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Abstract

Presence of intravenous contrast on computed tomography (CT) scans is often unreliably documented, especially in large
research datasets. FALCON is an open-access fully automated deep learning model enabling large-scale intravenous contrast
detection and body part classification for CT scans of the head and neck (HN), chest, abdomen, and pelvis (AP). This study
used six independent datasets consisting of 3138 CT scans of the HN, chest, and AP of 3126 patients from five institutions
between 1996 and 2023 to train and validate four CNN models for intravenous contrast detection and body part classification.
The ground truth of intravenous contrast presence was verified by a radiologist. We used ResNet9 network architecture and
integrated the four models into a graphical user interface. We assessed FALCON’s performance with F'1 scores and compared
FALCON’s annotation time to manual annotation by human experts. In the external test set containing 1348 scans, the F1 score
for intravenous contrast detection was 99.4% (95%CI: 98.8, 99.9) for HN CT, 98.3% (95%CI: 96.9, 99.5) for chest CT,
and 98.1% (95%CI: 96.9, 99.1) for AP CT. The F'1 score for body part classification alone on unseen data was 100% for HN,
chest, and AP CT. Compared to human experts, annotation of a single scan with FALCON required 1.3 s vs. 21 s for HN CT,
1.8 s vs. 33 s for chest CT, and 3.7 s vs. 1.6 s for AP CT. The open-access FALCON model (https://github.com/Fintelmann
LabDevelopmentTeam/Falcon) quickly and reliably detects intravenous contrast and classifies body part on CT scans.
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Introduction

Large-scale computed tomography (CT) datasets are increas-
ingly available for quantitative image analysis including
radiomics, body composition analysis, and development of
machine learning algorithms. Manually input Digital Imag-
ing and Communications in Medicine (DICOM) metadata is
often unreliable and inconsistent, with Gueld et al. reporting
that 15.3% of all studies are incorrectly labeled as a result of
human error [1-4].

Annotation of CT scans regarding intravenous contrast
presence and imaged body part is time consuming. In the
absence of a clinical report, a human expert may need to
review the DICOM images, an expensive proposition.

Deep learning algorithms can detect intravenous con-
trast. However, some models require region localization and
have not been externally validated [5, 6], while others are
not open-access [7, 8]. Similarly, published deep learning
algorithms providing automated body part classification are
not open-access [9—13]. An open-access tool for automated
intravenous contrast detection and body part classification
would be valuable for annotation of large-scale datasets of
unknown quality [14—19], especially in the research setting.

The purpose of this manuscript is to describe an open-
access fully automated tool for intravenous contrast detec-
tion and body part classification, named FALCON (Fully
Automated Labeling of CT anatomy and intravenous CON-
trast), utilizing full volumetric CT scans of the HN, chest,
and AP, that can be deployed on standard portable comput-
ers. We hypothesize that FALCON will result in significant
time savings compared with annotation by human experts.

Materials and Methods

This HIPAA-compliant retrospective multicenter cohort
study was approved by the institutional review board at
Massachusetts General Hospital, and the need for written
informed consent was waived.

Datasets

Six independent, non-overlapping datasets consisting of
full volumetric CT scans of the HN, chest, and AP from
five institutions and 3126 patients were used. Images were
acquired between 1996 and 2023 on 68 different scanner
models from six different manufacturers (Table S1). Prior
studies have reported on 958 patients included in the current
study [20, 21].

Datasets I (n=558) and IV (n=598) consisted of dif-
ferent, independent HN CT scans from 1151 patients made
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available through The Cancer Imaging Archive [22, 23]
with ground truth contrast labels curated by Ye et al.
[24]. Datasets II (n=601) and V (n=400) consisted of
chest CT scans [21] from 994 patients, while datasets III
(n=631) and VI (n=350) consisted of CT scans of the
AP from 981 patients. Two trained research assistants
(LM, JAW) and a radiologist with four years of experi-
ence (RAB) established ground truth of body part clas-
sification and intravenous contrast presence in datasets
II, II1, V, and VI. Ground truth of datasets I and IV was
provided with the datasets and was manually reviewed by
residency-trained radiologists. A multi-body part dataset
(n=1020), dataset VII, was created by randomly sam-
pling 170 series with and 170 series without intravenous
contrast from datasets I, II, and III.

