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Abstract

Purpose: A decision support pathway for general practitioners (GPs) was explored through automated referral letter analy-
sis, with large language models’ (LLMs) diagnostic roles comprehensively evaluated. Methods: The in-context learning
performance of ChatGPT and GPT-4 for diagnostic decision support was evaluated using referral letters. Synthetic refer-
ral letters generated by ChatGPT addressed data scarcity, with distributional congruence quantified via Kullback-Leibler
divergence. Two fine-tuning frameworks were comparatively assessed: encoder-based pre-trained language models (PLMs)
for diagnostic classification, and decoder-based LLMs adapted to multiple-choice question-answering paradigms. Results:
GPT-4 showed suboptimal few-shot accuracy (0.544). Synthetic letters demonstrated high fidelity (KL-divergence<0.05).
Encoder-based PLMs consistently outperformed decoder-based LLMs when fine-tuned with augmented data, with BERT
achieving 0.977 accuracy in mixed-train-collect-test protocols. Complementary F1 (0.9707) confirmed negligible diag-
nostic bias. Conclusion: LLMs exhibited insufficient diagnostic accuracy through both direct implementation (GPT-4
few-shot: 0.544) and fine-tuning approaches (accuracy 0.723), establishing fundamental limitations in clinical deployment.
Crucially, their text-generation capability was leveraged for structured data augmentation, producing synthetic referral
letters with high distributional fidelity (KL-divergence<0.05). This validated methodology enabled superior diagnostic
performance through encoder-based PLM fine-tuning, where BERT achieved near-clinical-utility accuracy (0.977) - dem-
onstrating 25.4% relative improvement over best-performing LLMs. Implementation pathways consequently prioritize this
hybrid framework: LLM-mediated data augmentation followed by resource-efficient PLM classifiers, currently undergoing
neurologist-piloted validation before multicenter expansion.
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1 Introduction

During the COVID-19 pandemic, England’s National
Health Service (NHS) faced considerable operational chal-
lenges. Secondary care capacity often struggled to accom-
modate GP-referred patients referred from GPs, leading to
prolonged wait times and occasional referral denials . As
the primary point of contact for patients, the efficiency of
GPs is vital for expediting healthcare processes and ensur-
ing prompt diagnosis and treatment. While GPs possess
general knowledge, they lack specialization. An artifi-
cial intelligence (Al)-enabled assistant could enhance GP
performance.

The digital transformation of healthcare has ushered in
Al-assisted diagnostic platforms such as Symptomate',
Patient’, HealthTap®, Ada*, and other dialogue systems
[1-4]. However, these systems are predominantly tailored
for patients rather than GPs. While referral letters from GPs
often encompass medical histories, clinical observations,
current symptoms, and initial diagnoses, they also contain
crucial information for diagnosis. However, the potential
of these letters in assisting in disease diagnosis remains
underexplored due to the challenges of labeling and anony-
mization. Henceforth, this study aims to employ the latest
artificial intelligence techniques to extract features by train-
ing on referral letters, thereby assisting GPs in augmenting
their diagnostic accuracy. To the best of our knowledge,
this investigation represents the inaugural attempt to lever-
age referral letters for supplementary diagnostic purposes.
In collaboration with the neurologists from the University
Hospital Dorset (UHD), a dataset of labeled referral letters
was assembled.

Due to the cost of labelling and anonymizing referral let-
ters, the dataset size is limited. It is necessary to augment
the data for downstream tasks. Existing methods include:
Easy Data Augmentation (EDA) [5], BERT [6], BART [7],
and CBERT [8]. These methods intensify the text’s diverse
representation. However, given that the representation and
semantics of the text are constrained, the efficacy of these
augmentation strategies may be limited. The advent of
LLMs, notably ChatGPT and GPT-4 [9], has demonstrated
profound capabilities across various domains. Drawing on
the methodologies of data augmentation [10, 11], Alpaca
[12] and ChatAug [13], this research harnesses the text
generation prowess of ChatGPT to augment the assem-
bled referral letters via prompt engineering, subsequently

! https://digital.nhs.uk/services/e-referral-service/reports-and-statistic
s/appointment-slot-issue-reports

2 https://symptomate.com/

3 https://patient.info/

4 https://ada.com/
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employing this dataset for downstream disease classifica-
tion fine-tuning tasks.

The efficacy of ChatGPT and GPT-4 has been validated
in common sense examinations like the USMLE [14] and
medical question-answering systems such as MultiMedQA
[15], where they exhibited remarkable performance [16].
Additionally, their competence in Name-Entity-Extrac-
tion (NER) tasks on the NCBI [17] and BC5CDR [18]
datasets, as well as Relation Extraction (RE) tasks on
GAD [19] and EU-ADR [20], has been evaluated, reveal-
ing unsatisfied results. Also, LLM platforms such as Can-
cerGPT [21], Med-PaLM [15], and SynerGPT [22] have
demonstrated potential in specialized medical domains.
However, their efficacy in authentic clinical contexts for
aiding GPs is yet to be established. Similarly, the poten-
tial of fine-tuning open-source LLMs such as LIaMA [23],
Alpaca [12], GLM [24] for disease classification has not
been investigated.

The primary goal of this study is to develop and validate
a solution that supports GP in making accurate and profes-
sional diagnostic decisions using referral letters. In addition,
the research aims to evaluate the effectiveness of LLM in
aiding in disease diagnosis. The source code for this project
is accessible at https://github.com/ruibin-wang/solution-ass
isting-GPs.git. The key contributions of this research can be
summarized as follows.

e Evaluate the performance of LLMs, such as ChatGPT
and GPT-4, in zero-shot, one-shot, and few-shot disease
prediction tasks.

e Propose a data augmentation strategy using ChatGPT to
overcome dataset limitations.

e Compare fine-tuning approaches for disease classifica-
tion, including encoder-based PLMs and decoder-based
LLMs.

e A recommended pathway involves utilizing ChatGPT
for data augmentation, subsequently training encoder-
based PLMs, and ultimately deploying the models to aid
GPs in decision-making.

To the best of our knowledge, this is the first study to sys-
tematically explore the use of referral letters for Al-assisted
GP decision support.

2 Method

The primary objective of this study is to find a solution that
aids GPs in diagnostic decision-making accurately and pro-
fessionally using referral letters, and to validate the efficacy
of LLMs in disease diagnosis. To achieve this, we address
three key research questions:


https://digital.nhs.uk/services/e-referral-service/reports-and-statistics/appointment-slot-issue-reports
https://digital.nhs.uk/services/e-referral-service/reports-and-statistics/appointment-slot-issue-reports
https://symptomate.com/
https://patient.info/
https://ada.com/
https://github.com/ruibin-wang/solution-assisting-GPs.git
https://github.com/ruibin-wang/solution-assisting-GPs.git
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e How effective are ChatGPT and GPT-4 in diagnosing
diseases from referral letters using in-context learning?

e (Can ChatGPT-generated synthetic data improve the per-
formance of downstream disease classification tasks?

e Which fine-tuning strategy—encoder-based PLMs or
decoder-based LLMs—performs better in classifying dis-
eases from referral letters?

This section details our methodology, including: Data
sources and preprocessing, in-context learning evaluation
of ChatGPT and GPT-4, data augmentation using ChatGPT
and fine-tuning strategies for disease classification.

2.1 Data sources

In collaboration with UHD Trust consultant neurologists, we
collected a series of referral letters initially assessed by GPs
and subsequently validated through specialist consultations -
a two-stage diagnostic approach that mitigates potential bias
from preliminary GP evaluations. Individual consent waived
for this retrospective analysis of fully anonymized data. Fol-
lowing rigorous quality control, 439 unique cases representing
17 distinct neurological conditions were selected based on: (1)
complete GP referral documentation; (2) specialist-confirmed
neurological diagnoses. Exclusion criteria comprised referrals
with insufficient clinical detail, non-neurological/inconclusive
diagnoses, and duplicate episodes. Diagnostic labeling utilized
ICD-10 codes (e.g., R56.9, M54.5, G40.3, G43.9) to ensure
internationally standardized disease categorization and statis-
tical comparability, with final codes assigned by consultant
neurologists (multidisciplinary team consensus for complex
cases). Patient privacy was protected through full anony-
mization (removal of names, addresses, NHS numbers, exact
DOBs) and redaction of identifiable free-text details.

