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Abstract
Healthcare services generate and store large quantities of data, requiring significant 
resources to manually analyze and gain meaningful insights. Recent advancements 
in automation tools—such as generative artificial intelligence (GenAI)—provide new 
opportunities to reduce human labor. This study explores the potential utilization of 
GenAI for a healthcare data analysis task—specifically, the conversion of clinical data 
from one diagnostic classification system to another (i.e., the Australian extension 
of the Systematized Nomenclature of Medicine Clinical Terms to the International 
Classification of Diseases, 10th  Revision, Clinical Modification)—and examines the 
time and cost benefits of performing this using GenAI compared to a human rater. 
Conversions were completed using three methods: manual conversion using the 
National Library of Medicine’s I-MAGIC tool, ChatGPT-4o, and Claude 3.5 Sonnet. The 
accuracy of the GenAI tools was mapped against the manually extracted codes and 
examined in terms of a perfect, partial, or incorrect match. Task completion time was 
recorded and extrapolated to calculate and compare the cost associated with each 
method. When compared to the manually extracted codes, Claude 3.5 Sonnet yielded 
the highest level of agreement over ChatGPT-4o, whilst being the most time- and 
cost-effective. GenAI tools have greater utility than they have currently been given 
credit for. The automation of big data healthcare analytics, whilst still the domain of 
humans, is increasingly capable of being undertaken using automation tools with 
low barriers to entry. The further development of GenAI’s capabilities, alongside the 
capability of the healthcare system to use it appropriately, has the potential to result 
in significant resource savings.
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1. Introduction
The volume of data generated annually by hospitals 
and health services far exceeds the analytical capacity 
of humans.1 Murphy1 estimated hospitals produce 
approximately 50 petabytes (equivalent to 50,000,000 
gigabytes) of data each year—97% of which remains 
unanalyzed or unused. Electronic health records contain a 
wide range of information, including patient demographics, 
images, clinical notes, and pathology results. These records 
offer significant potential for retrospective analysis to 
support data-driven decision-making and more accurate 
predictions of service utilization.1,2 However, increasingly 
financially constrained and resource-limited healthcare 
systems lack the capacity to manually process such large 
datasets, limiting opportunities to improve healthcare 
system efficiency.1,3

Generative artificial intelligence (GenAI) refers to a 
type of artificial intelligence algorithm that enables the 
creation of new content—such as text, images, video, or 
audio files—based on a set of training data.4,5 GenAI has a 
wide range of applications, including creating illustrations, 
writing code, and processing datasets.4-7 Additionally, 
GenAI has the potential to support the analysis of large-
scale datasets within healthcare settings.5,8 Healthcare 
has traditionally required significant human labor and 
expertise, and as such, it has often resisted large-scale 
efforts for effective automation, particularly in the form of 
clinical and administrative decision-making.9-12 A recent 
literature review by Li et al.13 has identified some of the key 
areas in which GenAI is starting to make an impact within 
healthcare, including generating discharge summaries,14 
determining appropriate screening procedures for a 
patient,15 answering clinical questions, and providing 
medical education.16-19

The increasing complexity of global healthcare 
challenges necessitates new data analysis approaches that 
can expeditiously and efficiently leverage the vast datasets 
available to healthcare systems. Recent advancements 
in automation tools, such as GenAI, provide new 
opportunities to efficiently complete large-scale healthcare 
data analytics.20 The widespread implementation of 
GenAI represents one of the most rapid technological 
advancements in recent years. OpenAI’s21 ChatGPT 
is currently one of the most widely used GenAI tools, 
with over 100 million online users per week.22 ChatGPT 
allows users to input prompts, commands, or questions 
and generates corresponding responses. Its interface 
is driven by a large language model, a form of natural 
language processing capable of learning and refining 
its conversational abilities through both self-  and semi-
structured training.23 Data processing is carried out using 

large-scale neural networks, incorporating feed-forward 
and convolutional architectures.23