Datasets I, II, III, and VII were used for training, internal
validation, and internal testing (Fig. S1). Each dataset was
split 80:20 to produce a development and an internal testing
subset. Datasets IV, VI, and VI were used for external test-
ing of the final models (Fig. S2). If a patient contributed a
scan to the training dataset, their other scans were excluded
from testing.

Patient sex, age, and image acquisition parameters were
retrieved from DICOM attributes or provided with the data-
set (Table 1). Race and ethnicity were self-reported. To com-
pare FALCON with results from Ye et al. [24] and DICOM
attributes, we extracted intravenous contrast presence from
DICOM solely for comparison.

Pipeline Overview, Preprocessing, and Model
Architecture

Three-dimensional volumetric CT data were fed into the
model and preprocessed to select a single central axial slice,
defined as the middle slice in the series (Fig. 1). For CT
scans of the HN, axial 1.25 mm or 3 mm cuts were used;
for chest, axial 3 mm cuts; and for AP, 5 mm axial cuts. The
selected slice entered a body part classifier sub-algorithm,
which selects one of three distinct contrast classification
models, one for each body part (HN, chest, AP). Subse-
quently, the selected slice entered its corresponding con-
trast detection sub-algorithm to predict intravenous contrast
presence with a confidence level. Preprocessing, based on
related studies [24—27] and streamlined for computational
efficiency (Fig. 2), was utilized in model development and
is part of the final model (Fig. 3). The ResNet9 architecture
was used for all four models: body part, HN contrast, chest
contrast, and AP contrast (Fig. S3).

Model Training

To train the four models, we used a large, specified range
(Table 2) of axial slices from the preprocessed CT scans
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Table 1 Participant characteristics stratified by dataset

Dataset I Dataset 11 Dataset I11 Dataset IV Dataset V' Dataset VI Dataset VII
Body part Head and neck Chest Abdomen and pelvis Head and neck Chest Abdomen and pelvis Multi-body part
Patient sex
Female 111 335 278 84 214 139 400
Male 447 266 353 509 179 211 620
Total 558 601 631 593 393 350 1020
Age (years)
Median 59.8 68.3 68.0 57.0 70.0 61.0 68.0
Mean 60.5 67.0 66.5 57.8 67.6 58.4 64.8
Standard deviation 10.0 10.1 10.9 9.4 14.1 14.5 10.6
Range 33.0-89.2 27.3-91.8 26.0-94.0 24.0-91.0 18.0-96.0 19.0-86.0 27.0-93.0
NA 0 0 0 1 0 8 0
Height (cm)
Median - 167.6 169.0 174.0 - 165.0 168.0
Range - 139.7-200.7 109.0-196.0 146.0-197.0 - 137.0-195.0 139.7-200.7
NA 558 0 270 406 393 8 340
Race*
Asian - 27 1 - 73 - 15
Black - 54 2 - 49 - 32
Caucasian - 516 6 - 214 - 289
Other - 2 - - 54 - 2
Declined or NA 558 2 622 593 3 350 682
Ethnicity*
Hispanic - 2 51 - 13 - 23
Not Hispanic - 362 124 - 354 - 277
Declined or NA 558 237 456 593 26 350 720

Dataset VII was created by randomly sampling 170 series with and 170 series without intravenous contrast from datasets I, II, and III. Dash (-)

indicates data was not provided with the dataset. NA not available
“Self-reported by the patient

