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Protocoling of incoming imaging studies is estimated to take 
3.5%–6.2% of radiologists’ time (1,2). In emergency radiol-

ogy, protocoling is a frequent cause of interruptions, which may 
increase cognitive workload and risk of errors (3,4). However, 
careful protocoling is essential for answering the clinical question. 
Errors are common in protocoling (5,6), which is often done by 
less experienced residents or nonsubspecialist radiologists in an 
emergency setting. During the last decade, advancements in arti-
ficial intelligence and natural language processing (NLP) (7) have 
opened new possibilities for streamlining the protocoling process.

Although most NLP research in radiology has focused 
on analyzing radiology reports and communicating critical 
findings (8,9), there is growing interest in applying NLP for 
automatic protocol selection (10–21). Promising results have 
been shown with traditional machine learning (ML) algo-
rithms such as support vector machine (SVM), random for-
est, and XGBoost (10–13). Deep learning (DL)–based large 
pretrained language models, such as bidirectional encoder 
representations from transformers (BERT) (22), have also 
demonstrated good performance in protocoling (14,15). Spe-
cific versions of BERT tailored for radiology might further en-
hance the results (15,23), although these have been limited to 
English language. Larger language models, such as the gener-
ative pretrained transformer (GPT) (24) from OpenAI, have 
recently gained attention for their ability to learn complex 
tasks with limited data and achieve humanlike performance in 
tasks such as text generation, emotional awareness, or medical 

examinations (24–26). However, to our knowledge, there is 
currently only one published study investigating GPT’s po-
tential in automatic protocoling (16).

In this study, we evaluate both ML and DL models in au-
tomatic protocoling of emergency brain MRI scans using text 
from clinical referrals. We tested three ML models (naive Bayes, 
SVM, and XGBoost) and two DL models (BERT and GPT-3.5). 
Because curating large specialist-annotated medical datasets is re-
source intensive, we also assessed the performance of the models 
when trained with datasets of varying sizes.

Materials and Methods
We obtained permission for this study from the Hospital Dis-
trict of Southwest Finland. Review by the institutional review 
board or ethics committee was not required because regis-
try-based retrospective studies of existing data in Finland are 
exempted from ethical approval by law and are only subject to 
hospital district permission. A waiver for written patient con-
sent was not sought for the same reason. The study was con-
ducted in accordance with the Declaration of Helsinki.

Data
Protocoling of emergency brain MRI scans using referral texts 
was chosen as the study target because MRI is used daily at 
our emergency department, and the annual number of emer-
gency brain MRI referrals has almost doubled from 1182 in 
2014 to 2089 in 2018 (Fig 1). In our institution, “emergency 
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referrals” refers to requests for urgent imaging within 1–3 days. 
We retrospectively collected a random sample of 2000 Finnish 
emergency brain MRI referrals from January 2016 to January 
2019 from Turku University Hospital. Forty-seven referrals 
were excluded for various reasons: insufficient information  
(n = 2), nonemergency MRI or preoperative planning (n = 9), 

scientific projects (n = 32), or wrong study code (n = 4). The 
data were anonymized by removing identifiable attributes, in-
cluding patient names, personal identification numbers, and ex-
amination dates. The referral texts contained free text written in 
a single field, and their average word count was approximately 
50 words.

The included referrals (n = 1953) were classified into suitable 
imaging protocols and use or no use of a gadolinium-based con-
trast agent by two fellowship-trained neuroradiologists (M.J.N., 
16 years of experience, and J.H., 12 years of experience) in con-
sensus, regarded as a better reference standard than original in-
structions from radiologists of varying experience. There were 12 
different protocol classes and two contrast agent classes (contrast 
and noncontrast) (Fig 2). Detailed information about the proto-
col classes used can be found in Table S1.

The data were split into training (80%) and test sets (20%) 
by stratified sampling to maintain consistent protocol class pro-
portions. Inspecting the datasets showed the contrast agent class 
proportions had also stayed roughly equal. To study the effect of 
training set size for model performance, we randomly sampled 
a 50% smaller dataset (called “small”) from the original “large” 
training set.

Preprocessing
We preprocessed the referral texts by simplifying white spaces 
and removing unnecessary automatic sentences generated by 
the radiology information system. The ML models required 
texts to be further preprocessed by removing punctuation and 
“stop-words” and changing conjugated words into their base 
form. We expanded the small dataset with data augmentation to 
create a larger “augmented” dataset. Preprocessing and augmen-
tation were done with Python (version 3.7.11; Python Software 
Foundation), and details can be found in Appendix S1. 

