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Abstract

Background: Large language models offer new possibilities for transforming unstructured clinical text into structured
datasets. However, their performance in specialized and complex documentation environments, such as neurosurgery, remains
insufficiently characterized. GPT-4o0 is a large language model with enhanced natural language capabilities, but its accuracy in
extracting structured data from neurosurgical reports has not been systematically assessed.

Objective: This proof-of-concept study evaluated the feasibility and accuracy of GPT-4o0 for extracting predefined structured
variables from unstructured neurosurgical reports of patients with vestibular schwannoma. Specific aims were to measure
accuracy across variable types, assess the impact of prompt refinement, and explore the model’s potential utility for research-
oriented data mining.

Methods: In this retrospective single-center study, 10 consecutive patients with histologically confirmed vestibular schwan-
noma who underwent surgery between August and December 2023 were included. Four anonymized German-language
documents per patient (discharge, surgical, histopathology, and 3-month follow-up reports) were processed using GPT-4o0.
Seventeen variables were extracted using a standardized zero-shot prompt. Targeted prompt refinements were subsequently
applied for variables with low baseline accuracy. Two board-certified neurosurgeons independently validated all outputs, with
discrepancies resolved by a senior neurosurgeon. Accuracy metrics, 95% Cls (Wilson method), and descriptive comparisons
between variable types were calculated.

Results: GPT-40 achieved 100% accuracy for structured variables requiring minimal interpretation, including patient ID, date
of birth, date of surgery, histopathological diagnosis, and World Health Organization grade. Several interpretative variables,
such as symptoms at presentation, symptom type, symptom duration, extent of resection, and permanence of postoperative
deficits, were also extracted with 100% accuracy. In contrast, intraoperative complications and new postoperative deficits were
correctly identified in only 50% (5/10) of cases using the zero-shot prompt. After targeted prompt refinement, accuracy for
these variables improved substantially, reaching 90% to 100% in most cases. The mean accuracy was highest for structured
categorical variables (97.5%, SD 4.6%), intermediate for binary variables (80%, SD 27.4%), and lowest for conditional text
variables (66.7%, SD 28.9%), without statistically significant differences (P=.25).

Conclusions: GPT-40 demonstrated strong feasibility for structured data extraction from standardized neurosurgical reports,
particularly for variables with limited semantic complexity. However, the high accuracy observed reflects a narrow and highly
controlled context and should not be interpreted as evidence of general reliability across diverse clinical settings. Larger,
multi-institutional, and multilingual studies are needed to determine broader applicability and potential clinical integration.
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Introduction

The advent of artificial intelligence (AI) in health care has
revolutionized data processing, decision-making, and research
methodologies. Among these innovations, natural language
processing (NLP) models, such as GPT-4o (released in May
2024; OpenAl), represent a significant leap in handling
unstructured data. With their capacity to synthesize, analyze,
and structure information, large language models (LLMs)
provide a promising avenue for transforming how clinicians
and researchers interact with medical records and literature.

In neurosurgery, the challenge of efficiently extract-
ing insights from diverse and voluminous data, including
imaging reports, clinical notes, and surgical documentation,
is particularly pronounced. Studies have demonstrated that
NLP models can bridge these gaps, optimizing both clin-
ical workflows and research efforts [1,2]. Furthermore,
by automating labor-intensive processes, these tools may
enhance patient care, reduce costs, and streamline health care
operations [3].

Despite the promise, challenges remain. Privacy con-
cerns, data security, and the need for precise tuning of Al
tools pose significant barriers to their widespread adop-
tion [4-6]. While LLMs present remarkable opportunities,
their limitations must also be recognized. Common chal-
lenges include hallucination, biases inherited from training
data, and overfitting in specialized domains. These issues
have historically limited their practical use in health care,
highlighting the need for thorough validation and responsible
implementation.

