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Abstract

Objective: As the world’s population ages, nursing homes are of increasing

importance. In order to care for a growing number of older adults, intelli-

gent technologies are needed. Artificial Intelligence can be utilised to enhance

palliative care in nursing homes. However, the data needed to train artifi-

cially intelligent agents is lacking within this sensitive domain due to privacy

issues. Therefore, it is difficult for researchers to develop technological so-

lutions. With the advent of large language models, such as ChatGPT, new

text generation methods are made possible using limited data. In this pilot

study, we investigate the use of large language models to generate synthetic

data.

Methods: We investigate the feasibility of using GPT-3.5 and GPT-4o mod-

els along with one-shot prompting to produce synthetic nurse notes which

faithfully describe nursing home residents with met or unmet palliative care

needs. We used LangChain to create a repeatable pipeline which can be

adapted to different use-cases. We also compare the performance of both

models using a set of qualitative and quantitative evaluations to determine
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which set of notes is more suitable for subsequent research.

Results: GPT-3.5 performed slightly better than GPT-4o in our qualitative

healthcare professional analysis. Quantitative analysis revealed appropriately

heterogenous results across contextual similarity, lexical overlap, sentiment,

and readability scores.

Conclusion: Our work is the first investigation of such a generation method

in the nursing home palliative care domain. Further refinement and valida-

tion of such data is needed in order to ensure the safe use of our approach.

Keywords: Synthetic, Palliative, Dataset, GenAI, LLM, Prompts,

LangChain

1. Introduction1

The world’s population is ageing rapidly. According to UN predictions,2

over 60 countries will have over 2 million people aged 65 or older by 2030 [1].3

A significant portion of older people reside in nursing homes due to chronic4

diseases or other serious ailments that require constant and specialised med-5

ical care [2]. Therefore, nursing home care is growing in importance as the6

global population ages [3].7

It is becoming increasingly difficult for limited healthcare teams to pro-8

vide high quality care in a timely fashion to a growing number of older adults9

using traditional methods. While such care has been shown to lead to in-10

creased quality of life, the ageing population is putting pressure on resource-11

constrained staff within nursing homes [4]. Older adults in these facilities12

tend to be reliant on a small number of staff members for their care [5].13

New forms of care are needed in order to ensure nursing home residents are14

adequately cared for.15

Palliative care is an approach to care which emphasises relief from suf-16

fering and improved quality of life [6, 7, 8]. Palliative approaches have been17

shown to improve the quality of care received by residents in nursing homes18

by reducing hospital admissions, increasing clinical care access when neces-19
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sary, and ameliorating family care perceptions [9]. Palliative care can be20

used to meet the diverse needs of older adults with appropriate impact and21

efficiency [10]. This type of care is becoming increasingly more popular as22

our society’s health needs change.23

Additionally, Artificial Intelligence (AI) can be utilised to improve the24

quality of life of nursing home residents, by providing health professionals25

with tools to alleviate workload. AI is a broad field encompassing all systems26

which exhibit human-like intelligence [11]. Artificially intelligent palliative27

care solutions involving machine learning (ML) have already been successful28

in other areas, such as in cancer patient treatment [12]. ML is a subset of29

AI, which is often used synonymously with the broader discipline [11]. ML30

uses algorithms coupled with large amounts of data to “learn” patterns and31

extract meaningful information from unseen input [11]. However, researchers32

must think carefully about the correct data to use for ML solutions in pal-33

liative care research.34

Palliative care is highly subjective and personalised. Subtle changes in35

residents requiring increased care are difficult to identify. Nurse notes are36

subjective, personalised, human-based records of resident status which are37

collected across clinical settings and countries [13, 14]. Nurse notes may be38

utilised to create ML models for palliative care. While ML solutions using39

these notes could be hugely useful within nursing homes, data restrictions40

present issues for those training algorithms in the field [15]. Furthermore, a41

considerable quantity of nurse notes is required to train a model of sufficient42

reliability.43

Due to uncertainty surrounding what data to share, insufficient infrastruc-44

ture and non-standardised multi-modal methods of data collection, ML solu-45

tions are stagnating within the palliative nursing home domain [15]. Health-46

care data is subject to intense privacy protection measures due to its highly47

sensitive nature [16]. Additionally, palliative care data faces further data48

anonymization issues due to its individualised, sparsely available nature [17].49
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Specifically, access to real notes from nursing homes is difficult to obtain as50

they are extremely personal and oftentimes unique to residents. Therefore,51

in order to test new approaches to machine learning within the space, a new52

method of obtaining big data, such as synthetic data generation (SDG), is53

required.54

SDG is the creation of artificial data [16]. SDG circumvents many pri-55

vacy and anonymization issues provided that no real patient data is used in56

the generation process. However, synthetic data must be plausible within57

the context it is generated for [16]. SDG in healthcare is fast becoming an58

attractive research area [18]. However, a thorough search of the literature59

revealed that no SDG procedures for palliative care exist, especially those60

for clinical note creation [17].61

In this pilot study, we investigate the feasibility of using Generative Pre-62

Trained Transformer (GPT) models and one-shot prompting to generate syn-63

thetic notes which are representative of residents with met and unmet pal-64

liative needs in nursing homes. To generate the notes, we used LangChain,65

the OpenAI Application Programming Interface (API), prompt engineering66

techniques, and nurse-created example input. We also present the first perfor-67

mance comparison of GPT-3.5 and GPT-4o models for such data using both68

quantitative metrics and qualitative analysis by a subject matter expert. Our69

results show that such data needs further refinement and validation before70

use in the sensitive palliative care field. Additionally, comparison between71

synthetic and real notes is needed. The rest of this paper is divided into the72

following sections: literature review, methodology, results, discussion, and73

conclusions.74

Statement of Significance75

76
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Problem or Issue

There is a lack of palliative care patient data from nurs-

ing home settings due to privacy concerns and the highly

sensitive nature of end-of-life care. Lack of data limits

artificial intelligence usage in these settings.

