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M echanical thrombectomy in acute ischemic stroke has 
become the standard of care for patients with large 

vessel occlusion (1–6). Standard procedural details such as 
door-to–groin puncture time, door-to-reperfusion time, 
Alberta Stroke Program Early CT Score (ASPECTS), 
or number of thrombectomy maneuvers are collected in 
national or institutional stroke registries for research and 
quality assurance purposes. These data are usually extracted 
and transferred manually by human readers, a labor-intensive 
task with the risk of transmission errors.

OpenAI’s generative pretrained transformer (GPT) ver-
sions 4 (GPT-4 [7]) and 3.5 (GPT-3.5 [8]) are large lan-
guage models (LLMs) that have recently attracted great 
attention among the public. For radiologic purposes, it 
has been shown that GPT-4 could create standardized 
reports from free-text radiology reports without missing 
any key features (9) or simplify radiology reports without 
adding inaccurate or missing relevant information. In a re-
cent study (10), 83.3% of simplified reports with GPT-4 

contained no inaccurate information. Also, ChatGPT 
has been evaluated for its ability to answer patient ques-
tions about lung cancer (11) or breast cancer prevention 
or screening (12), with 70.8% and 88.0% correct answers, 
respectively. ChatGPT has also been shown to correctly an-
swer 69% of radiology board–style examination questions 
(13) and solve 54% of Diagnosis Please quizzes when given 
patient medical history and imaging findings (14).

Several prior studies used natural large language process-
ing models to extract data from radiology reports on neu-
roradiologic CT or MRI (15–22), but no studies, to our 
knowledge, have evaluated ChatGPT or other LLMs for 
data extraction from reports of neurointerventional proce-
dures, such as mechanical thrombectomy. The aim of this 
work was to assess whether GPT-4 can extract data from 
free-text neuroradiology reports on mechanical thrombec-
tomy in patients with acute ischemic stroke to create a da-
tabase containing standard procedural data, clinical data, 
and data on materials or medication used. Another aim of 

Background:  Procedural details of mechanical thrombectomy in patients with ischemic stroke are important predictors of clinical 
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Conclusion:  Compared with GPT-3.5, GPT-4 more frequently extracted correct procedural data from free-text reports on mechanical 
thrombectomy performed in patients with ischemic stroke.
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this study was to evaluate if GPT-3.5, the predecessor of GPT-4, 
which was free of charge, can serve as an alternative to its more 
recent successor.

Materials and Methods

Ethics Approval
Institutional review board approval was obtained for this ret-
rospective study and the need for written informed consent 
was waived.

Study Sample
Consecutive reports from patients with ischemic stroke who un-
derwent mechanical thrombectomy between November 2022 
and September 2023 were extracted from a picture archiving and 
communication system at a single institution. Inclusion criteria 
were patient age greater than 18 years and intracranial large or 
medium vessel occlusion confirmed at CT or MRI with inten-
tion to treat by means of mechanical thrombectomy. Exclusion 
criteria were the absence of a detailed report or the absence of 
intracranial occlusion at digital subtraction angiography. No sta-
tistical power analysis was performed prior to data acquisition to 
determine the study size, neither for the internal nor the external 
data set, but the inclusion of at least 100 free-text reports was the 
goal based on prior similar studies (10,23).

To investigate the generalizability of the LLM’s ability to cor-
rectly extract data from reports, another 30 reports on mechani-
cal thrombectomy performed between September 2016 and 
December 2019 at an outside German institution were obtained.

Data Extraction from Text Reports
A German prompt was created by one of the authors (N.C.L.) 
and tested on 20 reports to identify errors and optimize the in-
structions given to the LLMs. The experiments were conducted 
in German. An English version of the prompt is provided in Ap-
pendix S1. The LLMs were instructed to create comma-separated 
value (better known as CSV) tables for each report with proce-
dural details. The internal and external reports and the prompt 

Abbreviations
ASPECTS = Alberta Stroke Program Early CT Score, LLM = large 
language model

Summary
By using data manually extracted by a radiologist as the ground truth, 
GPT-4 more frequently extracted correct data from free-text reports on 
mechanical thrombectomy in patients with ischemic stroke compared 
with GPT-3.5.

Key Results
	■ In a retrospective study including 100 reports on mechanical 
thrombectomy in patients with ischemic stroke, GPT-4 correctly 
extracted 2631 of 2800 (94.0% [range per category, 61%–100%]) 
data points while GPT-3.5 correctly extracted 1788 of 2800 
(63.9% [range per category, 14%–99%]).