This proof-of-concept study aimed to explore the
application of GPT-40 as a data mining tool in neurosurgery.
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Patients with vestibular schwannoma were selected because
their management involves standardized documentation,
including surgical, pathological, and follow-up reports.
This provides a consistent and well-defined framework for
assessing the capability of GPT-40 to structure complex
clinical data. The approach presented here may serve as a
template for future applications across other neurosurgical
conditions. Specifically, we seek to evaluate the model’s
ability to extract and provide structured data from unstruc-
tured datasets and assess its feasibility as an aid in research
environments.

By leveraging GPT-4’s NLP capabilities, we hypothe-
size that neurosurgical data can be extracted and structured
reliably, facilitating accurate data aggregation and analysis
across heterogeneous clinical reports.

Methods

Overview

This was a retrospective feasibility study conducted at a
single tertiary neurosurgical center (Department of Neurosur-
gery at the University Hospital of Freiburg). The inclusion
criteria comprised consecutive patients with histologically
confirmed vestibular schwannoma who underwent surgical
treatment between August and December 2023 and had
complete documentation (discharge, surgical, pathology, and
follow-up reports). Patients who lacked any of these reports
were excluded from the analysis. Figure 1 illustrates the data
flow and extraction process.

Figure 1. Workflow of data extraction and validation process. Al: artificial intelligence; VS: vestibular schwannoma.

( Patient selection

10 consecutive patients with VS who underwent
surgery between August and December 2023

Inclusion: complete documentation (discharge,
surgery, pathology, and 3-month follow-up reports)

Exclusion: missing or incomplete reports.

All screened patients met these inclusion criteria
.

Al-based data extraction (GPT-40)
Input: unstructured textual reports (in German)
Model: GPT-40 (OpenAl, released in May 2024)

Task: transform unstructured text —
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The primary outcome of the study was the accuracy rate in
extracting structured information from the provided unstruc-
tured data. The ground truth for this evaluation was estab-
lished by a medical team, which manually reviewed and
assessed each response provided by the AI model. This
ensured that the AI’s performance was rigorously compared
to expert human judgment.

All personal data of both patients and health care
professionals that were visible in the original documents were

Almeida Sales et al

anonymized before being processed by the AI model (Figures
2 and 3). Consequently, it was not possible to identify any
individual patients from the data provided to the AI model for
analysis. It is also important to note that the original language
of all medical reports was German, and these unstructured
data were presented to the AI model in its native form for
analysis and extraction.

Figure 2. Surgical report. This surgery report was used as a raw dataset for extracting and processing unstructured data into structured data. Personal
data were omitted from the artificial intelligence tool to ensure compliance with ethical standards and protect patient privacy.

UNIVERSITATSKLINIKUM FREIBURG
Neurochirurgie Breisacher Str. 64, D-T9106 Freiburg

KLINIK FUR NEUROCHIRURGIE

Freiburg, 25.08.2023

OPERATIONSBERICHT

Beurteilung:

Bei der Abklarung von migraneartigen Kopfschmerzen zeigt sich kernspintomografisch ein kontrastmittel-
aufnehmender Tumor von ca. 1,5 x 1 cm im Kleinhirnbriickenwinkel rechts in den inneren Gehérgang rei-
chend, am ehesten einem Akustikusneurinom Stadium T2 entsprechend. Bei jungem Patientenalter und
nahezu Normakusis rechts wird mit der Patientin die Méglichkeit einer operativen Behandlung ber einen
retrosigmoidalen Zugang versus Kontrolle besprochen, man entschlieRt sich auch nach Besprechung des
Falles in der interdisziplindren Schadelbasiskonferenz zur Operation. Die Patientin ist nach Aufklarung mit

dem Procedere einverstanden.

OPERATION: 23.08.2023
OPERATEURE:
ITN: siehe Anasthesieprotokoll

Halbsitzende Lagerung, Kopf nach rechts geneigt in der Mayfield eingespannt. Im Herzecho kein Hinweis
auf offenes Foramen ovale. Neuromonitoring mit Facialis-EMG sowie akustisch evozierten Potentialen
bds.. Hier bds. gutes Antwortpotenzial. Vorbereiten des OP-Gebietes mit retroaurikuldrer Rasur rechts und
subkutaner Infiltration. Gebogener Hautschnitt, Praparation der Subkutis und der Faszie, Inzision und Ab-
schieben der Muskelansatze. Darstellen der subokzipitalen Kalotte, Bohrlochanlage und laterale subokzipi-

tale Trepanation.
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Figure 3. Discharge report. The discharge report was used as a raw dataset for extracting and processing unstructured data into structured data.
Personal data were omitted from the artificial intelligence tool to ensure compliance with ethical standards and protect patient privacy.