What is Already

Known

GPT models can generate promising data for healthcare

settings. Large language models pose problems when

trained on sensitive data. Appropriate model inputs and

repeatable processes are needed to generate usable syn-

thetic data. There is a need to investigate free-text note

generation specifically for palliative nursing home set-

tings.

What this Paper

Adds

This paper introduces a novel approach to palliative

care nursing home data generation and evaluation us-

ing LangChain, GPT-3.5, and GPT-4o, along with both

qualitative and quantitative evaluation measures.

Who would

benefit from the

new knowledge

in this paper

Palliative care researchers, computer science researchers

and healthcare professionals who have an interest in de-

veloping data-driven solutions to problems within long-

term care settings.

77

2. Related Work78

While clinical notes are crucial in many care settings, the highly indi-79

vidualised, subjective, free-text nature of them makes generation a unique80

challenge for researchers [19]. Clinical notes differ from relational data in the81

generation process due to the need for specialized natural language process-82

ing techniques [19]. However, as of yet, Electronic Health Records (EHR)83

text generation is still in its early stages [20]. Deep generative models, such84

as Generative Adversarial Networks (GAN), seem to be the most promising85

for palliative healthcare data generation at present; however, may of these86
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models tend to focus solely on tabular data creation [17].87

Begoli et al. [21] proposed “SynthNotes”, a generator framework for high-88

volume, high fidelity synthetic health notes. This framework operates on a89

template-filling principle using an openly available database for information90

extraction. Evaluation metrics for the same included BLEU and METEOR91

scores. This system was shown to be realistic and efficient; however, it only92

focused on the generation of mental health notes and was not extended for93

other use-cases, such as palliative care.94

Libbi et al. [22] proposed the use of large language models (LLMs) to95

generate synthetic clinical notes. They used GPT-2 and real patient records96

to produce coherent notes, comparing these notes to alternative Long Short-97

Term Memory (LSTM) methods. A variety of evaluation metrics were used,98

such as ROUGE-N and human evaluation, to assess the quality of their syn-99

thetic data. Using in-text annotation, the models could produce artificial text100

that was automatically prepared for named entity recognition (NER) tasks.101

However, they highlight privacy concerns in their results; the model repro-102

duced substantial portions of identifying information from the real records.103

Additionally they describe the need for further research before EHRs can be104

used as an anonymous alternative to real text.105

Amin-Nejad et al. [23] used a vanilla transformer architecture to produce106

hierarchical long passage text when trained on a large dataset. However, they107

found the same model to be ineffective with smaller datasets. They compared108

these results against a GPT-2 model and found that GPT-2 performed better109

in resource-constrained environments with smaller amounts of data. They110

also found that GPT-2 was better suited to conditional language modelling.111

They used perplexity, BLEU and ROUGE scores to intrinsically evaluate the112

output text. However, they used a dataset which consisted solely of notes113

from critical care hospital admissions, thereby limiting the application of114

their approach to palliative care settings.115

Sufi [24] has outlined an automated pipeline for generating synthetic hos-116
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pital data using GPT-4. This work is the first which aims to use the Ope-117

nAI API to create synthetic patient discharge messages. Results from these118

experiments indicate that GPT models can be used to produce synthetic119

data which is true to patient realities. However, the use of Microsoft Power120

Automate in this method limits scalability; only 70 patient messages were121

generated during this study. Additionally, this work does not focus on any122

of the subtleties associated with palliative care documentation.123

Suvalov et al. [25] investigated the use of a locally-hosted GPT-2 model124

to generate synthetic data for further NER tasks. Their methods involved125

the use of approximately 10 million texts from 200,00 Estonian patients to126

generate 4100 documents for subsequent use in third-party models. However,127

their methodology does not guarantee that input data is not leaked from the128

synthetic data generation stages to the actual online models. Additionally,129

palliative care is not the primary focus of this work and therefore, results are130

not focused on capturing the subtle nuances of the field.131

Frei and Kramer [26] have also made use of locally run GPT models to132

produce synthetic data. They ran a GPT NeoX language model using a few-133

shot prompting approach to generate structured German clinical text data.134

They subsequently used their data to train a NER model for classification135

tasks. However, this method relies on a large amount of computational power.136

Additionally, the clinical dataset is not focused on palliative care.137

While the aforementioned studies have used LLMs, most have not focused138

on the creation of repeatable pipelines or frameworks to generate their infor-139

mation. While there is little research done into the use of LLMs for synthetic140

palliative data generation, investigations in the broader healthcare research141

space reveal that these models pose problems when trained on sensitive data,142

when they misunderstand their prompt input or when slight deviations in143

prompts produce dramatically different results [27]. To solve these issues,144

appropriate data, prompts and pipelines are needed for consistent and useful145

synthetic data.146
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LangChain is an open-source framework which aims to simplify LLM ap-147

plication development [28]. This framework has been used by Singh et al.148

[29] to investigate chatbot-type tools for patients. Additionally, Kapoor and149

Shetty [30] proposed a chatbot focused on general health using the frame-150

work. LangChain has also been used by Ke et al. [31] to create an LLM-based151

preoperative aid for healthcare professionals. However, as far as we are aware,152

