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Abstract

Background: Intrahepatic cholangiocarcinoma is an aggressive liver carcinoma with increasing incidence and
mortality. A good auxiliary prognostic prediction tool is desperately needed for the development of treatment
strategies. The purpose of this study was to explore the prognostic value of the radiomics nomogram based on
enhanced CT in intrahepatic cholangiocarcinoma.

Methods: In this retrospective study, 101 patients with pathological confirmation of intrahepatic
cholangiocarcinoma were recruited. A radiomics nomogram was developed by radiomics score and independent
clinical risk factors selecting from multivariate Cox regression. All patients were stratified as high risk and low risk by
a nomogram. Model performance and clinical usefulness were assessed by calibration curve, ROC curve, and
survival curve.

Results: A total of 101patients (mean age, 58.2 years old; range 36–79 years old) were included in the study. The 1-
year, 3-year, and 5-year overall survival rates were 49.5%, 26.6%, and 14.4%, respectively, with a median survival time
of 12.2 months in the whole set. The least absolute shrinkage and selection operator (LASSO) method selected 3
features. Multivariate Cox analysis found three independent prognostic factors. The radiomics nomogram showed a
significant prognosis value with overall survival. There was a significant difference in the 1-year and 3-year survival
rates of stratified high-risk and low-risk patients in the whole set (30.4% vs. 56.4% and 13.0% vs. 30.6%, respectively,
p = 0.018).
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Conclusions: This radiomics nomogram has potential application value in the preoperative prognostic prediction
of intrahepatic cholangiocarcinoma and may facilitate in clinical decision-making.

Keywords: Intrahepatic cholangiocarcinoma, Radiomics, Nomogram, Prognosis, Machine learning

Background
Intrahepatic cholangiocarcinoma (ICC) is an aggressive
liver carcinoma, accounting for 10–15% of all primary
liver malignancies [1–4]. In recent years, the incidence
and mortality of ICC were increasing worldwide, albeit
the incidence was still lower than hepatocellular carcin-
oma [5, 6]. Currently, surgical resection was still consid-
ered as the only curative treatment method for patients
with resectable ICC [7, 8]. However, due to the insidious
onset and fast progression of ICC, most patients pre-
sented with advanced stages when first diagnosed, with
only 30 to 60% of ICC patients were able to receive sur-
gery [9]. Even worse, the postoperative prognosis of pa-
tients who underwent “curative-intent” hepatectomy was
disappointing [5]. The 5-year overall survival rate of ICC
after surgical resection was up to 35% and that for ad-
vanced patients who failed to receive operation was fall-
ing short of 5% [10–14]. In addition, radiochemotherapy
can only bring in a modest survival benefit for unresect-
able patients and was considered as an alternative
method in reducing tumor burden and providing a sec-
ond chance for surgical resection for patients with ini-
tially unresectable ICC [15–17]. Therefore, for patients
with intrahepatic cholangiocarcinoma, a good auxiliary
prognostic prediction tool is of great clinical value for
the development of treatment strategies.
Texture analysis is a method to quantify texture pa-

rameters by qualitative analysis and calculation of in-
tensity and spatial distribution characteristics of
image pixels through post-processing of the trad-
itional image [18–20]. At present, many researches
have explored the value of texture analysis based on
enhanced CT in tumor diagnosis and prognosis evalu-
ation. In recent years, some studies have explored the
ability of radiomics models to predict lymph node
metastasis and early recurrence of ICC [21–23]. How-
ever, only few study investigated the preoperative pre-
diction of long-term survival of ICC via radiomics,
meaning that the clinical implementation value of
radiomics signature in preoperative survival prediction
of ICC was still worthy of attention. A nomogram
predicts the probability of a clinical outcome by using
the value of clinical indicators and the line segments
marked by numbers through regression analysis [24].
The nomogram makes the results of the prediction
model easier to understand through intuitive and sim-
ple graphics [25].

In the current study, we aim to construct and validate
a comprehensive radiomics nomogram for predicting
overall survival of ICC and identify high-risk patients
who can only obtain a small survival benefit from
hepatectomy.