KLINIK FUR NEUROCHIRURGIE

Arztlicher Direktor

UNIVERSITATSKLINIKUM FREIBURG
Neurochirurgie Breisacher Str. 64, D-79106 Freiburg

-Frau -
I

n) Patient

eb. 12.12.1996, PIZ: _

stationar vom 21.08.2023 bis zum 30.08.2023

Sehr geeh
nachfolgend berichten wir ber den stationdren Aufenthalt der oben genannten Patientin.

Diagnose:
Vestibularisschwannom WHO-Grad 1, Stadium T2 rechts

Operation am 23.08.23

Vorgeschichte:
Bei der Abklarung von migraneartigen Kopfschmerzen zeigt sich kernspintomografisch eine kontrast-
mittel-aufnehmende Raumforderung von ca. 1,5 x 1 cm im Kleinhirnbrickenwinkel rechts in den inne-
ren Gehorgang reichend, am ehesten einem Akustikusneurinom Stadium T2 entsprechend. Bei jun-
gem Patientenalter und nahezu Normakusis rechts wird mit der Patientin die Moglichkeit einer operati-
ven Behandlung Uber einen retrosigmoidalen Zugang versus Kontrolle besprochen, man entschlieit
sich nach Besprechung des Falles in der interdisziplindren Schadelbasiskonferenz zur Operation. Die
Patientin ist nach Aufklarung mit dem Procedere einverstanden.

Aufnahmebefunde:
Patientin wach, orientiert, kooperativ, keine Hirnnervendefizite, insbesondere Normakusis auf der
rechten Seite. Gang und Stand sicher. Keine Paresen der Extremitaten.

Prompt Design postoperative deficits” were clarified as “deficits developed
after surgery, excluding preexisting ones.” These refinements
were introduced to standardize semantic interpretation and
reduce ambiguity during data extraction.

Prompts were designed iteratively, meaning they were
developed, tested, and refined to improve clarity and
extraction precision. The initial zero-shot prompt served as
a baseline framework for structured data extraction. On the Refinement rounds continued until no further gains in
basis of qualitative assessment of model responses, targeted ~extraction accuracy were observed, while ensuring that
refinements were introduced to better define certain variables ~definitions of other variables remained unaffected. All
that were prone to misinterpretation. prompts were executed in GPT-4o.

For example, the variable “intraoperative complications” This prompt shown in Textbox 1 was used to generate
was explicitly redefined in the prompt as “intraoperative a Microsoft Excel table with structured data extracted from

damage to major vascular or neural structures,” and “new medical reports written in natural language.

Textbox 1. Prompt used to generate structured data table.

I am going to upload medical reports from a few patients, and I want you to transform the textual data (unstructured) into
structured data in an Excel table. The documents are: discharge report, surgery report, histopathology report, and outpatient
follow-up report from 3 months post-surgery. I want you to extract data from these documents to create a structured table
where each row represents a patient and each column a variable, according to the following scheme: If the information is
not present in any of the provided documents, respond non applicable (n/a). The column structure is as follows:

e Column 1: PIZ (patient identification number)

* Column 2: Date of birth

e Column 3: Date of surgery

* Column 4: Symptom present at disease presentation (yes or no)

e Column 5: If yes in column 4, specify the symptom; if no, respond “n/a”

* Column 6: Time from symptom onset to surgery (in months)
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e Column 7: Intraoperative complication (yes or no)
* Column 9: Postoperative deficits (yes or no)