Input Body Part Detection Stage

___CT Volume

IV Contrast Detection Stage Output

Head-Neck model \ IV contrast present

Preprocessing:
central axial slice

—DI Body part classifier |-:—> | Chest model | — | Contrast probability | i

Optional

Provide body
part label i

Fig. 1 Overview of the FALCON model. First, a three-dimensional
computed tomography volume is fed into the body part detection
stage. Second, the CT is preprocessed to yield a single central axial
slice. Third, this slice enters the body part classifier, which identi-
fies the image belonging to the head-neck, chest, or abdomen-pelvis

Abdomen-Pelvis /

model

No IV contrast
present

region. Alternatively, body part labels can be provided, and thus, the
body part detection stage can be skipped. Fourth, the probability of
intravenous (IV) contrast presence is calculated according to each
body part model during the IV contrast detection stage. This results in
a binary output: intravenous contrast presence or absence
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CT volume

Fig.2 Preprocessing image selection workflow. Initially, DICOM
scans were converted to Hounsfield units, values were clipped, scans
were respaced, and the scans were cropped around the center of mass
(A) to yield the region of interest (B). This cropped volume is subse-

§ FALCON - Fully Automated Labeling of CT anatomy and intravenous CONtrast

FALCON - Fully Automated Labeling of CT anatomy and intravenous CONtrast

Select a directory containing CT scans in DICOM format: ()

Please select a directory to start.

< »

Unprocessed Series:

Cropped scans

Axial slices

quently decomposed into its two-dimensional axial slices (C), which
are used for training and prediction. The exact slice range used for
training and prediction was optimized based on the internal validation
set

Morphometrics| Interventional Oncology

Browse

[\ﬁ@i Fintelmann Lab

Edit Selection |  Provide Body-Part Labels

Index Patient ID Study Instance UID Series Instance UID Series Description Number of Slices Series Directory Body Part Label
Processed Series:

Index Patient ID Study Instance UID Series Instance UID BODY PART (BP) BP Confidence IV CONTRAST (IVC) IVC Confidence
Settings @@ © 2024 Philipp Kaess. All rights reserved. Licensed under the MIT License. v1.0.0 Exit

Fig.3 FALCON (Fully Automated Labeling of CT anatomy and
intravenous CONtrast) graphical user interface. Screenshot shows the
graphical user interface at startup. A directory containing computed
tomography scans can be selected and loaded into the tool. FALCON
will provide body part labeling and the probability of intravenous

(Fig. S4). Model training utilized high-performance
computing clusters to analyze the full volumetric data of
each CT scan; details are provided in the Supplementary
Information.
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contrast presence for each CT scan. If the user provides the body part
labels of all input scans, the first sub-algorithm can be skipped, and
FALCON only provides the probability of intravenous contrast pres-
ence

Model Performance

We measured the average time FALCON required to
assess intravenous contrast presence on a randomly
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Table 2 Technical characteristics stratified by dataset

Dataset IV Dataset V' Dataset VI Dataset VII

Dataset I Dataset I  Dataset 111

Body part Head and neck Chest Abdomen and pelvis
Number of CT scans 558 601 631
Intravenous contrast

No 172 213 256

Yes 386 388 375
Number of slices per series

Median 175.0 138.0 97.0

Range 130-227 53-430 27-1521
Slice thickness (mm)

Median 2.5 3.0 5.0

Range 2.0-2.5 1.0-5.0 0.5-5.0

NA 0 0 0

Slice range used for 35-75 50-80 20-80

training*

Slice used for 55 65 63

prediction®

Pixel spacing

Median 0.98 0.76 0.86

Range 0.76-1.17 0.54-1.19 0.58-1.37
Tube voltage (kVp)

Median 120.0 120.0 120.0

Range 120.0-120.0  80.0-140.0 80.0-140.0

NA 0 0 0
Manufacturer
GE Medical Systems 399 169 245
Philips 3 141 36
Toshiba 156 17 27
Siemens 0 98 321
Neusoft 0 0 2
Hitachi 0 0 0
NA 0 176 0