Methods
Study population
We retrospectively reviewed an electronic medical record
database of ICC patients treated at West China Hospital
from October 2014 to July 2017. The including and ex-
cluding criteria were as follows: including criteria: (i) pa-
tients had complete medical record and follow-up, (ii)
patients had definitely pathological diagnosis of ICC, (iii)
patients had available enhanced CT scan within 2 weeks
prior to surgery, (iv) patients were with Child-Pugh class
A liver function and had no major vessel/bile duct infiltra-
tion or distant metastasis, and (v) patients had received a
“curative-intent” surgical resection. The excluding criteria
were as follows: (i) patients received any radiochemother-
apy (including transcatheter arterial chemoembolization)
before CT scan, (ii) patients only received exploratory op-
eration (biopsy) or had distant metastasis of primary liver
tumor, and (iii) patients had synchronous malignancy of
other organs (co-malignancy).
Clinical data including 19 variables were recorded

through the electronic medical record system. All CT
data were obtained from the West China Hospital’s
Radiology image database. Overall survival time was cal-
culated from the date of surgery until either the date of
death from any cause or until the date of the last follow-
up. This study was approved by the ethics committee of
West China Hospital of Sichuan University. Because this
study did not involve the disclosure of any personal in-
formation, no written informed consent was required.
The flow process of the whole study is shown in Fig. 1.
The patient selection flow diagram is displayed in Fig. 2.

CT techniques
Before the surgery, all patients underwent enhanced ab-
domen CT examinations by a single 64-detector row
scanner (Brilliance 64, Philips Medical Systems, Eindho-
ven, the Netherlands). The uniform scan parameters are
the following: beam pitch, 0.891; tube voltage, 120 kVp;
tube current, 200 mAs; detector collimation, 0.75 mm;
slice thickness, 1.0 mm; reconstruction increment, 5.0
mm; rotation time, 0.42 s; and matrix, 512 × 512.
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Computed tomography scanning was performed with 30
to 35 s for the arterial phase and 60 to 70 s for the portal
venous phase [26, 27].

Radiomics feature extraction and clinical factor selection
We retrieved CT digital imaging data from the West
China Hospital’s imaging database. Tumor size and liver
cirrhosis were recognized from preoperative CT scan by
two well-experienced radiologists, and the differentiation
grade of tumor was mainly obtained from preoperative
fine-needle aspiration and postoperative pathological
diagnosis. All CT data were selected for the portal ven-
ous phase. To quantify pathological lesion segmentation
and automated quality features, we loaded them into the
Local Image Features Extraction (LIFEx) software (v3.74,
CEA-SHFJ, Orsay, France) for segmentation and texture
analysis [28]. The region of interests (ROI) drawing
process was completed by two radiologists independ-
ently. The ROIs were drawn freehand within the tumor
lesion in the fusion images of enhanced CT. A total of
42 subdivided texture parameters were extracted (Sup-
plementary table 1).
For all clinical variables, univariate analysis was per-

formed for categorical variables and continuous vari-
ables, and then multivariate Cox analysis was adopted to
search for potential independent survival risk factors.

Radiomics nomogram
We divided the patients into training set and validation
set according to the ratio of 3:1 randomly. In the train-
ing set, we used the least absolute shrinkage and selec-
tion operator (LASSO) Cox regression analysis to screen
appropriate texture features which can predict the over-
all survival [29]. We linearly combined the selected tex-
ture features with their coefficients to create a radiomics
score for each patient. The score corresponding to the
maximum Youden coefficient in ROC results was de-
fined as the threshold, and the radiomics scores of all

patients in the training set and validation set were then
stratified as high score and low score [30]. The nomo-
gram was developed based on the dichotomous radio-
mics score and selected independent clinical parameters.
In the nomogram, the score of each variable ranges from
0 to 100, while the variable with the highest hazard ratio
is defined as 100 [20]. All patients were further classified
into a high-risk group and a low-risk group from the
nomogram. The performance of the nomogram was
verified by calibration curve, ROC curve, survival curve,
and decision curve analysis [31, 32].