* Column 12: Histopathological diagnosis

e Column 13: WHO tumor grade

for recurrence)

e Column 8: If yes in column 7, specify the complication; if no, respond “n/a”

e Column 10: If yes in column 9, specify the deficit; if no, respond “n/a”

e Column 11: Was the deficit permanent? (based on the 3-month outpatient follow-up report; yes or no)

e Column 14: Tumor resection grade according to the 3-month follow-up report (1 for total resection, 2 for subtotal, 3
* Column 15: Preoperative Karnofsky score (based on the admission findings in the discharge report)

* Column 16: Postoperative Karnofsky score (based on the findings upon discharge in the discharge report)
e Column 17: Any new symptoms at the 3-month follow-up visit (based on the 3-month outpatient follow-up report)

Almeida Sales et al

This standardized prompt was used across all patient records
to ensure consistency in data extraction, with the Al tasked
with transforming unstructured medical data into a format
suitable for subsequent analysis.

Data Anonymization

All original medical reports were manually anonymized by
the research team before being entered into the GPT-4o
interface. Identifiers such as names and addresses were
removed. The anonymized reports were then processed
through the official ChatGPT web platform for data extrac-
tion. No identifiable or sensitive information was transmitted,
stored, or shared, ensuring compliance with General Data
Protection Regulation (GDPR) and the standards of the local
ethics committee.

Data Extraction

All analyses were performed using GPT-40 accessed through
the official ChatGPT interface. At the time of data collection,
research API (application programming interface) access was
not available. The full dataset of 10 anonymized surgical
cases was uploaded as a single compressed file for structured
data extraction. Generated tables were manually reviewed and
archived to ensure methodological traceability and reproduci-
bility within the proof-of-concept framework.

Validation Process

Two board-certified neurosurgeons independently performed
manual data extraction from the anonymized medical reports
before the GPT-40 analysis, ensuring blinding to the Al-
generated results. After completion of both manual and
Al-based extractions, the datasets were compared to establish
the ground truth. In cases where the 2 reviewers disagreed, a
third senior neurosurgeon adjudicated the final classification.
Interrater agreement between the 2 primary reviewers was
calculated using Cohen .

Sample Size

The sample size of 10 patients was chosen based on feasibil-
ity for this proof-of-concept design, as the objective was not
to achieve statistical power but to test the model’s capacity
for accurate structured data extraction in a controlled, pilot
environment.

https://formative jmir.org/2026/1/e77114

Statistical Analysis

For each binary variable, model outputs were compared to
the ground truth to derive the counts of true positives, false
positives, false negatives, and true negatives. On the basis of
these, accuracy, precision, recall (sensitivity), and F1-score
were calculated primarily for binary variables, where such
metrics are meaningful.

For conditional text and categorical or numerical variables,
performance was mainly summarized using accuracy and
corresponding 95% ClIs computed via the Wilson method for
binomial proportions. Additionally, A accuracy (postrefine-
ment and prerefinement) was calculated to quantify improve-
ment following prompt refinement.

To explore potential differences in accuracy across
variable types—binary, conditional text, and categorical or
numerical —a Kruskal-Wallis test was applied. Given the
small sample size and exploratory nature of this proof-of-con-
cept analysis, no post hoc pairwise testing or correction for
multiple comparisons was performed.

All analyses were performed using SPSS Statistics
(version 27.0; IBM Corp) and R software (version 4.3.2; R
Foundation for Statistical Computing).

Ethical Considerations

This research was conducted in compliance with the Code
of Ethics of the World Medical Association (Declaration
of Helsinki) for experiments involving human subjects. The
local ethics committee of the University of Freiburg (23-
1393-S1-retro; approval date: October 31, 2023) approved the
waiver of informed consent due to the retrospective design,
full anonymization of patient identifiers, and minimal-risk
nature of the study, consistent with institutional and national
regulations. As this was a retrospective analysis of fully
anonymized clinical data, no participants were contacted and
no compensation was provided.

Results

Overview
Ten consecutive patients diagnosed with intracranial

acoustic neuromas who underwent surgical treatment at the
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Department of Neurosurgery at the University Hospital of and were analyzed. GPT-40 generated an Excel table with
Freiburg between August and December 2023 were included structured data based on the zero-shot prompt described in the
in this study. All screened patients met the inclusion criteria Methods section (Figure 4).