The developed methodology leverages structured GP
referrals and specialist-validated ICD-10 labels with inher-
ent scalability: while trained/validated on this dataset, the
core framework can be adapted to larger, multi-institutional
datasets upon demonstrated effectiveness. This future exten-
sion is central to enhancing model robustness and broad
applicability across diverse clinical settings. A representa-
tive anonymized referral letter (Appendix A) illustrates GP
assessments alongside neurologist-coded diagnoses, while
Table 1 details the distribution of 17 neurological conditions.

2.2 In-context learning for disease diagnosis using
ChatGPT and GPT-4

The performance of ChatGPT and GPT-4, particularly in
in-context learning and logical reasoning, is notably out-
standing. This research employs two methodologies: direct
diagnosis and a multiple-choice question-answering (QA)

Table 1 Case number for the 17 diseases

Disease name Number
A41.9 - Sepsis, unspecified organism 16
G35 - Multiple sclerosis 34
G40.3 - Generalised idiopathic epilepsy and epileptic 18
syndromes

G40.9 - Epilepsy, unspecified 20
G43.9 - Migraine, unspecified 35
G61.0 - Guillain-Barre syndrome 17
160.9 - Nontraumatic subarachnoid hemorrhage, 12
unspecified

163.9 - Cerebral infarction, unspecified 30
J18.9 - Pneumonia, unspecified organism 13
J69.0 - Pneumonitis due to inhalation of food and vomit 12
M54.5 - Low back pain 9
N39.0 - Urinary tract infection, site not specified 15

R29.8 - Other symptoms and signs involving the nervous 24
and musculoskeletal systems

R41.0 - Disorientation, unspecified 11
R51 - Headache 50
RS55 - Syncope and collapse 36
R56.9 - Unspecified convulsions 87

approach to evaluate their performance in disease diagnosis
based on referral letters to assist GPs.

2.2.1 Direct diagnosis

This section evaluates the effectiveness of the GPT model in
direct diagnosis using two prompt engineering approaches:
zero-shot and one-shot methods. “Direct diagnosis"
involves predicting the name of a disease or the ICD-10
code from a referral letter. Let r; € R represent referral let-
ters (¢ =1,...,n), and d; € D denote the diagnosed dis-
eases (j = 1,...,m). A key instruction, “Instruct = Please
provide only the ICD-10 code or official disease name from
the referral letter,” was designed to ensure concise, accurate
responses by limiting unnecessary output. This format sup-
ports clear comparison with actual diagnoses d; and reflects
clinical needs for precision. The prompt was used consistently
as a system message before the input presentation. The pre-
dicted diagnosis for each r; is denoted as p;, and the model
used-referred to as GPT—includes both ChatGPT and GPT-4.
Details on input formulations are provided in Appendix B.
Zero-shot and one-shot approaches were employed to
evaluate LLMs’ diagnostic accuracy without task-specific
training or fine-tuning, motivated by their demonstrable
general capabilities. Zero-shot evaluation specifically
assesses the inherent diagnostic capability of models with-
out examples, particularly relevant for novel clinical sce-
narios that lack training data. Simultaneously, one-shot
evaluation examines the capacity for rapid adaptation from
minimal demonstration data, a critical feature for practical
deployment in resource-constrained clinical environments.

@ Springer
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In the zero-shot process, the out-of-the-box capability of the
GPT model is demonstrated through direct prediction of dis-
ease labels from referral letters without requiring annotated
training data, which is defined as

p; = GPT (Instruct,r;). (1)

A one-shot process occurs when a model learns to recognize
a new category or task by using only one example. The one-
shot process is defined as follows.

pi = GPT (Instruct,example, ;) 2

where the example is a pair consisting of an authentic refer-
ral letter and its corresponding diagnostic outcome, which
can be found in Appendix B and is defined as:

example = [ry, d;]. 3)

The prediction accuracy is used as a metric, which is defined as:

acc = —sum(fipi, 4)) , 4)

1 ifp; = d;
Py ={ § i )

Furthermore, based on previous findings that symptoms
significantly influence the accuracy of the prediction in
decoder-based PLM classification of referral letters [25],
this study evaluates whether the association of extracted
symptoms improves the diagnostic accuracy in ChatGPT
and GPT-4. Symptoms sj, extracted from r; using the IBM
Clinical Annotator tool were integrated with original referral
text using the “[SEP]” delimiter. This symptom-associated
referral letter, denoted as 7,m,, was employed to substitute
r; in the diagnostic process, structured as:

Tsymp = Ti[SEP]s1[SEP]sy...[SEP]sy, (6)

The integration aims to amplify key diagnostic signals and
provide structured input for the GPT models, explicitly
testing whether symptom augmentation enhances accuracy
compared to using r; alone. The input format is demon-
strated in the “one-shot-symp” row of Appendix B, where
extracted symptoms are highlighted in red.

2.2.2 Multiple-choice question and answering
To ensure reliable evaluation given the deterministic nature

of disease diagnosis and the potential for uncontrolled, ver-
bose outputs from generative models like ChatGPT and

@ Springer

GPT-4, this paper complemented the direct diagnosis approach
with a multiple-choice QA method. This constrained format
presents the model with the referral letter, a clear diagnostic
question, and a fixed set of possible disease options (includ-
ing the true diagnosis d; and A — () common distractors).
The model is instructed to output only the corresponding
option letter (e.g., options A, B, C,...,Q). This approach forces
the model to focus solely on selecting the correct diagnosis
from the provided choices and guarantees unambiguous, eas-
ily evaluable outputs, significantly simplifying and robustify-
ing the accuracy assessment compared to parsing open-ended
generation. (Example prompts in Appendix C).
The zero-shot process:

opt; = GPT (Definition,r;, [question, optionset]) 7

The one/few-shot process:

opt; = GPT(Definition,
[Tk, question, optionget, d;] few, (8)

[ri, question, optionget])
Where:

— Definition is phased as “For this task, we request that you
make a diagnosis by examining the provided referral letter.”

— optionge represents the set of disease name options.

— opt; denotes the predicted choice within option ;.

— The variables GPT, r;, and d; are consistent with the
parameters defined in the direct diagnosis method.

— question serves as the directive for the model’s output.

For illustrative purposes, an example of a multiple-choice
QA prompt is provided in Appendix C. It is noteworthy that,
for the few-shot process, five samples were chosen to help
the GPT model understand the paradigm of the prediction
task. And to make Appendix C more clear, the samples asso-
ciated with the one-shot and few-shot processes have been
designated with the colour blue. This deliberate distinction
serves to differentiate these samples from the reference let-
ter employed for prediction purposes.

2.3 Data augmentation

As highlighted in Section 1, the labor-intensive and expen-
sive nature of labeling and anonymizing referral letters pres-
ents significant challenges, resulting in limited availability of
public clinical text datasets. Through collaboration with neu-
rologists at UHD, a labeled referral letter dataset was com-
piled (Table 1). However, the dataset size was considered
insufficient for downstream neural network training, and
an imbalanced distribution of disease cases was observed,
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potentially compromising efficacy for subsequent tasks.
Inspired by methodologies described in ChatAug [13], Alpaca
[12], and ZeroShotDataAug [26], a dataset augmentation
approach was implemented leveraging ChatGPT’s prompted
text generation capabilities, which demonstrated performance
improvements in downstream disease classification tasks.

Augmentation methodology Let D denote disease names
and R represent referral letters. Few-shot text generation
capabilities of ChatGPT were employed to produce an
augmented dataset R, (Algorithm 1). Two parameters
controlled the process: data,,,, (total instances gener-
ated) and perturn,,,, (instances generated per API call).
Due to observed latency in ChatGPT’s API responses,
Perturnp,m = 2 was empirically determined to optimize
throughput. The procedure is illustrated in Fig. 1.a, where
the prompt module corresponds to Algorithm 1.

