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based deep learning radiomics
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for diagnosing intrahepatic
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Intrahepatic cholangiocarcinoma (iCCA) and other subtypes of primary liver cancer (PLC) have
overlapping clinical manifestations and radiological characteristics. The objective of this study was to
evaluate the efficacy of deep learning (DL) radiomics analysis, performed using computed tomography
(CT) and magnetic resonance imaging (MRI), in diagnosing iCCA within PLC. 178 pathologically
confirmed PLC patients (training cohort: test cohort=124: 54) who underwent both CT and MRI
examinations was enrolled. Univariate and multivariate analysis was used to identify the significant
factors of radiological findings for diagnosing iCCA. DL radiomics analysis was applied to CT and MRI
images, respectively. We constructed and evaluated six distinct models: CT DL radiomics (DLRS®T), CT
radiological (RT), CT DL radiomics-radiological (DLRR®T), MRI DL radiomics (DLRSMR!), MRI radiological
(RMR!) and MRI DL radiomics-radiological (DLRRMR!). To further explore the diagnostic and predictive
value of a cross-modal approach, we developed a fused model that combined DLRRT and DLRRMR,
Receiver operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA)
were employed to compare the performance of different models. MRI-based models demonstrated a
superior predictive performance than CT-based models in test cohort (AUCs of MRI vs. CT: DLRR, 0.923
vs. 0.880, P=0.521; DLRS, 0.875 vs. 0.867, P=0.922; R, 0.859 vs. 0.840, P=0.808). The CT-MRI cross-
modal model yielded the highest AUC of 0.994 and 0.937 in training and test cohorts, respectively. CT-
and MRI-based DL radiomics analyses exhibited good performance in diagnosing iCCA, and the CT-MRI
cross-modal model may have significant clinical implications on detection of liver malignancies.

Keywords Intrahepatic cholangiocarcinoma, Primary liver cancer, Deep learning, Computed tomography,
Magnetic resonance imaging

Primary liver cancer (PLC) holds the third position in globally cancer-related mortality!. Hepatocellular
carcinoma (HCC) and combined hepatocellular-cholangiocarcinoma (cHCC-iCCA) represent the most
prevalent and rarest subtypes of PLC, respectively. Intrahepatic cholangiocarcinoma (iCCA) emerges as a
relatively rare neoplasm, comprising approximately 10-15% of all PLC cases?. Its occurrence is intricately linked
to bile stagnation, chronic ductal inflammation, and other provocative agents. When lesions were detected
through imaging examinations, patients were frequently found to be in the advanced stages of the disease,
exhibiting either local invasion or distant metastasis’. Radical surgical resection is still considered the foremost
therapeutic modality for PLC, but the postoperative recurrence rate of iCCA patients was 59.6-73.4%"°. Post-
resection survival outcomes for iCCA patients are inferior to those of HCC and comparable to those of cHCC-
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iCCA®. Given the dismal prognosis, it is vital to diagnose iCCA within PLC in order to choose the appropriate
therapeutic strategies.

Despite being the gold standard, biopsy necessitates an invasive surgical operation for tissue acquisition,
followed by subjective human assessment, highlighting the need for alternative non-invasive methods’. Recently
researches have shown that the application of deep learning (DL) technology, relying on CT and MRI imaging,
has been determined to be beneficial in the diagnostic process and prognostic evaluation of iCCA8-1. Overall,
previous studies generally regard MRI as being more effective than CT in visualizing the morphological features of
iCCA!"'2, Especially, the diagnostic accuracy for individuals with iCCA is improved by the combined utilization
of dynamic contrast-enhanced MRI (DCE-MRI) and a specialized T2-weighted cholangiography sequence’®.
DCE-MRI DL features have displayed considerable utility in predicting iCCA grade!*. Additionally, diffusion-
weighted imaging (DWI), as a functional MRI sequence, has potential to enhance the detection sensitivity of
tumor extent and liver metastases'®. Chen et al. developed a DWI-based DL model to predict microvascular
invasion in iCCA preoperatively'®. Notably, CT is an integral component in the clinical management of iCCA.
It can provide an intuitive visualization of iCCA associated with hepatolithiasis and offer an accurate assessment
of iCCA resectability'’. Jiang et al. demonstrated the effectiveness of CT-based DL model in predicting early
postoperative recurrence for iCCA'®.