Figure 4. Part of the GPT-40—generated table with structured data extracted from patient reports. These data were processed from unstructured
medical records, while personal information was omitted to ensure compliance with ethical standards and protect patient privacy.

B G D E

Symptoms at

Date of Birth Surgery Date  SurgeryDate . . .o (Yes/No)

Which Symptom?

12.12.1996 23.08.2023  23.08.2023 Yes Headache

26.02.1993 13.12.2023 13.12.2023 Yes Hearing loss

07.08.1967 11.10.2023 11.10.2023 Yes Left-sided hearing loss, dizziness episodes

30.10.2000 10.11.2023 10.11.2023 Yes Right-sided hearing loss, headache

23.02.1967 27.09.2023 27.09.2023 Yes Right facial paresis, right-sided deafness

08.09.1963 19.10.2023 19.10.2023 Yes Left hearing loss, tinnitus, imbalance

30.07.1997 05.10.2023 05.10.2023 Yes Left-sided hearing loss, headache, nausea

23.07.1965 20.09.2023 20.09.2023 Yes Facial pain

03.05.1970 18.10.2023 18.10.2023 Yes Right-sided hearing loss, tinnitus, dizziness

04.01.1952 13.09.2023 13.09.2023 Yes Right-sided deafness, dizziness

04.01.1952 13.09.2023 13.09.2023 Yes Right-sided deafness, dizziness
Extraction of Structured Data Health Organization grade, and considering the physicians’

. . opinion as the ground truth, the accuracy rate was 100%
Regarding the collection of structured data that does not (Table 1).

require text interpretation, such as date of birth, patient
ID, date of surgery, histopathological diagnosis, and World

Table 1. Accuracy and 95% CIs (Wilson) for structured categorical variables.

Variable Correct, n Incorrect, n Accuracy® (%; 95% CIb)
Patient ID 10 0 100.0 (72.2-100.0)
Date of birth 10 0 100.0 (72.2-100.0)
Date of surgery 10 0 100.0 (72.2-100.0)
Histopathological diagnosis 10 0 100.0 (72.2-100.0)
WHO® grade 10 0 100.0 (72.2-100.0)

4All fields were extracted with perfect accuracy (100%) across 10 cases.
bCIs reflect the limited sample size rather than model variability.
°WHO: World Health Organization.

Extraction and Processing of In contrast, variables such as “intraoperative complica-

Unstructured Data tions (yes or no),” “if yes, which complications,” “new
postoperative deficits,” and “if yes, which deficits” achieved

In the zero-shot prompt, the collection and processing of an accuracy rate as low as 50% in the zero-shot prompt.
unstructured data into structured data provided heterogeneous  However, when the model was refined through additional
results. The following variables presented a 100% accuracy  prompt adjustments, as described in the Methods section, the

rate when compared to the physicians’ evaluation: symptoms  accuracy rate improved to 90% to 100%, as presented in
at presentation (yes or no), which symptoms, symptoms onset  Tables 3 and 4.

to surgery (in months), permanent deficits (yes or no), extent
of resection (total, subtotal, and biopsy), and new symptoms
at 3-month follow-up (Table 2).
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Table 2. Accuracy and 95% Cls (Wilson) for binary, categorical, and conditional text variables requiring interpretative capabilities.

Variable?

Correct/total, n

Accuracy (%; 95% CI)

Symptoms at presentation (yes or no)
Which symptom?

Intraoperative complication (yes or no)
Which complication?

New postoperative deficits (yes or no)
Which deficit?

Was the deficit permanent (yes or no)

Extent of resection (3-month follow-up)

New symptoms at 3-month follow-up (yes or no)

10/10
10/10
5/10
5/10
5/10
5/10
10/10

10/10
10/10

100 (72.2-100.0)
100 (72.2-100.0)
50 (23.7-76.3)
50 (23.7-76.3)
50 (23.7-76.3)
50 (23.7-76.3)
100 (72.2-100.0)

100 (72.2-100.0)
100 (72.2-100.0)

#Variables are grouped with their corresponding descriptive fields (“Which...”).

