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Hepatocellular carcinoma (HCC) is the most common primary liver neoplasm, and its incidence has 
doubled over the past two decades owing to increasing risk factors. Despite surveillance, most HCC 
cases are diagnosed at advanced stages and can only be treated using transarterial chemo-embolization 
(TACE) or systemic therapy. TACE failure may occur with incidence reaching up to 60% of cases, leaving 
patients with a financial and emotional burden. Radiomics has emerged as a new tool capable of 
predicting tumor response to taCE from pre-procedural computed tomography (Ct) studies. this data 
report defines the HCC-TACE data collection of confirmed HCC patients who underwent TACE and have 
pre- and post-procedure CT imaging studies and available treatment outcomes (time-to-progression 
and overall survival). Clinically curated segmentation of pre-procedural CT studies was done for the 
purpose of algorithm training for prediction and automatic liver tumor segmentation.

Background & Summary
Hepatocellular carcinoma (HCC) is the most common primary liver neoplasm, with an incidence of 42,810 
newly diagnosed cases in the United States in 20201. The rates of HCC have doubled over the past two decades 
and are anticipated to continue to increase owing to increasing risk factors such as liver cirrhosis, steatohepatitis, 
and obesity2–4. Despite close HCC surveillance, 70%–80% of HCC cases are diagnosed at advanced stages when 
they are unresectable. Treatment of unresectable HCC includes transarterial chemo-embolization (TACE) and 
systemic sorafenib therapy5–7.

TACE selectively delivers chemotherapy to targeted liver tumors, taking advantage of the fact that HCC 
primarily receives its blood supply from the hepatic artery, while the liver parenchyma primarily receives its 
blood supply from the portal vein. This technique spares the healthy liver parenchyma from being damaged 
by the chemotherapy5. The Barcelona Clinic Liver Cancer (BCLC) staging system is recommended for HCC 
patient stratification and treatment selection. It includes patient performance status, severity of the underlying 
liver disease using clinical and laboratory markers of liver synthetic performance (Child Pugh Grading [CPG]), 
and extent of tumor including its size, number of tumor foci, metastasis, and vascular invasion7,8. Candidates for 
TACE therapy include BCLC stage B patients (with intermediate HCC) and patients waiting for a liver transplant 
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who underwent TACE as bridging therapy. The median survival duration of patients with HCC is 16 months 
from diagnosis for intermediate cases, which decreases to 6–8 months for advanced cases8–10.

TACE is an invasive procedure with several potential adverse effects, including treatment failure, organ fail-
ure, and even death. In addition, studies have shown that up to 60% of patients with HCC who undergo TACE 
do not benefit from the procedure in spite of multiple sessions, causing financial and emotional burdens for 
the patient11–13. Clinical models are being developed for the prediction of TACE outcomes and the selection of 
patients who will benefit from the procedure. However, the high variability in TACE response has encouraged 
researchers to develop complicated predictive models using histological tumor markers like vascular endothelial 
growth factor, biological markers like alpha-fetoprotein, or a combination of both13–17. However larger patient 
sample sizes are needed to validate their prognostic value. In addition, poor detection rate of alpha-feto pro-
tein in patients with small residual size tumor after TACE may limit its prognostic significance1,18. Artificial 
intelligence (AI) and its sub-classes, deep learning, machine learning, and radiomics, have been used in imag-
ing for various tasks including classification, segmentation, and detection. Prediction is an important task that 
has been shown to be best solved by AI. This includes prediction of disease severity, prediction of treatment 
response, and prediction of disease progression19–22. AI-based prediction models are usually not included in 
reports from large multi-center randomized trials, limiting the development of widely used predictive models. 
Furthermore, most of the in-house-developed models lack generalizability to other institutions or even with 
different datasets. Therefore, external validation of AI models is an integral step for the model to be widely used 
in day-to-day clinical practice23–26. Although large imaging datasets have been made available to the public to 
be used in further research steps or in re-generating the original results, treatment-related datasets are scarce 
owing to the complexity of various treatments and the variability in tumor grading and treatment selection. 
Recent advances in patient de-identification and image registration have allowed for the creation of different 
imaging databases within The Cancer Imaging Archive (TCIA) that may offer a better opportunity for treatment 
response validation27,28.