APl implementation details As shown in Algorithm 1, the
prompt construction and model invocation procedure entailed
concatenating three core components: a predefined instruction
template Instruct, the target disease designation disease,qame,
and two clinically authentic referral letter exemplars. Specifi-
cally, the instruction string was programmatically merged with
the disease identifier, followed by the sequential insertion of the
reference letters labeled as "Referral letter 0" and "Referral let-
ter 1". This composite prompt structure, integrating pedagogical
guidance with domain-specific exemplars, was then submitted
to ChatGPT’s inference API. API responses gpt,sp, gener-
ated through this carefully engineered prompt,were parsed to
extract generated text while stripping conversational artifacts.

Limitations and mitigation Important limitations associated
with synthetic text generation warrant consideration, includ-
ing potential propagation of biases present in base examples or

model training data, possible emergence of repetitive syntactic
patterns across generated samples, and risks of overfitting when
downstream models train extensively on augmented data. To
mitigate these concerns, maximum variation prompting using
diverse anchor samples was implemented, generated samples
underwent distributional similarity checks against original data,
and downstream model regularization techniques such as drop-
out and weight decay were employed during fine-tuning.

Algorithm 1 The framework of using ChatGPT to augment referral
letter dataset.

1: Input: Disease name set D, Referral letter R which contains the

paired referral letter Ryeferral and its corresponding disease name
Ryisease- R = {R'} = {[Rigpoprarr R 1} where i = 1,...,m
represents the number of diseases

i
disease

2: Initialization: Initialize chatgpt-3.5 API key, the generated dataset
Raug = [l

3: Parameters: datay,, is the total number of generated referral let-
ters, perturny,, isthe number of generated referral letters per-turn.
Instruct = “You are a medical text generator, based on the follow-
ing examples, please generate " + str(perturn,,,, )+ referral letters
for patients diagnosed with the disease "

4: for each disease,gme in D do

5: for turn in 0 to datayyy, / perturn,,, do

6: 7 dreferral = random(Ryeferral, 2) when diseasename = Raisease

7. prompt = Instruct + disease,qme + “Referral letter 0: " +
rdreferral [0] + “Referral letter 1" + rdyeferral[ 1]

8: gPtresp = ChatGPT(prompt)

9: Raug = Raug U [gPtresp s diseasename]

10: end for

11: end for

2.4 Embedding visualisation and evaluation

This section presents a visualisation of both the augmented
dataset and the originally collected dataset within a shared

Collected dataset A4L9 |
: _ % G35 |
E : | BERV/ 153 £ 6403 |
; : i | BioBERT = S G40.9 !
: : i v /
i RS6.9 |
| prompt | | b) BERY/BioBERTfinetuning T
Augmented | | @_ i I — :
: dataset | | ' : ; Al
l ! | 1| Pretrained '
I i ! oo¥| weight B i
; ; | | ‘!
: v | Data i| ¢ !
! : » Lo ' D!
' ; 'l Format i = :
i ChatGPT ; i ~ : al
i a) Data augmentation ! ! ¢) LLM fine-tuning {-._. um :

Fig. 1 Flowchart of data augmentation and downstream fine-tuning
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embedding space, with the objective of determining the dis-
tributional proximity between synthetically generated and
authentic referral letters. For embedding the referral letters,
the BioBERT [27] model is employed, specifically selected
for its domain-specific pre-training on extensive biomedical
literature including PubMed abstracts and PubMed Central
full-text articles. This specialized architecture demonstrates
enhanced capability in capturing clinical semantics and
ontological relationships inherent in medical documenta-
tion, thereby providing clinically relevant embeddings.
The embedding ¢(r) of a given referral letter r is formally
defined as:
¢(r) = BioBERT(r) 9
where ¢(r) corresponds to the contextual representation of
the [CLS] token extracted from the final transformer layer.
Prior to assessing the similarity between a generated refer-
ral letter and its corresponding actual referral letter for a spe-
cific disease, a formal definition is introduced. Analogous to
the description in Section 2.3, the dataset of collected refer-
ral letters is denoted as R = {R'} = {[R!

where:=1,...,
each R!

iscasel}
referral’ ~Vdisease
m represents the number of diseases. For

Ve ferral = 173} Where j = 1...n; denotes the num-

ber of referral letters corresponding to disease i. Similarly,
the augmented dataset is represented as Ryug = { R0, }

} for

j=1,...,n, 4 corresponds to the number of augmented

for i=1,...,m, and for each R!,

gz{auq

referral letters for disease i. To quantitatively evaluate dis-
tributional alignment, Kullback-Leibler (KL) divergence
is adopted [28]. This information-theoretic metric mea-
sures the information loss when approximating the true
distribution Pyea1(r|d;) of disease-specific referral let-
ters using the synthetic distribution Pyen(raug|di) [29].
Formally:

P, en(x)
Pyen(x)lo _gemil
w;( & & Proal() Preal(aj)

DKL(Pgen || Preal (10)

where X" denotes the embedding space. Reduced KL values
indicate enhanced distributional congruence, signifying that
synthetic letters preserve statistical properties of authentic
medical documentation. This metric provides quality veri-
fication at the distribution level, which is fundamental to
ensuring clinical validity in downstream applications. Algo-
rithm 2 implements the empirical computation, in which
the resultant S;- quantifies the divergence per sample, with

values asymptotically approaching zero confirming that
synthetic referral letters reside within the characteristic

@ Springer

manifold of genuine medical text while preserving clini-
cally significant correlations.

Algorithm 2 Distributional ~Similarity Measurement via KL

Divergence.
Require: Real dataset R' = {r{,...,r; }, Synthetic dataset R}, =
{r‘:\ug(l)’ R rzllug(k)}

Ensure: Similarity vector §' € R*

1: Initialize BioBERT encoder 9() with clinical-domain weights [27]
2: for each synthetic sample 7, () € Raug do

3:  Compute empirical dlvergence metric:

S; = |R, Z‘f’(’aug<j>)<1°g¢(’augm) 1°g¢(’k)>
r/(GR’

> Monte Carlo approximation of Dk (Pgen || Preal)
4: end for

2.5 Disease classification task

To identify the optimal solution for aiding GPs with referral
letters, this section introduces several methods leveraging
the augmented dataset. Concurrently, to assess the efficacy
of fine-tuning LLMs on free-text-based disease classifica-
tion, two distinct mechanisms are proposed: the encoder-
based PLMs fine-tuning and the LLMs fine-tuning. The
flowchart of the two mechanisms can be found in Fig. 1.b
and .c.

2.5.1 Encoder-based PLMs Fine-tuning

Leveraging encoder-based PLMs’ (BERT [6] and BioBERT)
prominence in text embeddings, this paper train it with the
augmented data, targeting at interpreting referral letters to
support GP’s decision making. Encoder-based PLMs are
primarily pre-trained to minimize the cross-entropy loss:

m Maug

L(d,p) ==Y dj-log(p}) (11)

i=1 j=1

Tokens integrate both token and positional embeddings:

hl =

J aug( j)

We + W, (12)

where W, is the token embedding matrix, W), is the posi-
tion embedding matrix and hi- is the tokenized vector for

wug(j)- The encoder-based PLMs, namely BERT

and BioBERT, are then employed to extract the embedding
features from the input referral letters:

the input r*
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H; = encodermodel(h;) (13)
Finally, a linear classifier with Softmax activation computes
the disease distribution for input 7 0G):

p;- = Softmax(Linear(H;)) (14)

2.5.2 LLM fine-tuning

Before LLM fine-tuning, a data format module (as shown
in Fig. l.c) that reformats the augmented dataset into a
multiple-choice QA format was employed. In this section,
disease prediction categories are input choices, aiming to

predict the right option. Each rfw 9(5) in Ryy4 consists of

K tokens: = {s1, $2,..., Sk }. Fine-tuning the LLM

aug(j) —
seeks to maximize:

K
L(rfwg(j)) = ZlogP(sk | s1,82,...,8K-1;0) (15)
k=1

where 6 denotes the trainable parameters of the LLM.
Tokens are then represented as:

i i
hj—raug

G) We + W, (16)
with W, and W), defined as the same in the “Encoder-based
PLMs Fine-tuning" section. The subsequent transformation
is:

H} = LLM(h}) (17)