Table 3. Case-level model outputs for intraoperative complication before and after prompt refinement®.

Patient =~ Model performance before prompt refinement Model performance after prompt refinement

Intraoperative Assessment ~ Which complication Assessment Intraoperative Assessment  Which Assessment

complication complication complication
1 No Correct None Correct No Correct None Correct
2 Yes Incorrect Facial palsy (HBP II) Incorrect No Correct None Correct
3 Yes Incorrect Facial palsy (HB II)  Incorrect No Correct None Correct
4 No Correct None Correct No Correct None Correct
5 Yes Incorrect Facial palsy (HB V)  Incorrect No Correct None Correct
6 Yes Incorrect Facial palsy (HB IV)  Incorrect No Correct None Correct
7 Yes Incorrect Facial palsy (HB IV)  Incorrect No Correct None Correct
8 No Correct None Correct No Correct None Correct
9 No Correct None Correct No Correct None Correct
10 No Correct None Correct No Correct None Correct

a . - - U o TR - . .
Each variable (“intraoperative complication” and “which complication”) was independently assessed as correct or incorrect against the ground truth.
The table highlights corrections achieved through prompt refinement.
HB: House-Brackmann.

Table 4. Case-level model outputs for intraoperative complication before and after prompt refinement®.

Model performance before prompt refinement

Model performance after prompt refinement

New Assessment  Which deficit Assessment  New Assessment Which deficit Assessm
postoperative postoperative ent
deficit deficit
1 Yes Incorrect Mild dizziness and mild  Incorrect No Correct None Correct
hearing loss (right)
2 Yes Correct Mild facial paresis and Correct Yes Correct Mild facial paresis and ~ Correct
left-sided hearing loss left-sided hearing loss
3 Yes Correct Left deafness, dizziness,  Correct Yes Correct Facial paresis Correct
and mild facial paresis (temporary) and left
(temporary) deafness
4 Yes Incorrect Mild right facial Incorrect No Correct None Correct
hypoesthesia and tinnitus
5 Yes Incorrect Facial paresis (grade V),  Incorrect No Correct None Correct
right facial hypoesthesia,
and right deafness
6 Yes Incorrect Facial paresis (grade IV), Incorrect No Correct None Correct
chin hypoesthesia, and
left deafness
7 Yes Correct Facial paresis (grade IV)  Correct Yes Correct Facial paresis (grade Correct
and left deafness 1V) and left deafness
8 Yes Correct Facial paresis (grade V) Correct Yes Correct Facial paresis (grade V) Correct
and left deafness and left deafness
9 Yes Correct Mild facial paresis (right) Correct Yes Correct Mild facial paresis Correct
(right)
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Model performance before prompt refinement

Model performance after prompt refinement

New Assessment  Which deficit Assessment  New Assessment Which deficit Assessm
postoperative postoperative ent
deficit deficit

10 Yes Incorrect Mild facial paresis (HB®  Incorrect Yes Incorrect Mild facial paresis (HB  Incorrect

1)

1I)

Each variable (“New Postoperative Deficits” and “Which Deficit””) was independently assessed as correct or incorrect against the ground truth. The

Eable highlights corrections achieved through prompt refinement.
HB: House-Brackmann.

Model performance across interpretative binary variables
is summarized in Table 5. Accuracy ranged from 50% to
100%, reflecting variable complexity in contextual interpre-
tation. While fields such as was the deficit permanent?

Table 5. Model performance across interpretative binary variables.

and new symptoms at 3-month follow-up achieved perfect
accuracy, others—particularly intraoperative complication
and new postoperative deficits—showed lower precision due
to false-positive predictions.

Variable TP? Fp® FN¢ TN Accuracy® (%)  Precision Recall F1-score
Symptoms at presentation (yes or no) 10 0 0 0 100 1 1 1
Intraoperative complication (yes or no) 0 5 0 5 50 0 —f —

New postoperative deficits? (yes or no) 5 5 0 0 50 0.5 1 0.67
Was the deficit permanent? (yes or no) 1 0 0 9 100 1 1 1

New symptoms at 3-month follow-up? 1 0 0 9 100 1 1 1

4TP: true positive.
bEP: false positive.
°FN: false negative.
4TN: true negative.

