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Value of contrast-enhanced CT
texture analysis in predicting IDH
mutation status of intrahepatic
cholangiocarcinoma

Yong Zhu'$, Yingfan Mao¢, Jun Chen?, Yudong Qiu*, Yue Guan®, Zhongqiu Wang'* &
Jian He?™

To explore the value of contrast-enhanced CT texture analysis in predicting isocitrate dehydrogenase
(IDH) mutation status of intrahepatic cholangiocarcinomas (ICCs). Institutional review board approved
this study. Contrast-enhanced CT images of 138 ICC patients (21 with /DH mutation and 117 without
IDH mutation) were retrospectively reviewed. Texture analysis was performed for each lesion and
compared between ICCs with and without IDH mutation. All textural features in each phase and
combinations of textural features (p <0.05) by Mann-Whitney U tests were separately used to train
multiple support vector machine (SVM) classifiers. The classification generalizability and performance
were evaluated using a tenfold cross-validation scheme. Among plain, arterial phase (AP), portal
venous phase (VP), equilibrium phase (EP) and Sig classifiers, VP classifier showed the highest
accuracy of 0.863 (sensitivity, 0.727; specificity, 0.885), with a mean area under the receiver operating
characteristic curve of 0.813 in predicting IDH mutation in validation cohort. Texture features of

CT images in portal venous phase could predict IDH mutation status of ICCs with SVM classifier
preoperatively.

Intrahepatic cholangiocarcinoma (ICC), which accounts for 5-10% of primary liver cancers, is the second most
frequent primary hepatic malignancy in adults after hepatocellular carcinoma'? Isocitrate dehydrogenase (IDH),
as the key enzyme in the tricarboxylic acid cycle, is the center of the material and energy metabolism®. To date,
IDH1/2 represented the most frequently mutated metabolic enzyme genes in human cancers®*. IDHI/2 muta-
tions, which occurred frequently in ICCs (10-28%)%7, play an important role in carcinogenesis and development
of ICCs, and hold great prognostic significance’-!°. Moreover, recent years have witnessed the identification of
novel therapeutic targets in ICC including fibroblast growth factor receptor fusions and IDH1/2 mutations''.
There has been a consistent increase in the number of available ICC models investigating: (1) carcinogenesis
processes from initiation to progression; and (2) tools for personalized therapy and innovative therapeutic
approaches, including chemotherapy and immune/targeted therapies'?. However, the establishment of preclinical
models to accurately assess IDH mutations in ICC has become a new challenge.

Imaging modality, such as computed tomography (CT), magnetic resonance imaging (MRI), is routinely used
for preoperative evaluation and treatment planning in ICC patients. Image-based texture analysis, which relies
on computer-assisted measurements, could analyze gray-level patterns within the tissue which are imperceptible
to human eyes!’. Texture analysis has been widely used in solid tumors of head and neck, lung, kidney, pancreas
and gastrointestinal tract to predict biological behavior'¥, molecular features'>-'° and patients’ prognosis?*?!.
Nevertheless, the application of texture analysis to identify IDH mutation status of ICCs has never been reported.
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Jakola et al.? reported that by using Haralick texture parameters based on preoperative clinical fluid attenu-
ated inversion recovery (FLAIR) sequence, the homogeneity parameter could separate IDH mutated low-grade
gliomas from IDH wild tumors. Yu et al.?® believed that IDHI mutation of grade II glioma could be evaluated
noninvasively by texture analysis of conventional T2-FLAIR MR images. However, application of CT image based
texture analysis has never been reported in predicting IDH mutation status of ICCs. Previous study indicated
that contrast-enhanced CT images display multiple features significantly associated with IDH mutation status
in ICCs?. This finding prompts us to further excavate the correlations between CT image based texture features
and IDH mutation status of ICCs.

Therefore, the purpose of this study was to explore the role of texture features based on multiphase contrast-
enhanced CT images in predicting IDH mutation status of ICCs preoperatively.

