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Abstract

Accurately determining contrast phase in an abdominal computed tomography (CT) series
is an important step prior to deploying downstream artificial intelligence methods trained
to operate on the specific series. Inspired by how radiologists assess contrast phase status,
this paper presents a simple approach to automatically detect the contrast phase. This
method combines features extracted from the segmentation of key anatomical structures
with a gradient boosting classifier for this task. The algorithm demonstrates high accuracy
in categorizing the images into non-contrast (96.6% F1 score), arterial (78.9% F1 score),
venous (92.2% F1 score), and delayed phases (95.0% F1 score), making it a valuable tool
for enhancing AI applicability in medical imaging.

Keywords: Abdominal CT Scan, Contrast Phase, Organ Segmentation, Radiology, Med-
ical Imaging, Machine Learning, Artificial Intelligence

1. Introduction

Abdominal computed tomography (CT) scans are commonly utilized to assess internal
organs and structures. CT exams can be performed by scanning subjects in different con-
ditions (phases) related to the use of intravascular contrast agents, which enhance the
radiodensity of blood vessels and vascularized internal organs. Accurate determination of
phase is crucial, especially as the quantification of biomarkers in the rapidly emerging field
of opportunistic imaging relies on it. (Pickhardt et al., 2013; Zambrano Chaves et al., 2021)
This ensures that the appropriate algorithm runs on the correct series of images and that
quantitative metrics are calibrated for phase status. (Boutin et al., 2016)

To the best of our knowledge, current methods for contrast phase detection in abdominal
CT scans are not available through open-source platforms. (Dao et al., 2022; Ye et al., 2022)
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In this scenario, projects that analyze C'T images are required to manually curate extensive
datasets for classifier training, which can be both costly and time-consuming.

In order to address these limitations, we present the Contrast Phase algorithm, which
extracts radiodensity measures from relevant organs and applies a gradient boosting classi-
fier for accurate contrast phase classification. The algorithm identifies four contrast phases:
non-contrast, arterial, venous, and delayed. This pipeline is design to read most common
image formats (DICOM and NIFTI), segment relevant organs, and classify contrast phases.
It is made publicly available at https://github.com/StanfordMIMI/Comp2Comp

2. Methods

All data aggregation and experiments were performed under Institutional Review Board
approval using de-identified clinical data.

The data acquisition and labeling process for this study involved obtaining 739 abdom-
inal CT exams from 238 unique patients. These CT exams contained 3252 series. Sagittal
and coronal reformatted series, localizer series, and axial series that failed during organ
segmentation were excluded. 1545 remaining axial series were split into the training set,
containing 1183 examples, and the test set, containing 362 examples. We ensured that each
patient’s data was exclusively allocated to either the training or the test set.

The series were then labeled as one of 4 classes: non-contrast, arterial, venous
and delayed. To facilitate the labeling process of contrast phases in the CT scans, the
Series Description DICOM tag was analyzed using regular expression (regex) rules to detect
specific keywords describing the phases along with their synonyms. This initial labeling
process served as a preliminary categorization of the scans. Subsequently, a board-certified
radiologist (5 years of experience) reviewed two slices from each scan, on the anatomical
levels of the right adrenal gland and the left kidney, where the structures to evaluate contrast
phase are most discernible. Any inaccurately labeled scans were corrected.

The Contrast Phase algorithm consists of three main stages: segmentation of organs,
feature extraction, and classification.

Segmentation of Organs: The first stage involves the segmentation of key anatomi-
cal structures, including the aorta, inferior vena cava, portal vein, renal parenchyma, and
renal pelvis, using Total Segmentator, a deep learning-based open-source segmentation
tool (Wasserthal et al., 2022). This approach has been shown to provide accurate and
precise organ segmentation, which is crucial for the subsequent feature extraction of these
regions.

Feature Extraction: After segmentation, we computed quantitative 48 low-level ra-
diomics features that characterize the radiointensity statistics, such as maximum value,
minimum value, mean, median, and variance from the aforementioned anatomical struc-
tures.

Classification: Extreme Gradient Boosting (XGBoost) (Chen and Guestrin, 2016) was
trained on the extracted features to classify the CT images into the four distinct contrast
phases.
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Figure 1: Example abdominal CT images at the anatomical level of the right adrenal gland
and the left kidney, representing each of the four classes. Observe the variations
in pixel intensity across the phases in the key structures: aorta (red arrows),
portal vein (yellow arrows), renal parenchyma (blue arrows), and renal pelvis
(green arrows).