	■ Using 30 external reports on mechanical thrombectomy, GPT-
4 extracted 90.5% correct data entries and GPT-3.5 extracted 
64.2%.

were copied and pasted to the browser version of ChatGPT with 
default settings. No automated pipeline for processing the re-
ports was used. The CSV code provided by the LLMs was copied 
to a text (txt) file and then converted to a CSV table. For each 
procedural detail, the LLMs were given detailed instructions that 
included the options for data entries such as “yes,” “no,” or “miss-
ing.” The categories that were extracted from the reports, as well 
as the instructions for the LLMs for each procedural detail, are 
summarized in Table 1.

The reports were also assessed by an interventional neuro-
radiologist (N.C.L., 8 years of experience in radiology and 3 
years of experience in interventional neuroradiology), and data 
were extracted into a CVS table manually to create the refer-
ence standard. During this process, the neuroradiologist was 
blinded to the results produced by the LLM. The data were 
only extracted from procedure reports, with no data acquired 
from other external material.

Evaluation of ChatGPT Data Entries
Only data entries of the LLMs that exactly matched the expert’s 
readings were counted as correct. Any deviation from the given 
options in the prompt was counted as false, including synonyms, 
punctuation marks, or any additional symbols entered by the 
LLM. If a data point was not included in the report, it was de-
clared as “missing” by the neuroradiologist. When the LLM also 
declared certain information as “missing,” the data entry was 
categorized as correct. If more than the 28 columns asked for in 
the prompt were created by the LLMs, surplus columns gener-
ated by the LLMs were neglected when importing them into the 
statistics software.

The incorrect data entries made by the LLMs were reviewed 
by the neuroradiologist to determine if they were content errors 
or format errors. A format error was defined as a data entry made 
by the LLM that did not meet the criteria for a correct data en-
try, but still was correct in terms of content (for example, “ICA” 
instead of “carotid,” as required by the prompt, or “Yes” with a 
capital letter instead of “yes,” as required by the prompt). A con-
tent error was defined as a data entry that was simply incorrect, 
like “M2” instead of “M1,” or “yes” instead of “no.”

For the category with the poorest result for GPT-4 for in-
stitution 1, the last thrombectomy maneuver with 39 incorrect 
data entries, the analysis was repeated for the reports with incor-
rect data entries with a more detailed prompt. The more detailed 
prompt included the information in the first-pass thrombec-
tomy maneuver; the time of the first maneuver, which was also 
the same as that of the last maneuver; and clear instruction to fill 
in “missing” when the time of the last thrombectomy maneuver 
was not explicitly mentioned in the report.

Statistical Analysis
Statistical analyses were performed by one of the authors (N.C.L.) 
using R (version 4.0.3; https://www.r-project.org/) and RStu-
dio (version 1.2.5033; https://rstudio.org/download/desktop).  
The CSV tables created by the LLMs were merged in R and 
compared with the data set created by the neurointervention-
alist. Interrater agreement was assessed by using Cohen κ val-
ues, where κ less than 0.20 was indicative of poor agreement; 
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0.21–0.40, fair agreement; 0.41–0.60, moderate agreement; 
0.61–0.80, good agreement, and 0.81–1.00, very good 
agreement. For the comparison of GPT-4 versus GPT-3.5, 
the McNemar test was used. The level of statistical signifi-
cance was set at P = .05. No correction for multiple testing  
was performed.

Results

Study Sample
A total of 107 reports from 107 patients were initially ac-
quired. No patients were excluded due to absence of a written 

report, but seven patients were excluded due to absence of 
intracranial occlusion. Thus, a total of 100 patients (mean age, 
74.7 years ± 13.2 [SD]; 47 male, 53 female) and correspond-
ing reports were included. A flowchart of the inclusion and 
exclusion process, as well as further data analysis, is provided 
in Figure 1.

The reports included in this study were written by six dif-
ferent neurointerventionalists. All reports were successfully pro-
cessed by both GPT-4 and GPT-3.5. GPT-4 generated tables 
with one column per extracted variable (n = 28), whereas GPT-
3.5 generated tables with varying numbers of columns (range, 
26–30 columns).