Materials and methods

The study protocol was in complies with the Declaration of Helsinki and acts in accordance to ICH GCP guide-
lines. Institutional review board of Nanjing Drum Tower Hospital, the affiliated hospital of Nanjing University
Medical School approved this study and explicitly waived the informed consent due to its retrospective nature.
It also clarified that authors had access to identifying patient information when analyzing the data.

Patients. From January 2010 to December 2019, a total of 212 patients with a clinical diagnosis of ICC were
reviewed. The inclusion criteria were: (a) with a diagnosis of ICC according to the 2010 WHO classification con-
firmed by pathology through exploratory laparotomy, needle biopsy or postoperative specimen; (b) with com-
pletely preoperative contrast-enhanced CT images; (c) without any local or systematic treatment history of such
as percutaneous ethanol injection, radiofrequency ablation, transcatheter arterial chemoembolization, radio-
therapy or chemotherapy before CT examination. The exclusion criteria were: (a) with history of malignancy or
other malignant tumors; (b) with artifacts or chaotic lesions on the CT image, resulting in poor CT image qual-
ity; (c) with a failure to read images by texture analysis software because of mismatch original image parameters.

The remaining 138 patients (99 men and 39 women) served as our study cohort with a median age of 59.3 years
(range 33.4-79.1). 131 patients had a solitary lesion and 7 patients had multiple lesions, with a median size of
5.3 cm (range 2.0-10.5). There were 4, 7, 84, 30, and 13 ICCs with high, high-medium, moderate, moderate-
poor, and poor differentiation degree, respectively. There were 63, 20, 31 and 24 ICCs in T1, T2a, T2b, and T3
stage, respectively.

CT examination. All patients underwent unenhanced and dynamic contrast-enhanced CT scans on a
multidetector CT scanner (Lightspeed, VCT, or Discovery HD750, GE Healthcare, US). The scanning param-
eters were the same as detail in our team’s previous study**. The medium interval between CT examination and
surgery was 9.2 days (range 4.7-23.3).

CT texture analysis and support vector machine (SVM). Plain, arterial, portal venous and equilib-
rium phase CT images of all patients were downloaded through a picture archiving and communication system
(PACS) and uploaded into in-house software written in Python (Pyradiomics version: stable; https://github.
com/Radiomics/pyradiomics). Two radiologists who were blinded to ICC IDH mutation status, manually drew
along the margin of the tumor independently. In three patients with multiple lesions, only the largest lesion was
analyzed to avoid selection bias.

According to previous studies*®?’, the boundary of ICCs and adjacent liver parenchyma could be reliably
distinguished on multiphase dynamic contrast-enhanced CT images. Most ICCs presented as irregular masses
with low attenuation and incomplete rim enhancement during AP and VP, and persistent enhancement during
EP. Therefore, each reader performed region of interest (ROI) delineation simultaneously in the plain, AP, VP
and EP images and referred to each other phase. ROIs were manually drawn along the margin of the lesion on
each axial slice (mean volume 91,309.78 mm?, range 1248.62-474,419.00 mm?*), which included visible necrosis
and blood vessels within the tumor, excluding adjacent liver parenchyma.

The software automatically read the CT value of each pixel within the volume of interest (VOI) and generated
a set of parameters as follows: (1) the first-order features describing the distribution of pixel intensity within
the VOI, including the fifth, 10th, 25th, 50th, 75th and 90th percentiles (nth percentile grey-level intensity of
a cumulative histogram), entropy (the distribution of grey levels over the VOI), kurtosis (peakedness of the
histogram distribution), max frequency (the peak value of a histogram), mean attenuation (mean grey-level
intensity), mode (the gray level value that appears most frequently in a histogram), skew (asymmetry of the
histogram distribution), and standard deviation (spread of distribution); (2) the second-order features from the
grey level co-occurrence matrix (GLCM), which is a matrix with row i and column j ranging from 0 to N,, the
number of discrete grey levels within the volumes of interest. The normalized GLCM element p (i, j) describes
the probability of a pair of grey levels that are separated by a certain distance in a certain direction®. In this work,
the distance between the pair was one voxel and the directions were 0°, 45°, 90°, and 135°, respectively. Texture
features calculated from the GLCMs were then averaged over the four directions to eliminate any directional
dependence®®?. Those features were contrast, correlation, energy, entropy (H) and homogeneity, which were
calculated as follows:

