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Abstract

Background: The purpose of this study was to establish a radiomics nomogram
based on multiphase contrast-enhanced computed tomography (CT) to
demonstrate the outcome of the patients after resection of intrahepatic
cholangiocarcinoma (1CC).

Methods: A cohort of 96 (7:3 in the training/validation cohort) ICC patients
was enrolled in this study. All patients underwent a preoperative enhanced CT
examination and then accepted the ICC resection. Radiomic features were
extracted from arterial phase (AP) and portal venous phase (PVP)
contrast-enhanced CT images. The least absolute shrinkage and selection
operator (LASSO) Cox regression was used to select the features. Radiomic
features and clinical data were combined to build the nomogram to predict the
overall survival (OS). ICC patients were divided into high- and low- risk groups
based on their probability of survival. The Kaplan—Meier analysis and the log-rank
test were applied to analyze the patients, difference from different risk groups.

Results: The C-index of the radiomics and clinical-nomogram for the prediction
of OS in ICC patients was 0.869 and 0.632, 0.873 and 0.628 in the training and
validation cohorts, respectively. The C-index of the combined nomogram for the
prediction of OS in ICC patients was 0.912 and 0.696 in the training and
validation cohorts, respectively. The calibration curve indicated that the predicted
survival time was close to the actual survival time. Decision curve analysis
showed that the combined nomogram has better clinical prediction than clinical
or radiomics features alone. For ICC patients after surgical resection, the
combined model showed that the low-risk group and high-risk group had a
significant statistical difference in both the training cohort (p < 0.001) and the
validation cohort (p = 0.01).

Conclusion: Based on the application of preoperative enhanced CT radiomics in
ICC, this study proposed a new personalized clinical decision nomogram, which
can be used to predict the survival state of patients and play a certain role in
assisting clinical treatment decision-making.

Keywords: Intrahepatic cholangiocarcinoma; Computed tomography; Radiomics;
Nomogram; Survival

Background
Intrahepatic cholangiocarcinoma (ICC) arises within the second-order bile duct
branches and peripheral branches and accounts for 5% to 30% of all primary liver

malignancies [1, 2, 3]. It is a highly aggressive malignancy associated with high
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mortality and increasing global incidence in recent years [4]. Currently, surgical re-
section remains the best treatment choice. However, most ICC patients were usually
diagnosed in advanced clinical stages, and only one third of patients could accept
surgical resection. Unfortunately, the postoperative prognosis was disappointing,
with the five-year survival and OS ranging from 15% to 40% [5]. Even for patients
with localized ICC who undergo prompt surgical resection, the chances of recur-
rence and/or distant metastases remain unacceptably high [6]. Meanwhile, adjuvant
therapy (AT) can only bring some survival benefits for unresectable patients, but
whether postoperative AT is beneficial to patients after surgical resection is still
controversial [7].

For the poor outcomes of ICC patients, accurate clinical staging is critical for pre-
dicting survival and selecting treatment options. Many recent studies have shown
that the number of lesions, vascular invasion(e.g., microvascular or major vascu-
lar invasion), positive surgical margin, and lymph node metastasis are all impor-
tant factors in ICC prognosis [8, 9]. Therefore, imaging plays an important role in
preoperation diagnosis and treatment of patients with suspected ICC. Multipha-
sic contrast-enhanced multi-detector CT has high spatial resolution and advanced
postprocessing techniques and has served as the standard imaging modality for the
preoperative assessment of ICC [10]. Meanwhile, the use of multi-detector CT can
provide a comprehensive assessment and staging information of the primary tu-
mor, the vascular and lymph node status, and the presence and extent of tumor
invasion into the adjacent structures. In addition, based on the qualitative imag-
ing features of ICC on CT, a better prediction of prognosis was identified in the
survival outcomes of surgical patients [11]. However, the evaluation of these images
is mostly dependent on the physicians, experience, which will affect the accuracy
of the preoperative diagnosis. Therefore, there is an urgent need for an accurate
and effective diagnostic method with higher clinical applicability and universality
to preoperatively evaluate the OS.

In recent years, radiomics as an emerging and promising field, has shown discrim-
inating capabilities in the stratification of tumor histology, tumor grades or stages,
prognosis evaluation, and clinical treatment outcomes by extracting and mining
large numbers of quantitative features from images [12, 13]. In addition, the nomo-
grams have been widely used as a reliable prediction tool to estimate prognosis in
oncology and medicine by incorporating quantitative risk factors of clinical events
[14]. Therefore, In this study, we extracted radiomic features from preoperative
CT images of ICC in AP and PVP, respectively. Then, we established a radiomics
nomogram combined with clinicopathological factors to predict the survival status
of ICC patients after resection.