Following the widespread success of ChatGPT, 
competitors have since launched other GenAI tools available 
to the general public, including Google Gemini,24 Microsoft 
Copilot,25 and Claude.26 The accuracy and completeness of 
outputs are limited by the data available to the GenAI model 
(i.e., what it has been trained on, its access to real-time search 
capabilities), which may be biased or inaccurate. GenAI 
tools also have limited knowledge of more specialized 
topics, resulting in a tendency to “hallucinate”—a 
phenomenon where a GenAI tool generates information 
to fill knowledge gaps, thereby decreasing the accuracy of 
outputs.27 Healthcare professionals require an up-to-date 
understanding of the current and evolving limitations of 
GenAI in order to optimally select tasks at which it is likely 
to excel and to prompt it appropriately.

A key challenge in analyzing large-scale healthcare 
data is ensuring the consistency of data recording 
across different health services. Standardized diagnostic 
coding systems help maintain clinical data uniformity by 
providing a universal language through which diagnoses 
can be coded and interpreted consistently across healthcare 
settings. The Systematized Nomenclature of Medicine 
Clinical Terms (SNOMED CT)28 is a diagnostic coding 
system utilized by 48 countries (as of August 2024)29 
to capture detailed clinical information on procedures, 
diseases, and clinical findings. SNOMED CT presents 
diagnoses using both a numeric code (e.g., “230690007”) 
and a corresponding descriptor (e.g., “Stroke”). It employs 
a polyhierarchical structure, in which any given code may 
belong to one or more “parent” categories (e.g., “asthma” 
may be categorized under both “respiratory diseases” 
and “allergic conditions”). While SNOMED CT provides 
a comprehensive framework for patient-level diagnostic 
coding—encompassing symptoms, procedures, and 
clinical observations—the system’s complexity can pose 
challenges for users with limited training.

The International Statistical Classification of Diseases 
and Related Health Problems (ICD)30 is currently the 
global standard for coding diagnostic information. ICD 
focuses on the classification of diseases, disorders, and 
causes of death using alphanumeric codes. These codes are 
determined using a hierarchical system, in which codes 
are categorized by chapters (e.g., F: mental and behavioral 
disorders) and then further subdivided as more detail is 
provided (e.g.,  “F30: mood [affective] disorders,” “F30.9: 
manic episode, unspecified”). Although the ICD provides 
less detail than SNOMED CT, its broader categories 
facilitate population health analytics and provide a 
standard for international health system comparison.
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The ability to convert between diagnostic coding systems 
has practical applications, particularly within research 
contexts. For instance, extracting a subset of SNOMED CT 
codes related to a specific diagnostic grouping (e.g., mental 
health) is challenging, as there are no broader categories for 
each condition, unlike ICD codes. This presents challenges 
when working with large SNOMED CT datasets while 
attempting to analyze only a subset. Converting diagnostic 
codes can be a time-consuming task, particularly when this 
process relies heavily on manual data input and extraction. 
To the authors’ knowledge, it remains unexplored whether 
GenAI can assist in the conversion of clinical data from 
one diagnostic coding language to another, such as 
from SNOMED CT to ICD. Such conversions require 
specialized knowledge of clinical coding and are labor-
intensive to complete manually. Performing diagnostic 
code conversion tasks using AI models may enable less 
qualified staff to complete the work in less time, thereby 
reducing the cost of data processing.

Therefore, this study aims to examine whether publicly 
accessible GenAI tools – namely ChatGPT-4o and Claude 
3.5 Sonnet – can accurately convert clinical diagnostic 
codes from SNOMED CT to the 10th revision of the ICD 
(ICD-10). This study also seeks to address the following 
sub-objectives:
(i)	 Compare the level of agreement between ChatGPT-4o 

and a human rater
(ii)	 Compare the level of agreement between Claude 3.5 

Sonnet and a human rater
(iii)	Compare the level of agreement between ChatGPT-4o 

and Claude 3.5 Sonnet
(iv)	 Examine the economic benefit, in terms of time 

and labor cost, of using GenAI to complete this task 
compared to a human rater.