®Accuracy ranged from 50% to 100%), with lower precision observed in fields requiring finer contextual understanding, such as intraoperative and

postoperative deficits.
fNot applicable.

When comparing mean accuracies across variable types using
the Kruskal-Wallis test, no statistically significant difference
was observed (H=2.79; P=.25). Nevertheless, a consistent
trend toward higher accuracy for structured categorical and
numerical variables (eg, patient ID, date of birth, World
Health Organization grade, extent of resection, and Kar-
nofsky scores; mean 97.5%, SD 4.6%) and lower accu-
racy for conditional text variables (eg, which symptom?
which complication? and which deficit?; mean 66.7%, SD
28.9% supports the descriptive results. Binary variables
(eg, symptoms at presentation, intraoperative complication,
new postoperative deficits, was the deficit permanent, and
new symptoms at 3-month follow-up) showed intermediate
performance, with a mean accuracy of 80.0% (SD 27.4%).

Discussion

Principal Findings

The findings of this study underscore the potential of GPT-40
and similar LLMs to revolutionize health care data min-
ing. By achieving high accuracy rates for the extraction of
structured information from unstructured medical records,
GPT-40 demonstrated its utility in reducing the time and
effort required for data analysis. Parameters such as symptom
onset, tumor grade, and extent of resection were extracted
with impressive accuracy, aligning with the work of Lee et
al [7], who highlighted the power of NLP tools in parsing

https://formative jmir.org/2026/1/e77114

clinical trial data efficiently. However, these findings should
be interpreted within the limitations of a small, single-institu-
tion feasibility study. While they demonstrate the technical
viability of GPT-40 for structured data extraction, generali-
zation to other clinical domains requires larger, multicenter
validation.

However, not all data categories achieved uniform success.
Variables such as intraoperative complications and new
postoperative deficits presented challenges in zero-shot
scenarios, emphasizing the need for prompt refinement and
iterative learning to improve model performance. Similar
observations have been reported by Adamson et al [8], who
noted that model tuning significantly enhances the precision
of clinical data extraction from electronic health records.

Beyond these technical aspects, the integration of LLMs
into clinical workflows presents transformative opportunities.
For instance, these models can support operational planning
by predicting the allocation of resources such as surgical
supplies and human labor based on historical data trends.
This capability, as highlighted by Obermeyer and Emanuel
[9], could reduce inefficiencies and improve overall patient
outcomes. Moreover, automated coding of diagnoses and
procedures, as discussed by Dong et al [10], could streamline
billing processes, thereby alleviating administrative burdens
for health care institutions. It should be emphasized that this
study did not assess workflow integration, time efficiency,
usability, or real-time clinical applicability. Any references
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to potential operational or efficiency benefits are therefore
speculative and reflect broader opportunities described in
the literature rather than outcomes directly evaluated in this
analysis.

Despite these promising applications, ethical and practical
challenges must be addressed. Ensuring data privacy and
security is paramount, especially when handling sensitive
patient information. Adherence to privacy regulations such
as the Health Insurance Portability and Accountability Act
and the GDPR is critical [11,12]. Furthermore, the “black
box” nature of LLMs raises concerns about their interpret-
ability and trustworthiness in clinical settings. Transparent
Al frameworks, as advocated by Arrieta et al [13], could
mitigate these issues by making model predictions more
explainable. In this study, model interpretability was ensured
by manually auditing GPT-40 outputs and verifying their
correspondence with the original clinical context. Regarding
privacy, all medical reports were manually anonymized prior
to being uploaded to the GPT-4o interface. The analyses were
conducted using the official ChatGPT web platform, with
no identifiable patient information included at any stage. No
data were stored, transmitted, or processed through third-
party servers outside the OpenAl environment, ensuring full
compliance with institutional and GDPR standards.