Methods

Patients

In this retrospective study, we reviewed clinical and pathological records, and AP
and PVP contrast-enhanced CT images of ICC patients who underwent surgical
resection between January 2011 and December 2018. The patients inclusion criteria
were as follows: a) a Multiphase enhanced CT examination within 1 month prior to
surgery or biopsy, b) no anti-tumor treatment received before the CT examination,
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¢) with surgical or biopsy specimens confirmed by pathology, d) with well-preserved
imaging data, clinical and pathological records. The exclusion criteria were as fol-
lows: a) with recurrent ICC; (b) who underwent antitumor treatments before the
contrast-enhanced CT scan; and (c) with partial loss or poor CT images that could
not be used for region of interest (ROI) delineation.

CT image acquisition

All enrolled patients underwent contrast-enhanced CT. All CT scans were per-
formed on three CT scanners, including a 16-slice CT (Toshiba Medical Systems),
a 64-slice CT (Revolution EVO, General Electric Medical Systems), and a 256-slice
CT (Philips Healthcare). CT scans used the same scanning parameters: tube voltage
of 120 kV, tube current of 125 - 300 mAs, pitch of 0.6 - 1.25mm, slice thickness of
3 - 5 mm, and reconstruction interval of 3 - 5 mm. Each patient was bolus-injected
(1.5 mL/kg) with the nonionic contrast agent Ultravist (Bayer Schering Pharma)
with a high-pressure syringe at 3.0 mL/s. The AP and PVP were scanned at 25 to
35 seconds and 55 to 75 seconds after injection, respectively.

ROl segmentation

CT images of AP and PVP with a thickness of 3 mm were retrieved for image
feature extraction. Before radiomic features extraction, image resampling and gray-
level normalization were carried out to standardize different image specifications
[15]. All image data were resampled to a 1x1x1mm voxel space size. The gray scale
was standardized to 64 levels to calculate the radiomic features.

The segmentation of tumors’ region of interest (ROI) was contoured manually
using ITK-SNAP software (version 3.8.0, http://www.itksnap.org/ [16]). The tumor
boundary was outlined on each slice for both axial AP and PVP images by an
abdominal radiologist (J.W., 9 years of experience in the abdominal imaging) and
validated by another radiologist (W.X., more than 20 years of clinical experience in
abdominal imaging). The two radiologists were aware of the final pathologic result,
but they were blinded to the exact pathologic type and TNM stage.

Feature Extraction and Selection

Radiomic features including firstorder features, shape features, Gray-level Co-
occurrence Matrix (GLCM) features, Gray Level Size Zone Matrix (GLSZM) fea-
tures, Gray Level Run Length Matrix (GLRLM) features, were extracted from the
AP and PVP CT images separately based on segmented tumor ROI using the Ar-
tificial Intelligence Kit Version 3.0.1.A (GE Healthcare, China), which based on
pyradiomics, and complies IBSI [17]. Ultimately, a total of 293x2 radiomic features
were calculated and standardized. For the purpose of dimension reduction, a uni-
variate Cox regression analysis model was used to select the significant predictors
from all the extracted image features. The correlation analysis between features was
adopted, and one of the features with a correlation higher than 0.9 was retained to
reduce the redundancy. Then, the survival analysis model was constructed by the
least absolute shrinkage and selection operator (LASSO) Cox regression analysis
model. For each patient, a radiomics score (rad score) was produced using a linear
combination of selected features that were weighted by their coefficients [18].
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Construction of the Radiomics Nomogram and Its Performance

For clinical data, the univariate Cox regression analysis model was first used to select
the significant predictors. Then, the multivariate Cox regression analysis model was
adopted to develop the clinical survival analysis model.

The rad score from the radiomic model and predictors from the clinical survival
model were used to construct the radiomics nomogram. In the training and valida-
tion cohorts, Harrell’s C index was calculated to evaluate the predictive performance
of the radiomics nomogram. The C-index is a number that varies from 0.5 to 1.0,
with 0.5 denoting a random data distribution and 1.0 denoting that the model’s
results correctly match the observed survival data. Also, the radiomics nomogram
calibration curves of the patient’s 3-year OS were drawn [19]. The calibration curve
showed the difference between the observed probabilities and the survival probabil-
ity predicted by the nomogram. A decision curve was also applied to determine the
clinical practicability of radiomics nomogram by quantifying the net benefits under
different threshold probabilities. The specific research process was shown in Figure
1.