As low-rank adaptation (LoRA) [30] and parameter-efficient
fine tuning (PEFT) [31] techniques significantly reduce compu-
tational and storage requirements by fine-tuning only a minimal
subset of parameters (typically < 1% of the model), enabling
efficient adaptation even on hardware with limited resources.
Crucially, these methods retain the integrity of pre-trained
knowledge to prevent catastrophic forgetting while facilitating
streamlined adaptation to multiple downstream tasks through
modular weight updates or task-specific adapters. Therefore, this
paper adopts PEFT supported LoRA to efficiently fine-tune the
LLMs on referral letters. Considering computational constraints,
this study utilized LlaMa-7B and LlaMa-13B for disease classi-
fication. As depicted in Fig. 1.c, for a pre-trained model’s param-
eter matrix Wy € R¥*k AW € R4** denotes the fine-tuned
parameters. Given AW ’s low dimension, it is expressed as:

Wo + AW = Wy + BA (18)

Here, B and A are low-rank trainable matrices, with
rank(A), rank(B) < min(d, k), improving efficiency and
memory usage. The forward pass H} = Woh} in the LLM

becomes:

Hj = Woh) + AWR} = Woh!, + BAR) (19)

The target token prediction uses the linear matrix W7 as:

si = Softmax(H;W,) (20)

3 Experiments and results

This section presents the experimental setups based on the
methods from Section 2. Both direct and multiple-choice
QA methods for disease diagnosis were evaluated using
ChatGPT and GPT-4 in conjunction with referral letters.
The data augmentation is explored using ChatGPT and
analyzed the embeddings of the augmented versus origi-
nal referral letters. The fine-tuning process for encoder-
based PLMs and LLMs using our augmented dataset is also
presented.

3.1 Hardware configuration

The experiments were conducted on a system equipped
with Ubuntu 20.04.4 LTS, 128GB of system RAM, and
dual NVIDIA RTX A5000 GPUs, each providing 24GB of
usable memory. The system’s CPU, an AMD Threadrip-
per 3975WX, features 32 cores and 64 threads. This hard-
ware configuration, particularly the dual-GPU setup, was
selected to meet the significant memory demands inherent
in processing Llama-7B model. Loading this model alone
for inference, even under a parameter-efficient fine-tuning
approach Like LoRA, requires at least 24GB of GPU mem-
ory per instance, exclusive of the additional overhead asso-
ciated with processing input data embeddings. Given the
aggregate memory requirement exceeding 24GB per GPU
instance and considering the available hardware resources
within our laboratory, employing dual RTX A5000 GPUs
offered the optimal balance of sufficient memory capacity
(48GB aggregate) and computational capability for this
large-scale model experimentation.

3.2 Baselines methods

This paper utilized multiple models for disease diagnosis
via free-text referral letters from GPs.

@ Springer
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ChatGPT and GPT-4 LLMs developed by OpenAl, acces-
sible exclusively via APL.

BERT BERT is the encoder module of the transformer and
is pre-trained on a massive text corpus. Specifically, the
“bert-base-cased" model was adopted, featuring 12 layers,
768 units, 12 attention heads, and a total of 110 million
parameters.

BioBERT A BERT adaptation for biomedical texts, BioB-
ERT is pretrained on vast biomedical corpora. It often
outperforms standard BERT in biomedical tasks due to its
domain-specific expertise. This paper chose “biobert-base-
cased-v1.2", with the same specifications to BERT.

LlaMa Presented by Meta Al, LlaMa is trained on 1 trillion
tokens derived from open-access sources. The selection of
LlaMa-7B and LlaMa-13B was influenced by the available
hardware specifications. It is worth mentioning that, due to the
restrictions on hardware and budget limitations, the experiment
with LlaMa-13B was only evaluated with the 500-case dataset.

3.3 Experiment design and results

The aims of this paper are to assist GPs in decision-making
with referral letters and validate LLMs for disease classifi-
cation. We used in-context learning diagnostics for Chat-
GPT and GPT-4, based on 439 collected referral letters,
applied data augmentation, and fine-tuned PLMs. Detailed
experiments and results are in the following section.

3.3.1 In-context learning for disease diagnosis using
ChatGPT and GPT-4

Direct diagnosis on ChatGPT and GPT-4 The diagnostic
capabilities of ChatGPT and GPT-4 were evaluated using
clinical referral letters with zero-shot and one-shot prompts
based on Appendix A. Symptom information was incorpo-
rated into the prompts to assess its impact. Diagnostic accu-
racy with in-context learning is shown in Table 2, where
zero-shot-symp and one-shot-symp columns indicate accu-
racy with symptom-inclusive prompts.

Analysis of Table 2 yields the following insights:

1) One-shot accuracy exhibited a 21.5% increase over
zero-shot for ChatGPT, compared to 9.1% for GPT-4,
indicating sample integration enhances performance.

2) By integrating symptoms into the prompt, zero-shot
accuracy increased by 0.2% for ChatGPT and 2.5%
for GPT-4. In the one-shot phase, ChatGPT’s accuracy
rose by 1.1%, whereas GPT-4’s increased by 0.2%.
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Table 2 The accuracy of direct diagnosis on ChatGPT and GPT-4

Model zero-shot  zero-shot-symp  one-shot one-shot-symp
ChatGPT 0.118 0.120 0.333 0.344
GPT4 0.203 0.228 0.294 0.296

Table 3 Accuracy of multiple-choice QA disease prediction

Model zero-shot one-shot Few-shot
ChatGPT 0.141 0.355 0.405
GPT-4 0.100 0.394 0.544

Integrating symptoms into the prompt enhances predic-
tion accuracy, albeit marginally.

Multiple-choice question and answering on ChatGPT and
GPT-4 In this section, the GP disease diagnosis was restruc-
tured into a multiple-choice QA format, using disease cat-
egories as answer options. Following the descriptions in the
Section 2, the prompt from Appendix C was adopted, and the
results are presented in Table 3.

Table 3, compared to direct diagnosis in Table 2, shows a
2.3% improvement in zero-shot prompt precision for Chat-
GPT and a 10.3% decrease for GPT-4. The prompt accu-
racy for one-shot increases by 2. 2% for ChatGPT and 10%
for GPT-4. In addition, Table 3 highlights the enhanced pre-
diction accuracy of the few-shot prompt for both models.

In particular, even the highest accuracy achieved (GPT-
4: 0.544) is still not reliable for clinical use. In practice,
a precision of more than 90% is generally required for a
diagnostic tool to be considered useful. This limitation is
due to inconsistent reasoning and poor understanding of
disease relationships in general-purpose LLMs like Chat-
GPT and GPT-4. Further experiments show that closing
these diagnostic gaps requires fine-tuning or pre-training
with specialized healthcare data, which can lead to clini-
cally acceptable performance.

3.3.2 Data augmentation

To augment the dataset, Algorithm 1 was utilized, generating
datasets of 100, 200, and 500 cases per disease. These sub-
sets were subsequently amalgamated into a composite 800-
case dataset. The BioBERT encoder was employed to derive
embedding representations for each referral letter. A visual-
ization of both collected and generated referral letters within
the same embedding space is presented in Fig. 2. In this repre-
sentation, blue points denote embeddings derived from actual
clinical referral letters, while orange points signify those
from the augmented data. Although several orange points
are distributed peripherally, a predominant central cluster-
ing is observed, indicating a high degree of representational
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Fig. 2 Visualization of referral let-
ters in the embedding space ¢
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congruence. This spatial alignment corroborates the suit-
ability of the generated data for augmentation purposes.
Further quantitative validation was performed using Algo-
rithm 2, which assessed the similarity between generated and
collected referral letters. The resulting KL divergence values,
depicted as a boxplot in Fig. 3, demonstrate divergence val-
ues predominantly below 0.05 for most diseases, providing
statistical evidence for the semantic proximity between gen-
erated and authentic letters. This high degree of similarity is
anticipated to enhance the learning efficacy in subsequent
data-intensive deep learning applications. Additionally, the
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presence of outliers for each disease, as evident in the box-
plot, introduces valuable distributional variation that can
positively contribute to model generalizability. However,
tight concentration near the 0.05 threshold suggests potential
latent overfitting risks in downstream tasks, necessitating
deliberate regularization strategies during fine-tuning. This
risk mitigation strategy was integrated into the subsequent
experimental design detailed in Section 3.3.3 (“Fine-tuning
on the PLMs and LLMs") through dropout optimization and
validation metrics monitoring. The results shown in Fig. 4
confirm that no significant overfitting occurred.