Statistical analysis
Continuous variables were displayed as mean ± standard
deviation (SD), while categorical variables were
expressed as frequency and percentage. The parametric
test used Student’s t test whereas the nonparametric test
used Mann-Whitney U test, χ2 test, and Fisher’s exact
test. The Kaplan-Meier method and log-rank test were
implemented to generate survival curves and compare
the difference between groups. A two-sided p value <
0.05 was considered to denote statistical significance. All
analyses were carried out with SPSS (V. 20.0 for Win-
dows, IBM, Armonk, NY, USA) and R statistical soft-
ware (V. 4.0.0, The R Foundation). The packages used in
R software were glmnet, cmprsk, rms, survival, rmda,
and devtools.

Results
Patients
A total of 101patients (mean age, 58.2 years old; range
36–79 years old) were included in this study. Among
them, 55 patients were male and 46 patients were fe-
male. The 1-year, 3-year, and 5-year overall survival
rates were 49.5%, 26.6%, and 14.4%, respectively, while
the median survival time was 12.2 months in the whole
set. In addition, the 1-year and 3-year overall survival
rates of the training set were 49.4% and 30.9%, while

Fig. 1 Study workflow. a ROI segmentation, b radiomics feature extraction and selection, c the procedure of construction of nomogram, d
comparison of model performance, and e clinical decision analysis and survival comparison in the training set and validation set. OS, overall
survival; ROI, region of interest; ROC, receiver operating characteristic
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those of the validation set were 50.0% and 12.5%, respect-
ively. Except for aspartate aminotransferase (AST) level,
no significant difference was noticed in baseline clinical
characteristics between training and validation sets. The
baseline characteristics of patients are shown in Table 1.

Clinical prognostic factor selection
A total of 19 clinical variables were initially included and
5 of them with p value < 0.1 in univariate analysis were
subsequently analyzed by multivariate analysis. Multi-
variate Cox analysis revealed that cirrhosis, CA19-9

level, and tumor size were independent clinical risk vari-
ables with p < 0.05. CA19-9 level (≥ 35 U/mL) had the
highest hazard ratio (HR 3.984, 95% CI 2.146–7.407).
These three clinical variables were considered as inde-
pendent risk factors relating to OS of ICC. Univariate
and multivariate analysis results are shown in Table 2.

Texture feature selection and radiomics score
construction
Finally, from the 42 parameters extracted, we got a total
of 7 feasible parameters. Through the least absolute

Fig. 2 Patient selection flow diagram
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shrinkage and selection operator (LASSO) Cox regres-
sion method, the lambda value of these parameters is
0.07283022 (Supplementary figures 1 and 2). These pa-
rameters and their coefficients are shown in Supplemen-
tary table 2. These parameters were combined linearly to
get each patient’s radiomics score. The formula is shown
in Supplementary table 3. According to the established
formula, the radiomics scores of all patients in the train-
ing and validation sets were calculated. The threshold

value of dichotomy of radiomics score was 1.2646 in the
entire set.

Construction and validation of the nomogram
Based on selected independent clinical predictors and
radiomics score, we developed a comprehensive radio-
mics nomogram for preoperative predicting 3-year and
5-year overall survival rate in patients with ICC (Fig. 3).
We applied the calibration curve (Fig. 4) and ROC curve

Table 1 The baseline characteristics of ICC patients in training and validation sets

Variable Whole set (n = 101) Training set (n = 77) Validation set (n = 24) p

Sex, male, n (%) 55 (54.5) 40 (51.9) 15 (62.5) 0.365

Age, mean ± SD, years 58.2 ± 10.8 58.5 ± 10.9 56.9 ± 10.7 0.458

Hypertension, n (%) 0.995

Yes 21 (20.8) 16 (20.8) 5 (20.8)

No 80 (79.2) 61 (79.2) 19 (79.2)

Diabetes, n (%) 0.932

Yes 8 (7.9) 6 (7.8) 2 (8.3)

No 93 (92.1) 71 (92.2) 22 (91.7)