Contrast = > |i — j|p(iy ) )
i
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where o is the standard deviation of GLCM element. The measurements of each feature including thirteen
first-order features and five second-order features obtained by the first radiologist were calculated for statistical
analysis. The other observer repeated image analysis independently as discussed 1 month later in order to assess
the intra-observer reliability for all the features.

Texture parameters were further used to build classifiers. Support vector machines (SVMs), as relatively new
type of learning algorithm, were chosen as classifiers in predicting IDH mutation. Their remarkably robust per-
formance with respect to sparse and noisy data is making them the system of choice in a number of applications
from text categorization to protein function prediction. SVM shows good robustness and high precision, and it
has been used by other study for cancer analysis®.

Determination of IDH mutation status. The IDH mutational status was analyzed as previously study
described in detail®*. Finally, IDH mutation was detected in 21/138 (15.2%) patients of ICCs, including 14 cases
with IDH]1 and 7 with IDH2 mutation. Hence, 138 patients were divided into IDH mutation (+) group (n=21,
15.2%) and IDH mutation (=) group (n=117, 84.8%).

Statistical analyses. Statistical analyses were performed with SPSS (version 22.0 for Microsoft Win-
dows x 78, SPSS, Chicago, US). Student t test or Mann-Whitney U test were used to compare the value of each
texture feature for differentiating IDH mutation (+) and IDH mutation () group, when appropriate. All texture
features in each phase and combinations of textural features (p <0.05) by Mann-Whitney U tests were sepa-
rately used to train multiple SVM classifiers. The classification generalizability and performance were evaluated
using a tenfold cross-validation scheme of randomly splitting the data into training and testing sets®’. Receiver
operating characteristic (ROC) curve and area under the ROC curve (AUC) were also used to show the overall
performance of the radiomics approach. Mean sensitivity, specificity and accuracy of the classification results
were calculated for each tested condition. Interobserver agreement of each CT textural features between two
radiologists were assessed with intraclass correlation coefficients (0.000-0.200, poor; 0.201-0.400, fair; 0.301-
0.600, moderate; 0.601-0.800, good; 0.801-1.000, excellent). A two-tailed p value less than 0.05 was considered
statistically significant.

Ethics approval and consent to participate. Institutional review board of Nanjing Drum Tower Hos-
pital, the affiliated hospital of Nanjing University Medical School approved this study and explicitly waived the
informed consent due to its retrospective nature. It also clarified that authors had access to identifying patient
information when analyzing the data.

Results

Multiple texture parameters, including entropy and standard deviation in plain CT images, 75th percentile and
mode in arterial phase images, 50th percentile, 75th percentile, 90th percentile, mode and standard deviation
in portal venous phase images, entropy and standard deviation in equilibrium phase images, showed certain
differences between ICCs with and without IDH mutation (all p <0.05, Table 1), which were further used to
build Sig classifier of SVM.

The diagnostic performance of each classifier on training cohort and tenfold cross-validation cohort are
shown in Table 2. Among five classifiers, VP classifier showed the highest accuracy of 0.863 (sensitivity, 0.727;
specificity, 0.885), with a mean AUC of 0.813 in predicting IDH mutation in validation cohort. Two representa-
tive cases are shown in Fig. 1, whose IDH mutation status could be correctly predicted by using VP classifier.

Most texture features showed excellent interobserver agreement with intraclass correlation coefficients >0.80
(Table 3).

Discussion

Our study explored the correlation between preoperative CT texture parameters and IDH mutation status of ICC.