Table 1: Summary of Instructions and Options Given to the Large Language Models for Each Procedural Detail

Procedural Detail Instructions and Options
Date of intervention Format dd.mm.yyyy
Location of vessel occlusion Choose from carotid, carotid terminus, M1, M2, M3, A1, A2, A3, P1, P2, P3, basilar, or 

unknown
Side of vessel occlusion Left, right, or not applicable in the case of basilar artery occlusion
NIHSS score NIHSS score as mentioned in the report or “missing” if not mentioned
ASPECTS ASPECTS as mentioned in the report or “missing” if not mentioned
Intravenous thrombolysis Yes, no, or “missing” if not mentioned
Procedure times
  Symptom onset Format hh:mm, or “missing” if not mentioned
  Arrival at thrombectomy center Format hh:mm, or “missing” if not mentioned
  Stroke imaging Format hh:mm, or “missing” if not mentioned
  Groin puncture Format hh:mm, or “missing” if not mentioned
  First intracranial run Format hh:mm, or “missing” if not mentioned
  First thrombectomy maneuver Format hh:mm, or “missing” if not mentioned
  Last thrombectomy maneuver Format hh:mm, or “missing” if not mentioned
  Last run Format hh:mm, or “missing” if not mentioned
Technical details
  No. of thrombectomy maneuvers No. of thrombectomy maneuvers if specified in the report. May be calculated, if possible, from 

the free-text report.
  mTICI score mTICI score as specified in the report. Options: 0, 1, 2a, 2b, 2c, 3. “0,” if a futile thrombectomy 

was performed; “3,” if complete recanalization is mentioned in the report; “missing,” if no 
mTICI score can be extracted from the report

  Use of BGC Yes, if a BGC is mentioned, or no. BGCs typically used in our institution were given as examples.
  Use of distal aspiration Yes, if distal aspiration was performed, or no. Typical aspiration catheters used in our institution 

were given as examples.
  Use of stent retriever Yes, if stent retrievers were used, or no. Typical stent retrievers used in our institution were given 

as examples.
  Extracranial stent Yes, if an extracranial stent was placed, or no
  Intracranial stent Yes, if an intracranial stent was placed, or no
Periprocedural medication
  ASA Yes, if ASA was administered, or no
  Clopidogrel Yes, if clopidogrel was administered, or no
  Ticagrelor Yes, if ticagrelor was administered, or no
  Tirofiban Yes, if tirofiban was administered, or no
  Heparin Yes, if heparin was administered, or no
FPCT performed Yes, if an FPCT was performed, or no
ICH Yes, if ICH is mentioned in the report, or no, if no hemorrhage is described.

Note.— A1 = anterior cerebral artery A1 segment, A2 = anterior cerebral artery A2 segment, A3 = anterior cerebral artery A3 segment,  
ASA = acetylic salicylic acid, ASPECTS = Alberta Stroke Program Early CT Score, BGC = balloon guide catheter, FPCT = flat-panel CT, 
ICH = intracranial hemorrhage, M1 = middle cerebral artery M1 segment, M2 = middle cerebral artery M2 segment, M3 = middle  
cerebral artery M3 segment, mTICI = modified Thrombolysis in Cerebral Infarction, NIHSS = National Institutes of Health Stroke Scale, 
P1 = posterior cerebral artery P1 segment, P2 = posterior cerebral artery P2 segment, P3 = posterior cerebral artery P3 segment.
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In addition, 31 external reports were available, of which one 
was excluded due to absence of intracranial vessel occlusion, 
and none was excluded due to absence of a written report. The 
remaining 30 external reports from 30 patients (mean age, 72.7 
years ± 13.5; 18 male, 12 female) were written by five different 
neurointerventionalists. All external reports were successfully 
processed by both GPT-4 and GPT-3.5. Patient characteris-
tics and basic clinical and procedural details are summarized 
in Table 2.

Data Extraction by GPT-4 and GPT-3.5
Of the 2800 data entries made by the interventional neurora-
diologist, 2631 (94.0% [95% CI: 93.0, 94.8]) were correctly 
entered by GPT-4, which was higher than the 1788 (63.9% 

[95% CI: 62.0, 65.6]; P < .001) that were correctly entered 
by GPT-3.5. When considering individual categories, cor-
rect entries by GPT-4 ranged from 61 of 100 (61.0% [95% 
CI: 50.7, 70.6]) for time of last thrombectomy maneuver to 
100 of 100 (100.0% [95% CI: 96.4, 100.0]) for date of in-
tervention, National Institutes of Health Stroke Scale score, 
ASPECTS, stent retriever, extracranial stent, and intracranial 

Figure 1:  Flowchart of patient inclusion and exclusion criteria, data analysis, 
and generation of results. The same 30 external reports were used for GPT-4 and 
GPT-3.5. CSV = comma-separated value.