Hepatitis B, n (%) 27 (26.7) 21 (27.3) 6 (25.0) 0.826

Liver cirrhosis, n (%) 0.074

Present 13 (12.9) 7 (9.1) 6 (25.0)

Absent 88 (87.1) 70 (90.9) 18 (75.0)

Hypersplenism, n (%) 0.421

Yes 2 (2.0) 1 (1.3) 1 (4.2)

No 99 (98.0) 76 (98.7) 23 (95.8)

ALT, mean ± SD, IU/L 36.0 ± 38.6 33.8 ± 37.3 43.3 ± 42.4 0.131

AST, mean ± SD, IU/L 38.7 ± 34.9 35.8 ± 34.4 48.6 ± 35.7 0.024

ALB, mean ± SD, g/L 41.6 ± 4.1 41.8 ± 3.7 41.2 ± 5.1 0.941

TBIL, mean ± SD, μmol/L 15.2 ± 16.5 13.6 ± 8.2 20.6 ± 30.7 0.095

PT, mean ± SD, s 11.7 ± 1.6 11.5 ± 1.0 12.3 ± 2.8 0.357

INR, mean ± SD 1.0 ± 0.1 1.0 ± 0.1 1.1 ± 0.2 0.362

AFP, mean ± SD, ng/mL 40.0 ± 189.7 29.1 ± 150.4 74.6 ± 283.6 0.624

CA 125, mean ± SD, U/mL 50.0 ± 82.8 47.3 ± 67.5 58.0 ± 120.9 0.106

CA 19-9, mean ± SD, U/mL 322.6 ± 393.5 321.2 ± 404.3 327.5 ± 365.4 0.515

CEA, mean ± SD, ng/mL 18.2 ± 71.1 13.0 ± 36.1 36.9 ± 137.6 0.333

Tumor size, n (%) 0.455

≤ 5 cm 27 (26.7) 22 (28.6) 5 (20.8)

> 5 cm 74 (73.3) 55 (71.4) 19 (79.2)

Differentiation 0.084

Well 1 (1.0) 0 1 (4.2)

Moderate 36 (35.6) 31 (40.3) 5 (20.8)

Poor 57 (56.4) 40 (51.9) 17 (70.8)

Unclear 7 (6.9) 6 (7.8) 1 (4.2)

OS, mean ± SD, m 19.9 ± 17.6 21.3 ± 18.6 15.6 ± 13.3 0.300

Abbreviations: ICC Intrahepatic cholangiocarcinoma, SD Standard deviation, ALT Alanine aminotransferase, AST Aspartate aminotransferase, ALB Albumin, TBIL Total
bilirubin, PT Prothrombin time, INR International normalized ratio, AFP Alpha fetoprotein, CA Carbohydrate antigen, CEA Carcinoembryonic antigen, OS
Overall survival
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(Fig. 5) to determine the predictive value and discrimina-
tive ability of the nomogram. In the training set and val-
idation set, the prediction results of the nomogram were
close to the actual results of 3-year and 5-year OS,
showing the calibration curve was in good agreement.
For the 3-year OS, the AUC was 0.783 in the training
set and 0.633 in the validation set. For the 5-year OS,
the AUC of the training set and validation set were
0.751 and 0.684, respectively.

Risk stratification and prognosis comparison
Add the scores of each variable to get the total nomo-
gram score of each patient. According to the threshold
(corresponding to 58.5 points of nomogram), all patients
were further classified into a high-risk group and a low-
risk group. Kaplan-Meier curve and log-rank test
showed a significant difference in overall survival be-
tween high-risk and low-risk patients (3-year survival

rates, high-risk versus low-risk 13.0% versus 30.6%, re-
spectively, p = 0.018). The survival curve is shown in
Fig. 6. An example of how to use the radiomics nomo-
gram to preoperatively predict overall survival probabil-
ity in a 45-year-old female patient is shown in Fig. 7.
The radiomics model was built only by the selected
radiomics signatures, and the clinical model was built
only by clinical risk variables determined by multivariate
analysis. The comprehensive radiomics nomogram was
built by selected independent clinical predictors and
radiomics score. And the decision curves of these three
models are shown in Supplement Figure 3.