To the best of our knowledge, it was the first application of CT image based texture analysis in evaluating ICCs.
CT is the most commonly used imaging modality in preoperative assessment of liver tumors, which yields

stable and reliable images. Texture analysis has been widely applied on plain and contrast enhanced CT images

of liver®! for automated recognition of liver tissues, computer-assisted characterization of focal liver lesions,

identification of occult malignancy, and indirect assessment of hepatic vascularity®'~>’. Texture analysis based
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Texture feature Plain | AP vpP EP
5th percentile 0.731 10731 |0.651 |0.085
10th percentile 0.651 0.229 0.731 0.254
25th percentile 0.813 0303 |0.302 |0.651
50th percentile 0.731 0731 | 0.041* |0.813
75th percentile 0.781 0.047* 1 0.035% | 0.813
90th percentile 0.302 | 0.065 |0.030* |0.813
Entropy 0.035* 10.731 |0.731 | 0.045*
Kurtosis 0.731 ]0.731 [0.731 |0.302
Max frequency 0.302 | 0.302 |0.731 0.302
Mean 0.731 | 0.731 ]0.085 |0.731
Mode 0.355 | 0.027* |0.027* |0.227
Skew 0.731 0.731 0.302 0.731
Standard deviation | 0.035* | 0.731 | 0.008* | 0.043*
Contrast 0.302 |0.302 |0.058 |0.731
Correlation 0.333 0.731 0.285 0.732
Energy 0.705 | 0.731 0.702 | 0.802
Entropy (H) 0.452 | 0.796 ]0.302 |0.333
Homogeneity 0.302 | 0.055 0.331 0.331

Table 1. Mann-Whitney U test of each texture feature in multiphase contrast-enhanced CT imaging in
differentiating ICC with isocitrate dehydrogenase (IDH) mutation from those without. AP arterial phase, VP
portal venous phase, EP equilibrium phase. Data are p value; *p <0.05.

AUC* Accuracy® Sensitivity* Specificity®
Model Training cohort | Validation cohort | Training cohort | Validation cohort | Training cohort | Validation cohort | Training cohort | Validation cohort
Plain classifier | 0.855 0.570 0.945 0.755 0.921 0.560 0.949 0.788
AP classifier 0.920 0.657 0.905 0.793 1.000 0.517 0.890 0.839
VP classifier 0.963 0.813 0.976 0.863 1.000 0.727 0.973 0.885
EP classifier 0.769 0.544 0.974 0.766 1.000 0.660 0.970 0.784
Sig classifier 0.896 0.651 0.913 0.761 1.000 0.573 0.899 0.792

Table 2. Diagnostic performance of each classifier in training and validation cohorts. AP arterial phase, VP
portal venous phase, EP equilibrium phase. YAUC mean area under the curve.

on CT images has also been used to identify KRAS mutations of colorectal cancers®® and EGFR mutation status
in adenocarcinoma of the lung!8*40,

In this study, we extracted first- and second-order statistical features based on multiphase contrast enhanced
CT imaging®, which not only reflects the distribution of pixel values within the ICC’s volume of interest, but
also describes the pattern of voxel spatial distribution. Texture features enabled the description of the variations
in the surface intensity or patterns at the lesion area, including some that are indiscernible to the human eye'.
Additionally, texture parameters in our study were derived from whole tumor volume, which might reflect tumor
microstructures and heterogeneity better than texture analysis based on a single slice®.

In this study, different SVM classifiers were established to distinguish ICCs with IDH mutation from those
without, including plain classifier, arterial phase classifier, portal venous phase classifier, equilibrium phase clas-
sifier and Sig classifier. SVM was chosen owning to its good robustness and high precision*?. Yu et al.?* found
that SVM classifier based on conventional T2-FLAIR images performed better than Adaboost in predicting
IDH] status of grade II glioma with an AUC of 85.72%. Li et al.*’ reported that leave-one-out cross-validation
SVM based on multiple-modality MR images-based deep learning-based radiomics could predict IDH]I status
of low-grade glioma with an AUC of 95%.