-

+..... -
=

11—
;_IHM‘W.., oo

+.. -
+.......... o
+. -

M J69.0
HR208 M Mms45 MJ189

Fig. 3 Kullback—Leibler divergence between generated referral letters and collected referral letters

@ Springer



150 Page 10 of 18

R. Wang et al.

Accuracy

Accuracy

R~ — - - - - - -—-—----—--------—------—---—------—----—-—---—--—-—----—-—-------------on
| “mixed” setup for BERT E
i 160.9 0 0000 00O0O0OOGO0O0O0 0 0 !
| 070 1.0 G35- 0 © 00000 O0O0OGO0O0O0O0 0O !
! RSS- 0 0 0 0 000 0O0O0UO0O0GO0O0O0O0 00 1
i Rs69-0 0 1o o 0 0 0 0 0 0 0 0 0 0 2 |
i 08 G439-0 0 0 000000001 10 !
| 0.65 G610-0 0 o o ofgfMo o o 0o 0 0 0 0 0 O O 80 !
! R298-0 0 0 0 0 0 000000001 E
! —— Training loss 06 gow3-0 0 00 0o offfo o o0 40000 !
I @060 —— Validation accuracy | JRra0-0 0 0 0 0 0 0 0 mﬁ 0 00 00 00 fe0 |
1S —— Training accuracy 2A9-0 0 0 0 1 0 0 0 0 0000 0 00 !
| —— Vvalidation loss RS1-0 0 0 0 0 1 0 0 0 oo 1 0 0 0 0 !
! 0.4 G49-0 0 0 0 0 0 0 0 0 1 ofFo o o o o oy
' 0.55 N390-0 3 0 0 0 0 0 0 0 o 0o ofgfo o 1 o |
| 163.9-0 0 0 0 0 0 0 0 0 0 0 o oo oo !
' 02 690-0 0 0 0 2 1 100 10 0 0 oo o 20 !
| 0.50 Ms45-0 0 0 1 0 0 0 0 0 0 o o o o oo !
| meco o oo o000 o o0
i 2B 8232322283323 33 i
i 0 20 40 60 80 100 120 140 g8 235333833 ?2gg88g= !
i Epochs Predicted Label |
| a) Learning Curves b) Confusion Matrix !
|

e
! “mixed-train-collect-test” setup for BERT '
i 609-6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 O 40 |
| 0.70 10 Gs-0ffl o o o 0 0 0 00 000 00 0O !
! Rss-0 ol o o o 0 0 0 0 0 0 0 0 0 0 0O ECR
! RS6.9- 0 0 1 0000 00O0O0GO0COO0 O 1 1
! 065 08 G439-0 0 0 oo 0 0 0 0 0 0 0 0 0 0 O 0 |
| . G610-0 0 0 0 0 9 0 0 0 0 0 0 0 0 0 0 0 !
! R29.8-0 0 0 0 0 012 0 0 0 0 0 0 0 0 0 0 s
! —— Training loss Fo03-0 0 0 00 0 0f@0o 00010000 '
} a 0.60 —— Vvalidation accuracy [ 0.6 SR40-0 0 0 0 00006000 O0DO0O0 OO 20 |
} S —— Training accuracy 2A19-0 0 0 0 0 0 0 0 0 8 0 0 0 0 0 0 O |
H —— validation loss Rs1-0 0 0 0 0 0 0o 0 o oo o 0 0 0 o0 15 !
! G409-0 0 0 0 0 0 0 0 0 0 0120 0 0 0 0 0 |
1 055 04 N390-0 1 0 0 0 0 0 0 0 0 0 0 7 0 0 O O 10 :
! 1639-0 0 0 0 0 0 0 0 0 0 0o o ofilo o o 1
| /690-0 0 0 0 0 0 0 0 0 0 0 0 0 0 6 0 0 " !
} 0.50 0.2 M545-0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5 O :
! 1189-0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 6 o |
| Siiiiiiiiiiiiiici |
| 0 20 40 60 80 100 120 140 g 0o = 238288 5% « §88¢s g = :
! Epochs Predicted Label i
| c) Learning Curves d) Confusion Matrix E
e |

Fig.4 Learning curves and confusion matrix of “mixed" and “mixed-train-collect-test" setups for BERT

3.3.3 Fine-tuning on the PLMs and LLMs

In this section, experiments were conducted on: 1) super-
vised fine-tuning using BERT and BioBERT, and 2) multiple-
choice QA predictions using the LLMs. For PLMs (BERT/
BioBERT), the model was trained for 100 epochs using the
Adam optimizer with a learning rate of 1e-6 and a batch size
of 8, with dropout set to 0.5. The dataset was split in a 3:1:1
ratio for training, test, and validation, respectively, translating
to approximately 60% of the data for training and the remain-
ing 40% equally divided between test and validation in the
100-case experiment. In contrast, LLMs (LlaMa-7B/13B)
used the Adam optimizer with a higher learning rate of le-4, a
batch size of 1, and leveraged LoRA adaptation (rank r=120),
resulting in 92.5% trainable parameters. Their data set used a
3:1 train / test split, where the size of the test set was scaled
with the volume of the data (for example, approximately 26%
for the 100-case experiments), without reference to an explicit
validation set. The effectiveness of both augmented and col-
lected data in downstream fine-tuning tasks was assessed, and
potential overfitting from a concentrated augmentation data-
set was explored through four experimental setups:

e mixed: This setup combines both the generated referral
letters and the actual collected referral letters. Both data
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types are randomly distributed across the training, test-
ing, and evaluation datasets. This design seeks to assess
model performance on the “mixed dataset" holistically,
setting aside concerns of overfitting.

e gen-train-collect-test: This approach utilises the entire

generated dataset for training the model, while the real
collected dataset serves the purpose of evaluation. This
paradigm specifically addresses the risk of data leakage by
ensuring the test set remains uncontaminated by synthetic
data, preventing knowledge boundary overlap within the
test distribution. The objective is to determine the influ-
ence of the augmented dataset on downstream fine-tuning
outcomes for both encoder- and decoder-based PLMs.

e mixed-train-collect-test: In this configuration, the train-

ing set consists of both generated and collected data,
while the testing set exclusively uses real collected data.
While it shares some similarities with the “gen-train-
collect-test" paradigm in its efforts to circumvent over-
fitting, it integrates real collected data into the training
set to bolster authentic knowledge transfer to the model.
This could potentially enhance accuracy in disease pre-
diction. Therefore, the outcomes from this paradigm are
mostly cared in the experiment and can serve as an in-
dicator of the quality of the generated dataset as well as
the performance of the fine-tuned model.
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e generation-only: This experimental design uses only the
generated data for training, testing, and evaluation. Intended
as a control setup, its design is aimed at quantifying the ex-
tent of overfitting attributable to data redundancy.

Training outcomes for both PLMs and LLMs are presented in
Table 4. Upon comparing and analysing the prediction accuracy
as presented in Table 4, the following observations are deduced:

Overall comparison For each model, when trained using datas-
ets of 100 cases, 200 cases, 500 cases, and 800 cases under each
experimental setup, it becomes evident that the incorporation of
generated data significantly enhances prediction accuracy. The
trend indicates that as the data scales from 100 cases for each dis-
ease to 500 cases, there is a substantial improvement in predictive
accuracy. Conversely, when this scale increases from 500 to 800
cases, the rate of improvement decelerates. 10 elucidate, during
the LlaMa-7B training under the mixed-train-collect-test experi-
ment, the accuracy surged by 0.63 when the dataset increased
from 100 to 500 cases. However; in the transition from 500 to 800
cases, the accuracy increased by only 0.059. This enhancement
suggests that data augmentation techniques exert a beneficial
effect on downstream disease classification tasks, and the result-
ing augmented dataset exhibits a substantial quantity.