LangChain has not yet been used for synthetic data generation in healthcare.153

There is a need to investigate free-text note generation specifically for pal-154

liative nursing home settings. So far, research has focused on either hospital155

or mental health settings. Additionally, the majority of the models discussed156

in the aforementioned papers use real data in the training process. The use157

of GPT for synthetic palliative care data generation has not been thoroughly158

investigated as of yet. Furthermore, one-shot prompting, the generation of159

synthetic data from singular synthetic notes, and LangChain have not been160

fully investigated. We aim to address these research gaps in our approach.161

3. Methods162

In this section we outline our chosen models, prompt engineering tech-163

niques, generative process, and subsequent qualitative analysis procedure.164

Our methodology ensures that our system is scalable and flexible, allowing165

for adjustable inputs and extendable outputs. We also ensure that we only166

used easily accessible software, services and libraries, such that minimal fi-167

nancial or privacy-related barriers inhibit the recreation of our research or168

experimental results.169

3.1. Choice of Model170

To demonstrate the flexibility of LangChain and to compare model out-171

puts, we performed the data generation process with both GPT-3.5 and172

GPT-4o models. GPT-3.5 is a transformer-based autoregressive language173

model; it is capable of producing output which is difficult to distinguish174
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from human text [32, 33]. This model has a knowledge base consisting of175

materials dated up to September, 2021 and has a 16,385-token context win-176

dow [33]. GPT-4o is a more advanced, multi-modal transformer-based model177

which is designed to improve on some of the shortfalls of GPT-3.5 and GPT-178

4 [34, 33]. It is trained on data created prior to October, 2023 and has a179

128,000-token context window [33]. At the time of writing the most recent180

GPT-4o model released is gpt-4o-2024-05-13; we compare this model with181

the gpt-3.5-turbo-0125 GPT-3.5 model. Table 1 outlines the differences182

between these models [33]. In this study, we apply the same prompting and183

data “cleaning” process to the outputs of both models. Both models tem-184

perature settings are set at 1.1; we chose this parameter due to the use and185

validation of high temperature settings in past medical LLM research [35, 36].186

Additionally, past research has also highlighted that statistically significant187

results and more creative outputs are more likely at temperatures over 1.0188

[37, 38].189

Table 1: GPT-3.5 vs GPT-4o Model Comparison

gpt-3.5-turbo-0125 gpt-4o-2024-05-13

Context Window 16,385 Tokens 128,000 tokens
Max Output Tokens 4,096 tokens 4,096 tokens
Training Data Up to Sep 2021 Up to Oct 2023

3.2. Process190

We used Google Colab and the LangChain framework to implement our191

data generation process [39]. We used LangChain’s PromptTemplate compo-192

nent to run similar prompts repeatedly [40]. In order to ensure a fluid flow193

between system “role” and data generation prompts, we used LangChain’s194

SequentialChain component [41]. Each input note was passed to a func-195

tion which could prompt the model using both a system “role” prompt and a196
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data generation prompt. The output of the model is subsequently “cleaned”197

and results are saved to CSV files. Each input note is used separately, and198

therefore there is an individual CSV file created for each associated output199

batch. Figure 1 outlines our note generation pipeline.200

Figure 1: Note Generation Pipeline

3.3. Prompt Engineering201

Prompt engineering involves the design of prompts which enable models202

to generate appropriate output across different domains [42]. These prompts203

can be optimized for specific tasks [42]. Prompt engineering is essential when204

interacting with LLMs to produce efficient, useful, and consistent generated205

output [43]. In the formulation of our prompts, we used many prompt engi-206

neering techniques. We also followed up-to-date guidelines provided for the207

medical field [43].208

3.3.1. System Role Prompt209

One common prompt engineering technique is to assign the model a “role”210

[43]. This “role” subsequently governs the model’s data generation process211

and allows for more structured and consistent output. We decided to make212
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the model “role” flexible using LangChain; therefore, the associated prompt213

takes nationality and language as input variables. This flexibility allows214

our pipeline to be implemented by someone coming from a different cultural215

or geographical standpoint. Figure 2 describes this system “role” prompt.216

Figure 2: System Role Prompt

3.3.2. Data Generation Prompt217

In line with prompt engineering techniques recommended for healthcare,218

we formulated the prompt input using expert knowledge [43]. Prompts were219

crafted in terms of directness and specificity using iterative testing; this ap-220

proach allowed for focused responses. The topics included in the prompt221

were selected based on the content analysis of Dutch care notes using Latent222

Dirichlet Allocation (LDA) topic modeling. Additionally, the model is told223

not to generate overly-dramatic notes, as the majority of nursing home notes224

contain daily activities and mundane information. Figure 3 shows this data225

generation prompt.226

GPTmodels have already proven themselves effective in resource-constrained227

situations [23]. Therefore, we decided to use a one-shot prompting approach228

to generate our notes, as recommended for healthcare research [43]. The229

model is provided with an example note to replicate. Input prompt notes230

were created by a qualified nurse. Each of these notes was designed to mimic231

a typical progress note which would be recorded for a resident during the232

daily documentation processes in a nursing home. The advantage of using233
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Figure 3: Data Generation Prompt
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these notes is that they are realistic, but they are not from real residents;234

this ensures that generated data is free from privacy protection issues. Five235

notes described residents exhibiting signs of unmet palliative care needs. An236

additional five notes described residents not exhibiting signs of unmet pal-237

liative care needs. We labelled these notes “Unmet” and “Met” respectively.238

Table 2 outlines each note used in our study.239

For the purposes of this study, we chose to execute 25 completions per240

input note and to generate 25 notes per completion. A completion is the241

model’s generated output; it is a prediction of what is the most likely text to242

follow a given prompt [34]. Importantly, each completion is stateless when243

using the OpenAI API; every fresh completion does not remember the pre-244

vious completion, leading to more diverse output and different writing styles245

within the notes. We decided that the model would generate 25 notes per246

completion in order to make the overall data generation process more effi-247

cient and diverse. However, there is no universally accepted standard in the248

number of completions or number of data points to use when prompting a249

model for synthetic data; every context requires a different choice[44, 45].250

Prior work has shown that around 20-30 generations will lead to good diver-251

sity results, provided redundancy is not too large [18]. Our high number of252

completions was chosen with the knowledge that the models do not always253

generate appropriate output; we chose to use a high number of completions254

in order to select the best results from the model in later processing stages.255

Due to the flexibility of LangChain, the number of notes and completions256

can be adjusted to suit other use cases as future needs arise. Each of the 10257

input notes was fed to the model individually, leading to 10 different prompt-258

ing phases using the same prompt template. As we prompted the model to259

generate 25 notes for each of 25 completions, the total possible number of260

synthetic notes generated for each input note was 625. Therefore, with these261

10 notes, our experimental setup had the potential to generate 6250 notes262

for each model used (GPT-3.5 and GPT-4o).263
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Table 2: 10 Input Notes
ID Note Needs

1
John was assisted with a shower this morning. He had his lunch in the canteen, he ate half a bowl of soup,
half a chicken salad and a full bowl of ice cream along with 2 cups of tea. Johns’ sister Mary came to see
him today and he was in good form.