Table 2: Patient Characteristics and Key Clinical and 
Procedural Information

Characteristic Institution 1 Institution 2
Sex
  F 47 (47.0) 12 (40.0)
  M 53 (53.0) 18 (60.0)
Mean age (y)* 74.7 ± 13.2 72.7 ± 13.5
Age range (y) 23–98 39–92
Occlusion site
  ICA 19 (19.0) 3 (10.0)
  M1 51 (51.0) 19 (63.3)
  M2 22 (22.0) 0 (0.0)
  A1 0 (0.0) 0 (0.0)
  A2 0 (0.0) 1 (3.3)
  BA 7 (7.0) 7 (23.3)
  P1 0 (0.0) 0 (0.0)
  P2 1 (1.0) 0 (0.0)
Median NIHSS score† 8 (0–24) Not applicable
Median ASPECTS† 9 (3–10) Not applicable
Intravenous thrombolysis 23 (23.0) 13 (43.3)
Mean door-to–groin  

puncture time (min)*
43 ± 24 Not applicable

Mean groin-to-reperfusion  
time (min)*

71 ± 172 28 ± 16

mTICI
  0 2 (2.0) 1 (3.3)
  1 0 (0.0) 0 (0.0)
  2a 3 (3.0) 1 (3.3)
  2b 26 (26.0) 15 (50.0)
  2c 20 (20.0) 2 (6.7)
  3 48 (48.0) 9 (30.0)
Mean no. of maneuvers* 2.9 ± 2.5 2.4 ± 1.9
Extracranial stent placement 9 (9.0) 2 (6.7)
Intracranial stent placement 2 (2.0) 3 (10.0)
Postinterventional ICH 17 (17.0) 2 (6.7)

Note.— Unless otherwise indicated, data are numbers  
of patients and data in parentheses are percentages. Not 
applicable indicates that the data included in the reports were 
not sufficient to provide the respective information. A1 = 
anterior cerebral artery A1 segment, A2 = anterior cerebral artery 
A2 segment, ASPECTS = Alberta Stroke Program Early CT 
Score, BA = basilar artery, ICA = internal carotid artery, ICH =  
intracranial hemorrhage, M1 = middle cerebral artery M1 
segment, M2 = middle cerebral artery M2 segment, mTICI =  
modified Thrombolysis in Cerebral Infarction, NIHSS = 
National Institutes of Health Stroke Scale, P1 = posterior 
cerebral artery P1 segment, P2 = posterior cerebral artery P2 
segment.
* Data are mean ± SDs.
† Data in parentheses are the range.
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stent. Correct entries per category for GPT-3.5 ranged from 
14 of 100 (14.0% [95% CI: 7.9, 22.4]) for modified Throm-
bolysis in Cerebral Infarction score to 99 of 100 (99.0% [95% 
CI: 94.6, 100.0]) for date of intervention. A detailed overview 
of the number of correct entries made by the LLMs for each 
category is given in Table 3 and Figure 2. Very good agreement 
was observed between GPT-4 and the neuroradiologist (κ = 
0.93), and moderate agreement was observed between GPT-
3.5 and the neuroradiologist (κ = 0.59).

Two example reports from institutions 1 and 2 along with the 
data entries of the neuroradiologist and both LLMs can be found 
in Tables S1 and S2, respectively.

Incorrect Data Entries by GPT-4 and Chat GPT-3.5
A total of 169 data entries by GPT-4 were deemed incorrect, of 
which 19 (11.2%) were due to format errors but were correct 
in terms of content and 150 (88.8%) were incorrect in terms 

of content. When a more detailed prompt was used to try to 
improve the number of correct data entries by GPT-4 for the cat-
egory of last thrombectomy maneuver, the number of incorrect 
entries decreased from 39 to 19. For GPT-3.5, 1012 data entries 
were deemed incorrect, of which 86 (8.5%) were due to format 
errors and 926 (91.5%) were incorrect in terms of content. A 
complete list of errors made by GPT-4 is available in Table S3, 
including the differentiation between format errors and errors in 
terms of content.