In fields grappling with data sparsity, employing gener-
ation-based LLMs such as ChatGPT for data augmentation
proves effective and merits exploration. Nonetheless, it is
pivotal to acknowledge that the benefits of generated data
exhibit diminishing returns. Beyond a certain threshold of
generated data volume, the incremental improvements in
downstream classification accuracy become relatively mar-
ginal. Furthermore, Table 4 consistently shows that BERT
and BioBERT achieve higher classification accuracy than
the LlaMa-7B model across all evaluated data volumes
(100, 200, 500 and 800 cases). The primary explanation for
this performance difference resides in the inherent mismatch
between generative model architectures and discriminative
tasks. While LLMs fundamentally operate by predicting the
next token, classification necessitates precise differentiation
between predefined categories. Capturing linguistic rich-
ness is central to generation, whereas classification demands
exacting decision boundaries. Although the multiple-choice
QA format constrained potential outputs, the fundamental
discord between LLaMa's generative architecture and the
discriminative requirements of the classification task likely
imposed limitations on optimal performance. Consequently,
the experimental results substantiate that traditional fine-
tuning approaches, such as those employing BERT-based
models, remain preferable for computationally sensitive
scenarios requiring high-stakes decision-making with high
precision demands.

Comparison of four experiment setups 7o mitigate con-
cerns related to overfitting and bias arising from the aug-
mented dataset, this section establishes four experimental
configurations encompassing various combinations of
generated data and actual referral letters. The diminish-
ing returns in data augmentation manifest primarily when
available real referral letters are exhausted as generation
prompts. This depletion of heterogeneous patterns reduces
synthesized data diversity, yielding only marginal accuracy
gains beyond the 100-case threshold. Table 4 presents the
predictive accuracy of these setups across different mod-
els, revealing a consistent trend. Specifically, when the
training dataset for each disease exceeds 100 cases, the
predictive accuracy follows the order: mixed> genera-
tion—only > mixed—train—collect—test > gen—train—col-
lect—test. This performance gradient is attributable to
two factors: (1) the enhanced representational capacity
derived from the retention of authentic clinical patterns
in the “mixed"” configuration, and (2) the susceptibility of
validation sets containing synthetic samples to data leakage
artifacts, which inflate reported accuracy. Consequently,
subsequent analyses prioritize the “mixed-train-collect-
test" and "gen-train-collect-test" setups to ensure evalua-
tion integrity. This observed trend aligns with the design
principles elucidated in Section 3.3.3.

Table 4 Prediction accuracy of models on designed setups

Models Experiment 100 200 500 800 cases
setups cases cases cases

LlaMa-7B  mixed 0.459 0.717 0.881 0.905
mixed-train-  0.034 0.336 0.664 0.723
collect-test
generation- 0.334 0.673 0.871 0.905
only
gen-train- 0.200 0.228 0.524 0.592
collect-test

BERT mixed 0.902 0.963 0.974 0.981(F1:0.9805)
mixed-train-  0.800 0.864 0.923 0.977(F1:0.9707)
collect-test
generation-  0.918 0.957 0.977 -
only
gen-train- 0.727 0.785 0.874 0.877
collect-test

BioBERT  mixed 0.885 0.947 0.979 0.978

mixed-train-  0.782 0.841 0.968 0.973

collect-test
gen-train-
collect-test

0.710 0.802 0.894 0.932

LlaMa-13B mixed 0.873
mixed-train- 0.621
collect-test
generation- 0.864
only
gen-train- 0.526

collect-test
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Given that both “mixed" and “mixed-train-collect-test" setups
incorporate actual referral letters, their performance warrants
Jfocused attention. Consequently, Fig. 4 illustrates the performance
of these experimental setups on the BERT model, which demon-
strated the highest classification accuracy among the four setups
in the scenario involving 800 cases. Figure 4.a and (c) compre-
hensively visualize the learning dynamics encompassing training
loss, validation accuracy, training accuracy and validation loss
across epochs, while Fig. 4.b and (d) depict the corresponding
confusion matrices quantifying diagnostic category performance.

Figure 4.a illustrates the performance of the mixed setup,
depicting a noteworthy issue from epochs 0 to 20. During this
period, the validation loss consistently surpasses the training
loss, while the validation accuracy concurrently outperforms
the training accuracy. This anomaly is indicative of a potential

“data leakage" scenario, wherein certain generated data exhibit
notable similarities and are allocated to both the training and
validation datasets. Consequently, it is imperative to confine the
inclusion of generated data solely to the training dataset for this
disease classification task, mitigating the risk of data leakage".
Conversely, the performance of the mixed-train-collect-test”
setup, as depicted in Fig. 4.c, exhibits commendable perfor-
mance, as evidenced by the coherent trends observed in loss
and accuracy metrics for both training and validation datasets.
This alignment is further corroborated by the confusion matrix
presented in Fig. 4.d, which similarly indicated balanced cat-
egory performance without detectable systematic bias. These
collective observations suggest that the employed “mixed-train-
collect-test" methodology adheres to a reasonable dispatch
principle, yielding generated data of sufficiently high quality to
significantly enhance disease classification accuracy as the gen-
erated training dataset size increases. Furthermore, the absence
of systematic bias in both confusion matrices substantiates the
effectiveness of the overall methodology involving data augmen-
tation followed by fine-tuning of the encoder-based PLM. This
robustness is quantitatively reinforced by the primary outcomes
presented in Table 4, which include the F1 metric for this con-
Sfiguration. Consequently, the “mixed-train-collect-test" setup
proves valuable for assessing the performance of various mod-
els in subsequent discussions related to disease classification.

Comparison of BERT and BioBERT Excluding the “mixed”
and “generation-only" configurations due to concerns of
overfitting, analysis indicated that both BioBERT and BERT
achieve similar prediction accuracy levels in the “gen-train-
collect-test" and “‘mixed-train-collect-test" scenes, particu-
larly when considering datasets with fewer than 100 cases.
However, as the dataset size expands, BioBERT consistently
surpasses BERT in performance. This superior performance
can be attributed to the specialised training of BioBERT on
extensive medical datasets, which imparts more domain-
specific knowledge compared to BERTs broader, generalist
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training. Notably, within the “mixed-train-collect-test" con-
figuration, BERT achieves a prediction accuracy of 0.977,
marking the highest recorded result in this study.

Comparison between BERT/BioBERT and LlaMa-7B In evaluat-
ing the results of the “mixed-train-collect-test” and “gen-train-
collect-test” predictions, this study observed that encoder-based
PLMs such as BERT and BioBERT consistently outperformed
decoder-based LLMs in free-text classification tasks. This superi-
ority can be attributed to the fact that encoder-based models gen-
erate a probability distribution over a fixed category. Conversely,
the decoder-based model s output, in terms of length, format, and
other parameters, remains difficult to control. Even when dis-
ease categories are presented as options within the prompt text,
managing model outputs remains a challenge. Furthermore, the
hardware and training expenses associated with BERT/BioBERT
are substantially less than those of LLMs. Therefore, for text clas-
sification tasks involving fixed categories, encoder-based PLMs
appear to be a more efficient choice over LLMs.

Comparison of LlaMa-7B with LlaMa-13B Due to the dual
A5000 graphic cards, it is unable to execute the LlaMa-13B
model. Consequently, this study secured four A100 GPUs
and fine-tuned the model using a dataset of 500 cases. The
results indicate that the prediction accuracy of LlaMa-13B
closely mirrors that of LlaMa-7B, with minor deviations of
no more than 0.2 in any of the four experimental setups.

Comparison of LlaMa-7B with ChatGPT and GPT-4 Tuble 3
demonstrates that, among ChatGPT and GPT*4, the highest
predictive accuracy is achieved through the few-shot learning
approach of ChatGPT-4, resulting in an accuracy of 0.544.
Disregarding the potential impact of overfitting, the results of
LlaMa-7B in both the “mixed-train-collect-test" and “gen-train-
collect-test" experiments were 0.723 and 0.592, respectively.
These scores surpass those of GPT-4. Given the costs associated
with the GPT-4 API and concerns related to patient data privacy,
open-source LLM fine-tuning may present a more suitable alter-
native for downstream tasks reliant on patient data.