“Met”

2
Sarah had a GP appointment this morning and the GP was happy with her mobility progress. She has
been advised to continue with her physiotherapy, but her pain relief has been reduced as her pain has been
well controlled. The GP hopes that she will be able to walk without crutches within the next month.

“Met”

3
Michael showered independently this morning. It was his birthday today, so his family came to visit. His
wife organised a sing song in the social room. Michael was in very good spirits and sang a few songs himself.

“Met”

4
Rachel was assisted with a wash this morning, her eyedrops were given, and moisturiser applied to her legs.
She went for a walk in the garden in the afternoon and attended the painting activity in the social room.
Rachel has advised that she needs new pyjamas and her family have contacted about same.

“Met”

5

Darragh has been started on an End of Life care plan. There was a family conference today including
Darragh, his wife Eleanor, and his children. Goals of care have been discussed and his care plan has been
updated. Darragh has no complaints of pain at present, however the GP has prescribed pain relief in case
there is a need. Darragh is for regular turning to avoid breakdown of his skin and his skin is fully intact at
present.

“Met”

6
Billy’s sister has expressed her concern that his mobility is worsening, and he is becoming increasingly
dependent on others for care.

“Unmet”

7
Stephen complained of pain 8/10 in his right heel this morning. His regular analgesia was given with little
effect. Visually, his heel appears normal, and his skin is intact. However, Stephen is unable to weight bear
on his right leg. Stephen has no PRN analgesia prescribed, and the GP has been contacted to review same.

“Unmet”

8

Andrea experienced nausea during lunch today. She was unable to eat and was given an anti-emetic for
same. She returned to bed to lie down for an hour. Afterwards, she attempted to eat some toast and vomited
immediately post. She has been unable to eat or drink since. She has been commenced on subcutaneous
fluids and IM Zofran has been given. Awaiting GP review.

“Unmet”

9
Louise was assisted with a wash this morning. It was discovered that she had a 5cm lesion to her left
buttock that contains slough and appears infected. A swab was taken and a wound chart commenced.
Inadine and Leukomed (wound dressings) in situ at present. Awaiting review from Tissue Viability Nurse.

“Unmet”

10

Michelle was assisted with her breakfast this morning by one of the healthcare assistants. The healthcare
assistant expressed her concern that Michelle’s swallow seems to be worsening. A referral has been made
for the Speech and Language Therapist to review. For now, we have placed Michelle on a level 5 diet and
level 2 fluids until she is reviewed.

“Unmet”

3.4. Analysis264

We chose a variety of quantitative and qualitative measures to evaluate265

our synthetic output. In this section, we describe details of these measures.266

3.4.1. Qualitative Analysis267

We performed a qualitative analysis based on human evaluation of the268

notes. Three subject matter experts, reviewed and blindly labelled samples269
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of synthetic notes, which the model had generated in response to either a270

“Met” or “Unmet” prompt. Approximately 10% of the GPT-3.5 notes and271

10% of the GPT-4o notes were analysed. All GPT-3.5 notes were randomly272

shuffled and 600 notes were identified for review. The same shuffling pro-273

cess was repeated with the GPT-4o notes, and 650 notes were extracted.274

Both sets of notes contained an approximately equal amount of “Met” and275

“Unmet” notes. These notes were saved in Microsoft Excel files along with276

their corresponding labels. Separate Microsoft Excel files were prepared from277

which the labels were removed from the notes. These de-identified notes were278

subsequently sent to the three subject matter experts for blind relabelling.279

We also included the option to comment on each of the notes within each280

Excel file. Each of the three evaluators was not aware of the purpose of this281

labelling.282

In order to effectively compare the results from our human evaluations and283

model outputs we calculated Fleiss’ Kappa to assess the level of agreement284

between human results [46, 47]. We subsequently used majority voting to285

determine which human-generated labels to compare against the GPT labels.286

Furthermore we used Cohen’s Kappa to determine the level of agreement287

between GPT-generated notes and human-generated labels.288

3.4.2. Quantitative Analysis289

BertScore is a contextual similarity metric created by Zhanget al. [48]290

which correlates better with human assessment than common text evaluation291

metrics. BERTScore aims to account for meaning in compositionally diverse292

text. BERTScore is calculated by computing the cosine similarity between293

two contextualized token embeddings. BERTScore reports precision, recall294

and F1 scores, and Zhang et al. recommend the use of the F1 score in295

evaluations. Using the bert-score 0.3.13 Python library, each generated296

note was compared against its corresponding nurse-created example note [49].297

As BERTScore is sensitive to punctuation, we removed all punctuation from298

our generated and comparison notes before computing BERTScore [50].299
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As outlined by Lavie and Agarwal [51], METEOR is a score used to repre-300

sent lexical overlap. This metric is computed by matching words in an input301

sentence with those in an output sentence. METEOR has a high correlation302

level with human judgement. Like BERTScore, we compute METEOR met-303

rics by comparing example input notes to generated output notes. We used304

NLTK’s meteor score module to calculate our results [52].305

Additionally, we used the TextBlob Python library to calculate both sen-306

timent and subjectivity as it has been used in other clinical literature [53].307