Data Extraction by ChatGPT in an External Data Set
For the external reports, 760 of 840 (90.5% [95% CI: 88.3, 
92.4]) data entries made by GPT-4 were correct, which was higher 
than the 539 of 840 (64.2% [95% CI: 60.8, 67.4]; P < .001)  
that were correctly entered by GPT-3.5. A detailed overview  
of the number of correct entries made by the LLMs on the exter-
nal reports can be found in Table 4.

Table 3: Correct Data Entries Made by ChatGPT for Each Procedural Detail

Procedural Detail Correct Data Entries by GPT-4 Correct Data Entries by GPT-3.5 P Value
Total no. of data entries 94.0 (93.0, 94.8) 63.9 (62.0, 65.6) <.001
Date of intervention 100.0 (96.4, 100.0) 99.0 (94.6, 100.0) >.99
Location of vessel occlusion 87.0 (78.8, 92.9) 80.0 (70.8, 87.3) .09
Side of vessel occlusion 98.0 (93.0, 99.8) 86.0 (77.6, 92.1) .001
NIHSS score 100.0 (96.4, 100) 83.0 (74.2, 89.8) <.001
ASPECTS 100.0 (96.4, 100) 88.0 (80.0, 93.6) .001
Intravenous thrombolysis 88.0 (80.0, 93.6) 39.0 (29.4, 49.3) <.001
Procedure time
  Symptom onset 96.0 (90.1, 98.9) 64.0 (53.8, 73.4) <.001
  Arrival at thrombectomy center 90.0 (82.4, 95.1) 72.0 (62.1, 80.5) <.001
  Stroke imaging 98.0 (93.0, 99.8) 81.0 (71.9, 88.2) <.001
  Groin puncture 96.0 (90.1, 98.9) 88.0 (80.0, 93.6) .03
  First intracranial run 94.0 (87.4, 97.8) 84.0 (75.3, 90.6) 02
  First thrombectomy maneuver 95.0 (88.7, 98.4) 79.0 (69.7, 86.5) .001
  Last thrombectomy maneuver 61.0 (50.7, 70.6) 24.0 (16.0, 33.6) <.001
  Last run 96.0 (90.1, 98.9) 24.0 (16.0, 33.6) <.001
Technical details
  No. of thrombectomy maneuvers 91.0 (83.6, 95.8) 22.0 (14.3, 31.4) <.001
  mTICI score 93.0 (86.1, 97.1) 14.0 (7.9, 22.4) <.001
  Use of BGC 89.0 (81.2, 94.4) 51.0 (40.1, 61.1) <.001
  Use of distal aspiration 99.0 (94.6, 100.0) 81.0 (71.9, 88.2) <.001
  Use of stent retriever 100.0 (96.4, 100.0) 65.0 (54.8, 74.3) <.001
  Extracranial stent 100.0 (96.4, 100.0) 91.0 (83.6, 95.8) .008
  Intracranial stent 100.0 (96.4, 100.0) 89.0 (81.2, 94.4) .003
Periprocedural medication
  ASA 97.0 (91.5, 99.4) 64.0 (53.8, 73.4) <.001
  Clopidogrel 97.0 (91.5, 99.4) 70.0 (60.0, 78.8) <.001
  Ticagrelor 90.0 (82.4, 95.1) 62.0 (51.7, 71.5) <.001
  Tirofiban 98.0 (93.0, 99.8) 37.0 (28.6, 47.2) <.001
  Heparin 99.0 (94.6, 100.0 61.0 (50.7, 70.6) <.001
FPCT performed 86.0 (77.6, 92.1) 49.0 (38.9, 59.2) <.001
ICH 93.0 (86.1, 97.1) 41.0 (31.3, 51.3) <.001

Note.—Unless otherwise indicated, data are percentages and data in parentheses are 95% CIs. Comparisons between GPT-4 and GPT-3.5  
were made using the McNemar test. ASA = acetylsalicylic acid, ASPECTS = Alberta Stroke Program Early CT Score, BGC = balloon 
guide catheter, FPCT = flat-panel CT, ICH = intracranial hemorrhage, mTICI = modified Thrombolysis in Cerebral Infarction, NIHSS = 
National Institutes of Health Stroke Scale.
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Discussion
Procedural details of mechanical thrombectomy in patients 
with ischemic stroke are predictors of clinical outcome and are 
collected for prospective studies or national stroke registries. 
To date, these data are collected by human readers, which is a 
labor-intensive task that is prone to errors. In this retrospec-
tive study, we assessed the ability of GPT-4 and GPT-3.5 to 
extract data from free-text reports on mechanical thrombec-
tomy. GPT-4 correctly extracted 94.0% (2631 of 2800) of 
data entries, which was higher than those extracted by GPT-
3.5 (63.9% [1788 of 2800]; P < .001), compared with the 
data extracted by a neurointerventionalist as the reference. We 
validated our results by performing the same analysis for 30 
external reports, for which GPT-4 achieved 90.5% (760 of 
840) correct data entries and GPT-3.5 achieved 64.2% (539 
of 840; P < .001).