In the management of iCCA, CT and MRI are crucial imaging modalities. Consequently, we hypothesize that
the integration of CT- and MRI-based DL radiomics can more thoroughly characterize tumor heterogeneity.
Thus, the purpose of this research was to assess the predictive capacity of the DL radiomics features from CT and
MR, correlating them with radiological features to enhance the accuracy of iCCA diagnosis.

Materials and methods

Patients

This study was approved by the Medical Ethics Committee of the First Affiliated Hospital of Zhengzhou
University and the Medical Ethics Committee of the First Affiliated Hospital of Zhengzhou University waived the
requirement of informed consent due to its retrospective design (2022-KY-0752-001). All procedures performed
in this study comply with the Declaration of Helsinki (revised in 2013).

We performed a retrospective analysis of 178 patients with PLC, confirmed through histopathological
examination, who were treated at the First Affiliated Hospital of Zhengzhou University between January 2016
and October 2023. The exclusion criteria: (1) lack of enhanced CT or MRI before histopathological examination;
(2) history of local or systematic treatment before imaging examination; (3) deficient of clinical data; (4) poor
image quality. PLC patients who underwent both CT and MRI scans before histopathological examination were
enrolled in our research. Fig. 1. depicted the selection process. Consequently, we enrolled 137 patients undergoing
resection (iICCA =25; non-iCCA=112) and 41 patients undergoing biopsy (iCCA =14; non-iCCA =27). The
recorded clinical data included age, sex, history of hepatitis B virus (HBV) infection, and laboratory parameters
of each patient. A flowchart of the research design is displayed in Fig. 2.

Imaging processing and characteristics analysis
The detailed protocol of CT and MRI scan were outlined in the Supplementary.

Two radiologists performed retrospective interpretation of image characteristics on CT and MR imaging in
the picture archiving and communication (PACS) system, both of whom were blinded to pathological results and
clinical factors. The following findings'®-*? were documented: (a) location (left lobe, right lobe or subcapsular),
(b) satellite nodules, (c) cirrhosis, (d) largest cross-sectional tumor diameter, (e) tumor morphology (round or
oval, lobulated or irregular), (f) lesion contour (well defined or obscure), (g) appearance of the liver capsule
(neither bulging nor retraction, partial bulging or partial retraction), (h) intrahepatic cholangiectasis, (i)
intrahepatic duct stone, (j) macrovascular invasion, (k) intra-tumoral vessels, (I) pseudocapsule, (m) lymph
node enlargement, (n) intra-tumoral necrosis, (0) rim-like arterial phase hyperenhancement, (p) diffuse arterial
phase hyperenhancement, (q) diffuse arterial phase hypoenhancement, (r) wash-in and wash-out, (s) progressive
enhancement, and (t) stable enhancement. For MRI, we also documented: (u) T2-weighted imaging (T2WI)
signal (homogeneous signal, peripheral rim high signal or central high signal) and (v) target appearance on the
high-b-value (b=800) DWI. Typical characteristics on MRI and CT images were showed in Fig. 3.

Details are presented in the Table S1. Patients were evaluated in random order. When there were multiple
lesions, analyze the largest lesion.

Tumor segmentation and DL feature extraction

Nine sequences were selected for this research, encompassing the non-contrast phase (NP), arterial phase (AP),
and venous phase (VP) of CT, as well as T1-weighted imaging (T1WI), T2WI, DWI, optimal hepatic artery
late phase (AP), VP, and 3-min delayed phase (DP) of MRI. Contrast-enhanced CT and MRI images were
imported into the ITK-SNAP software (Version 3.8.0), respectively. Following visual inspection, two radiologists
with over 5 years of experience delineated region of interest (ROI) on the largest slice of the tumor. To ensure
standardization, the bicubic spline interpolation algorithm was employed to resample the original images to a
voxel size of 1x1x1 mm?3?3. Unstable features with intra- and interclass correlation coefficients (ICCs) below
0.75 were filtered**.

DL radiomics score development

We employed a residual convolutional neural network (Resnet-50) model trained by migration learning to extract
DL features and utilized principal component analysis (PCA) to reduce feature dimension. PCA transforms the
raw data into a queue of linearly independent representations of each dimension through linear transformation.
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Fig. 1. Flowchart shows patient recruitment and study design.
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The 10-fold cross-validation and least absolute shrinkage and selection operator (LASSO) was adopted to refine
DL features and get final CT DL radiomics score (DLRS®T) and MRI DL radiomics score (DLRSMRY), respectively.