TextBlob’s sentiment score is determined using a trained machine learning308

model, while the subjectivity measure is calculated by evaluating the “in-309

tensity” of each word in a sentence [54]. We compared the sentiment and310

subjectivity scores between the nurse-generated input, GPT-3.5 and GPT-4o311

notes using this library.312

Due to its use in medical documentation research, we also used the Simple313

Measure Of Gobbledygook (SMOG) index to report on the readability of314

the generated notes [55, 56]. The readability Python library was used to315

calculate the SMOG index for the GPT-3.5 and GPT-4o notes [57]. Finally,316

we performed keyword analysis using the wordcloud 1.9.3 Python library317

in order to gain an overview of the most common words found in the synthetic318

data [58].319

We measured the time taken for both models to finish generating output320

using a completion speed test. We executed 5 completions per input note,321

with each completion generating 5 notes across 5 timing tests for each of322

the two models. Each of the tests was run on a Python 3 Google Compute323

Engine backend with 12.7GB of system RAM. Time was measured in seconds324

using Python’s time library. The results of these tests were then averaged325

to determine which model took longer to generate output.326

We also compared our chosen one-shot prompting style, as outlined in327

Figures 2 and 3, against a zero-shot approach. We used the BERTScore,328

METEOR, SMOG and sentiment analysis metrics outlined above to assess329
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the quality of our prompt with and without example-related prompt text330

given. We used 5 completions and 5 notes to compare both the original331

prompt and the zero-shot approach. The zero-shot system-role prompt re-332

mained the same. Figure 4 describes the data generation prompt used in the333

zero-shot comparison scenario. We used both GPT models in the evaluation334

of our prompt style and averaged the results across both models to create335

comparison metrics.336

Figure 4: Zero Shot Prompt

4. Results337

In this section, we report on our experimental outputs and subsequent338

analysis. As outlined in our methodology, we used “role” formulation, di-339

rect language, example input, and iteration prompt engineering techniques,340

along with the OpenAI API and the LangChain framework, to generate our341

synthetic data. All qualitative and quantitative results described below as342

percentages are reported to two decimal places and all fractional results are343

reported to four decimal places.344
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4.1. Model Outputs345

There were a total of 12036 notes created from a combination of both346

the GPT-3.5 and GPT-4o processes. Table 3 outlines detailed numerical in-347

formation about the generated outputs, including the number of notes after348

manual error removal. Overall, the majority of notes were preserved during349

post-processing. While each model was capable of producing 6250 notes us-350

ing our pipeline, this number is not fully reflected in the dataset due to minor351

processing issues. These data processing issues involved the models produc-352

ing output which was not properly delineated; each note was supposed to be353

separated by “***”, but some model outputs did not include appropriate use354

of this formatting instruction. As a result, some model outputs were saved as355

extremely long notes; the majority of these were caught in initial processing356

stages after the model completion and before data saving. However, the few357

noisy entries that made it through to the final data were manually removed358

after all model completions were saved.359

4.2. Qualitative Analysis360

Our human evaluation results, based on nurse-labelling of the generated361

notes, are outlined below.362

4.2.1. GPT-3.5 Results363

3 of the 600 GPT-3.5 notes (0.5%) were deemed to be “problematic”.364

“Problematic” within this context refers to notes that were thought to be too365

difficult to classify by the subject matter experts due to file formatting issues,366

language ambiguity, or misspellings. Problematic notes were subsequently367

removed from this analysis, leaving 597 notes for use.368

The Fleiss’ Kappa score obtained when all three human-raters were com-369

pared was 0.58 for the 597 usable GPT-3.5 notes, indicating high moderate370

agreement between all three raters. 487 of the 597 notes (81.57%) were la-371

belled similarly by both the model and the expert. The Cohen’s Kappa372

coefficient calculated for these notes was approximately 0.6331, indicating373
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Table 3: Output Note Categorization

GPT-3.5
Before
Manual
Processing

GPT-3.5
After
Manual
Processing

GPT-4o
Before
Manual
Processing

GPT-4o
After
Manual
Processing

Note 1 (Met) 594 592 628 628
Note 2 (Met) 575 573 610 610
Note 3 (Met) 577 575 637 637
Note 4 (Met) 570 569 636 636
Note 5 (Met) 588 588 587 587
Note 6 (Unmet) 579 578 610 610
Note 7 (Unmet) 571 569 643 643
Note 8 (Unmet) 553 552 642 642
Note 9 (Unmet) 598 597 640 640
Note 10 (Un-
met)

578 577 620 620

Total Unmet 2879 2873 3155 3155
Total Met 2904 2897 3098 3098
Total 5783 5770 6253 6253

substantial agreement between the subject matter experts and the GPT-3.5374

model. The F1 score calculated based on these notes was 83.78%, indicat-375

ing that the model was capable of generating valid synthetic nursing home376

resident notes which could be used for further analysis and research.377

Figure 5 describes a confusion matrix outlining a detailed breakdown of378

the classification outputs. From this matrix, one can see that the experts379

categorised the majority of notes correctly.380

4.2.2. GPT-4o Results381

1 of the 650 GPT-4o notes (0.15%) presented to the experts was deemed to382

be “problematic”. Similarly to the GPT-3.5 analysis, this note was excluded383

from subsequent assessments, leaving 649 notes for further use.384
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Figure 5: GPT-3.5 vs Human Experts Confusion Matrix

The Fleiss’ Kappa score obtained when comparing our human-raters to385

the model was 0.299, indicating fair agreement between all three raters. 408386

of the 649 notes (62.87%) were labelled similarly by both the model and387

the expert. The Cohen’s Kappa coefficient calculated for these notes was388

approximately 0.2674, indicating fair agreement between the subject matter389

experts and the GPT-4o model. The F1 score calculated based on these notes390

was 68.98%, indicating that the model performed poorly in comparison to391

the GPT-3.5 model.392

Figure 6 describes a confusion matrix comprising the expert and GPT-4o393

labels. From this matrix, one can see that there is a significant disimprove-394

ment in the results of the GPT-4o model in comparison to the GPT-3.5395

model.396
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Figure 6: GPT-4o vs Human Experts Confusion Matrix