The training sets were split into five stratified folds by pro-
tocol class, with original referrals and their augmentations 
kept in the same fold. We checked that each fold’s contrast 

agent class distribution remained close to the 
training set’s baseline. During training, aug-
mented referrals were excluded from the val-
idation fold to ensure validation relied solely 
on original referrals.

Model Architectures
For the baseline, we chose three types of ML 
models: an SVM and an XGBoost algorithm, 
both of which have shown promise in earlier 
studies (10,11,13), and a naive Bayes model, 
a common ML model not previously studied 
in automatic protocoling. As a vectorizer, we 
used an n-gram model that turns text into nu-
merical vectors based on combinations of n 
consecutive letters.

For DL models, we tested BERT (22), spe-
cifically a pretrained Finnish version called 
FinBERT (27), and GPT (24), specifically 
the OpenAI GPT-3.5 Turbo language model 
(30), which was available for fine-tuning. We 
did not have access to GPT-4.

Abbreviations
BERT = bidirectional encoder representations from transformers, 
DL = deep learning, GPT = generative pretrained transformer, ML =  
machine learning, NLP = natural language processing, SVM = 
support vector machine

Summary
Both traditional machine learning models and newer deep learning 
models, like bidirectional encoder representations from transform-
ers and generative pretrained transformer–3.5 (Open AI; GPT-3.5 
Turbo), performed well in automatic protocoling of emergency brain 
MRI scans based on text from clinical referrals.

Key Points
	■ Machine learning (support vector machine, XGBoost, and naive 

Bayes) and deep learning (bidirectional encoder representations 
from transformers [BERT] and generative pretrained transformer 
[GPT]–3.5 [Open AI; GPT-3.5 Turbo]) models were developed to 
predict the emergency brain MRI protocol and need for a contrast 
agent based on text from clinical referrals.

	■ The GPT-3.5 models trained with the large nonaugmented dataset 
achieved the best results (accuracy, 84% for predicting the proto-
col and 91% for determining the need for a contrast agent), with 
performance comparable to that of nonneuroradiologists (accuracy, 
80%–83% and 89%–91%, respectively).

	■ The BERT models and the best machine learning models also 
demonstrated high performance, with accuracies of 78% in predict-
ing the MRI protocol and 89% and 88%, respectively, in determin-
ing the need for a contrast agent.

Keywords
Natural Language Processing, Automatic Protocoling, Deep Learn-
ing, Machine Learning, Emergency Brain MRI

Figure 1:  Bar graph of the number of emergency brain MRI referrals in the institution from January 
2014 to December 2018. The emergency brain MRI referrals include both patients from the emergency 
department and patients from hospital wards that need imaging urgently.
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Model Training
Models were trained separately to predict the MRI protocol 
and the need for a contrast agent. The ML and BERT mod-
els were trained using Python on a local computer equipped 
with a graphics processing unit (Nvidia Tesla V100). The source 
code is available at GitHub (https://github.com/turku-rad-ai/
finnish-brain-mri-protocoling).

Optimal hyperparameters for ML models were determined 
via fivefold cross-validation, and final models were trained using 
these. For BERT models, extensive hyperparameter tuning was 
limited by computational resources, and hyperparameters were 
chosen based on preliminary rounds of fivefold cross-validation. 
Final models were trained for seven epochs using the first data 
fold (20%) for validation and the rest (80%) for training, select-
ing the model from the epoch with the lowest validation loss. 
Details on the chosen hyperparameters for different models are 
in Appendix S1.

Unlike the other models, fine-tuning and testing the GPT-3.5 
models required using OpenAI’s web interface and application 
programming interface on OpenAI’s platform. The train-valida-
tion split was also done using the platform’s tool. GPT-3.5 Turbo 
(version 0125) was used as a base model and trained using recom-
mended default hyperparameters. Additional information about 
the data privacy aspects and the prompt engineering can be found 
in Appendix S1.