Development of radiological model and DL radiomics-radiological model

We used the univariate and multivariate analysis to screen impactful CT and MRI radiological characteristics to
diagnose iCCA within PLC, respectively. All significant characteristics (P <0.05) identified through univariate
analysis were considered for stepwise multivariate analysis. Then, the CT radiological model (R®T) and MRI
radiological model (RMX) were constructed by the selected radiological characteristics using multivariate
logistic regression in the training cohort, respectively. The prominent radiological characteristics and the DL
radiomics score were combined to construct the CT deep learning radiomics-radiological model (DLRR®T) and
the MRI deep learning radiomics-radiological model (DLRRMRY).

Inter- and intra-modality comparisons

Inter-modality and intra-modality comparisons were performed to assess and contrast the predictive capabilities
of CT and MRI. In inter-modality comparisons, we compared the area under the receiver operating characteristic
curve (AUC) between R°T and RMRL, DLRSCT and DLRSMRL, along with DLRRCT and DLRRMRL, Intra-modality
comparisons were conducted to contrast DL features and radiological characteristics derived from CT and MRI,
respectively, and to investigate whether the integration of radiological characteristics and DL features is more
meaningful for diagnosing iCCA within each imaging modality. The AUC of DLRS, R and DLRR model was
compared in CT and MR, respectively.
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Fig. 2. Diagram shows steps involved in feature extraction, feature selection and model construction. NP non-
contrast phase; AP arterial phase; VP venous phase; T1 T1-weighted imaging; T2 T2-weighted imaging; DWI
diffusion-weighted imaging; PCA principal component analysis; LASSO least absolute shrinkage and selection
operator; DLRSCT CT DL radiomics score; R°T CT radiological model; DLRRCT CT DL radiomics-radiological
model; DLRSMRI MRI DL radiomics score; RYR MRI radiological model; DLRRMR! MRI DL radiomics-
radiological model.

Development and evaluation of CT-MRI fused model

We developed a CT-MRI fused model that combined DLRRT and DLRRM® models by multivariate logistic
regression. AUC, accuracy (ACC), sensitivity (SENS), specificity (SPEC), negative predictive value (NPV) and
positive predictive value (PPV) were used to assess and compare the capacity of the fused model and other
models. Moreover, we adopted the Shapley Additive exPlanations (SHAP) interpretation tool to provide an
intuitive explanation of model.

Statistical analysis

For univariate analysis, either the Mann-Whitney U test or independent t-test was employed to numeric
variables. Discrepancies in categorical data were analyzed using Fisher’s exact test or Chi-square test, designating
P<0.05 as statistically significant. Regression coeflicients, derived from training cohort, were deployed in test
cohort. We compared AUCs of diverse models via the Delong test. Calibration curves were employed to visually
illustrate the consistency between the actual and predicted probability of these models. For evaluating net
clinical benefits, decision curve analysis (DCA) was undertaken. The packages used in this study were displayed
in Supplementary.

Results

Clinical information

In this study, all 178 patients had available histopathological results. The histopathological examination revealed
39 cases of iCCA and 139 cases of non-iCCA (128 HCC and 11 cHCC-iCCA). The included cases were split
into the training and test cohorts (124 in the training cohort and 54 in the test cohort). The allocation of patient
characteristics across these two cohorts manifested no notable differences. (Table S2 and S3). The baseline
information of the cohorts was summarized in Table 1. Significant difference in age, sex, carbohydrate antigen
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Fig. 3. Typical characteristics on MRI and CT images. (A) A venous phase CT image shows a hypodense mass
and intrahepatic cholangiectasis (arrow) in the liver. (B) A venous phase CT image shows a hypodense mass in
left lobe and intrahepatic duct stone (arrow). (C) A venous phase CT image shows multiple lesions and hepatic
vein invasion (arrow). (D) A venous phase CT image shows a hypodense mass with intratumor vessel (arrow).
(E-F) An iCCA patient shows stable enhancement on arterial and venous CT images. (G-I) An iCCA patient
shows rim-like arterial phase hyperenhancement on arterial phase image, with progressive enhancement on
arterial, venous and delayed MRI images. (J) A HCC patient shows target appearance on the high-b-value
(b=2800) DWI image. (K-L) A HCC patient shows wash-in and wash-out on arterial and venous MRI images,
with a pseudocapsule on venous phase MRI image.