2. Materials and methods
The SNOMED CT codes used in this study originate from 
a broader emergency department (ED) dataset, obtained as 
part of a study investigating mental health presentations to 
hospital EDs (ethics approval: HREC/2023/QGC/95219). 
This dataset consists of 19,764 unique SNOMED-CTAU 
(Australian Extension) numeric codes (e.g., 48694002) 
and SNOMED-CT-AU names (e.g., “Anxiety reaction”) 
representing the diagnoses made to the ED over a 3-year 
period (August 2020 to August 2023). The current 
evaluation utilizes a randomly selected 10% subset of this 
data (n = 1,976) ( Table S1).

To convert the SNOMED CT-AU31 codes to ICD-10 
Clinical Modification (ICD-10-CM),32 a three-phase 
approach was employed. First, codes were manually 
converted by human raters. Second, the codes were 

converted using ChatGPT-4o (https://chatgpt.com/). 
Third, the same set of codes was converted using Claude 
3.5 Sonnet (https://claude.ai/). Both GenAI tools required 
paid subscriptions at the time of analysis.

The methodology and results of this study were reported 
in accordance with the METRICS reporting checklist, 
which outlines standardized reporting metrics – such as 
model, evaluation, timing, transparency, range of tested 
topics, randomization, individual factors, query count, 
and prompt specificity – for GenAI-based studies in 
healthcare.33 The completed reporting checklist is listed in 
Table S2.

2.1. Phase 1: Manual conversion of SNOMED-CT-AU 
codes

The SNOMED CT-AU codes were manually converted by 
a team of three raters (AG = 800 codes; AJ = 644 codes; 
CH = 532 codes). Conversions were performed using 
the Interactive Map-Assisted Generation of ICD Codes 
(I-MAGIC) algorithm (https://imagic.nlm.nih.gov/
imagic/code/map), an online tool that provides a mapping 
between the two diagnostic coding systems.34 Codes were 
entered into the tool in the format “SNOMED CT-AU 
name (SNOMED CT-AU code)” (e.g., “Anxiety reaction 
[48694002]”), and the corresponding ICD-10-CM code 
was extracted.

In this study, the I-MAGIC tool was employed as the 
reference standard against which all other conversion 
methods were compared. However, some SNOMED 
CT codes could not be located within the I-MAGIC 
database. As the dataset utilized the Australian extension 
of SNOMED CT, while the mapping tool used the standard 
SNOMED CT list, it is likely that the missing codes were 
region-specific.35 In such cases, the absence of an equivalent 
was noted.

2.2. Phase 2: Conversion of SNOMED-CT-AU codes 
using ChatGPT-4o

ChatGPT-4o21 was used to automatically convert the 
SNOMED CT-AU codes and names into ICD-10-CM 
codes (completed in August 2024). A  Microsoft Excel 
file containing the SNOMED CT-AU codes and names 
was uploaded to ChatGPT-4o. The prompt used 
for the conversion was refined through an iterative 
process to improve efficiency and reduce the risk of 
“hallucinations” (i.e., providing false information) and 
data processing errors.

It was necessary to state that ChatGPT4o could take 
as much time as required to complete this task, otherwise 
the message would time out and cease to produce output. 
Additionally, a limit was observed regarding the number 
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of codes that could be processed simultaneously without 
increasing the likelihood of errors, such as incorrect 
conversions, fabricated inputs, or skipped entries. To 
manage this, codes were processed in batches of five, with 
five batches (25 codes in total) converted at a time.