Head and neck Chest Abdomen and pelvis Multi-body part

598 400 350 1020

194 201 54 590

404 199 296 430
247.0 135.0 3175 155.0
43-549 74-197  69-681 30-979
1.25 2.5 3.0 3.0
1.0-5.0 2530  1.0-5.0 0.625-5.0
16 0 0 0

- - - 35-65

- - - 50

0.49 0.81 0.92 0.89
0.34-1.07 0.58-1.27  0.60-1.37 0.54-1.37
120.0 120.0 120.0 120.0
120.0-140.0  80.0-150.0 120.0-140.0 80.0-140.0
17 0 0 0

399 212 29 493

180 35 316 98

10 0 5 109

8 153 0 224

0 0 0 0

1 0 0 0

0 0 0 96

Dataset VII was created by randomly sampling 170 series with and 170 series without intravenous contrast from datasets I, II, and III. Dash (-)

indicates data was not used for training. NA not available

“Both the slice ranges for training and the index of the slice used for prediction have been optimized on the internal validation set independently

for each of the four models

selected scan from the external test set for each body
part. In the first part, FALCON calculated the contrast
probability with the body part label provided. In the sec-
ond part, we measured the time for both body part clas-
sification and contrast detection on randomly selected
scans. All assessments were performed with and without
a dedicated GPU (graphics processing unit). Discrepant
cases between the algorithmic predictions and the refer-
ence contrast labels were analyzed to characterize failure
modes.

Graphical User Interface

A graphical user interface (Fig. 3) was developed using
Python 3.9.18 to facilitate clinical implementation.

Outcomes
The primary outcome was the accuracy and F1 score of

FALCON compared to ground truth for intravenous con-
trast detection and body part classification. The secondary

@ Springer
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outcome was the average time required to annotate a CT scan
of the HN, chest, and AP using FALCON compared to data
published by Ye et al. [24] and to ground truth data obtained
from a radiologist with four years of experience. The reference
annotation time per CT scan was obtained from a previously
published study [24], which reported the time to manually
annotate 1315 HN scans and 664 chest scans by two radiation
oncologists with four and seven years of clinical experience,
which we refer to as expert clinicians. The reference annota-
tion time per CT scan for AP was obtained by a radiologist
with four years of experience through manually annotating
981 scans from Datasets III and VI, preloaded into RadiAnt
DICOM viewer version 2025.2 to minimize loading times.

Statistical Analysis

We calculated sensitivity, specificity, F'1 score, overall accu-
racy, positive predictive value, and negative predictive value
for internal and external test sets. Sensitivity and specificity
were calculated with a 50% contrast probability threshold,
defined during training. For the external test set, mean F'1
score, accuracy, and Matthews Correlation Coefficient with
95%Cls were estimated via bootstrapping (1000 iterations).

Model accuracy was evaluated using confusion matri-
ces, accuracy, and F1 scores. A Xz test compared accuracy
to ground truth, and agreement was assessed with Yule’s
Q. Receiver-operating-characteristic (ROC) curves and
area-under-the-curve (AUC) analyses were performed for
the development dataset to discriminate contrast presence.
Model speed was evaluated using relative differences.

Cohen’s kappa coefficient was computed for Datasets I,
III, V, and VI to quantify interreader reliability between a
research assistant and ground truth provided by a radiologist
with four years of experience.

Statistical analyses were generated in Python 3.9.18
and R 4.4.1. P-values of <0.05 were considered statisti-
cally significant. Missing data was excluded from statistical

True Label
True Label

Other Correct Other
Predicted Label

B Chest

Predicted Label

analyses. All source code and the model can be found at
https://github.com/FintelmannLabDevelopmentTeam/Falcon.