4.2.3. Overall Qualitative Results397

Informal feedback from the experts indicated that the majority of notes398

were “quite good”. While these notes do not feature many clinical terms, the399

relaxed tone and informal recording of resident conditions and care seem to be400

in keeping with writing styles from other nursing home note analyses [59, 60].401

The GPT-3.5 notes seem to be more faithful to human opinion than the402

GPT-4o notes when compared using the F1 and Cohen’s Kappa coefficient403

results of our test. Additionally, there was more inter-rater agreement in the404

GPT-3.5 labelling evaluation when compared against the GPT-4o evaluation.405

These findings indicate that, when using human-based assessments, the GPT-406

3.5 model is more suited to nursing home resident synthetic data creation407

tasks when compared against the GPT-4o model.408
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4.3. Quantitative Analysis409

We performed a quantitative analysis of all notes for both the GPT-3.5410

and GPT-4o implementations using the metrics outlined in our methodology.411

4.3.1. BERTScore - Contextual Similarity412

Table 4 outlines the BERTScore F1 results for each GPT model. While413

somewhat contextually similar, we can see that the models produced outputs414

that exhibit appropriate deviation from the input content. Our findings show415

that the generated notes were sufficiently diverse enough to create appropri-416

ately heterogeneous datasets related to the context.417

Table 4: BERTScore F1 Evaluation

GPT-3.5 (%) GPT-4o (%)

Note 1 (Met) 51.30 51.95
Note 2 (Met) 47.65 48.2
Note 3 (Met) 48.91 50.33
Note 4 (Met) 54.16 53.53
Note 5 (Met) 55.91 48.81
Note 6 (Unmet) 49.97 45.39
Note 7 (Unmet) 51.18 52.5
Note 8 (Unmet) 48.99 50.40
Note 9 (Unmet) 47.24 49.90
Note 10 (Unmet) 47.34 48.40

Average Unmet 48.94 49.32
Average Met 51.59 50.56
Overall Average 50.27 49.94

4.3.2. METEOR - Lexical Overlap418

METEOR scores for GPT-3.5 and GPT-4o synthetic data are outlined419

in Table 5. These results indicate that the GPT models used a wide vocab-420

ulary to generate varied results. This variance shows that the models did421
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not “overfit” to the one-shot input notes, but remained appropriately varied422

throughout the prompting process.423

Table 5: METEOR Evaluation Reported Using Decimal Notation

GPT-3.5 GPT-4o

Note 1 (Met) 0.1851 0.1753
Note 2 (Met) 0.1388 0.1215
Note 3 (Met) 0.1204 0.1206
Note 4 (Met) 0.2024 0.1904
Note 5 (Met) 0.2728 0.1343
Note 6 (Unmet) 0.0996 0.0712
Note 7 (Unmet) 0.1371 0.1379
Note 8 (Unmet) 0.1178 0.1192
Note 9 (Unmet) 0.0956 0.1296
Note 10 (Unmet) 0.1485 0.1524

Average Unmet 0.1197 0.1221
Average Met 0.1839 0.1484
Overall Average 0.1518 0.1352

4.3.3. Lexicon-Based Sentiment Analysis424

Overall “Met” notes tended to be more positive than “Unmet” notes.425

Subjectivity results were fairly low overall, indicating that such notes are426

not generally subjective. Average results are reported in Table 6. From427

these results, we can see that both sets of model output resulted in similar428

sentiment and subjectivity metrics. The model results are also quite simi-429

lar to those from the input nurse notes, indicating that the correct tone is430

reflected in these notes.431

4.3.4. Readability432

Overall, GPT-3.5 notes resulted in a SMOG index of 10.29, indicating a433

10th grade reading level. GPT-4o results revealed a similar reading level with434
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Table 6: Sentiment and Subjectivity Reported Using Decimal Notation

GPT-3.5 GPT-4o
Nurse
Notes

Sentiment “Met” Notes 0.1798 0.1164 0.1422
Sentiment “Unmet” Notes 0.0416 0.0599 0.0733
Subjectivity “Met” Notes 0.3913 0.3922 0.3244
Subjectivity “Unmet” Notes 0.2936 0.3536 0.3650

Nurse-Model “Met” Sentiment Difference 0.0376 0.0258 -
Nurse-Model “Unmet” Sentiment Difference 0.1065 0.0430 -
Nurse-Model “Met” Subjectivity Difference 0.0669 0.0677 -
Nurse-Model “Unmet” Subjectivity Difference 0.0263 0.0272 -

a SMOG index of 10.69. Although the recommended reading level for medical435

text is 6th grade, the results from these models are in keeping with the higher436

grade levels of between 9 and 15 observed in freely available medical notes437

[61, 55]. Therefore, while simpler notes are recommended, GPT notes may438

be more faithful to the types of notes used in practice.439

4.3.5. Keyword Analysis440

The top words for each model and note category (“Met” or “Unmet”)441

are reported in Table 7. We removed the word “Mr” from the analysis after442

initial inspection as “Mr” is a shortening of “mister” and is not a word of443

interest per se.444

Positive action words such as “participated” and “enjoyed” are present445

across both GPT-3.5 and GPT-4o “Met” notes. “Unmet” GPT-3.5 notes446

seem to focus on negative words such as “discomfort”, whereas GPT-4o “Un-447

met” notes seemed to remain fairly neutral. Figure 7 describes the overall448

distribution of words across all generated notes. This figure reveals a heavy449

emphasis on temporal words, such as “today”, “morning”, and “afternoon”.450
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Table 7: Top 10 Keywords for Each Model and Note Category

GPT-3.5
“Met”

GPT-3.5 “Unmet”
GPT-4o
“Met”

GPT-4o “Unmet”

today palliative care morning today
care plan need today bed
visit confusion afternoon morning
enjoyed care team lunch required
afternoon review day day
morning agitation bed afternoon
day restlessness breakfast noted
experienced discomfort enjoyed night
participated complained participated staff
requested exhibited signs seemed wheelchair