3. Results and Discussion

The classifier demonstrated high accuracy on the test set in identifying the four contrast
phases, with an accuracy of 92.3% and Fl-scores of 96.6% for non-contrast, 78.9% for
arterial, 92.2% for venous, and 95.0% for delayed phase, as shown in Table 1. These results
highlight that using segmentations of clinically relevant anatomic structures can contribute
to the development of an accurate contrast phase classifier. The arterial phase was the
most challenging to classify, which could be attributed to the limited number of training
examples for this phase. This model can serve as a valuable component in a pipeline of
other AT algorithms for abdominal CT scan analysis.

Metric Non-Contrast | Arterial Venous Delayed
# Training examples | 285 (24.0%) 49 (4.1%) | 503 (42.5%) | 346 (29.2%)
# Test examples 76 (20.9%) 22 (6.0%) | 139 (38.4%) | 125 (34.5%)
Precision 100.0 93.7 87.1 97.4
Recall 93.4 68.1 97.8 92.8
Specificity 100.0 99.7 91.0 91.0

F1 score 96.6 78.9 92.2 95.0

Table 1: Performance metrics and dataset distribution for the classification model
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The algorithm has been made publicly available through the Comp2Comp Inference
Pipeline - Open-Source Body Composition Assessment on Computed Tomography (Blanke-
meier et al., 2023) on the following GitHub repository: https://github.com/StanfordMIMI/
Comp2Comp. We provide an easy-to-use command line interface that operates on DICOM
and NIfTI medical image formats.

4. Conclusion

We introduce an efficient algorithm for detecting contrast phases in abdominal CT scans.
We show that by carefully choosing key structures to extract features, we achieve high
accuracy for contrast phase classification. While the current focus is on the abdominal
region, this method has the potential to be expanded to additional fields of view.

References

Louis Blankemeier, Arjun Desai, Juan Manuel Zambrano Chaves, Andrew Wentland, Sally
Yao, Eduardo Reis, Malte Jensen, Bhanushree Bahl, Khushboo Arora, Bhavik N Patel,
et al. Comp2comp: Open-source body composition assessment on computed tomography.
arXw preprint arXiw:2302.06568, 2023.

Robert D. Boutin, Justin M. Kaptuch, Cyrus P. Bateni, James S. Chalfant, and Lawrence
Yao. Influence of iv contrast administration on ct measures of muscle and bone atten-

uation: Implications for sarcopenia and osteoporosis evaluation. American Journal of
Roentgenology, 207(5):1046-1054, 2016. doi: 10.2214/ajr.16.16387.

Tiangi Chen and Carlos Guestrin. XGBoost: A scalable tree boosting system. In Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining, KDD ’16, pages 785-794, New York, NY, USA, 2016. ACM. ISBN 978-1-4503-
4232-2. doi: 10.1145/2939672.2939785.

Binh T. Dao, Thang V. Nguyen, Hieu H. Pham, and Ha Q. Nguyen. Phase recognition
in contrast-enhanced ct scans based on deep learning and random sampling. 2022. doi:
10.1101/2022.03.07.22272004.

Perry J Pickhardt, B Dustin Pooler, Travis Lauder, Alejandro Mutioz del Rio, Richard J
Bruce, and Neil Binkley. Opportunistic screening for osteoporosis using abdominal com-
puted tomography scans obtained for other indications. Annals of Internal Medicine, 158
(8):588-595, 2013. doi: 10.7326/0003-4819-158-8-201304160-00003.

Jakob Wasserthal, Manfred Meyer, Hanns-Christian Breit, Joshy Cyriac, Shan Yang, and
Martin Segeroth. Totalsegmentator: robust segmentation of 104 anatomical structures in
ct images. arXi preprint arXiw:2208.05868, 2022.

Zezhong Ye, Jack M. Qian, Ahmed Hosny, Roman Zeleznik, Deborah Plana, Jirapat Lik-
itlersuang, Zhongyi Zhang, Raymond H. Mak, Hugo J. Aerts, Benjamin H. Kann, and

et al. Deep learning—based detection of intravenous contrast enhancement on ct scans.
Radiology: Artificial Intelligence, 4(3), 2022. doi: 10.1148/ryai.210285.


https://github.com/StanfordMIMI/Comp2Comp
https://github.com/StanfordMIMI/Comp2Comp

SHORT TITLE

Juan M Zambrano Chaves, Akshay S Chaudhari, Andrew L, Wentland, Arjun D Desai, Imon
Banerjee, Robert D Boutin, David J Maron, Fatima Rodriguez, Alexander T Sandhu,
R Brooke Jeffrey, et al. Opportunistic assessment of ischemic heart disease risk using ab-
dominopelvic computed tomography and medical record data: a multimodal explainable
artificial intelligence approach. medRxiv, 2021.



	Introduction
	Methods
	Results and Discussion
	Conclusion