Here, we present the HCC-TACE collection, a single-institution collection of 105 patients with confirmed 
HCC treated at The University of Texas MD Anderson Cancer Center from 2002 to 2012. The HCC-TACE 
collection integrates de-identified, comprehensive clinical data with diagnostic imaging and its manual segmen-
tation and makes these data publicly available to researchers. Unique to this dataset is the inclusion of TACE 
procedure details, imaging before and after the procedure, manual segmentation (liver parenchyma, viable and 
necrotic tumor tissue, intra-hepatic vessels, and aorta), radiological measures of treatment response by experts 
in abdominal imaging, as well as patient outcomes after the procedure in the form of overall survival (OS) and 
time-to-progression (TTP). These data were used in prior publications, which evaluated prediction of TACE 
procedure outcomes using pre-procedural imaging and proposed convolutional neural network architecture 
for segmentation of HCC and automation of the prediction process29,30. The open access to this data allows for 
inter-institutional comparisons of non-randomized patient, treatment, and outcome data, in addition to the 
development of new architectures and models with higher performance and the external validation of other 
developed models using our patient cohort.

Methods
Study cohort and patient selection. To develop this dataset, the MD Anderson Cancer Center institu-
tional database was searched for patients with HCC treated from November 2002 to June 2012. Inclusion criteria 
were patients with HCC who (1) underwent TACE as the sole first-line therapy or initial bridging therapy, (2) had 
available multi-phasic contrast-enhanced CT images with liver protocol obtained prior to TACE (Pre-procedural 
scans), (3) had available multi-phasic contrast-enhanced CT images with liver protocol obtained within 14 weeks 
from the TACE procedure (post-procedural scans), and (4) had CT images of acceptable quality with no obvious 
artifacts. Patients undergoing TACE who had more than one HCC focus were excluded, so that calculation of 
OS and TTP depends only on one tumor and with no confounders. This study was approved by our institutional 
review board; written informed consent was waived due to the retrospective nature of the study. Pre-procedural 
CT images were obtained 1–12 weeks prior to the first TACE session (average 3 weeks).

The final patient cohort identified in our institutional database (N = 105) was 68 male patients (average age, 
66.4 years [range, 31–88 years]) and 37 female patients (average age, 69.6 years [range, 46–93 years]). Risk fac-
tors for development of HCC were reported for each patient, including hepatitis, smoking, alcohol use, diabetes, 
cirrhosis, and family history of either liver disease or cancer. Multiple grading systems were recorded for our 
cohort to enhance the usage of our dataset: CLIP score31, Okuda score32, TNM staging system33, and BCLC stag-
ing system34. In addition, performance status according to the Eastern Cooperative Oncology Group (ECOG) 
scale, CPG, alpha-fetoprotein level, and tumor extent (tumor size, vascular and lymph node invasion, distant 
metastasis) were reported.

image acquisition. All patients underwent contrast-enhanced CT of the abdomen, with liver protocol on 
16–, or 64–detector row CT scanners (LightSpeed; GE Healthcare, Waukesha, WI, USA). A pre-contrast scan 
was obtained, followed by an arterial phase scan 17 seconds after peak enhancement (using bolus tracking) of 
the aorta after injection of contrast medium. The porto-venous phase was scanned at 60 seconds. Images were 
acquired with the following scanner parameters: CT tube voltage of 120–140 KVp; Tube current of 150–630 mA; 
slice thickness of 0.63–5 mm; Pitch of 0.9–0.98; revolution time of 0.40–0.80 seconds; table speed of 18.75–
39.38 mm/gantry rotation and field of view of 360–460 mm. The injection rate of contrast medium was 3–5 ml/
sec. Standard image reconstruction algorithm was used in all cases. A total of 621 CT series (pre-procedural and 
post-procedural multi-phasic scans) from 105 patients were examined.
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assessment of tumor response. Tumor response to TACE was assessed using European Association for 
the Study of the Liver (EASL), Response Evaluation Criteria in Solid Tumors (RECIST) 1.1, and modified RECIST 
(mRECIST) guidelines. All pre-and post-procedural studies were reviewed by three different board-certified radi-
ologists (K.M.E. [reader 1], J.S. [reader 2], and A.Q. [reader 3]), each with more than 20 years of experience in 
abdominal imaging. They independently measured tumors in both pre- and post-procedural studies, taking into 
consideration tumor viability and enhancement in the arterial phase. EASL measurements were recorded by 
reader 1 only, RECIST 1.1 and mRECIST measurements were recorded by all the three readers.