Discussion
In the present study, we developed a comprehensive
nomogram that contained enhanced CT-based radiomics
parameters and clinical factors for preoperative survival
prediction of ICC. And we found that radiomics score

Table 2 Univariate analysis and multivariate Cox regression analysis of clinical factors influencing overall survival outcomes in the
training cohort

Variable Univariate analysis, p value Multivariate analysis, HR (95% CI) p value

Sex, male 0.238

Age, years 0.148

Hypertension 0.804

Diabetes 0.334

Hepatitis B 0.022 0.324

Liver cirrhosis 0.032 0.015

Absent ref

Present 2.227 (1.169–4.242)

Hypersplenism 0.888

ALT, IU/L 0.582

AST, IU/L 0.750

ALB, g/L 0.650

TBIL, μmol/L 0.831

PT, s 0.247

INR 0.480

AFP level, ng/mL 0.696

CA 125 level, U/mL 0.083 0.839

CA 19-9 level 0.003 < 0.001

< 35 U/mL ref

≥ 35 U/mL 3.984 (2.146–7.407)

CEA level 0.172

Tumor size 0.007 0.006

≤ 5 cm ref

> 5 cm 2.293 (1.263–4.167)

Differentiation 0.409

Abbreviations: HR Hazard ratio, ALT Alanine aminotransferase, AST Aspartate aminotransferase, ALB Albumin, TBIL Total bilirubin, PT Prothrombin time, INR
International normalized ratio, AFP Alpha fetoprotein, CA Carbohydrate antigen, CEA Carcinoembryonic antigen, ref Reference
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and clinical variables including tumor size, CA 19-9, and
liver cirrhosis were all associated with overall survival.
This study could be a supplementary of previous radio-
mics study, which only found CA 19-9 and radiomics
score were associated with survival.
Texture analysis and prediction model based on pre-

treatment-enhanced CT has potential value in prognosis
prediction of patients with intrahepatic cholangiocarci-
noma. At the same time, a latest review showed that the
recurrence rate was high due to the fact that one-third
of ICC patients were found to have lymph node metasta-
sis, and the recurrence rate can be as high as 61–98% in
5 years. In this study, we found that patients who were
stratified as high survival risk had a nearly 5-fold higher
risk of death event than low-risk patients. In this study,
we found that patients who were stratified as high sur-
vival risk suffered a significant worse prognosis than
low-risk patients, with a median overall survival time of
9.0 and 15.9 months in high-risk patients and low-risk
patients, respectively. These findings were in agreement
with a previous radiomics study, which found that ICC
patients with high risk of lymph node metastasis had a
fivefold increased risk of death than low-risk patients
[33]. Moreover, the conventional adjuvant radiochemo-
therapy could be used for high survival risk patients.
Therefore, preoperatively predicting the survival of

patients with ICC may facilitate in clinical decision-
making.
Tumor size and CA 19-9 level had been widely used to

evaluate the prognostic value of ICC for years. In the
current study, we found that patients with elevated
CA19-9 level or enlarged tumor size (> 5 cm) had an in-
creased risk of death event of 4-fold and 2-fold than pa-
tients who presented with low CA19-9 level or small
tumor size (≤ 5 cm), respectively. These findings were in
agreement with several large series which also found that
high serum CA19-9 and large tumor size were all inde-
pendent risk factors relating to postoperative survival [7,
9, 12, 34]. In addition, previous studies found that ele-
vated CA19-9 level was associated with a 1.62-fold in-
creased death risk than normal patients and found that
enlarged tumor size was associated to worse survival,
with a hazard ratio of 1.09 [5, 8]. The rate of liver cirrho-
sis in the present study was 12.9% whereas the incidence
of liver cirrhosis in ICC was reported to range between
9.5 and 12.3% [35, 36]. Moreover, a previous large-scale
study found that the presence of liver cirrhosis had a
tenfold increased risk of suffering from cholangiocarci-
noma than no cirrhosis patients [37]. In this study, we
found that the presence of liver cirrhosis was associated
with poor survival, with a significantly increased death-
even risk in the patient presented with cirrhosis (HR