199 (CA-199), y-glutamyl transpeptidase (GGT), history of HBV infection, and alkaline phosphatase (ALP)
were noted between the training cohort (all P<0.05).

DL feature selection and performance of DLRS®" and DLRSMR!

After PCA and LASSO, the best valuable DL features were respectively selected from CT and MRI images.
The DLRSCT and DLRSMR! was respectively constructed with the multivariate logistic regression to diagnosing
iCCA within PLC. In the training cohort, the DLRSCT achieved an AUC of 0.941, with sensitivity of 0.905,
specificity of 0.825, and accuracy of 0.839. In the test cohort, these metrics were 0.867, 0.867, 0.667, and 0.722,
respectively. For DLRSMRL, the AUC was 0.946 in the training cohort, with sensitivity of 0.857, specificity of
0.835, and accuracy of 0.839. In the test cohort, these metrics were 0.875, 0.733, 0.769, and 0.759, respectively.

Independent variables in the radiological and DLRR models

The inter-reader agreement attained between two readers regarding the radiological characteristics is considered
satisfactory. The univariate and multivariate analysis of CT and MRI radiological characteristics of iCCA and
non-iCCA categories in the training cohort were summarized in Tables 2 and 3, respectively.
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Training cohort (124) Test cohort (54)
Variable non-iCCA (96) | iCCA (28) P non-iCCA (43) iCCA (11) P
Age (years) 55.76+9.67 60.39+7.54 0.021* | 57.40+10.21 57.64+8.96 0.943
AFP (ng/mL) 1755.66 £6956.59 | 24.42+100.74 0.192 | 3576.47£8852.38 | 3.11+£1.56 0.190
CEA (ng/mL) 3.84+8.90 7.91+14.63 0.072 | 2.20+1.43 10.89+16.81 0.001*
CA-199 (U/mL) 65.80+232.35 1353.55+£3196.06 | <0.001* | 102.66+397.79 2441.93 £5903.09 0.012*
ALT (U/L) 53.91+67.83 78.57+148.73 0.215 | 51.84+52.90 103.82+£113.01 0.029*
AST (U/L) 55.23+74.12 71.11+£109.28 0.376 | 66.74+73.66 100.00+119.59 0.249
GGT (U/L) 82.43+134.01 240.04+427.55 0.002* | 112.65+147.92 302.09+393.55 0.013*
ALP (U/L) 120.69 £ 84.61 239.61+£265.57 <0.001* | 124.19+£94.19 217.18£157.00 0.015*
TBil (pmol/L) 30.73+57.11 32.19+62.03 0.907 | 32.42+80.11 115.14+151.82 0.016*
IBil (umol/L) 10.01+£9.87 7.93+12.51 0.360 | 10.26+13.67 14.07£12.87 0.407
Sex (%) <0.001* 0.737
female 15.6 60.7 25.6 36.4
male 84.4 39.3 74.4 63.6
History of HBV infection (%) <0.001* <0.001*
Present 62.5 14.3 53.7 0
Absent 37.5 85.7 46.3 100.0

Table 1. Patient characteristics of two cohorts. Categorical variables shown with percentage; continuous
variables shown with mean + standard deviation (SD); *indicates P<0.05. AFP alpha fetoprotein; CEA
carcinoembryonic antigen; CA-199 carbohydrate antigen 199; ALT alanine aminotransferase; AST aspartate
aminotransferase; GGT y-glutamyl transpeptidase; ALP alkaline phosphatase; TBil total bilirubin; IBil
indirectly bilirubin; HBV hepatitis B virus.