The following final prompt was used:

Please manually and sequentially convert the 
SNOMED-CT-AU codes into ICD-10-CM codes and 
names which have not been converted yet. If you need 
to, complete this task in batches of 5. Take as long as you 
need. Do not hallucinate, and only convert codes which 
have been provided to you. Do not create new codes to 
convert. Provide an update after 5 batches have been 
completed. Provide a.xlsx file at the end.

Figure 1 presents the final prompt and the corresponding 
output from ChatGPT-4o.

Following each conversion of 25 codes, ChatGPT-4o 
needed to be prompted to continue (Figure 2):

Please continue.

Following conversion, ChatGPT-4o generated the 
requested Microsoft Excel file containing the original input 
data and the corresponding final output data.

2.3. Phase 3: Conversion of codes from the 
Australian extension of the Systematized 
Nomenclature of Medicine Clinical Terms using 
Claude 3.5 Sonnet

At the time of the study (September 2024), Claude 
3.5 Sonnet26 was unable to import or export Microsoft 
Excel files. Therefore, data were copied and pasted directly 
into the chat as a means of input. However, there were 
limitations on the maximum allowable message length. 
As a result, the data were entered in three batches of 500, 
followed by a final batch of 476.

The prompt was developed in a similar manner to 
Phase 2, using an iterative approach. Claude 3.5 Sonnet 
required fewer instructions to accurately perform the 
task, allowing the prompt to be developed relatively 
quickly. However, the limits of output message length 
restricted Claude 3.5 Sonnet to processing only 50 codes 
at a time.

During prompt testing, it was noted that Claude 
3.5 Sonnet needed to be explicitly instructed not to skip 
lines, as reflected in the final prompt (Figure 3):

Please convert these SNOMED CT-AU codes and names 
into ICD-10-CM codes and names. Convert them in 
sequential order starting from the top and ensuring you 
do not skip any. I have provided 500 codes in total and 
need 500 responses at the end. Start with the first 50. If 
you are unable to convert a code, please state this.

Figure 1. ChatGPT-4o prompt and output
Abbreviations: ICD-10-CM: International Classification of Diseases, 
10th  Revision, Clinical Modification; SNOMED CT-AU: Australian 
extension of the Systematized Nomenclature of Medicine Clinical Terms.

Figure  2. ChatGPT-4o is prompted to continue with the next batch of 
conversions
Abbreviations: ICD-10-CM: International Classification of Diseases, 
10th  Revision, Clinical Modification; SNOMED CT-AU: Australian 
extension of the Systematized Nomenclature of Medicine Clinical Terms.
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As Claude 3.5 Sonnet was unable to directly export a 
Microsoft Excel file, it was instead instructed to produce R 

code that could be run to generate an output file (Figure 4). 
The following request was made: “Can you write the code 
for R to create an Excel file of this data. Write it out in 
full so it exports all entries 1 – 100.” Due to limitations 
in output message length, this process was completed in 
batches of 100. The generated code was then run using R 
Studio (Posit, USA) to produce the final output file.

2.4. Statistical analysis

For the purpose of analysis, the ICD codes were split into 
three components: (i) letter code (“Level 1”); (ii) major 
numeric code (before the decimal point: “Level 2”); 
and (iii) minor numeric code (after the decimal point: 
“Level 3”) (Table 1).

A pattern-matching program was developed using the 
C programming language to identify partial and perfect 
matches among the 1,970  cases between: (i)  manual 
coding and ChatGPT-4o; (ii) manual coding and Claude 
3.5 Sonnet; and (iii) ChatGPT-4o and Claude 3.5 Sonnet. 
The program converted the codes from each method into 
their component parts. Some manual editing was necessary 

Figure 3. Claude 3.5 Sonnet prompt and output
Abbreviations: ICD-10-CM: International Classification of Diseases, 
10th  Revision, Clinical Modification; SNOMED CT-AU: Australian 
extension of the Systematized Nomenclature of Medicine Clinical Terms.