Figure 7: All Notes Word Cloud

4.3.6. Timing Tests451

The results of our timing tests are outlined in Table 8. Clearly from this452

table, GPT-3.5 is a lot faster at completing the note generation task than453
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GPT-4o, indicating that the GPT-3.5 model is more efficient than its more454

recent counterpart.455

Table 8: Model Completion Time

Run Number GPT-3.5 (seconds) GPT-4o (seconds)

Run 1 223.39 1212.10
Run 2 239.47 1085.89
Run 3 287.74 997.09
Run 4 217.71 1118.24
Run 5 211.34 1117.94

Average Time 235.93 1106.25

4.3.7. Prompt Comparisons456

The results of our prompt style assessments are outlined in Table 9. From457

this table, it is clear that our main one-shot approach outperforms the zero-458

shot approach across metrics. The SMOG index results indicate that the459

one-shot approach results in notes of a more manageable reading level than460

the zero-shot approach. The BERTScore results indicate that the one-shot461

approach results in notes that are more similar to our nurse-generated input462

notes. The METEOR score also conveys the slightly better performance of463

the one-shot approach. There are also greater differences in subjectivity and464

sentiment across both met and unmet notes for zero-shot results in com-465

parison to one-shot results, indicating that the one-shot approach results in466

notes that are more similar to the input notes. While the majority of results467

demonstrate only small improvements across metrics, these findings indicate468

that the one-shot guidance results in notes that are more appropriate to the469

context.470

Additionally, the zero-shot approach resulted in many notes being incor-471

rectly generated without proper delineation. The zero-shot prompts resulted472
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in a total of 119 notes. The one-shot prompts resulted in a total of 480 notes.473

Given that the total number of notes expected given our 5-note 5-completion474

test parameters was 500, these results indicate that the one-shot approach475

generated more appropriate output in this scenario.476

Table 9: Prompt Style Comparison

Metric Average Zero-Shot Average One-Shot

SMOG 12.27 11.67
BERTScore 0.44 0.54
METEOR 0.07 0.16
Sentiment ”Met” Difference 0.11 0.05
Sentiment ”Unmet” Difference 0.04 0.03
Subjectivity ”Met” Difference 0.1 0.09
Subjectivity ”Unmet” Difference 0.13 0.025

5. Discussion477

This paper presents a template LangChain and subsequent validation478

method for generating synthetic data for nursing home palliative care re-479

search. This template can be easily modified to include different topics as480

needed. As a result of our implementation, we were able to generate over481

12,000 notes using just 10 nurse-provided examples. We investigated the use482

of such a template to produce notes which are reflective of human-generated483

notes. These notes were evaluated using a variety of qualitative and quan-484

titative measures. We assessed the feasibility of our approach using these485

measures. We also compared GPT-3.5 and GPT-4o models using these as-486

sessments.487

Both the GPT-3.5 and GPT-4o models exhibit similar results when com-488

pared using our quantitative assessments. Keyword analysis revealed that489

both models use temporal words. As described in Section 4.3.1, we used490
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BERTScore to compute contextual similarity; we found both models capa-491

ble of generating appropriately contextually-diverse data. METEOR was492

used to examine lexical overlap, as outlined in Section 4.3.2; there is suit-493

able variance in the generated data. Section 4.3.4 outlines the result of494

our SMOG readability assessments; our notes were of similar reading level495

to other human-written nurse notes. Additionally, lexicon-based sentiment496

analysis, which is described in Section 4.3.3, revealed that our generated497

content reflects similar sentiment to our nurse-generated input notes.498

While the models convey similar results when observed using quantita-499

tive assessments, our qualitative evaluation reveals that GPT-3.5 notes are500

more in-keeping with expert opinion than GPT-4o notes. We conducted a501

blind relabelling test to find that the GPT-3.5 output is more reflective of502

human generated notes than the GPT-4o output. Given the importance of503

the qualitative nature of nurse notes, we posit that GPT-3.5 is more suit-504

able for the note generation task. Furthermore, upon assessing the amount505

of time taken to complete the note generation task, GPT-3.5 outperformed506

GPT-4o by a significant margin, demonstrating the efficiency of the former507

model in comparison to the latter.508

Furthermore, GPT-4o’s ability to handle lengthier text with increased509

complexity may be disadvantageous in simple and concise note generation510

contexts. Through these results, we show that more recent models do not511

necessarily outperform older models across all metrics or evaluations. This512

finding implies that, when generating synthetic data, multiple models should513

be considered, not just the most recent versions.514

This study is not without limitations. All of the nurse notes used as515

example input during testing were generated by one nurse. The nurse expert516

has been trained and works in the Irish healthcare system only and has no517

experience of other healthcare systems. These generated notes may not be518

relevant outside an Irish context. Future experiments could include notes519

from a wider variety of health professionals to further confirm the feasibility520
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of our approach.521

While we attempted to evaluate our notes using both qualitative and522

quantitative analysis, there exists no standard evaluation for synthetically523

generated text [62]. While human evaluation is considered the gold stan-524

dard, there are no specific criteria outlined for such assessments [62]. This525

lack of standardisation extends to quantitative evaluation scenarios also. The526

context of this work makes it difficult to compare our findings to other syn-527

thetic data studies. Additionally, in life-and-death settings, higher standards528

are required, rather than relying on arbitrary assessment techniques.529

Our human evaluation is carried out on a 10% sample of randomly shuffled530

generated notes due to time and resource constraints. While such assessment531

is useful in determining a general overview of data quality, this approach532

does not guarantee that our results are representative of the entire data533

domain. Additionally, one of our evaluators generated the input notes for the534

experiment. While this evaluator was blind to the purpose of the evaluation535

and was not involved in the design of the experimental procedure, the use536

of the same nurse in both generation and evaluation processes could have537

potentially introduced bias into our study.538

Furthermore, in an effort to discretize the palliative care referral land-539

scape, we classify notes into either “Met” or “Unmet” data points. In pal-540

liative care practice, it is more common to perceive such data as indicative541

or not indicative of signs of unmet palliative care needs. Therefore, our542

human evaluation may have resulted in an assessment skewed towards the543

identification of unmet palliative care needs. Furthermore, discretizing such544

a complex field may potentially hinder future use of such data. A more545

structured approach to labelling notes with pre-defined criteria may improve546

results.547

While our synthetic data usage aims to ensure that sensitive information548

from real patients is not revealed, we cannot guarantee that the foundation549

models being used do not leak training data. LLMs are trained on a wide550
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variety of information from diverse sources; we do not currently have access551