Univariate analysis Mulitivariate analysis
Characteristics OR 95%CI P OR | 95%CI P
Location 0.723 | 0.354-1.474 0.369
Satellite nodule 0.688 | 0.241-1.701 0.445
Cirrhosis 0.088 | 0.021-0.261 <0.001* | 0.262 | 0.035-1.543 | 0.154
Largest cross-sectional tumor diameter 1.010 | 0.999-1.020 0.070
Tumor morphology 1.653 | 1.113-2.511 0.015%
Lesion contour 4.537 | 1.802-13.894 0.003* | 2.440 | 0.047-15.422 | 0.305
Appearance of the liver capsule 2.474 | 1.482-4.190 <0.001* | 1.196 | 0.754-3.080 | 0.703
Intrahepatic cholangiectasis 14.886 | 6.196-37.923 | <0.001* | 4.246 | 1.059-19.092 | 0.046*
Intrahepatic duct stone 22.742 | 3.509-443.973 | 0.005*
Macrovascular invasion 1.901 | 0.679-4.904 0.197
Intra-tumoral vessels 0.526 | 0.210-1.193 0.142
Pseudocapsule 0.060 | 0.003-0.290 0.006*
Lymph node enlargement 4.007 | 1.888-8.768 0.001* | 3.258 | 0.939-12.416 | 0.069
Intra-tumoral necrosis 1.146 | 0.468-2.613 0.754
Rim-like arterial phase hyperenhancement | 4.139 | 1.864-9.215 <0.001* | 0.934 | 0.166-4.904 | 0.936
Diffuse arterial phase hyperenhancement 0.064 | 0.018-0.172 <0.001* | 0.608 | 0.104-3.243 | 0.564
Diffuse arterial phase hypoenhancement 3.744 | 1.698-8.258 0.001*
Wash-in and wash-out 0.029 | 0.005-0.101 <0.001* | 0.127 | 0.013-0.921 | 0.048*
Progressive enhancement 15.750 | 6.791-38.768 | <0.001* | 4.709 | 1.054-24.111 | 0.052
Stable enhancement 5.792 | 1.221-30.627 0.02*

Table 2. Univariate and multivariable analysis of CT radiological characteristics for diagnosing iCCA in the
training cohort. *indicates P<0.05. OR odds ratio; CI confidence interval.

Following the univariate and multivariate analysis, two radiological characteristics included intrahepatic
cholangiectasis (odds ratio [OR], 4.246; 95% confidence interval [CI], 1.059-19.092; P<0.05) and wash-in and
wash-out (OR, 0.127; 95% CI, 0.013-0.921; P<0.05) displayed statistically significant differences were selected
as independent predictors for diagnosing iCCA within PLC to develop R°T model. Cirrhosis (OR, 0.071;95% ClI,
0.006-0.481; P<0.05), rim-like arterial phase hyperenhancement (OR, 6.243; 95% CI, 1.038-46.488; P<0.05),
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Univariate analysis Mulitivariate analysis
Characteristics OR 95%CI P OR | 95%CI P
Location 0.850 | 0.413-1.767 0.660
Satellite nodule 1.251 | 0.509-2.869 0.609
Cirrhosis 0.092 | 0.022-0.273 0.001* | 0.071 | 0.006-0.481 0.015*
Largest cross-sectional tumor diameter 1.001 | 0.995-1.005 0.716
Tumor morphology 1.663 | 1.112-2.555 0.016*
Lesion contour 4.766 | 1.983-13.344 0.001* | 2.285 | 0.403-14.115 | 0.355
Appearance of the liver capsule 2.207 | 1.287-3.809 0.004* | 1.503 | 0.474-5.001 0.491
Intrahepatic cholangiectasis 16.000 | 6.609-41.159 | <0.001* | 2.976 | 0.609-16.008 | 0.182
Intrahepatic duct stone 23.667 | 3.648-462.259 0.004 |7.709 | 0.370-653.863 | 0.261
Macrovascular invasion 1.853 | 0.664-4.750 0.213
Intra-tumoral vessels 0.241 | 0.056-0.724 0.024*
Pseudocapsule 0.106 | 0.017-0.369 0.002* | 0.169 | 0.009-1.745 0.173
Lymph node enlargement 3.556 | 1.667-7.749 0.001* | 2.551 | 0.603-11.722 | 0.206
Intra-tumoral necrosis 1.528 | 0.659-3.392 0.307
Rim-like arterial phase hyperenhancement | 8.235 | 3.718-19.126 | <0.001* | 6.243 | 1.038-46.488 | 0.049*
Diffuse arterial phase hyperenhancement 0.079 | 0.026-0.201 <0.001* | 2.530 | 0.328-23.161 | 0.382
Diffuse arterial phase hypoenhancement 1.304 | 0.478-3.220 0.580
Wash-in and wash-out 0.031 | 0.005-0.107 <0.001* | 0.051 | 0.003-0.616 0.026*
Progressive enhancement 29.750 | 11.311-94.488 | <0.001* | 4.678 | 0.662-39.048 | 0.130
Stable enhancement 13.313 | 1.645-273.949 | 0.027
T2 signal 1.701 | 1.037-2.754 0.031*
Target appearance on DWI 6.000 | 2.740-13.490 | <0.001* | 0.599 | 0.070-3.785 0.606