Results
Patient and CT Characteristics

Datasets I and IV consisted of 1151 patients (mean age
59.1 years, 195 female) with 1156 CT scans of the HN,
including 790 scans with intravenous contrast (68.3%). Data-
sets I and V consisted of 994 patients (mean age 67.2 years,
549 female) with 1001 CT scans of the chest, including 587
scans with intravenous contrast (58.6%). Datasets III and VI
consisted of 981 patients (mean age 63.7, 417 female) with
981 scans of the AP, including 671 scans with intravenous
contrast (68.4%) (Table 1 and Table 2). Each dataset con-
tributed 523 scans on average (range, 350-631).

FALCON Accuracy and F1 Score

Model performance distinguishes how well the algorithm
detects the presence of intravenous contrast on CT scans.
For the internal validation dataset, FALCON yielded F1
scores for contrast detection of the HN, chest, and AP data-
sets of 98.7%, 99.4%, and 95.5%, respectively. Sensitivity
and specificity for contrast detection of the HN, chest, and
AP datasets are 98.7% and 97.1%, 100% and 97.7%, and
98.7% and 88.5%, respectively. FALCON yielded F1 scores
for body part classification of the HN, chest, and AP data-
sets of 100% for all datasets. Sensitivity and specificity of
body part classification of the HN, chest, and AP datasets
are 100% for all datasets (Table S2). Outputs are shown in a
confusion matrix (Fig. 4).

For the external test dataset, FALCON yielded F1
scores for contrast detection after bootstrapping for the

- 120 120

- 100 100

Other

- 80

True Label

- 60

Correct

Correct Other Correct
Predicted Label

Fig.4 Confusion matrices of development datasets for body part classification. Confusion matrices of patient-level model performance for body
part classification in dataset I (A), dataset II (B), and dataset III (C). HN =head and neck. AP =abdomen and pelvis
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HN, chest, and AP datasets of 99.4% (95%CI: 98.8, 99.9),
98.3% (95%CI: 96.9, 99.5), and 98.1% (95%ClI: 96.9, 99.1),
respectively (Table S3). Accuracy of the HN, chest, and AP
datasets yielded 99.2% (95%CI: 98.5, 99.8), 98.1% (95%CI:
97.0, 99.5), and 96.9% (95%CI: 94.9, 98.6), respectively.
The DICOM header F1 scores yielded 95.7% and 93.8%
for HN and chest, respectively (Table 3). Metrics were cal-
culated with respect to only the final contrast prediction;
body part predictions were ignored. A X2 test comparing
predictions to ground truth yielded a statistically signifi-
cant difference (P <0.001) for each external test dataset.
The robustness of the model is further demonstrated with a

strong correlation (Q > 0.99) for all datasets with Yule’s Q
statistic (Table S4). Outputs for internal validation and exter-
nal testing are shown in a confusion matrix (Fig. 5, Fig. S5).

ROC curves at the patient level for the internal testing
dataset of HN, chest, and AP show AUCs of 99%, 100%,
and 99%, respectively (Fig. 6).

Interreader variability between the research assistant
and a radiologist with four years of experience yielded
Cohen’s kappa coefficients of 0.97 (P < 0.001) for Dataset
II, 0.85 (P <0.001) for Dataset III, 0.99 (P <0.001) for
Dataset V, and 0.97 (P <0.001) for Dataset VI.

Table 3 FALCON external test set performance for intravenous contrast detection and body part classification

FALCON FALCON FAL- FALCON FALCON PPV FALCON NPV Yeetal. DICOM DICOM
sensitivity specificity CON F1 accuracy external test header F1 header
score F1 score score accuracy