Fig. 3 Nomogram for 3- and 5-year OS in patients with ICC
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2.227, 95% CI 1.169–4.242, p = 0.015). This was in
agreement with a recently large multicenter study which
revealed that liver cirrhosis was associated with very
early recurrence (< 6 months) of ICC after surgical resec-
tion [35]. From the results, the patients in this study
have some homogeneity, no matter in the ratio of
men and women or the differentiation degree. The
survival time obtained is also close to that reported
in a previous study, with a reported 5-year post-
hepatectomy survival rate range from 10 to 49% [11,
38, 39]. It is hopeful that the prognosis of low-risk
patients was nearly 7 months longer than that of
high-risk patients. The result was reflected from the
training set and validation set, meaning that the
radiomics nomogram may obtain potential value in
preoperative prediction of prognosis of patients who
underwent surgical resection.
CT radiomics was a noninvasive and cost-saving

method in tumor identification and prognostic predic-
tion, which obtained potential superiority than trad-
itional fine-needle biopsy. In recent years, due to the
rapid development of radiomics, CT texture features of
tumor were gradually used to evaluate the prognosis of
patients. At present, the most relevant application of

textures in ICC was that many researchers use CT or
MRI texture features to predict lymph node metastasis
and early recurrence in patients with ICC, and the pre-
dicting value was high [23, 33, 40]. In this study, 7 tex-
ture parameters were finally included to preoperatively
predict the overall survival of ICC patients.
In fact, these three parameters (PARAMS_ZSpatialRe-

sampling, PARAMS_YSpatialResampling, and PARA
MS_XSpatialResampling) cannot be regarded as texture
parameters strictly, but it was found in our study to be
related to the survival time of patients. One possible ex-
planation we think was that texture feature value can be
significantly affected by voxel size, while voxel size is the
standard value that can be set according to the coordin-
ate system reference system, and then the obtained space
resampling value should also have an impact on texture
feature value [41–43]. The remaining four parameters
were from gray-level co-occurrence matrix (GLCM) and
gray-level run length matrix (GLRLM); they were
real texture feature parameters. The GLCM consid-
ered the arrangements of voxel pairs to calculate
textural indices, while the GLCM was calculated
from thirteen different directions in three dimen-
sions with a δ-voxel distance relationship between

Fig. 4 Calibration curves for overall survival (OS) at 3 years and 5 years in patients with ICC. a Three-year survival rate in the training set. b Three-
year survival rate in the validation set. c Five-year survival rate in the training set. d Five-year survival rate in the validation set. The horizontal axis
was the survival rate predicted by the nomogram, and the vertical axis was the actual survival rate. The dashed line indicates the predicting
survival rate completely fits the actual survival rate. In the training set and validation set, the prediction results of the nomogram were close to
the actual results of 3-year and 5-year OS, showing the calibration curve was in good agreement
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adjacent voxels. GLCM_Correlation was the linear
dependency of gray levels in GLCM and GLCM_Dis-
similarity was the variation of gray-level voxel pairs.
The GLRLM gave the size of homogeneous runs for
each gray level. In these parameters, Short-Run Low
Gray-level Emphasis (SRLGE) revealed short homo-
geneous running distribution with low or high gray
levels whereas the Gray-Level Non-Uniformity
(GLNU) showed the non-uniformity running distri-
bution of the gray levels or the length of the homo-
geneous runs [29, 43].

The two parameters from GLCM reflect the difference
of tumor voxel size, which was expressed by the relative
size and distance of voxels. The two parameters from
GLRLM reflect the difference of tumor in gray scale,
which was expressed by the uniformity of its distribu-
tion. The fundamental reason lies in the heterogeneity of
tumor. We knew that the prognosis of the tumor was re-
lated not only to the malignancy of the tumor itself, but
also to the basic health of the patients. The treatment
measures they receive were closely related to their psy-
chological factors. But it was undeniable that the most