Table 3. Univariate and multivariable analysis of MRI radiological characteristics for diagnosing iCCA in the
training cohort. * indicates P<0.05. OR odds ratio; CI confidence interval.

wash-in and wash-out (OR, 0.051; 95% CI, 0.003-0.616; P<0.05) were selected as independent predictors for
diagnosing iCCA within PLC to develop RMR! model.

The optimal CT radiological characteristics were combined with the DLRS®T to build DLRR®T by multivariate
logistic regression. Using the same method, the DLRRMX model were developed.

Results of the inter- and intra-modality comparisons

Table 4; Fig. 4A and B presented the results of different models in inter- and intra-modality comparisons. The
intra-modality comparisons results showed that DLRRCT was superior to DLRSCT and R®T model in the training
cohort (AUC=0.965, 0.941, 0.875, respectively) and test cohort (AUC=0.880, 0.867, 0.840, respectively)
(Supplementary Fig. S1). As for MRI imaging, DLRRMR! was superior to DLRSM® and RMR model in the
training cohort (AUC =0.975, 0.946, 0.935, respectively) and test cohort (AUC=0.923, 0.875, 0.859, respectively)
(Supplementary Fig. S1).

In terms of inter-modality comparisons results in test cohort, the DLRSMX! outperformed DLRSCT (AUC:
0.875 vs. 0.867, P=0.922). RMRImodel exhibited superior performance compared to the R°T model (AUC: 0.859
vs. 0.840, P=0.808). Similarly, the DLRRMRI model also outperformed DLRRCT model (AUC: 0.923 vs. 0.880,
P=0.521). Notably, the sensitivity of the DLRRMR model is 0.867, which is higher than that of the DLRR®T
model at 0.600. However, no significant differences were found in these models (P>0.05).

Construction and performance of the fused model

We constructed a CT-MRI cross-modal fused model that combined DLRR®T and DLRRMRI models. The fused
model displayed an AUC of 0.994, sensitivity of 0.952, specificity of 0.971, and accuracy of 0. 968. In the test
cohort, it exhibited sensitivity of 0.800 and specificity of 0.872 with an AUC of 0.937, indicating an accuracy
of 0.852. Compared with other models, the fused model was the optimal model, but we found no significant
difference between it and other models in Delong test (P> 0.05). Calibration curves representing the probability
of iCCA showcased a significant alignment between model forecasts and actual findings, suggesting excellent
calibration performance (Fig. 4C). The decision curves represented the constructive clinical applicability of the
fused model (Fig. 4D).

We used SHAP to interpret the contribution of selected features in diagnosing iCCA. Fig. 5A displays the
SHAP summary plot for the seven most important features in the fused model. In each feature important line,
the attributions of all patients to the results are plotted with different colored dots, where red and blue dots
indicate high and low risk values, respectively. Fig. 5B ranks these features by their mean absolute SHAP values,
where the x-axis represents feature importance in the predictive model.
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‘AUC ‘ACC ‘SENS ‘SPEC ‘PPV ‘NPV ‘Fl score

Training cohort

RCT 0.875 | 0.879 | 0.476 | 0.961 | 0.714 | 0.900 | 0.571
DLRSCT 0.941 | 0.839 | 0.905 | 0.825 | 0.514 | 0.977 | 0.655
DLRRCT 0.965 | 0.911 | 0.905 | 0.913 | 0.679 | 0.979 | 0.776
RMRI 0.935 | 0.871 | 0.810 | 0.883 | 0.586 | 0.958 | 0.680
DLRSMR! 0.946 | 0.839 | 0.857 | 0.835 |0.514 | 0.966 | 0.643
DLRRMR! 0.975 | 0.944 | 0.905 | 0.951 |0.792 | 0.980 | 0.844