Model Evaluation and Statistical Analysis
Model evaluation and statistical analyses were performed using 
Python and R software (version 4.3.1; R Foundation). Perfor-
mance was evaluated on the test set using accuracy, F1 score, 

precision, and recall. The 95% CIs were computed with boot-
strapping (10 000 samples) using the boot R library (version 
1.3.28.1). For the protocol models, macro (classes have equal 
value) and weighted (classes are weighted by size) averages of F1 
score, precision, and recall were calculated due to class imbal-
ances. For the contrast agent models, binary metrics were cal-
culated defining the contrast class as positive. Accuracies were 
compared using the McNemar test with Bonferroni correction 
(in both tasks, the number of pairwise comparisons between 
the models was 20; the level of significance after Bonferroni 
correction was P < .0025). We did not analyze area under the 
receiver operating characteristic curve because it is preferably 
calculated using predicted class probability estimates rather 
than just predicted labels, and scores from probabilities are not 
directly comparable to those from labels; also, GPT does not 
produce these outputs. We qualitatively reviewed examples of 
correct and incorrect predictions made by the models.

Nonneuroradiologist Performance Analysis
For comparison, two emergency radiologists (radiologist 1, 14 
years of experience, and radiologist 2, 15 years of experience), 
who perform protocoling of emergency MRI referrals daily in 
their work, independently reviewed the test set. Their perfor-
mances were analyzed and accuracies compared with the large 
models using the McNemar test with Bonferroni correction 
(the number of comparisons was 10 for each task, the protocol 
and the contrast agent task; the level of significance after Bon-
ferroni correction was P < .005).

Results

Dataset Characteristics
Class frequencies and distribution for the training and test 
sets are listed in Table 1. The large training set had 1563 refer-
rals, the small dataset 783 referrals, and the augmented data-
set 2674 referrals. The test set had 390 referrals. The stroke 
protocol class was most common (46.6% for large, small, and 
test sets), followed by tumor (13.8%) and infection (13%). 
The augmented dataset’s class distribution varied slightly due 
to attempts to lessen the class imbalances, but the stroke class 
remained the largest. The contrast medium usage distribution 
differed minimally across datasets, the positive class varying 
between 42.7% and 47.4% and the negative class varying be-
tween 52.6% and 57.3%.

Protocol Models
The protocol models’ results are shown in Table 2. Overall, the 
models performed similarly, and pairwise comparisons between 
the models yielded mostly statistically nonsignificant results 
(Fig S1A).

Among models trained on the large dataset, GPT-3.5 achieved 
the highest mean results with an accuracy of 84% (95% CI: 80, 
88), macro F1 score of 0.77 (95% CI: 0.61, 0.84), and weighted 
F1 score of 0.84 (95% CI: 0.80, 0.87). The only statistically sig-
nificant differences between the accuracies of the large models 
were between GPT-3.5 and SVM (84% vs 76%; P = .001; Bon-
ferroni-corrected P = .0025) and between GPT-3.5 and naive 
Bayes (84% vs 75%; P < .001; Bonferroni-corrected P = .0025). 

Figure 2:  Bar graphs of overall class distributions for the whole dataset (both 
training and test data). (A) Distribution of protocol classes. (B) Distribution of con-
trast agent use. IAC = internal auditory canal, WUS = wake-up stroke.
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BERT had an accuracy of 78% (95% CI: 74, 82), macro F1 score 
of 0.35 (95% CI: 0.31, 0.39), and weighted F1 score of 0.75 
(95% CI: 0.70, 0.80). Among ML models, XGBoost performed 

the best: 78% (95% CI: 73, 82), 0.63 (95% CI: 0.50, 0.70), 
and 0.76 (95% CI: 0.72, 0.81) for accuracy, macro F1 score, and 
weighted F1 score, respectively.

Table 1: Training and Test Dataset Characteristics

Variable
Large Training Dataset 
(n = 1563)

Small Training Dataset 
(n = 783)

Small plus Augmented 
Dataset (n = 2674)

Test Dataset 
(n = 390)

Average referral word count 51 52 51 53
Protocols
  Demyelination 24 (1.5) 10 (1.3) 60 (2.2) 6 (1.5)
  Epilepsy 40 (2.6) 16 (2.0) 96 (3.6) 10 (2.6)
  Internal auditory canal 7 (0.4) 6 (0.8) 36 (1.3) 2 (0.5)
  Infection 206 (13.2) 104 (13.3) 416 (15.6) 52 (13.3)
  Orbits 13 (0.8) 9 (1.1) 54 (2.0) 3 (0.8)
  Sella 20 (1.3) 13 (1.7) 78 (2.9) 5 (1.3)
  Shunt 35 (2.2) 13 (1.7) 78 (2.9) 8 (2.1)
  Stroke 728 (46.6) 370 (47.3) 740 (27.7) 182 (46.7)
  Trauma 161 (10.3) 83 (10.6) 415 (15.5) 40 (10.3)
  Tumor 216 (13.8) 102 (13.0) 408 (15.3) 54 (13.8)
  Vertigo 96 (6.1) 49 (6.3) 245 (9.2) 24 (6.2)
  Wake-up stroke 17 (1.1) 8 (1.0) 48 (1.8) 4 (1.0)
Contrast medium used
  Yes 668 (42.7) 355 (45.3) 1268 (47.4) 173 (44.4)
  No 895 (57.3) 428 (54.7) 1406 (52.6) 217 (55.6)

Note.—Data are presented as numbers with percentages in parentheses.