Figure 4. Claude 3.5 Sonnet generating R code to create a Microsoft Excel file
Abbreviations: ICD-10-CM: International Classification of Diseases, 10th Revision, Clinical Modification; SNOMED CT-AU: Australian extension of the 
Systematized Nomenclature of Medicine Clinical Terms.
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to address missing values, which were substituted with 
null codes.

Using this program, the number of matches found for 
each comparison was categorized as follows: perfect match, 
Level 1 partial match, Level 2 partial match, and incorrect 
match (Table  1). A  Chi-squared test of independence was 
conducted to determine whether there was a statistically 
significant difference in the number of good matches (perfect 
and Level 2 partial matches) and poor matches (Level 1 
partial and incorrect matches) across the three methods.

2.5. Time and cost analysis

The time required to perform conversions in each phase 
was recorded to allow for a comparison of the time and 

labor costs associated with each method. The cost of 
completing the task was calculated by multiplying the time 
taken for each method by the hourly wage of a research 
assistant, which was set at AUD$52.20/hour (based on 
the pay rate for a university-employed research assistant, 
excluding on-costs). Setup costs – namely, the cost of 
subscribing to ChatGPT-4o or Claude 3.5 Sonnet – were 
also included in the total cost calculation.

3. Results
Table 2 displays the number of each type of match found 
for each of the comparisons. A  Chi-squared test of 
independence was conducted to examine differences in the 
number of good and poor matches among manual coding, 
ChatGPT-4.0, and Claude 3.5 Sonnet. The analysis reveals 
a statistically significant difference in agreement across the 
three comparisons (χ² [df = 2] = 56.722, p<0.001).

Agreement on good matches varies considerably 
between method pairs. The ChatGPT-4.0 and Claude 3.5 
Sonnet pair show the highest agreement, producing good 
matches for 1,520 cases (77.2%) compared to 1,329 cases 
(67.5%) for manual coding versus ChatGPT-4o and 
1,357 cases (68.9%) for manual coding versus Claude 3.5 
Sonnet.

Table  3 displays the time and associated cost for a 
research assistant to perform data conversions using each 
tool for the 10% subset (n = 1,976) included in this study. It 
also includes an extrapolated estimate of costs if the entire 
dataset (n = 19,764) were to be converted from SNOMED 
to ICD.

Of the three methods used, manual coding was the 
most time-consuming and costly, taking 24 h and 31 min  
(AUD$1,279.77) to convert the subset utilized in this 
study. When extrapolated to the full dataset, this method 
is estimated to require 245 h and 12 min, with a labor cost 
of AUD$12,799.44.

Table 1. Components of the International Classification of 
Diseases codes used to identify matches

Level 1 Level 2 Level 3

Example ICD Code F 30 .9

Perfect match Yes Yes Yes

Level 2 partial match Yes Yes No

Level 1 partial match Yes No No

Incorrect match No No No

Abbreviation: ICD: International Classification of Diseases.

Table 2. Number of correct matches across comparisons

Match 
category

Manual coding 
vs. ChatGPT‑4o 

(%)

Manual coding 
vs. Claude 

3.5 Sonnet (%)

ChatGPT‑4o 
vs. Claude 

3.5 Sonnet (%)

Perfect match 578 (29.34) 599 (30.41) 757 (38.43)

Level 2 partial 
match

751 (38.12) 758 (38.48) 763 (38.73)

Level 1 partial 
match

235 (11.93) 212 (10.76) 230 (11.68)

Incorrect match 406 (20.61) 401 (20.36) 220 (11.17)

Table 3. Time and cost for each method

Method and scenario Time FTEs in weeksa Labor cost (AUD) Cost of GenAI tool (AUD) Total cost (AUD)

10% subset (n=1,976)

Manual coding 24 h and 31 min 0.64 $1,279.77 N/A  $1,279.77

ChatGPT‑4o 5 h and 45 min 0.15 $300.15 $30.00 $330.15

Claude 3.5 Sonnet 3 h and 10 min 0.08 $165.30 $30.00 $195.30

Extrapolation for full dataset (n=19,764)