Recently, numerous studies have shown that GPT-4 could 
be used for data mining from free-text reports in oncology, with 
correct extraction of lesion parameters in 98.6% (24); generat-
ing differential diagnoses from written reports, with a 68.8% 
concordance to an expert panel of radiologists (23); or deter-
mining the correct radiologic study from the radiology request 
form, with a success rate of 84% (25). Ong et al (15) developed 
several models to identify characteristics of ischemic stroke from 
radiologic reports and achieved accuracy of 89% and 91% for 
detecting stroke and middle cerebral artery location, respectively. 

Using their natural language processing approach, Yu et al (17) 
reported an accuracy of 97.3% for detecting large vessel occlu-
sion from radiologic reports. Li et al (16) reported a 97% ac-
curacy for stroke detection for their algorithm. Gunter et al (20) 
reported an accuracy of greater than 90.0% for identifying a va-
riety of stroke characteristics. Siddiqui et al (21) reported 98% 
correct data extractions for core and penumbra volumes for their 
natural language processing approach. Although the studies did 
not investigate the ability of LLMs to extract data from reports 
on mechanical thrombectomy, our results are in line with their 
results and confirm the usability of LLMs for data extraction 
from free-text reports.

We observed that GPT-4 had higher rates of correct data en-
tries than did GPT-3.5, as has been described by previous studies 
such as that by Rao et al (26), who found that GPT-4 was superior 
to GPT-3.5 for using the American College of Radiology appro-
priateness criteria for breast pain and breast cancer screening, or Li 
et al (27), who showed that GPT-4 was superior to GPT-3.5 for 
correctly solving Diagnosis Please quizzes. However, the question 
of whether GPT-3.5 could also deliver sufficient results for the 
specific task of data extraction from thrombectomy reports may 
be of interest to potential users and was thus included in our study.

We observed poor results for certain data points, which high-
lights the fact that human supervision is still needed. For the 
last thrombectomy maneuver, we repeated the analysis for the 
39 reports with incorrect data entries made by GPT-4 with a 

Figure 2:  Bar plot shows the percentage of correct data entries extracted from radiology reports by GPT-4 and GPT-3.5, overall 
and for each procedural detail. Error bars represent 95% CIs. ASA = acetylsalicylic acid, ASPECTS = Alberta Stroke Program Early CT 
Score, BGC = balloon guide catheter, FPCT = flat-panel CT, ICH = intracranial hemorrhage, LLM = large language model, mTICI = 
modified Thrombolysis in Cerebral Infarction, NIHSS = National Institutes of Health Stroke Scale.
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more detailed prompt and could achieve another 20 correct data 
entries. Thus, we hypothesize that prompt optimization can 
partially reduce incorrect data entries. A discussion on how our 
prompt was generated can be found in Appendix S2.

We acknowledge several limitations of our study. First, its ret-
rospective nature may limit the generalization of results. Second, 
data extraction by GPT-4 and GPT-3.5 was only tested on a 
small number of reports from an external institution, thus addi-
tional studies are necessary to validate the generalizability of our 
results. Third, the LLM was given examples of materials used at 
our institution. This may reduce the generalizability of our study 
to centers that use a different set of materials. Fourth, the repro-
ducibility of GPT-4’s output was not assessed, which may be a 
topic for future research. In a study by Samaan et al (28), patient 
questions on bariatric surgery were posed twice to GPT-4, and 
90.7% of answers were reproducible. Fifth, the reports and the 
prompt were created in German language; thus, the results of our 

study may need confirmation in other languages. Sixth, Chat-
GPT will undergo further updates, limiting the reproducibility 
of our results. Seventh, only one reader was used as the reference 
standard. However, the reader was an experienced interventional 
neuroradiologist with advanced understanding of the procedure, 
which we regarded as sufficient for this exploratory study. Last, 
GPT-4 is not a Food and Drug Administration– or Conformité 
Européenne–labeled product; thus, care must be taken when us-
ing it in the context of medical care (29).