to the exact data that these models were trained on. Additionally, there552

is no definitive way to check for the leakage of sensitive information from553

these models due to the lack of knowledge surrounding the initial foundation554

model training data. Future work could focus on using open-source models555

with more clarity surrounding leakage risks to ensure safer synthetic dataset556

generation processes.557

Our results demonstrate the feasibility of using LangChain, the OpenAI558

API, and one-shot prompting to generate synthetic data for future research.559

However, a further blind study is needed involving a panel of experts in order560

to validate this data for future use. If such synthetic data is valid, researchers561

can use it in preliminary investigation stages before trying to access real-562

world notes. These notes could be used to test potential algorithms before563

real resident data is accessed and used by researchers. Further work could564

compare the performance of machine learning models trained on synthetically565

generated data in comparison to the same models trained on real resident566

data when used on unseen data. This future assessment could inform future567

research on the functionality of synthetic data.568

6. Conclusion569

This pilot study outlines a novel synthetic data generation pipeline to570

investigate the feasibility of using GPT models to generate nursing home571

resident data for palliative care research. We also compare results between572

these models. Our findings indicate that such approaches to artificial data573

creation can result in synthetic notes which may be reflective of human-574

generated data. We also find that GPT-3.5 may be more suited to such data575

generation tasks when compared against GPT-4o using human evaluation.576

In this paper, we discuss our methodology, analysis, and future directions.577

We also outline potential limitations associated with our work. Such data578

has the potential to be used by future researchers to accelerate palliative care579
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research and to preserve patient privacy.580

Appendix A. Supplementary Data581

The code used and datasets generated during this research can be found582

on GitHub at https://github.com/isabel-ronan/SyntheticNotes.583
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D. Mély, A. Nair, R. Nakano, R. Nayak, A. Neelakantan, R. Ngo,

H. Noh, L. Ouyang, C. O’Keefe, J. Pachocki, A. Paino, J. Palermo,

A. Pantuliano, G. Parascandolo, J. Parish, E. Parparita, A. Passos,

M. Pavlov, A. Peng, A. Perelman, F. d. A. B. Peres, M. Petrov, H. P.

d. O. Pinto, Michael, Pokorny, M. Pokrass, V. H. Pong, T. Powell,

39



A. Power, B. Power, E. Proehl, R. Puri, A. Radford, J. Rae, A. Ramesh,

C. Raymond, F. Real, K. Rimbach, C. Ross, B. Rotsted, H. Roussez,

N. Ryder, M. Saltarelli, T. Sanders, S. Santurkar, G. Sastry, H. Schmidt,

D. Schnurr, J. Schulman, D. Selsam, K. Sheppard, T. Sherbakov,

J. Shieh, S. Shoker, P. Shyam, S. Sidor, E. Sigler, M. Simens, J. Sitkin,

K. Slama, I. Sohl, B. Sokolowsky, Y. Song, N. Staudacher, F. P. Such,

N. Summers, I. Sutskever, J. Tang, N. Tezak, M. B. Thompson, P. Tillet,

A. Tootoonchian, E. Tseng, P. Tuggle, N. Turley, J. Tworek, J. F. C.

Uribe, A. Vallone, A. Vijayvergiya, C. Voss, C. Wainwright, J. J. Wang,

A. Wang, B. Wang, J. Ward, J. Wei, C. J. Weinmann, A. Welihinda,

P. Welinder, J. Weng, L. Weng, M. Wiethoff, D. Willner, C. Winter,

S. Wolrich, H. Wong, L. Workman, S. Wu, J. Wu, M. Wu, K. Xiao,

T. Xu, S. Yoo, K. Yu, Q. Yuan, W. Zaremba, R. Zellers, C. Zhang,

M. Zhang, S. Zhao, T. Zheng, J. Zhuang, W. Zhuk, B. Zoph, GPT-4

technical report. arXiv:2303.08774 [cs], doi:10.48550/arXiv.2303.08774.

URL http://arxiv.org/abs/2303.08774

[35] M. Tornqvist, J.-D. Zucker, T. Fauvel, N. Lambert, M. Berthelot,

A. Movschin, A text-to-tabular approach to generate synthetic patient

data using LLMs. arXiv:2412.05153 [cs], doi:10.48550/arXiv.2412.05153.

URL http://arxiv.org/abs/2412.05153

[36] D. Smolyak, A. Welivita, M. V. Bjarnadóttir, R. Agarwal, Im-
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liative care: Nursing documentation in a palliative care unit—a

pilot study 25 (1) 45–51, publisher: SAGE Publications Inc.

doi:10.1177/1049909107307381.

URL https://doi.org/10.1177/1049909107307381

[60] M. C. Broderick, A. Coffey, Person-centred care

in nursing documentation 8 (4) 309–318, eprint:

https://onlinelibrary.wiley.com/doi/pdf/10.1111/opn.12012.

doi:10.1111/opn.12012.

URL https://onlinelibrary.wiley.com/doi/abs/10.1111/opn.

12012

[61] W.-C. Su, K. Dufendach, D. T. Wu, Assessing the readability of freely

available ICU notes 2019 696–703.

URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6568110/

[62] A. Celikyilmaz, E. Clark, J. Gao, Evaluation of text generation: A

survey. arXiv:2006.14799 [cs], doi:10.48550/arXiv.2006.14799.

URL http://arxiv.org/abs/2006.14799

44