4 Limitations

The dataset was Limited to 17 neurological conditions from
a single UHD center, potentially introducing selection and
spectrum biases due to insufficient representation of rare
disorders or complex comorbidities. Consequently, pathway
generalizability requires validation across comprehensive,
multi-center datasets. Additionally, scaling fine-tuning to
LLMs exceeding 7B parameters was precluded by hard-
ware constraints, though encoder-based PLMs achieved
viable performance without computational augmentation.
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The feasibility of clinical deployment is currently under
pilot evaluation using a BioBERT data-augmented model
with selected neurologists; subsequent phases involving
expanded datasets/models depend on initial results.

5 Conclusion

In this research, optimal strategies for assisting GPs through
referral letter analysis were systematically investigated, with dual
objectives of establishing clinical decision pathways and evalu-
ating LLMs for disease classification. A novel in-context learn-
ing diagnostic framework was developed and validated using
439 anonymized referral letters, incorporating direct diagnosis
and multiple-choice QA paradigms. Results demonstrated that
the diagnostic accuracy of both ChatGPT and GPT-4 remained
clinically insufficient for real-world implementation, necessitating
alternative methodologies. To mitigate medical data scarcity con-
straints, structured data augmentation was implemented through
ChatGPT-generated synthetic text, followed by rigorous fine-tun-
ing of encoder-based PLMs (BERT/BioBERT) and decoder-based
LLMs (LlaMa-7B/13B). Experimental validation confirmed that
augmented data risks were effectively controlled via stratified sam-
pling and regularization techniques, ensuring robust classification
performance. The establishment of clinical translation pathways

Appendix A The examples of referral letters

Table 5 The examples of referral letters

is substantiated by three pivotal findings: encoder-based PLMs
consistently demonstrated superior performance over decoder-
based LLMs in referral letter-based diagnostic tasks, while BERT
delivered state-of-the-art classification accuracy (0.977) approach-
ing clinical utility thresholds, and F1(0.9707) & confusion matrix
analysis — confirmed absence of systematic diagnostic bias. This
evidential robustness demonstrates consistently balanced perfor-
mance across neurological categories, validating methodological
reliability. These collective outcomes define a deployable clinical
framework comprising three core components: LLM-mediated
data augmentation for specialized diagnostic applications, pri-
oritization of resource-efficient encoder-PLMs in real-time
decision support systems, and implementation of a staged vali-
dation protocol beginning with neurologist-annotated BERT
pilot studies before expanding to multicenter trials that broaden
diagnostic scope to diverse conditions.

6 Supplementary information

Appendix A presents the examples of referral letters.
Appendix B provides prompt examples for the direct diag-
nosis process. Appendix C illustrates prompt example of
multiple-choice question and answering method.

Complaint text

Disease
diagnosis

Dear Dr XXX, We would be grafeful if you could review Mr XXXX in one of your Rapid Acsess Neurology Clinic. He was seen on Ansty
under Dr XXXX with a history of severe sudden onset headache followed by visual disturbances and unsteadyness within minutes. His visual

R56.9 - Unspeci-
fied convulsions

disturbance is unusual, describing bilateral diplopia which persists as bi and monocular vision. Initially he also described very restriced tunnel
vision that have steadily improved during his admission but still not returned to normal. On examination he has normal ocular movements,
symmetrical tunnelling of the visual fields in both eyes. His pupillary reflexes and fundoscopy are normal. No other abnormal neurology was

detected.

39 year old lady was involved in a road traffic accident about two weeks ago when her car was shunted from behind and she experienced some
low back pain. She felt it was getting gradually better but in the last 48 hours the pain has got worse and has been associated with urinary

M54.5 - Low
back pain

incontinence and faecal incontinence. Getting some tingling in both legs.She had an MRI scan of her spine last night but it was completely
clear. Her problem does not seem to be due to any spinal problem. Discussion with general surgeons: informed that her presentation would
not constitute a general surgical emergency and that the patient should be referred to a pelvic floor surgeon via GP. Medical registrar advised
that all back pain patoients are to reviewed by rheumatology team and no medical team imput is necessary. Discussed with rheumatology

consutant: no need for rheumatology review, reffer to Neurology tweam.

17 year old with first episode of seizure PC - seizure at work 10-12-2017 morning - customer noted eyes roll back, became rigid, fell back-
wards, shaking arms and legs for 2 minutes. Tongue biting, no incontinence. 1 minute later, had another similar episode. Postictal phase - can’t
remember going to work. Later that night, attended party - had excess alcohol, friend stated knocked back whilst sitting on curb and hit her
head on pavement, no immediate loss of consciousness.

‘We would be grateful if you could see this 35year old lady as a inpatient on Ansty. She has previously been seen by Dr XXXX with BIH and
had a VP shunt inserted on the 9-3-18. She required adjustment to this on 23-3-18 as VP shunt was in subcutaneous fat instead on peritoneum.
She has presented with a week history of worsening headache and neck pain with associated blurred vision. On examination she has bilateral
papilloedema. CT and shunt series have been performed and reviewed by SOTON. Initially they suggested proceeding to LP which unfortu-
nately was unsuccessful and Anaesthetic assistance has been requested on CEPOD. SOTON have been back in contact and suggest ophthal-
mology review first. We would be grateful for your assessment of this lady with her management and treatment.

G40.3 - Gener-
alised idiopathic
epilepsy and epi-
leptic syndromes
G43.9 -
Migraine,
unspecified
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Appendix B Prompt examples for the direct
diagnosis process

Table 6 Prompt examples for the Prompt type Prompt examples
direct diagnosis process

Zero-shot Please provide only the ICD-10 code or the official name of the diagnosed dis-
ease as stated in the following referral letter.
Referral letter: Presented with tonic clonic seizure, self-resolved lasted approxi-
mately 2-3 minutes Reports had no warning of episode, doesn’t remember
period after. Remembers coming in the ambulance. Now memory poor,
increased confusion AMTS: 5-10. Not at baseline-daughter reports normally
happens after seizure. Has had increased episodes of passing out Had simi-
lar episodes before, on sodium valproate Not been seen by neuro before BG:
dementia ETOH excess, no withdrawal symptoms.
Diagnosis:

One-shot Please provide only the ICD-10 code or the official name of the diagnosed dis-
ease as stated in the following referral letter.
Referral letter: Presented with tonic clonic seizure, self-resolved lasted approxi-
mately 2-3 minutes Reports had no warning of episode, doesn’t remember
period after. Remembers coming in the ambulance. Now memory poor,
increased confusion AMTS: 5-10. Not at baseline-daughter reports normally
happens after seizure. Has had increased episodes of passing out Had simi-
lar episodes before, on sodium valproate Not been seen by neuro before BG:
dementia ETOH excess, no withdrawal symptoms.
Diagnosis: G409 - Epilepsy, unspecified
Referral letter: Presented with tonic clonic seizure, self-resolved lasted approxi-
mately 2-3 minutes Reports had no warning of episode, doesn’t remember
period after. Remembers coming in the ambulance. Now memory poor,
increased confusion AMTS: 5-10. Not at baseline-daughter reports normally
happens after seizure. Has had increased episodes of passing out Had simi-
lar episodes before, on sodium valproate Not been seen by neuro before BG:
dementia ETOH excess, no withdrawal symptoms.
Diagnosis:

One-shot-symp Please provide only the ICD-10 code or the official name of the diagnosed dis-
ease as stated in the following referral letter.
Referral letter: Presented with tonic clonic seizure, self-resolved lasted approxi-
mately 2-3 minutes Reports had no warning of episode, doesn’t remember period
after. Remembers coming in the ambulance. Now memory poor, increased
confusion AMTS: 5-10. Not at baseline-daughter reports normally happens after
seizure. Has had increased episodes of passing out Had similar episodes before,
on sodium valproate Not been seen by neuro before BG: dementia ETOH
excess, no withdrawal symptoms. [SEP]tonic clonic seizure [SEP] memory poor
[SEP] confusion [SEP] seizure [SEP] passing out [SEP] dementia.
Diagnosis: G409 - Epilepsy, unspecified.
Referral letter: Chest pain and collapse x2 (once in ED, hit head on st seizure)
Impression - Generalised seizures secondary to old stroke. Please can you
come and assess the patient and advise on which Antiepileptic medication can
be started [SEP]Chest pain [SEP] collapse [SEP] hit head [SEP] seizure [SEP]
Generalised seizures [SEP] stroke.
Diagnosis:
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Appendix C Prompt example of a multiple-
choice question and answering method

Table 7 Prompt example of a multiple-choice question and answering method

Prompt type Prompt examples

Zero-shot Definition: For this task, we request that you make a diagnosis by examining the provided Referral letter.