Table 2: Performance Results for the Protocol Models

Model Accuracy (%) Macro F1 Weighted F1 Precision* Recall*

Naive Bayes
  Large 75 (70, 79) 0.49 (0.37, 0.57) 0.73 (0.67, 0.77) 0.74 (0.68, 0.78) 0.75 (0.70, 0.79)
  Small 74 (70, 79) 0.48 (0.36, 0.55) 0.71 (0.66, 0.76) 0.74 (0.67, 0.78) 0.74 (0.70, 0.78)
  Augmented 77 (73, 82) 0.55 (0.43, 0.62) 0.75 (0.71, 0.80) 0.77 (0.72, 0.81) 0.77 (0.73, 0.82)
SVM
  Large 76 (72, 81) 0.52 (0.41, 0.60) 0.75 (0.70, 0.79) 0.76 (0.70, 0.80) 0.76 (0.72, 0.81)
  Small 77 (72, 81) 0.53 (0.42, 0.59) 0.75 (0.70, 0.79) 0.75 (0.71, 0.80) 0.77 (0.72, 0.81)
  Augmented 76 (72, 81) 0.52 (0.42, 0.59) 0.75 (0.71, 0.80) 0.76 (0.71, 0.80) 0.76 (0.72, 0.81)
XGBoost
  Large 78 (73, 82) 0.63 (0.50, 0.70) 0.76 (0.72, 0.81) 0.78 (0.74, 0.82) 0.78 (0.73, 0.82)
  Small 76 (71, 80) 0.51 (0.38, 0.59) 0.73 (0.68, 0.78) 0.78 (0.71, 0.82) 0.76 (0.71, 0.80)
  Augmented 74 (70, 78) 0.58 (0.42, 0.66) 0.73 (0.68, 0.77) 0.75 (0.70, 0.80) 0.74 (0.70, 0.78)
BERT
  Large 78 (74, 82) 0.35 (0.31, 0.39) 0.75 (0.70, 0.80) 0.73 (0.67, 0.78) 0.78 (0.74, 0.82)
  Small 69 (65, 74) 0.25 (0.23, 0.26) 0.63 (0.58, 0.69) 0.59 (0.53, 0.65) 0.69 (0.65, 0.74)
  Augmented 77 (73, 81) 0.54 (0.43, 0.61) 0.76 (0.71, 0.80) 0.76 (0.72, 0.81) 0.77 (0.73, 0.81)
GPT-3.5
  Large 84 (80, 88) 0.77 (0.61, 0.84) 0.84 (0.80, 0.87) 0.84 (0.80, 0.88) 0.84 (0.80, 0.88)
  Small 82 (78, 86) 0.66 (0.54, 0.73) 0.81 (0.77, 0.85) 0.82 (0.77, 0.86) 0.82 (0.78, 0.86)
  Augmented 84 (80, 88) 0.74 (0.61, 0.81) 0.85 (0.81, 0.88) 0.86 (0.83, 0.90) 0.84 (0.80, 0.88)
Radiologist
  Radiologist 1 80 (76, 84) 0.71 (0.61, 0.77) 0.81 (0.76, 0.84) 0.82 (0.79, 0.86) 0.81 (0.76, 0.84)
  Radiologist 2 83 (79, 87) 0.76 (0.62, 0.82) 0.83 (0.79, 0.87) 0.84 (0.81, 0.88) 0.83 (0.79, 0.87)

Note.—Data in parentheses are 95% CIs. BERT = bidirectional encoder representations from transformers, GPT = generative 
pretrained transformer, SVM = support vector machine.
* Precision and recall are weighted averages.

http://radiology-ai.rsna.org
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When comparing performance of models trained with 
large versus small datasets, only BERT showed a statistically 
significant drop in accuracy (78% vs 69%; P < .001; Bonfer-
roni-corrected P = .0025). Between the models trained on large 
versus augmented datasets, there was no evidence of difference  
(P > .0025). Among both the small and augmented models, 
GPT-3.5 had highest accuracies of 82% (95% CI: 78, 86) and 
84% (95% CI: 80, 88), respectively.