In conclusion, GPT-4 more frequently extracted correct 
procedural data from reports on mechanical thrombectomy 
performed in patients with ischemic stroke than its predeces-
sor GPT-3.5. This suggests that GPT-4, or other large language 
models, could provide an alternative to retrieving these data 
manually. Although GPT-4 may facilitate this process and pos-
sibly improve data extraction from radiology reports, errors cur-
rently still occur and surveillance by human readers is needed.

Table 4: Correct Data Entries Made by ChatGPT for Each Procedural Detail (External Reports)

Procedural Detail Correct Data Entries by GPT-4 Correct Data Entries by GPT-3.5 P Value
Total no. of data entries 90.5 (88.3, 92.4) 64.2 (60.8, 67.4) <.001
Date of intervention 100.0 (88.4, 100.0) 100.0 (88.4, 100.0) NA
Location of vessel occlusion 90.0 (73.5, 97.9) 80.0 (61.4, 92.3) .25
Side of vessel occlusion 93.3 (77.9, 99.2) 70.0 (50.6, 85.3) .02
NIHSS score 100.0 (88.4, 100.0) 86.7 (69.3, 96.2) .13
ASPECTS 100.0 (88.4, 100.0) 86.7 (69.3, 96.2) .13
Intravenous thrombolysis 93.3 (77.9, 99.2) 70.0 (50.6, 85.3) .02
Procedure times
  Symptom onset 83.3 (65.3, 94.4) 70.0 (50.6, 85.3) .39
  Arrival at thrombectomy center 100.0 (88.4, 100.0) 70.0 (50.6, 85.3) .008
  Stroke imaging 86.7 (69.3, 96.2) 66.7 (47.2, 82.7) .11
  Groin puncture 56.7 (37.4, 74.5) 46.7 (28.3, 65.7) .55
  First intracranial run 96.7 (82.8, 99.9) 60.0 (40.6, 77.3) .006
  First thrombectomy maneuver 90.0 (73.5, 97.9) 43.3 (25.5, 62.6) .002
  Last thrombectomy maneuver 53.3 (34.3, 71.2) 26.7 (12.3, 45.9) .03
  Last run 93.3 (77.9, 99.2) 46.7 (28.3, 65.7) .002
Technical details
  No. of thrombectomy maneuvers 46.7 (28.3, 65.7) 33.3 (17.3, 52.8) .29
  mTICI score 93.3 (77.9, 99.2) 53.3 (34.3, 71.2) .001
  Use of BGC 90.0 (73.5, 97.9) 76.7 (57.7, 90.1) .34
  Use of distal aspiration 100.0 (88.4, 100.0) 86.7 (69.3, 96.2) .13
  Use of stent retriever 93.3 (77.9, 99.2) 86.7 (69.3, 96.2) .68
  Extracranial stent 100.0 (88.4, 100.0) 90.0 (73.5, 97.9) .25
  Intracranial stent 100.0 (88.4, 100.0) 90.0 (73.5, 97.9) .25
Periprocedural medication
  ASA 96.7 (82.8, 99.9) 73.3 (54.1, 87.7) .046
  Clopidogrel 93.3 (77.9, 99.2) 33.3 (17.3, 52.8) <.001
  Ticagrelor 100.0 (88.4, 100.0) 66.7 (47.2, 82.7) .004
  Tirofiban 100.0 (88.4, 100.0) 33.3 (17.3, 52.8) <.001
  Heparin 100.0 (88.4, 100.0) 73.3 (54.1, 87.7) .01
FPCT performed 83.3 (65.3, 94.4) 23.3 (9.9, 42.3) <.001
ICH 100.0 (88.4, 100.0) 53.3 (34.3, 71.7) <.001

Note.— Unless otherwise indicated, data are percentages and data in parentheses are 95% CIs. Comparisons between GPT-4 and GPT-3.5 
were made by using the McNemar test. ASA = acetylsalicylic acid, ASPECTS = Alberta Stroke Program Early CT Score, BGC = balloon 
guide catheter, FPCT = flat-panel CT, ICH = intracranial hemorrhage, mTICI = modified Thrombolysis in Cerebral Infarction, NA = not 
applicable, NIHSS = National Institutes of Health Stroke Scale.
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