Recent scholarship has underscored the ethical and
operational risks of deploying LLMs in health care. Ong
et al [14] highlighted how bias propagation, lack of trans-
parency, and accountability gaps remain major barriers to
safe clinical implementation. Similarly, Elbattah et al [15]
emphasized the need for transparent auditing mechanisms and
robust validation pipelines to mitigate privacy and safety risks
in medical AI applications. In line with these perspectives,
this study reinforces the necessity of rigorous data gover-
nance, responsible model deployment, and continuous ethical
evaluation when integrating LLMs into clinical research
workflows.

The role of NLP in augmenting documentation accuracy
and quality has been demonstrated in neurosurgical contexts.
For example, Sastry et al [16] revealed that NLP models
improved comorbidity documentation in inpatient admissions,
illustrating their potential to enhance clinical record keeping.
Similarly, Biswas et al [17] explored the application of NLP
in automating the detection of intraoperative elements during
lumbar spine surgery, further emphasizing the model’s utility
in surgical workflows. In addition, prior work has shown that
LLMs can outperform manual abstraction in specific domains
and significantly reduce time and labor requirements [18,19].
Compared with manual chart abstraction, which is labor
intensive and time consuming, GPT-40 enabled near-instan-
taneous data extraction. Rule-based NLP systems, although
established, require extensive customization and perform
inconsistently across heterogeneous text. GPT-4o offers
greater flexibility but introduces new challenges related to
prompt sensitivity, hallucination risk, and limited explainabil-
ity.

Another pressing concern is the potential for bias in
Al models. As noted by Obermeyer et al [20], algorithms
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trained on biased datasets can perpetuate health care
disparities, underscoring the importance of curating diverse
and representative training data. Additionally, regulatory
hurdles must be navigated carefully to ensure that these tools
are deployed responsibly and ethically, as discussed by Char
etal [21].

Looking ahead, the potential applications of LLMs
in medicine are vast. Real-time decision support during
surgeries, enabled by the synthesis of evidence from medical
literature and intraoperative data, could significantly enhance
surgical outcomes. Hashimoto et al [22] have already
explored the promises and challenges of Al in surgical
contexts, laying the groundwork for future innovations.
Combining LLMs with complementary Al technologies, such
as computer vision for imaging analysis, further expands their
utility, as emphasized by Topol [23].

While GPT-40 and similar models represent a signifi-
cant advancement in health care data mining, their practi-
cal implementation requires careful consideration of ethical,
technical, and regulatory challenges. LLMs have the potential
to not only transform data-driven research but also enhance
the quality and efficiency of patient care.

This study highlights the transformative potential of LLMs
such as GPT-4o0 in health care, particularly for mining and
structuring complex medical data. The demonstrated accuracy
in data extraction underscores their utility in reducing
manual workloads and optimizing research and clinical
processes. However, challenges such as data security, bias,
and regulatory compliance remain significant hurdles. By
navigating these obstacles thoughtfully, LLMs could redefine
how health care systems manage and use data, ultimately
improving patient outcomes and operational efficiencies.
As these technologies continue to evolve, their integration
must be guided by ethical frameworks and multidiscipli-
nary collaboration to ensure their full potential is realized
responsibly.

Limitations

The small sample size represents a central limitation of
this study and results in wide CIs around several accuracy
estimates. Consequently, the findings should be viewed as
preliminary and interpreted with caution. Although some
variables reached perfect accuracy, these were predominantly
straightforward structured fields requiring minimal interpreta-
tive processing. As such, these results reflect a narrow and
highly controlled context and should not be extrapolated as
evidence that GPT-40 performs reliably across more complex
or heterogeneous clinical data extraction tasks.

Furthermore, the analysis was conducted at a single
institution, and all medical reports originated from one
neurosurgical service and were written in German. This
linguistic and institutional homogeneity may have influ-
enced model performance and limits the generalizability of
the results to other clinical environments, documentation
styles, and languages. Given the known variability in LLM
performance across languages and reporting conventions,
external validation is essential.
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Conclusions variables, will be necessary to assess reproducibility and
determine whether these findings extend to broader clinical

Future studies involving larger, multi-institutional, and or operational contexts.

multilingual datasets, as well as more diverse clinical
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