All models had higher weighted F1 scores than macro F1 
scores. This result implies that the models predicted larger classes 
better than smaller ones, evident also from the confusion matrices 
(Figs 3, S2) and the class-specific performance metrics (Table S2).

We manually reviewed individual referrals that were most of-
ten associated with correct or incorrect protocol predictions by 
the models (examples shown in Table S3). Although referrals 

associated with incorrect model predictions were heterogeneous, 
many described nonspecific symptoms or otherwise clinically un-
clear situations. Yet referrals associated with correctly predicted 
protocols were more straightforward, with clear clinical questions 
and fewer confounding variables.

Contrast Agent Models
As in the protocol task, the contrast agent models performed 
evenly (Fig 4), with no evidence of differences in accuracy 
between large models (Fig S1B). The large GPT-3.5 had the 
highest mean accuracy of 91% (95% CI: 88, 94) and F1 score 
of 0.89 (95% CI: 0.86, 0.93). BERT had an accuracy of 89% 
(95% CI: 86, 92) and F1 score of 0.87 (95% CI: 0.84, 0.91). 
Among ML models, accuracies and F1 scores were 86% (95% 
CI: 82, 89) and 0.83 (95% CI: 0.79, 0.88) for naive Bayes, 

Figure 3:  Confusion matrices for the protocol models trained with the large dataset and the radiologists. BERT = bidirectional encoder representations from transformers, 
GPT = generative pretrained transformer, IAC = internal auditory canal, SVM = support vector machine, WUS = wake-up stroke.

http://radiology-ai.rsna.org
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88% (95% CI: 84, 91) and 0.85 (95% CI: 0.81, 0.89) for 
SVM, and 88% (95% CI: 84, 91) and 0.85 (95% CI: 0.81, 
0.89) for XGBoost, respectively. Confusion matrices are shown 
in Figures 5 and S3.

There was no evidence of differences in accuracy between 
models trained with large versus small datasets, except for GPT-
3.5 (91% vs 84%; P < .001; Bonferroni-corrected P = .0025). 
Interestingly, among the small models, GPT-3.5 and naive 
Bayes had the lowest accuracies (0.84; [95% CI: 0.80, 0.87] 
for both models). SVM had the highest accuracy of 0.87 (95% 
CI: 0.83, 0.90). When using data augmentation, the models 
performed similarly compared with the large models, except 
for the augmented versus large BERT (0.82 vs 0.89; P < .001; 
Bonferroni-corrected P = .0025). Detailed results are shown in 
Figure S1B.

Examples of correctly and incorrectly predicted protocols 
based on clinical referrals are shown in Table S4.

Nonneuroradiologist Performance
The results for emergency radiologists are shown in Table 2 and 
Figure 4, and confusion matrices for their predictions can be 
found in Figures 3 and 5. Both radiologists performed similarly. 
In the protocol task, radiologist 1 had an accuracy of 80% (95% 
CI: 76, 84), macro F1 score of 0.71 (95% CI: 0.61, 0.77), and 
weighted F1 score of 0.81 (95% CI: 0.76, 0.84). Radiologist 

2 had an accuracy of 83% (95% CI: 79, 87), macro F1 score 
of 0.76 (95% CI: 0.62, 0.82), and weighted F1 score of 0.83 
(95% CI: 0.79, 0.87). In the contrast agent task, the accuracies 
and F1 scores were 89% (95% CI: 86, 92) and 0.88 (95% CI: 
0.84, 0.91) for radiologist 1 and 91% (95% CI: 87, 93) and 
0.90 (95% CI: 0.86, 0.93) for radiologist 2, respectively. When 
comparing radiologists to the large models, the only statistically 
significant difference was between the naive Bayes protocol 
model and radiologist 2 (accuracy, 75% vs 83%; P < .001; Bon-
ferroni-corrected P = .005). For the rest, there was no evidence 
of differences (Fig S4). Exact times were not measured, but ra-
diologists estimated that it took them 5 hours (radiologist 1) 
and 6 hours (radiologist 2) to review the test set, while artificial 
intelligence models analyzed the test set in seconds to minutes 
(exact times listed in Appendix S1).