Statistical Analysis

All statistical analyses were performed using the R software (version 4.0.2, www.r-
progject.org) and Python (version 3.5.6). Mann-Whitney U test and x? test were
used to determine whether there was a significant difference in the values of clinical-
pathologic variables. A two-tailed p-value <0.05 indicated statistical significance.
The Kaplan—-Meier analysis and a log-rank test were used to analyze the survival
time and the difference between the patients from the high-risk group and the low-
risk group, in the training and the validation sets respectively.

Results

Clinical characteristics

Clinical characteristics of the training and validation cohorts were shown in Sup-
plementary Table 1. There were no significant differences in age, sex, clinical symp-
tom, chronic hepatopathy, tumor markers level, or clinical stage etc., between the
two cohorts (p > 0.05), indicating that grouping was reasonable. But as shown in
Supplementary Table 2, there were significant differences in age, clinical symptoms,
Alb, CEA, CA 12-5, vascular invasion (including MVI and major vascular invasion),
TNM stage, postoperative recurrence, OS, and radscore between the survived and
died cohorts (p < 0.05).

Important Radiomics Feature Selection and Radiomics Signature Construction
Totally, there were 293x2 radiomics features were extracted from AP and PVP
CT images separately. We used the LASSO regression model for feature selection
(Figure 2A, B). Finally, nine important features were selected as follows (Figure
20):

Then the rad score were calculated as follows:

Radscore=0.227V log_sigma _2_0_mm_3D_glszm_LargeArealLLowGrayLevelEmphasis

+0.124A log_sigma_3_0_mm_3D _firstorder_90Percentile
+ 0.112V _log_sigma_3_0_.mm_3D_gldm_LargeDependenceLowGrayLevelEmphasis
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— 0.071V _original firstorder_RootMeanSquared

— 0.172A _original_gldm_DependenceNonUniformityNormalized

— 0.396V log_sigma_3_0_-mm_3D_gldm_LargeDependenceHighGrayLevel Emphasis

— 0.484A log_sigma_3_0_mm_3D_ngtdm_Contrast

— 0.487V _original shape_Sphericity

—0.788V _original firstorder_90Percentile.

The Kaplan—Meier analysis of the radiomic model was plotted to analyze the
survival time between the patients from the high-risk group and the low-risk group
in the training and validation sets, respectively. The results of the log rank test
showed that there were significant differences between the two risk groups in the
training set (p < 0.01, log-rank test) and the test set (p = 0.056, log-rank test).
The specific results were shown in Supplementary Figure 1.

Development of the Combined Nomogram and Its Evaluation Performance

For all clinical data, we used the univariate Cox regression analysis model to select
the significant predictor with P < 0.05, and then utilized the multivariate Cox
regression analysis model to construct the clinical nomogram (Figure 3A). The
Kaplan-Meier curve showed that the combined model could effectively distinguish
between high- and low-risk patients in the test cohort (p < 0.0001, log-rank test)
(Figure 3B), but there was no statistical significance between low- and high-risk
group in the validation cohort (Figure 3C, p = 0.31, log-rank test).

Combining the rad score with the clinically significant predictors, a combined
model was constructed based on multivariate Cox regression analysis (Figure 4A).
In the training and validation cohorts, the C index of the combined model was 0.912
and 0.696, respectively (Table 1). The Kaplan-Meier curve demonstrated that the
model score could effectively distinguish between high- and low-risk patients in
both the train cohort (Figure 4B, p < 0.0001, log-rank test) and validation cohort
(Figure 4C, p = 0.01, log-rank test). The result of calibration curve indicated that
the predicted probability was very close to the actual survival time of ICC patients
(Figure 4D). The decision curve analysis showed that the combined nomogram was
better than the radiomics and clinical models and had a higher overall net benefit
(Figure 4E).

Discussion

In this study, we developed a combined model based on AP and PVP CT radiomics
features combined with clinicopathological factors to predict the survival status of
ICC patients after resection, with the aim of helping identify the patient who might
benefit most from the surgical method and achieve personalized treatment.