Manual coding 245 h and 12 min 6.45 $12,799.44 N/A $12,799.44

ChatGPT‑4o 57 h and 30 min 1.51 $3,001.50 $30.00 $3,031.50

Claude 3.5 Sonnet 31 h and 40 min 0.83 $1,653.00 $30.00 $1,683.00

Note: aAssumes a 38‑h work week.
Abbreviations: FTE: Full time equivalent; N/A: Not available.
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Of the two GenAI methods, Claude 3.5 Sonnet was the 
most time-  and cost-efficient, requiring 3  h and 10  min 
(AUD$195.30, including subscription cost). ChatGPT-4o 
nearly doubled the time and cost of Claude 3.5 Sonnet, 
taking 5  h and 45  min ($330.15, including subscription 
cost). Regardless, ChatGPT-4o still demonstrated 
significant time and cost savings compared to manual 
conversion.

4. Discussion
This evaluation provides a case study to investigate the 
ability of GenAI tools to process and analyze large-scale 
healthcare datasets. To the authors’ knowledge, this study 
is the first to challenge GenAI tools to complete a clinical 
diagnostic coding conversion task and to compare the 
results against those of a manual rater. Conversion of 
clinical diagnostic codes to other coding systems, such as 
the task presented in this study, is a complex and time-
consuming task commonly undertaken within healthcare 
data processing. Therefore, this study highlights an 
example of a potential use for GenAI within health data 
analytics.

The analysis in this study examined matches found 
between the two GenAI tools and the manual rater. The 
results indicated that the two GenAI tools showed a higher 
level of agreement than either of them did compared to 
the manual coding, suggesting that the GenAI methods 
may employ similar coding strategies or have overlapping 
strengths in code conversion that differ from manual 
coding approaches.

However, when interpreting these findings, there 
are several caveats to consider. For instance, the clinical 
validity of ICD codes—particularly in cases where these 
were identified as “partial” or “incorrect matches”—was 
not assessed. This may have resulted in several potentially 
valid codes being incorrectly coded. For example, the 
SNOMED code “314041007 Abdominal pain in early 
pregnancy” was manually converted to “R10.9 Unspecified 
abdominal pain”. As this formed the benchmark for 
comparison between the GenAI tools, conversions made 
by ChatGPT-4o (“O26.83 Pregnancy related abdominal 
pain”) and Claude 3.5 Sonnet (“O26.892 Other specified 
pregnancy related conditions, first trimester”) were 
considered as incorrect matches.

During the analysis, the GenAI tools identified 
additional—or arguably better—matches between 
SNOMED CT and ICD-10-CM. Additionally, there were 
several cases where the I-MAGIC tool was unable to 
generate a match for a SNOMED CT code (e.g., “102508009 
Well female child”), whereas ChatGPT-4o and Claude 3.5 
Sonnet were both able to produce the same alternative 

ICD-10-CM code (i.e., “Z00.129 Encounter for routine 
child health examination without abnormal findings”). 
This suggests that further formal analysis may demonstrate 
that GenAI tools outperform human raters. Therefore, 
it is likely that the results of this study significantly 
underestimate the accuracy and clinical validity of the 
matches produced by the GenAI tools.

Despite GenAI tools demonstrating significant 
time and cost savings, several challenges were noted 
throughout the conversion process. With regards to 
ChatGPT-4o, the process of performing the SNOMED 
CT-AU to ICD-10-CM conversion was not fully 
automated, nor was it straightforward for someone 
inexperienced with writing GenAI prompts to perform. 
When piloting the prompt, ChatGPT-4o tended to skip 
lines, chunks of data, or “hallucinate” (i.e., produce new 
input data that was not provided in the dataset). It was 
therefore necessary to explicitly instruct ChatGPT-4o to 
“manually and sequentially” convert the provided codes 
and to “…not hallucinate, and only convert codes which 
have been provided…” and “…not create new codes to 
convert.” When completing the final batch of conversions, 
the output had to be monitored for accuracy. Despite not 
hallucinating during the task, ChatGPT-4o still produced 
new input data when it ran out of the codes it had been 
provided.

