI - nil
2.No significant lymphadenopathy.
No significant change from previous MRI dated Feb 2023.
Suggest clinical evaluation and close follow up.
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Structured Report Example

{
"report_type": "MRI",
"bio": {

"age": "70",
"gender": "Female"

},
"mri_numeric": {

"current_length_of_tumour": "15 mm",
"distance_from_anal_verge": "Not Mentioned",
"distance_from_anorectal_junction": "0 mm",
"extramural_spread_size": "2.4 mm",
"mr_crm_distance": "0 mm",
"number_of_mesorectal_nodes": "Nil Significant",
"internal_iliac_nodes": "Nil Significant",
"size_of_obturator_nodes": "Not Mentioned",
"size_of_inguinal": "Nil Significant",
"size_of_external_iliac": "Nil Significant",
"size_of_common_iliac": "Not Mentioned",
"size_of_para_aortic": "Nil Significant"

},
"mri_stage": {

"is_first_mri_report": "No",
"is_restaging_mri_report": "Yes",
"is_mri_report_after_neoadjuvant": "Not Mentioned",
"is_post_treatment_mri_report": "Yes",
"is_post_operative_mri": "Not Mentioned"

},
"location_of_the_tumour: low"
"t2_signal_intensity": "Intermediate",
"dwi": "Restricted diffusion",
"morphology": "Not Mentioned",
"post_treatment_change": {

"is_thick_t2_hypointense_band": "Not Mentioned",
"is_thin_t2_hypointense_band": "Not Mentioned",
"is_residual_tumor_as_first_mri": "Not Mentioned",
"is_mucin_reaction_t2_hyper_hypo_post_treatment": "Not Mentioned"

},
"rectal_perforation": {

"obstruction": "Not Mentioned",
"perforation": "Not Mentioned"

},
"radial_extent": "Annular or Circumferential",
"crm_or_mrf_involvement": "Yes",
"emvi": "No",
"tumour_deposit": "Not Mentioned",
"is_t4a": "No",
"adjacent_structures_t4b": {

"female": {
"uterus": "No",
"vagina": "No",
"ovaries": "No"

},
"male": {

"prostate": "Not Applicable",
"seminal_vesicles": "Not Applicable"

},
"male_and_female": {

"levator_ani": "Not Mentioned",
"puborectalis": "No",
"piriformis": "Not Mentioned",
"obturator_internus": "Not Mentioned",
"obturator_externus": "Not Mentioned"

}
},
"anal_sphincter_complex": {

"internal_sphincter": "No",
"t4b": {

"external_sphincter": "No",
"inter_sphincteric_plane": "No",
"ischiorectal_foss": "No",
"fistula_in_ano": "No"

}
},
"t_stage": "T3b",
"n_stage": "N0",
"m_stage": "M0",
"mr_trg": "MR TRG 2",
"response": "Near Complete"

}
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