Fig. 5 The ROC curves for overall survival (OS) at 3 years and 5 years in patients with ICC. a Three-year survival rate in the training set. b Three-
year survival rate in the validation set. c Five-year survival rate in the training set. d Five-year survival rate in the validation set
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important factor was the tumor itself, especially its
pathological manifestations.
We suspect that the prognosis of different patients was

largely due to the pathological deterioration of the tumor
itself. So the difference of microscopic cell expression of
tumor with different pathological manifestations can be
projected to the macroscopic level, which can be detected
by imaging technology. This was also one of the theoret-
ical bases of radiomics research in recent years [21, 22, 33,
35]. As far as we know, the direct relationship between
the ICC aggressiveness and radiomics score remains

unclear. Segal found that there was a correlation between
CT radiomics features and the whole gene expression of
hepatocellular carcinoma, in which they reconstructed
78% of the gene information through 28 CT radiomics
features and then predicted the cell proliferation, liver syn-
thesis function, and prognosis of patients with hepatocel-
lular carcinoma [44]. And Chaisaingmongkol et al. found
that ICC and HCC share repetitive mutated genes and
similar actionable drivers, including TP53, ARID2, and
ARID1A [45]. Therefore, the gene activity of liver cancer
can be decoded noninvasively by imaging. In addition, in

Fig. 6 Overall survival rate of patients stratified by risk classification in the whole set. The results showed that the overall survival rate of high-risk
patients was significantly lower than that of low-risk patients (p = 0.018)
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terms of histological classification, Wu found radiomics
features were related to histological subtypes of lung can-
cer (adenocarcinoma and squamous cell carcinoma). They
extracted 440 radiomics features from preoperative CT
images and found 53 features were significantly correlated
with tumor histology in univariate analysis and 5 most
relevant features were finally selected to build a histo-
logical classification model through multivariate analysis
[46]. In fact, there was a considerable amount of evidence
to prove the value of GLCM and GLRLM in tumor prog-
nosis evaluation, but the parameters found in different
studies were not completely consistent [40, 47–49]. Zhao
found that GLCM were related to early recurrence of ICC
[40]. And although some single texture parameters were
statistically correlated with survival time, the hetero-
geneity of tumor was influenced by multiple factors,
so we considered that building a preoperative predict-
ive radiomics-based model with multiple texture pa-
rameters may help in optimizing treatment outcomes
and facilitating clinical decision-making of ICC. The
nomogram showed the ability of distinguishing good
prognosis from poor prognosis.

This study has some advantages. First of all, one of the
advantages of this study is that compared with previous
studies, this study involves a wider range of texture pa-
rameters, not only classic first-order parameters such as
histogram, shape, etc., but also four types of texture pa-
rameters: GLCM, GLRLM, NGLDM, and GLZLM,
which provides more research possibilities and
innovation. Secondly, we have a long follow-up span and
high reliability of survival data. In addition, it is particu-
larly important that the enhanced CT examination
process adopted by the patients we have included can
ensure uniformity and eliminate the influence of certain
confounding factors. Of course, the image post-
processing in this study also achieved standardized oper-
ation to eliminate human interference. In addition to
finding that these parameters are related to prognosis,
we further established a prognostic scoring model based
on imaging and obtained a threshold with a certain de-
gree of credibility. The last advantage is that there is an
internal validation set to improve the credibility.
Of course, this study also has some limitations. The

first is that the number of patients is not large. In order

Fig. 7 An example of using the radiomics nomogram to preoperatively predict overall survival probability in a 45-year-old female patient who
underwent surgical resection
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to ensure the availability and homogeneity of the im-
aging data of the studied patients, the number of pa-
tients finally included in the study is not particularly
large. Second, this study lacks external validation. How-
ever, we did an internal validation instead, and the AUC
in the training set and validation set was well; for the 3-
year OS, the AUC was 0.783 in the training set and
0.633 in the validation set; and for the 5-year OS, AUC
of training and validation sets were 0.751 and 0.684,
respectively.

Conclusions
This radiomics nomogram based on texture analysis of
preoperative enhanced CT has potential application
value in the preoperative prognostic prediction of intra-
hepatic cholangiocarcinoma and may facilitate in clinical
decision-making.
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