taCE procedure and study endpoints. Patients undergoing TACE were administered one of the fol-
lowing chemotherapy regimens: (a) doxorubicin in 20- to 100-mg drug-eluting beads (33 lesions; LC Beads, 
DEBDOX, BTG International, London, England) or (b) cisplatin, doxorubicin, and mitomycin C (100, 50, and 
10 mg, respectively; 55 lesions). Details about the TACE procedure were missing in 17 patients. The patient cohort 
was monitored longitudinally with post-procedural CT. Each lesion was monitored for progression based on radi-
ology reports. The TTP was defined as the number of weeks from the treatment (TACE) to the date of radiological 
evidence of progression according to mRECIST criteria. Lesions were considered as censored if (a) there was no 
progression by the study date, (b) the patient was lost to follow-up, either due to not appearing or died in the 
meantime, (c) the date of death was before the date of tumor progression, or (d) treatment was changed to some-
thing other than TACE. In our previous studies, we divided patients into TACE-susceptible and TACE-refractory 
groups with a cutoff TTP of 14 weeks. TACE-susceptible patients are those who do not show radiological progres-
sion at follow-up CT, while TACE-refractory patients show radiological progression of the tumor.

Data processing and curation. The AI approach for building a neural network or machine learning 
model is to extract imaging features from sub-volumes in the study. Segmentation of CT studies has been the 
main obstacle in creating such models from publicly available datasets as acquiring well-curated data is usually 
a time-consuming and labor-intensive process that requires dedicated personnel. In order to build our model, 
segmentation of the tumor (both viable and necrotic volumes) and background liver was done. The porto-venous 
phase of pre-procedural CT studies was used to simplify lesion assessment, and CT studies were exported in 
DICOM format and subsequently converted into Neuroimaging Informatics Technology Initiative (NIFTI) for-
mat to preserve orientation information and pixel spacing, with simpler headers than standard DICOM format. 
For each patient study, pre-contrast, arterial, and port-venous images of the pre-procedural scans were regis-
tered and re-sampled to the port-venous phase images. Segmentation of intra-hepatic vessels and the abdomi-
nal aorta was done as well. Manual segmentation was done using semi-automated segmentation tools available 
in AMIRA software (FEI, Thermo Fisher Scientific, Hillsboro, OR, USA) by three different radiology residents 
(A.M., A.M.K., and M.E.) and reviewed by a body imaging radiologist with 20 years of experience (K.M.E.).

The three different segmentations were validated and combined together to produce a single image using 
the STAPLE algorithm to produce the ground truth segmentation. The STAPLE algorithm uses the different 
segmentations as an input and generate a binary image of each voxel being the “true” segmentation. This process 
is achieved on each label35. Image registration was done using affine transformation and linear interpolation. All 
images manipulation, and STAPLE image production were performed using the Convert3D medical image pro-
cessing tool available with the ITK-SNAP software package36. To enhance the generalizability of the dataset, seg-
mented NIFTI files have been converted to DICOM-SEG using the DICOM for Quantitative Imaging (dcmqi) 
library for Quantitative Image Informatics for Cancer Research (QIICR) in the 3D-Slicer software package37,38. 
The process of data curation and processing is demonstrated in Fig. 1.

Neural network architecture and training. Our original work29 was to automate the treatment response 
prediction process by automating segmentation of the liver and both viable and necrotic tumor. Two back-to-back 
convolutional neural networks (CNNs) were constructed for that purpose. The first CNN (CNN1) was built to 
segment liver tissue from the background using axial images of port-venous phase CT scans; this network was 
trained on the axial CT images and corresponding liver segmentations from the Medical Image Computing and 
Computer Assisted Intervention Society Liver Tumor Segmentation (or LiTS) challenge (130 manually labeled 
CT images; publicly available)39. CNN2 was built to segment HCC from the output of CNN1, and it was trained 
separately on the manual segmentation of our cohort (105 manually labeled images; publicly available). Both 
CNNs follow the U-Net architecture40,41. The output of CNN1 is a CT image with binary classification of the liver 
tissue; this image serves as input to CNN2, which segments the tumor from the liver mask. Each convolution 
operation uses a 3 × 3 kernel size and is followed by batch normalization. The rectified linear unit activation 
function was also used. A dropout (P = 0.5) was used before each convolution in the up-sampling limb of the 
U-Net. Our CNN architecture and codes can be found in our GitHub repository (https://github.com/fuentesdt/
livermask).