And, while the clinical nomogram based on clinical data effectively distinguishes
between high- and low-risk patients in the test cohort (p < 0.0001, log-rank test), it
had no statistical significance between low- and high-risk groups in the validation
cohort (p = 0.31, log-rank test), which could be attributed to overfitting. However,
after adding the radiomics score to the clinical model, the combined model had
better predictive performance for OS, and the C-index were 0.912 and 0.696 in
the training and validation cohort, respectively. What’s more, the results indicated
that radscore and several clinical variables, including clinical symptoms, ALT, PLT,
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CEA, TNM stage, resection margins, and postoperative recurrence, were associated
with OS. In addition, combined with the clinical characteristics of survival and death
cohorts shown in Supplementary Table 2, we believe that the radscore and some
clinical factors, including clinical symptoms, CEA, TNM stage, and postoperative
tumor recurrence, are closely related to the prognosis of ICC patients after surgery.
Moreover, the Kaplan-Meier curve showed that the combined model could effectively
distinguish between high- and low-risk patients in test cohort (p < 0.0001, log-
rank test) and validation cohort (p = 0.01, log-rank test). The results showed that
imaging examination was of great significance in evaluating tumor status compared
with clinical features. It also indicated the potential of radiomics in predicting the
survival outcome of preoperative ICC.

Most ICC patients are usually asymptomatic in the early stage. When they have
abdominal pain, fatigue, malaise, biliary obstruction and other symptoms, they are
already in the advanced stage [20]. Our study showed that the prognosis of older
ICC patients with first clinical symptoms was poor, and the first clinical symptoms
were also one of the important predictors of postoperative prognosis of ICC, which
might be related to the poor physical condition of older patients and the late stage
or metastasis of tumor. Some studies also showed that the prognosis of elderly
patients with ICC was worse than that of young people [21, 22]. In addition, there
is ample evidence that aging is related to the decline of immune system function,
many infections and chronic diseases [23].

Tumor markers are well-established tools for assisting in diagnosis, predicting
prognosis, and detecting recurrence [24, 25]. In our study, we found that serum
biomarkers Alb, CEA, and CA125 were related to the prognosis of patients, among
which CEA was an important clinical predictor related to OS in ICC patients. Pre-
viously, Alb level was considered to be the most important factor in evaluating
liver reserve. Li et al. [26] found that hypoalbuminemia was associated with low
survival in ICC patients, which was consistent with our research. At present, it
was considered that serum CA125 might have better clinical application in adeno-
carcinoma [27]. A recent study has shown that preoperative serum CA125 could
be used to predict the prognosis of hilar cholangiocarcinoma after radical resection
[28]. In addition, a previous study showed that higher levels of CA19-9 and CEA
were related to the advanced TNM stages and poor prognosis of ICC patients [29].
But we also found the serum CA19-9 had no significant contribution in the clinical
model and combined model. Also, there were some contradicting studies [30, 31], a
meta-analysis indicated that serum tumor markers did not help predict postoper-
ative prognosis in patients with ICC [32]. Furthermore, our study also found that
the increase of ALT and PLT levels were also significant predictors of postopera-
tive prognosis in ICC patients. The rise of serum ALT levels might be related to
hepatocyte injury in advanced tumor [33]. A previous study has also shown that
platelets are related to tumor recurrence and prognosis, which may be related to
platelet activation and uncontrolled tumor angiogenesis, because platelets can re-
lease angiogenic factors, such as vascular endothelial growth factor [34, 35].

At present, surgery is still the first-line method of ICC treatment and the best
cure opportunity for ICC. At the same time, it is consensus that a negative mar-
gin predicts a better result in comparison with a positive margin. Also, our study
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indicated that the surgical margin was related to the prognosis of ICC patients.
A meta-analysis [36] indicated that ICC patients with negative margins of 10mm
or more, compared with patients with negative margins less than 10mm, enjoyed a
long-term survival (HR 1.59, 95%CT : 1.09-2.32). Another study [37] showed that
wide resection margins, narrow margins and R1 resections had no significant differ-
ence in OS or recurrence-free survival (RFS), but compared with the unresectable
group, all of these groups showed significant advantages. Therefore, even if only a
narrow margin can be obtained, extended resection should be performed. Neverthe-
less, the high incidence of postoperative recurrence is a main factor affecting the
overall prognosis of ICC patients after surgical resection[38]. Our study also showed
that patients with postoperative recurrence had a poor prognosis.