When providing additional prompts after the algorithm 
had performed well, it was beneficial to provide positive 
reinforcement to inform ChatGPT-4o that it had 
performed the task correctly. This avoided ChatGPT-4o 
from changing its original output. There were also 
instances where ChatGPT-4o would attempt to terminate 
the task (i.e., “Unfortunately I have run out of time to 
process additional conversions”) but could be prompted 
to continue without further issue. These nuances required 
some level of skill and familiarity with ChatGPT-4o and 
GenAI prompts.

In terms of the time and labor required, ChatGPT-4o 
was not simply a “set and forget” solution to a large data 
task. Due to limitations on the volume of codes it was 
able to process before sometimes hallucinating, a manual 
“nudge” (i.e., “Please continue with the next batch”) was 
required after every 25 codes had been converted. This 
required continual monitoring of ChatGPT-4o while 
it was processing to ensure that lines of data were not 
skipped. Importantly, this renders the task impractical 
to complete in the background while undertaking other 
work.

ChatGPT-4o also imposes limits on the number of 
messages that are permitted within a certain timeframe 
(40 messages every three h). Given the number of nudges 
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required to process this data – in addition to further 
messages to adapt and rectify the prompt if it was not 
processing correctly – the message limit was quickly 
reached and required waiting until the window had 
lapsed before proceeding with the rest of the task. This 
drastically inflated the timeframe in which the task could 
be completed.

Claude 3.5 Sonnet provided a more streamlined tool that 
did not require as much skill or time to produce a prompt. 
One key limitation of Claude 3.5 Sonnet was the process 
of importing and exporting data. Unlike ChatGPT-4o, at 
the time of the study, Claude 3.5 Sonnet did not have the 
functionality to directly import or export Microsoft Excel 
files; however, this functionality has since been added with 
the release of Claude 4.0 Sonnet. Therefore, it was necessary 
to copy and paste lines of data from the Microsoft Excel 
file into Claude 3.5 Sonnet. This led to a further limitation, 
which was the restrictions on both message length and 
the number of messages permitted. As the amount of data 
exceeded the input limit, it was necessary to break up the 
prompt into smaller, more manageable batches of codes 
(i.e., 500 lines at a time).

Although Claude 3.5 Sonnet did not appear to 
“hallucinate” with a greater number of conversions, only 
50 codes could be converted at a time due to limits on the 
maximum output message length. This however meant 
that the message limit (approximately 45 messages every 
5 h, dependent on message length) was quickly consumed. 
Given that Claude 3.5 Sonnet processed codes significantly 
faster than ChatGPT-4o, this led to a longer waiting period 
between exceeding the message limit and its renewal. 
As Claude 3.5 Sonnet was unable to directly export a 
Microsoft Excel file at the end of the task, this significantly 
increased the time burden, as it was necessary to produce R 
Studio code to be run in order to produce the final output 
dataset. In addition to requiring the worker to have some 
knowledge of how to run the code in R Studio, this step 
accounted for the majority of the time taken to complete 
the task. For instance, it took 1 h and 15 min to complete 
the code conversion, with the remainder of the time (1 h 
and 55  min) spent writing and executing the R Studio 
code. The ability to produce downloadable Microsoft Excel 
files within Claude 3.5 Sonnet would rectify this limitation, 
significantly reducing the time and cost required to 
complete data analysis.