Data Records
Our dataset consists of (a) 51,832 DICOM files from 621 series and 210 studies collected from 105 patients; (b) 
105 DICOM-SEG files, each containing segmentation of the liver, tumor (viable and necrotic), intra-hepatic ves-
sels, and aorta of pre-procedural CT images; and (c) a single spreadsheet file including all of the demographic, 
clinical, and diagnostic data, as well as EASL, RECIST, and mRECIST readings of each pre- and post-procedural 
CT images.

There are total of 203 series of pre-contrast phase, 204 series of arterial phase, 210 series of porto-venous 
phase, and 4 series of delayed phase. Of note, there are 48 series that have combined phases in one series owing to 
technical errors export of DICOM files from our PACS system to a separate research folder for de-identification. 
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Detailed description for each series is found in supplementary table 1. Available corresponding clinical and 
survival information for the patients is found in tabular format. Table 1 shows selected headers from the spread-
sheet and their relevant descriptions. All of the CT Images (stored as de-identified DICOM files), segmentations 
(stored as DICOM-Seg files), and spreadsheets containing relevant clinical and radiological information are 
available at TCIA database in this reference42.

technical Validation
Patient’s DICOM files were de-identified using curated clinical trial protocol (CTP) developed by medical imag-
ing resource center (MIRC) recommended by radiological society of North America. The program removes 
all protected health information (PHI) from all DICOM files metadata. It also replaces study, series and image 
unique identifiers (UIDs) with hashed version so we ensure complete de-identification of the images in accord-
ance with the Health Insurance Portability and Accountability Act (HIPAA)28.

The POSDA Tools used by TCIA for technical validation of this DICOM collection. These tools are openly 
available, and contributions from the research community are encouraged: https://github.com/UAMS-DBMI/
PosdaTools. For further detail on the curation of DICOM CT and SEG files using POSDA Tools within TCIA, 
please refer to https://posda.com.

To support validation of this collection, the capabilities of POSDA Tools were extended in the following 
way: extract each 3D-slicewise segmentation from a DICOM-SEG file, convert it to a set of 2D contours, and 
display those contours superimposed on the referenced CT slice for a (non-radiologist) curator’s eye to confirm 
reasonable alignment and file linkage. Every CT file and CT file referenced by Unique Identifier in the SEG 
files was confirmed to exist and checked to ensure data completeness; this capability was added in response to 
a missing CT file error, which affects one segmentation series for Patient ID HCC_001. This missing file corre-
sponds to image slice far from liver, tumor and their masks, so clinical interpretation should be unaffected by 
this discrepancy.

Usage Notes
Multiple open-source software can be used to visualize the DICOM-Seg files; we highly recommend 
using the latest stable version of 3D-Slicer for data visualization after installing “quantitative reporting” 
extension. Step-by-step guidance for installation and guidance can be found in: https://qiicr.gitbook.io/
quantitativereporting-guide/. For the full list of the available software, please visit dcmqi documentation for 
instructions at: https://dicom4qi.readthedocs.io/en/latest/results/seg/.

Fig. 1 A schematic overview of the process of the dataset curation and processing in TCIA.
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Code availability
The POSDA Tools used by TCIA for technical validation of this DICOM collection, are openly available, and 
contributions from the research community are encouraged: https://wiki.cancerimagingarchive.net/display/
Public/Submission+and+De-identification+Overview For further detail on the curation of DICOM CT and 
SEG files using Posda Tools within TCIA, please refer to https://posda.com. CNN architecture and codes used in 
this manuscript can be found in our GitHub repository (https://github.com/fuentesdt/livermask).
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