Head-neck 99.3% 100% 99.7% 99.7% 100% 99.5% - - -
Dataset IV body

part
Head-neck 99.5% 98.5% 99.4% 99.2% 99.3% 99.0% 99.9% 95.7% 94.5%
Dataset IV

contrast
Chest 99.3% 97.5% 96.7% 98.0% 94.3% 99.7% - - -
Dataset V body

part
Chest 99.0% 97.5% 98.3% 98.3% 97.5% 99.0% 92.3% 93.8% 94.0%
Dataset V con-

trast
Abdomen-pelvis  93.7% 99.5% 96.0% 98.0% 98.5% 97.8% - - -
Dataset VI body

part
Abdomen-pelvis  97.0% 96.3% 98.1% 96.9% 99.3% 85.2% - - -
Dataset VI

contrast

Calculations were performed with respect to either body part prediction or intravenous contrast detection. We compared FALCON results to Ye
et al. and DICOM headers. DICOM Digital Imaging and Communications in Medicine, NPV negative predictive value, PPV positive predictive

value

No Contrast 191 3 300 No Contrast

True label
True label

Contrast 2 100 Contrast

No Contrast

Contrast

No Contrast
Predicted label

Fig.5 Confusion matrices of external test datasets for intravenous
contrast detection. Confusion matrices of patient-level model perfor-
mances for contrast detection in dataset IV (A), dataset V (B), and

Chest Cc AP

Predicted label

150 No Contrast 52 2

True label

50 Contrast 9

Contrast No Contrast Contrast
Predicted label

dataset VI (C). For external test results, the entire pipeline was used
end-to-end. HN =head and neck. AP =abdomen and pelvis
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False Positive Rate

Fig.6 Receiver operating characteristic curves for the FALCON
development dataset. Receiver operating characteristic (ROC) curves
for the ResNet9 model on datasets used to develop FALCON. All

Failure Case Analysis

The failure case analysis demonstrated that intravenous
contrast presence was incorrectly labeled in 1.4% (19/1348
scans) between FALCON outputs and the ground truth con-
trast labels in the external test set. Discrepant cases in the
external test dataset included five (0.84%) HN, four (1.0%)
chest, and ten (2.9%) AP scans. No failures occurred in body
part classification.

Comparison of FALCON for Intravenous Contrast
Detection to Historical Data

On a computer without a dedicated GPU, the average time
required for the FALCON model was 1.3, 1.8, and 3.7 s for
a CT scan of the HN, chest, and AP, respectively. The aver-
age number of slices per series varies among datasets with
143.1, 143.0, and 300.6, respectively, exhibiting a clear cor-
relation between the amount of information processed (num-
ber of slices) and the necessary computation time. Results
slightly decreased on a computer with a dedicated GPU, with
a mean relative difference of 16.5%. Compared to manual
contrast annotation of an expert clinician, the algorithm per-
forms significantly faster than an expert clinician (Table 4,
Table S5).

Graphical User Interface

The open-access FALCON model (Fig. 3) was designed
to run in the background of any radiology workstation to
detect intravenous contrast presence and classify the body
part of CT scans. A file directory can be selected in the
FALCON graphical user interface to add multiple CT scans
in the queue. FALCON will provide results of each scan in
real-time.

@ Springer
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0.6 0.8 10 0.0
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False Positive Rate

ROC curves show high areas under the curve: 0.99 for the head and
neck (HN) CT dataset (A), 1.00 for the chest CT dataset (B), and 0.99
for the abdomen and pelvis (AP) dataset (C)

Table 4 Average time in seconds required to annotate each computed
tomography scan for the presence of intravenous contrast

Expert Clini- FALCON FALCON
cian Computer Computer
(GPU) (CPU
only)
Head-neck 21 2.1 1.3
Chest 33 2.6 1.8
Abdomen-pelvis 1.6 3.1 3.7

Time (seconds) was measured for FALCON to process one CT
scan for the presence of intravenous contrast. We compared results
obtained on a computer with and without a dedicated GPU, as well as
with an expert clinician, as reported by Ye et al. CPU central process-
ing unit, GPU graphics processing unit

Discussion

We present the development and validation of the open-
access fully automated end-to-end FALCON pipeline that
can reliably annotate intravenous contrast and body part of
CT scans. FALCON is faster than human experts, does not
require region localization, and can run without supervision.