Referral letter: Dear Dr XXX, We would be grateful if you could review Mr XXXX in one of your Rapid Access Neurology Clinic.
He was seen on Ansty under Dr XXX with a history of severe sudden onset headache followed by visual disturbances and unsteadi-
ness within minutes. His visual disturbance is unusual, describing bilateral diplopia which persists as bi and monocular vision.
Initially he also described very restricted tunnel vision that have steadily improved during his admission but still not returned to
normal. On examination he has normal ocular movements, symmetrical tunneling of the visual fields in both eyes. His pupillary
reflexes and fundoscopy are normal. No other abnormal neurology was detected.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified organ-
ism (B) G35 - Multiple sclerosis (C) G40.3 - Generalised idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy, unspecified
(E) G43.9 - Migraine, unspecified (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage, unspecified
(H) 163.9 - Cerebral infarction, unspecified (I) J18.9 - Pneumonia, unspecified organism (J) J69.0 - Pneumonitis due to inhalation of
food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 - Other symptoms and signs
involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Headache (P) R55 - Syncope and
collapse (Q) R56.9 - Unspecified convulsions.

Output:
One-shot Definition: For this task, we request that you make a diagnosis by examining the provided Referral letter.

Referral letter: This gentleman was admitted with SUO after a recent discharge from RBH for rehab 2-52. She has a background
of RA and polyarthralgia, which has been worsening over 6-12. Had transient R sided weakness sept 2018. We would appreciate a
neurology opinion on her globally increased tone and decreased mobility. Thank you.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalised idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine, unspecified (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemor-
rhage, unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 - Pneumonia, unspecified organism (J) J69.0 - Pneumonitis
due to inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8

- Other symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 -
Headache (P) R55 - Syncope and collapse (Q) R56.9 - Unspecified convulsions.

Output: A

Referral letter: Mr XXXX, 72 year-old gentleman, was admitted post-radical chemo-radiotherapy for SCC oesophagus with
reduced mobility and poor oral intake. On assessment we are concerned that some of these symptoms may be related to possible
Parkinsonism.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalised idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine, unspecified

(F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage, unspecified (H) 163.9 - Cerebral infarc-
tion, unspecified (I) J18.9 - Pneumonia, unspecified organism (J) J69.0 - Pneumonitis due to inhalation of food and vomit (K)
M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 - Other symptoms and signs involving the
nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Headache (P) R5S5 - Syncope and collaps
(Q) R56.9 - Unspecified convulsions.

Output:
Few-shot Definition: For this task, we request that you make a diagnosis by examining the provided Referral letter.

Referral letter: This gentleman was admitted with SUO after a recent discharge from RBH for rehab 2-52. She has a background
of RA and polyarthralgia, which has been worsening over 6-12. Had transient R sided weakness sept 2018. We would appreciate a
neurology opinion on her globally increased tone and decreased mobility. Thank you.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalized idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage,
unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 — Pneumonia unspecified organism (J) J69.0 - Pneumonitis due to
inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 — Other
symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Head-
ache (P) R55 - Syncope and collaps (Q) R56.9 - Unspecified convulsions.

Output: A

Referral letter: Repat from SGH: Previous subarachnoid hemorrhage 16th September 2014. Aneurysm was coiled in SGH on the
17th September. She developed a focal seizure and decreased GCS on the 22nd September and there was no sign of ischaemia or
infarct on the repeat CT. She was treated with nimodipine and phenytoin. Phenytoin has now stopped. A repeat CT scan on the 2nd
October showed a small region of right frontal low density likely due to vasospasm. Mrs. XXXX also developed hospital acquired
pneumonia and improved on chloramphenicol.
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Table 7 (continued)

Prompt type

Prompt examples

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalized idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage,
unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 — Pneumonia unspecified organism (J) J69.0 - Pneumonitis due to
inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 — Other
symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Head-
ache (P) R55 - Syncope and collapse (Q) R56.9 - Unspecified convulsions.

Output: G

Referral letter: Admitted acutely as thrombolysis call with right sided weakness in her arm and leg and speech disturbance. Throm-
bolysis not performed as diagnosis unclear. CTH and MRI brain normal. Symptoms are ongoing and are thought to be functional.
We wonder if there are any further investigations we should be doing to aid a diagnosis or if she needs neurological follow up.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalized idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage,
unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 — Pneumonia unspecified organism (J) J69.0 - Pneumonitis due to
inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 — Other
symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Head-
ache (P) R55 - Syncope and collapse (Q) R56.9 - Unspecified convulsions.

Output: M
Referral letter: Dear Dr XXXX, We would be grateful if you could review this 50-year-old Gentleman who you have met previ-

ously. He was admitted on the 12-4-18 with severe headache post head injury 2-52 prior. He has had a normal MRA and LP but is
struggling with his headache despite regular analgesia, fluids and amitriptyline. Many thanks

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalized idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage,
unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 — Pneumonia unspecified organism (J) J69.0 - Pneumonitis due to
inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 — Other
symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Head-
ache (P) R55 - Syncope and collapse (Q) R56.9 - Unspecified convulsions.

Output: O

Referral letter: Admitted after fall with loss of consciousness, thought likely secondary to postural hypotension. Reports 2 falls per
day. Inflammatory markers raised on admission but settled after treatment for aspiration pneumonia. Normally lives fairly indepen-
dently at home, no package of care. PMHx AF, CVA 2017 (two tiny sites of hemorrhage involving the right cerebellar hemisphere
and corpus callosum), thalassemia trait, portal hypertension Poor oral intake prior to admission, with associated weight loss on
background of low BMI previously. BMI 17. Reviewed by speech and language therapy who know her from previously. Found to
have severe oropharyngeal dysphagia and advised for NBM and NG feed. Felt to be significantly worse than during previous admis-
sions; cause of deterioration unclear.

Fatigability noted over the course of assessment. CT head and MRI for further CVE demonstrated no evidence of infarct or
hemorrhage. Small vessel disease including the pons was noted. Speech is of a nasal quality, with ataxic dysarthria. Awaiting

video fluoroscopy Friday, and AChR antibodies. We would be grateful for your opinion as to whether her symptoms could all be
explained by previous stroke with small vessel disease of the brainstem, or whether this might represent an alternative etiology such
as myasthenia or bulbar palsy. Many thanks.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalized idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage,
unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 — Pneumonia unspecified organism (J) J69.0 - Pneumonitis due to
inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 — Other
symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Head-
ache (P) R55 - Syncope and collapse (Q) R56.9 - Unspecified convulsions.

Output: P
Referral letter: Mr XXXX, 72 year-old gentleman, was admitted post-radical chemo-radiotherapy for SCC esophagus with

reduced mobility and poor oral intake. On assessment we are concerned that some of these symptoms may be related to possible
Parkinsonism.

Question: Which of the following does this referral letter refer to? Please only output the option. (A) A41.9 - Sepsis, unspecified
organism (B) G35 - Multiple sclerosis (C) G40.3 - Generalized idiopathic epilepsy and epileptic syndromes (D) G40.9 - Epilepsy,
unspecified (E) G43.9 - Migraine (F) G61.0 - Guillain-Barre syndrome (G) 160.9 - Nontraumatic subarachnoid hemorrhage,
unspecified (H) 163.9 - Cerebral infarction, unspecified (I) J18.9 — Pneumonia unspecified organism (J) J69.0 - Pneumonitis due to
inhalation of food and vomit (K) M54.5 - Low back pain (L) N39.0 - Urinary tract infection, site not specified (M) R29.8 — Other
symptoms and signs involving the nervous and musculoskeletal systems (N) R41.0 - Disorientation, unspecified (O) R51 - Head-
ache (P) R55 - Syncope and collapse (Q) R56.9 - Unspecified convulsions.

Output:
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