Fused model | 0.994 | 0.968 | 0.952 | 0.971 | 0.870 | 0.990 | 0.909

Test cohort

RCT 0.840 | 0.704 | 0.467 | 0.795 | 0.467 | 0.795 | 0.467
DLRSCT 0.867 | 0.722 | 0.867 | 0.667 | 0.500 | 0.929 | 0.634
DLRRC! 0.880 | 0.870 | 0.600 | 0.974 | 0.900 | 0.864 |0.720
RMRI 0.859 | 0.778 | 0.667 | 0.821 | 0.588 | 0.865 | 0.625
DLRSMR! 0.875 | 0.759 | 0.733 | 0.769 | 0.550 | 0.882 | 0.629

DLRRMRI 0.923 | 0.796 | 0.867 | 0.769 | 0.591 | 0.938 | 0.703
Fused model | 0.937 | 0.852 | 0.800 | 0.872 | 0.706 | 0.919 | 0.750

Table 4. Performance of different models in diagnosing iCCA. AUC the area under the receiver operating
characteristic curve; ACC accuracy; SENS sensitivity; SPEC specificity; PPV positive predictive value; NPV
negative predictive value.

Discussion

The current study involved an evaluative analysis of CT- and MRI-based DL features for diagnosing iCCA within
PLC. PLC patients who received both CT and MRI scans before histopathological examination were included
in our study. We constructed and evaluated six distinct models: DLRS®T, R®T, DLRR®T from CT imaging, and
DLRSMRL, RMRL D] RRMRI from MRI imaging. Additionally, a cross-modal fused model was introduced and
yielded the highest AUC value.

In clinical settings, CT and MRI have emerged as indispensable tools for the evaluation of PLC. Possessing
greater spatial resolution, CT is superior in identifying vascular involvement and evaluating resectability®.
Compared to CT, MRI is more advantageous in detecting liver fibrosis and small lesions due to its inherently soft
tissue resolution?. A comprehensive review of prior researches unveiled a high rate of misdiagnosing iCCA as
either HCC or cHCC-iCCA?%. On CT and MR, iCCA typically manifests as a hypodense mass with progressive
enhancement?®. Approximately 20% of cases exhibit encapsulation retraction, which is attributed to the
combined effects of chronic biliary obstruction and adjacent hepatic parenchymal atrophy, both stemming from
the abundant fibrous components within the tumor®®. On T2WI, ICCs exhibit heterogeneously hyperintense
and may also display central hypointensity corresponding to fibrotic regions®’. A previous study showed that the
target appearance on DWI can also be used to characterize iCCA, with sensitivity of 0.803!.

In our study, we performed multivariate analysis and retained CT wvariables including intrahepatic
cholangiectasis, along with wash-in and wash-out to develop R€T model. For MRI, wash-in and wash-out,
cirrhosis and rim-like arterial phase hyperenhancement were incorporated into RM¥ model. During RMR model
development, we also probed the potential of target appearance on DWI and T2 signal for iCCA identification,
yet neither showed statistical significance in the multivariate analysis. Notably, the final variables in the R¢T
and RMRImodels were discrepant, potentially attributed to MRI’s superior sensitivity in detecting cirrhosis®.
Some literature has shown that lesions initially presenting with a typical HCC enhancement pattern (wash-
in and wash-out) were ultimately diagnosed as iCCA upon histopathology examination®**. In our study, this
characteristic has been identified as an independent predictor for identifying iCCA in both R®T and RMX!, We
attributed it to the small sample size of iCCA. Anyway, the results indicated a slightly higher AUC for the RMX!
model compared to the R®T model.