Nowadays, AT, including chemotherapy, radiotherapy, transarterial chemoem-
bolization (TACE), and comprehensive treatment, is still undergoing much debate
about whether ICC patients can benefit from AT after radical resection [7, 39, 40].
Our study indicated that postoperative adjuvant therapy in ICC patients did not
play a significant role in clinical models or combined models. Nevertheless, a recent
multicenter retrospective study found that patients who received AT had longer
median OS and DFS than patients not receive AT [41]. However, this study did
not show which AT made ICC patients more likely to benefit from it than the
other, or which AT method was the most effective. Recently, targeted therapy and
immunotherapy are developing rapidly and have achieved great progress in several
human malignant tumors|[7]. What’s more, the additional information extracted by
radiomics can reveal the spatial heterogeneity within the tumor and can be used to
predict tumor type, tumor stage and prognosis [42]. Our study also found that the
prognosis of patients with vascular infiltration (including MVI and major vascular
invasion) and a high TNM stage was poor, and the TNM stage was a significant pre-
dictor of the prognosis of ICC patients. Previous studies have confirmed that tumor
size, multiple tumors, lymph node metastasis, vascular infiltration and poor tumor
differentiation are related to the prognosis of ICC [8, 9, 43]. Therefore, preoperative
prediction of survival in ICC patients may facilitate clinical decision-making. In this
case, the prediction models and nomograms proposed in clinical practice or future
clinical trials may help to identify the optimal candidates for surgery or high-risk
patients.

Our study had several limitations. First, this study used a small sample and a
retrospective design, so there may be potential selection bias. Moreover, the sample
size was not large enough which alse caused the problem of overfitting in the test
cohort. Second, this study was conducted in a single center, and the results need
to be externally validated in other centers. Third, there was no stratified analysis
of whether ICC patients received AT after operation, which could have resulted in
some discrepancies. In the follow-up study, we will increase the sample size, conduct
multicenter and prospective researches, and design hierarchical analysis of relevant
clinical, pathological, and radiomics features in order to obtain more conclusive data
on the prognosis of ICC patients.

Conclusion
In conclusion, a rad score based on enhanced CT combined with clinicopathological
factors can predict the postoperative survival outcomes of ICC patients. The predic-
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tion result of the radiomics nomogram might contribute to clinical decision-making

and identify the subgroups of patients who benefit most from surgery.
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Figures

Figure 1 The workflow of model development

Figure 2 The optimal subset of radiomics features were extracted as shown. (A)The
hyperparameter/lambda was determined using the partial likelihood deviation as the standard,
(B)and the optimization/lambda (vertical dotted line) was utilized to choose the features with
non-zero coefficients. (C)The LASSO algorithm chose nine radiomics features that contributed
the most to the prognosis prediction model.

high- and low-risk patients in test cohort (p < 0.0001, log-rank test), (C) but there was no
statistical significance between low- and high-risk group in validation cohort (p = 0.31, log-rank
test)

Figure 3 (A) A clinical logistic regression model for prediction of 1-3 years overall survival for ICC
patients. (B) The Kaplan-Meier curve showed that the model could effectively distinguish between

patients. The Kaplan-Meier curve showed that the model could effectively distinguish between
high- and low-risk patients in test cohort (B, p < 0.0001, log-rank test) and validation cohort (C,

was very close to the actual survival time of patients. (E) The decision curve analysis of each
model showed that the combined nomogram was better than radiomics and clinical model, and
had a higher overall net benefit

Figure 4 (A) A combined logistic regression model for prediction of 3-year overall survival for ICC

p = 0.01, log-rank test). (D) The result of calibration curve showed that the prediction probability

Tables

Table 1 The comparison of prognostic accuracy between the combined model and two other
prediction models

C-index Training set Test set
Radiomics  0.869(se = 0.026)  0.632(se = 0.072)

Clinical 0.873(se = 0.026)  0.628(se = 0.073)
Combined  0.912(se = 0.018) 0.696(se = 0.067)

Additional Files
Additional file 1 — Supplementary Figure 1

Kaplan—Meier analysis for high- and low-risk group. The left figure is the training set (A, p < 0.01, log-rank test)

and the right figure is the test set (B, p = 0.056, log-rank test).
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Additional file 2 — Supplementary Table 1
Clinical characteristics of the training and validation cohorts

Additional file 3 — Supplementary Table 2

Clinical characteristics of the survived and died cohorts.