FALCON stands out due to the large, diverse, and vali-
dated ground truth training data and near-perfect F'1 scores
on external validation sets. External validation is critical for
assessing an algorithm’s transferability to unseen datasets.
While some studies report perfect F1 scores for contrast
classification in chest CT scans, the use of small external
validation sets with fewer than 100 samples limits statistical
and clinical significance [9]. Other studies were limited to
one particular body part to identify contrast enhancement
[7, 8, 28]. By leveraging FALCON’s open-source design,
the algorithm could be adapted to differentiate between vari-
ous contrast phases. Other models that identify intravenous
contrast presence were limited in their application due to low
accuracy performance metrics [29] or small cohort size [5].
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Patient and CT Characteristics

To reduce selection bias, external datasets from multiple
institutions were added to the training pipeline, to include
differing patient groups and ethnicities. A large variety of
CT scans from diverse manufacturers and clinical settings
were included to ensure generalizability. The external test set
included 1348 independent CT scans and the development
dataset includes 1790 independent CT scans. Model train-
ing data included diagnostic and attenuation correction CT
scans; thus, the algorithm was validated on a broad spectrum
of technical differences and acquisition parameters.

FALCON Accuracy and F1 Score

FALCON uses lightweight model architecture and a single
slice for prediction rather than all slices in a CT series. These
design choices allow FALCON to run on portable comput-
ers with limited computing resources, while still achieving
near-perfect performance on the training datasets. We chose
a barrier-free approach to maintain the already near-perfect
predictive performance. Differences in processing time per
scan between computers with and without a dedicated GPU
may be attributed to hardware acceleration, GPU overhead,
or access time. Access time may vary between machines
depending on the storage device such as a hard disk drive
or solid-state drive.

Failure Case Analysis

Failure to correctly identify intravenous contrast occurred in
1.4% of cases while no failures occurred in body part clas-
sification. In HN CT scans, failures were most likely due to
streak artifacts from dental implants or heavy carotid artery
calcification, which introduce scatter and alter surrounding
tissue attenuation. In chest CT scans, failures were largely
attributed to streak artifacts related to the presence of coro-
nary artery stents, central venous catheters, pacemaker leads,
and surgical clips related to coronary artery bypass grafting.
However, the reasons behind discrepancies in AP CT scans
remain unclear, though they are unlikely to be related to
calcified aortic plaque.

Use Cases

FALCON was developed with the intention to streamline
annotation of CT scans used for research. While intravenous
contrast labeling in the clinical setting was not the motiva-
tion to develop FALCON, the tool might be used to inform
hanging protocols on PACS workstations. Accurate report-
ing of intravenous contrast use has implications for medical

billing, and failure to identify intravenous contrast may
result in medical malpractice claims [30]. Therefore, there
may be additional clinical use cases for FALCON.

Limitations

The results of our study must be interpreted in the context
of its limitations. First, FALCON is not designed to process
whole-body scans. For detection of body parts not defined
within our scope, the model would require retraining. Sec-
ond, while contrast phase is not captured, this could be
achieved with retraining. Third, the cascading architecture
of body part classification followed by intravenous contrast
detection may impact performance. However, body part clas-
sification demonstrated consistent high performance across
all datasets, suggesting that this design choice is unlikely
to represent a critical vulnerability. Lastly, the study incor-
porates ground truth and time assessment from both the lit-
erature and our team. Longer assessment times for expert
clinicians in the literature may be attributable to the DICOM
viewer used and whether the scan needed to be downloaded
from PACS to a local radiology workstation. In our study,
we utilized a local DICOM viewer in which downloaded
DICOM files were preloaded prior to assessing contrast
presence.

Conclusion

The open-access FALCON pipeline reliably classifies the
body part and presence of intravenous contrast on CT scans
without user input. This has the potential to enhance reliabil-
ity, speed, and efficiency in a clinical and research workflow.
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