Discussion
We evaluated NLP models for assigning the correct imaging pro-
tocol and determining the need for a contrast agent based on text 
from emergency brain MRI referrals. We showed that although 
both ML and DL models demonstrated promising results, GPT-
3.5 outperformed them, achieving an accuracy of 84% for pro-
tocol selection and 91% for predicting the need for a contrast 
agent. Moreover, the performance of our best models was on the 
same level as that of experienced emergency radiologists.

Figure 4:  Bar graphs show performance of contrast agent models trained with different datasets. Error bars represent 95% CIs. BERT = bidirectional encoder representa-
tions from transformers, GPT = generative pretrained transformer, SVM = support vector machine.

http://radiology-ai.rsna.org
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DL models (BERT and GPT-3.5) trained with the large data-
set had slightly better results than those trained with the small 
dataset. GPT might still benefit from more training data despite 
its design as a few-shot learner (24), possibly due to the special-
ized vocabulary in Finnish MRI referrals, differing considerably 
from its pretraining data. For most DL models, using data aug-
mentation to upsample the small dataset yielded similar results 
to the large models, supporting using augmentation when data 
are scarce. Meanwhile, ML models showed variable results across 
different training datasets.

Overall, the models performed better at predicting the 
need for a contrast agent than choosing the protocols, which 
was expected because the multiclass protocol task was more 

complex than the binary contrast agent task. Challenges in 
the protocol task included classifying small classes and cases 
with nonspecific symptoms like vertigo. Previous studies have 
shown that MRI outcomes for patients with vertigo or non-
traumatic headache vary (28,29), complicating the assignment 
of a definitive protocol. These insights underscore the com-
plexity of protocoling in diverse clinical situations, in which 
the correct protocol cannot always be determined solely from 
the referral.

Although GPT-3.5 performed best, data privacy reasons 
might limit its clinical usability because the model is used via an 
application programming interface and cannot be run in house. 
Thus, BERT or ML models could be preferred.

Figure 5:  Confusion matrices for the contrast agent models trained with the large dataset and the radiologists. BERT = bidirectional encoder representations from trans-
formers, GPT = generative pretrained transformer, SVM = support vector machine.

http://radiology-ai.rsna.org
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Our results align with prior research in automated proto-
coling, though differing study settings limit comparisons. One 
study (16) tested GPT-4 in determining modality, body part, and 
contrast agent usage and found promising agreement with the 
radiologist (85%–100%). BERT achieved an accuracy of 83% in 
protocoling musculoskeletal MRI referrals (14) and a weighted 
F1 score of 0.84 in protocoling body CT referrals (15). Protocol-
ing brain MRI referrals has been 83% accurate with random for-
est (10), 85% with XGBoost (11), and 90.5% with a DL-based 
long short-term memory network model (17). Our smaller train-
ing sample (1563 compared with 16 882 for Wong et al [17]) 
and use of non-English language might explain some variance. 
Other studies on various targets showed accuracies of 69%–95% 
(12,13,17–21), consistent with our results.

Our study had limitations. Our data were retrospective and 
had an imbalance between the protocol classes. The scarcity of 
data did not allow assessing model performance on less common 
classes. The stratified sampling of the training and testing sets 
partly explains the satisfactory model performance, and perfor-
mance on data with different class distributions remains un-
tested. We tested the models with only 100% and 50% original 
datasets, limiting our conclusions on how the dataset size affects 
performance. Using data from only one hospital may not be a 
major limitation, as different institutions have different practices 
for protocoling, and models should also be customized to each 
hospital’s needs. Similarly, using only Finnish data, our approach 
and results are similar to those using other languages, confirm-
ing robustness. We did not analyze the clinical impact of our 
models’ predictions—for example, would the predicted protocol 
have sufficed in answering the clinical question. Additionally, 
the emergency radiologists reviewing the test set did not score 
perfectly, suggesting that multiple protocols may be justified for 
some cases. Artificial intelligence models may not completely au-
tomate the protocoling process yet, considering the complexity 
of clinical cases, insufficient or incorrect referral information, and 
additional verbal information radiologists might receive. Still, 
even partial artificial intelligence automation could reduce inter-
ruptions for radiologists.

In conclusion, we found potential for both ML- and DL-
based NLP algorithms in automated protocoling of emergency 
brain MRI scans based on clinical referral text. GPT-3.5 showed 
the highest performance, but BERT and traditional ML models 
remain pertinent choices when an in-house solution is preferred. 
These models could streamline the radiologists’ workflow and as-
sist less experienced radiologists. Further research is needed for 
prospective validation and clinical implementation.
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