DL has emerged as a rising approach for quantitative feature extraction and extensively employed in the
clinical management of disease. Several studies have shown that classifying liver lesions based on multi-phase
CT or MRI DL models is feasible>>~*”. As evidenced by the findings from Hamm et al.*, which constructed a
DL model tailored for categorizing six prevalent liver lesions within MRI images, reporting an accuracy rate of
0.919. If classified into three expansive categories of benign lesions, HCC, and malignant non-HCC lesions, the
accuracy can reach the highest 0.943. By using different phases CT imaging, DL has effectively discerned HCC
from other focal liver lesions¥. These researches encompassed typical benign lesions, for instance, cysts and
focal nodular hyperplasia. Within medical settings, differentiating between benign lesions and malignancies isn't
excessively challenging. However, categorizing within malignancies regularly represents a profound difficulty.
A previous study documented that DL models achieved high AUCs of 0.986, 0.881, and 0.920 for the diagnosis
of HCC, iCCA and metastasis, respectively, on an external test set®®. In this paper, we concentrated on the
classification within PLC and consider iCCA as identification target. Because iCCA and other subtypes of PLC
have different treatment methods, especially in terms of local and systemic treatment practice®. DL radiomics
analysis was employed to identify iCCA and demonstrated remarkable performance, with AUCs of 0.946 and
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Fig. 4. ROC curves of different models in training (A) and test (B) cohorts. (C) Calibration curves of different
models in test cohort. The gray dotted line represents an ideal prediction. (D) Decision curve analysis for
different models in test cohort. The x-axis is the threshold probability and the y-axis is the net income.

0.941 for DLRSMR and DLRS®T in training cohort and 0.875 and 0.867 in test cohort, respectively. This outcome
manifests the feasibility of DL models for identifying iCCA.

In the inter-imaging modality comparison, the performance of MRI-based DLRS, R, and DLRR had
marginally surpassed that of CT-based counterparts. Notably, the specificity of the DLRRMR! model is 0.951,
which is higher than that of the DLRR®Tmodel at 0.913 in training cohort. Higher specificity can reduce the
incidence of false positive results, thereby decreasing the rate of misdiagnosis. We speculate that the superior
performance of MRI in soft tissue contrast and multi-parametric imaging enables it to reveal anatomical details
and lesion characteristics more clearly, which may be a key factor in generating high-quality training data.
Conversely, CT data is more susceptible to interference from noise and artifacts, which may cause the model
to capture features unrelated to the lesion, thereby reducing the specificity of the model. Our research results
indicated that regardless of the imaging method, DLRS always outperformed R model, which is consistent
with previous research findings'**!. Furthermore, the DLRR model outperformed the DLRS in both imaging
modalities, underscoring the value of integrating DL features and radiological characteristics. However, no
statistically significant differences were identified among the six models. Consequently, our findings indicated
that CT and MRI may possess comparable predictive capabilities in the identification of iCCA. Liu et al.*? used
radiomics analysis on CT and MRI imaging to classify PLC into HCC and non-HCC groups, arterial phase MRI
model showed a higher AUC (0.81) than it in arterial phase CT model (0.52). Different from Liu, we not only
performed comparison of CT and MRI DL radiomics analysis, but also performed combination of CT and MRI.
We built a CT-MRI fused model, which was the optimal model with the AUC of 0.994 and 0.937 in training and
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Fig. 5. SHAP interprets the model. (A) Attributes of characteristics in SHAP. Each line represents a feature,
and the abscissa is the SHAP value. Red dots represent higher eigenvalues and blue dots represent lower
eigenvalues. (B) Feature importance ranking as indicated by SHAP. The matrix diagram describes the
importance of each covariate in the development of the final prediction model. WIHOM®! wash-in and wash-
out in MRI; RAPHMR! rim-like arterial phase hyperenhancement in MRI; IC®T intrahepatic cholangiectasis in
CT; WIWOCT wash-in and wash-out in CT.

test cohorts, respectively. Therefore, this model showed promising potential for improving patient management
and facilitating treatment decision-making. But this process may also increase the economic burden on patients.

This study had some limitations. Firstly, all retrospective CT and MRI imaging data come from a unified
center and need to be validated in more centers. Secondly, due to the relative rarity of iCCA, there were few
cases in this study, so we will search for more samples for future research. In future investigations, we will
systematically collect prognostic data from iCCA patients to investigate the potential correlation between deep
learning features and clinical outcomes. Thirdly, our study only includes PLC and does not include other liver
lesions. Identifying more types of lesions is more challenging.

Conclusions

In summary, we developed and compared the diagnostic value of CT- and MRI-based DL models in identifying
iCCA. Nevertheless, DL analysis did not display a significant difference between MRI and CT. The cross-modal
fused model incorporating both CT and MRI could effectively identify iCCA, making it a non-invasive and
convenient tool for physicians.

Data availability
Due to patient privacy concerns, the hospital dataset generated and analyzed during this study is not publicly
available, but can be obtained from the corresponding author upon reasonable request.
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