We found that the portal venous phase classifier performed best in identifying ICCs with IDH mutation from
those without, which indicated that texture features in portal venous phase provided more valuable information
in assessing IDH status in ICCs. Previous study found that the maximum CT value of the tumor in portal venous
phase could distinguish ICCs with IDH mutation from those without?.

In recent years, the advent of molecular sequencing has paved the way toward a potential new era in ICC
management''. The most promising therapeutic options for ICC originate from targeted therapies, including
IDH inhibitors. The identification of key oncogenic drivers in ICC has become a prerequisite for studying the
applicability of immunotherapy. As topical issues, radiomics methods have already been widely adopted for the
noninvasive analysis of genetic and clinical information in different medical fields. The success of radiomics is
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Figure 1. Representative cases in the portal venous phase to show texture differences between different
isocitrate dehydrogenase (IDH) states. (A) Typical case in an IDH wild-type group; (B) histogram plot of the
intensity values from the region of interest highlighted in (A). (C) Typical case in an IDH mutation group; (D)
histogram plot of the intensity values from the region of interest highlighted in (C).

Feature Plain | AP vp EP

5th percentile 0.770 | 0.882 |0.894 |0.865
10th percentile 0.737 |0.804 |0.813 |0.827
25th percentile 0.771 |0.916 |0.920 |0.923
50th percentile 0.765 | 0.858 |0.879 |0.906
75th percentile 0.749 |0.835 |0.866 |0.880
90th percentile 0.733 | 0.813 |0.829 |0.882
Entropy 0.736 | 0.846 |0.865 |0.926
Kurtosis 0.710 |0.771 |0.788 |0.783
Max frequency 0.694 |0.954 |0.896 |0.882
Mean 0.853 | 0.856 |0.882 |0.877
Mode 0.744 |0.888 |0.918 |0.916
Skew 0.802 | 0.874 |0.928 |0.708
Standard deviation | 0.876 | 0.933 |0.954 |0.969
Contrast 0.737 | 0.839 |0.876 |0.706
Correlation 0.829 |0.891 |0.946 |0.953
Energy 0.774 | 0.985 |0.913 |0.916
Entropy (H) 0.676 | 0.890 |0.876 |0.626
Homogeneity 0.797 0926 |0915 |0.915

Table 3. Inter-observer agreement of texture parameters in multiphase contrast-enhanced CT imaging. Data
are interclass correlation coefficients.
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based on the idea that medical images can provide much information about the internal state, which could be
related to genotype and may help in treating and understanding disease. Due to the rarity of the disease, the
interdisciplinary collaboration of the ICC scientific community is essential.

This study had some limitations. First, this is a single-center retrospective study of the Asian population.
Due to the low incidence of ICC, the sample size is relatively small, further analysis based on a larger sample
size is required to confirm our findings. Second, CT images were obtained from different CT scanners, which
might bring some potential bias. Nevertheless, a good inter-scanner agreement of CT texture analysis has been
confirmed in previous study*!. Third, texture parameters were derived from ROIs drawn manually by radiolo-
gists, since automatic segmentation of ICCs proved quite difficult due to its irregular margins. Nevertheless, most
texture features in our study showed excellent interobserver agreement with intraclass correlation coeflicients
>0.80. Forth, the SVM classifier model might be overfited due to lack of a separate validation cohort. Neverthe-
less, a tenfold cross validation method was utilized to verify the performance of the classifier, avoiding over- or
under-fitting and improving the generalizability of the model. Fifth, the predictive power of each single feature
is not explored in this study, we are planning to investigate this issue further.

In conclusion, we confirmed that by using SVM classifier, texture parameters derived from portal venous
phase CT images could predict IDH mutation status in ICCs preoperatively.

Data availability
The datasets during and/or analysed during the current study available from the corresponding author on rea-
sonable request.
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