Although other methods are available for large-scale 
data extraction tasks, such as the creation of Application 
Programming Interfaces, these may require technical skill 
and knowledge to set up. These may also be cumbersome 
and impractical for ad hoc tasks performed by individuals 
lacking programming skills, particularly those in a busy 

clinical or hospital environment.36 GenAI tools remain 
an accessible and easy-to-use alternative that requires 
minimal training to achieve a cost-  and time-efficient 
outcome. Additionally, these tools are rapidly improving 
over time, potentially simplifying the task even further.

4.1. Study limitations

Although this case study provides valuable insights into 
the use of GenAI to complete a large-scale health data 
analysis task, several limitations still remain. Firstly, given 
that this is an Australian dataset, the SNOMED-CT codes 
came from the Australian edition (SNOMED-CT-AU) 
whilst the I-MAGIC tool only caters to the standard 
version. Therefore, this may account for why some codes 
were unable to be manually converted using the I-MAGIC 
tool. Additionally, multiple raters were required to 
complete the manual coding task, thereby introducing 
potential issues around inter-rater reliability, particularly 
when coders were less familiar with the task. Furthermore, 
the I-MAGIC tool currently uses ICD-10-CM and has 
not yet been updated for the new edition of the ICD (i.e., 
11th edition). There is currently no mapping tool available 
that enables SNOMED CT to be converted to the newer 
version of the ICD.

In addition, this study only considered ICD-10-CM 
codes to be “correct” if they either perfectly or partially 
matched the manual code. Given that the aim of this study 
was to examine whether this task could be completed 
using GenAI, it was outside of the scope of the study to 
manually examine each “incorrect” match to determine 
whether it was clinically valid. However, this is likely 
to have significantly impacted the results and led to an 
underestimation of the level of agreement between the 
GenAI tools and manual ratings.

A further limitation of this study is the rapid pace at 
which GenAI tools are being developed and improved. It 
is likely that in the time since this study was conducted, 
newer tools have been released that may yield different 
results in terms of accuracy and processing speed. 
However, these advancements will likely only improve the 
overall efficiency and accuracy of GenAI tools.

4.2. Recommendations for future research

There is significant scope for future research within this 
field. Firstly, further analysis of the produced data from 
this study is planned to examine the clinical validity of 
partial or incorrect matches, which will further strengthen 
the results of this study by producing more accurate 
ratings between the GenAI and manual coding output. 
This study used the paid versions of both ChatGPT-4o and 
Claude 3.5 Sonnet, which offer additional functionalities 
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and greater processing speed than their free versions. 
This study could be replicated using the free versions of 
these tools to compare whether the paid versions yield any 
difference in terms of level of agreement and processing 
time. It is also yet to be determined whether the time and 
cost savings observed in this task would translate to other 
data conversion tasks. Further studies using GenAI tools 
are needed to determine whether time and cost differences 
are consistent across different types of tasks. Additionally, 
as new GenAI tools—such as DeepSeek37—are released 
with improvements in speed and functionality, it is 
recommended that this study be repeated to examine how 
these improvements impact the speed and accuracy with 
which this task can be completed. Although ChatGPT-4o 
and Claude 3.5 Sonnet are not specifically designed for 
healthcare applications, these tools were selected due to 
their relatively low cost and wide accessibility. The task 
presented in this study should also be repeated using 
GenAI tools specifically designed for clinical or healthcare 
contexts. Furthermore, the completion of similar tasks 
using GenAI tools should be considered to further explore 
their capabilities in healthcare data processing.

5. Conclusion
This study presents a case study demonstrating the use of 
GenAI tools to complete manual data processing tasks that 
are typically tedious, time-consuming, costly, and both 
mentally and physically demanding. The findings highlight 
that manual processing is often prohibitive in terms of time 
and cost and that alternative methods – such as the use 
of GenAI – warrant further exploration. GenAI provides 
a promising avenue for leveraging the vast quantities of 
currently unanalyzed healthcare data, with the potential 
to enhance outcomes for healthcare professionals, 
researchers, systems, and, most importantly, patients.
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