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Performance of a magnetic resonance imaging-based radiomics 
score combined with apparent diffusion coefficient in predicting 
hepatocellular carcinoma recurrence and disease-free survival: 
a retrospective cohort study

PURPOSE
This study aimed to evaluate the prognostic value of apparent diffusion coefficient (ADC) measure-
ments and a predefined magnetic resonance imaging (MRI)-based radiomics score for predicting 
early recurrence and disease-free survival (DFS) in patients with hepatocellular carcinoma (HCC) 
undergoing curative surgical resection.

METHODS
This retrospective study included 200 patients who underwent curative-intent resection for HCC 
between January 2021 and January 2025, with follow-up data reviewed through January 2026. Pre-
operative multiparametric MRI examinations, including DWI, ADC maps, and dynamic contrast-en-
hanced sequences, were reviewed. The predefined radiomics score was derived from a validated 
institutional MRI-based radiomics pipeline using ADC maps and contrast-enhanced MR images. In 
the present cohort, the score was analyzed together with region-of-interest (ROI)-based ADC mea-
surements as a fixed imaging biomarker, without any additional feature selection, model training, 
or model retraining. Early recurrence was defined as recurrence within 12 months after surgery. 
Univariable and multivariable logistic regression analyses were performed to identify predictors of 
recurrence. Prognostic performance was evaluated using receiver operating characteristic analysis, 
and model discrimination was compared using the DeLong test. The DFS was assessed using Ka-
plan–Meier and Cox proportional hazards analyses.

RESULTS
Early recurrence occurred in 66 of 200 patients (33.0%). In multivariable logistic regression analysis, 
tumor size [odds ratio (OR): 1.55, 95% confidence interval (CI): 1.27–1.89, P < 0.001), ADC (OR: 0.29, 
95% CI: 0.18–0.46, P < 0.001), and radiomics score (OR: 4.74, 95% CI: 2.85–7.89, P < 0.001) were 
independent predictors of recurrence. The radiomics score alone achieved an area under the curve 
(AUC) of 0.767, whereas ADC achieved an AUC of 0.707. Combining the ADC and radiomics score 
significantly improved predictive performance (AUC: 0.837), outperforming both ADC alone (P < 
0.001) and the radiomics score alone (P = 0.008). The full multivariable model demonstrated the 
highest discriminatory performance (AUC: 0.892). For survival analysis, larger tumor size, multiple 
lesions, lower ADC values, and higher radiomics scores were independently associated with shorter 
DFS. Patients classified as high-risk according to the optimal radiomics score cut-off exhibited sig-
nificantly worse DFS than low-risk patients (log-rank P < 0.001).

CONCLUSION
Measurements of the ADC and a predefined MRI-based radiomics score provided complementary 
prognostic information in patients with HCC. The combined ADC–radiomics score improved pre-
diction of early recurrence and DFS compared with either parameter alone. These findings support 
further validation of quantitative MRI biomarkers for non-invasive risk stratification after curative 
HCC resection.
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Hepatocellular carcinoma (HCC) is the 
most common primary liver malig-
nancy and remains one of the leading 

causes of cancer-related mortality world-
wide. Surgical resection offers a potentially 
curative treatment option for selected pa-
tients; however, postoperative recurrence re-
mains common and continues to be a major 
factor affecting long-term outcomes. Identi-
fying patients at increased risk of recurrence 
before treatment may help optimize thera-
peutic decision-making and postoperative 
surveillance.1

Magnetic resonance imaging (MRI) is 
routinely used in the evaluation of HCC and 
provides both morphological and function-
al information about tumor characteristics. 
Among MRI-derived parameters, diffu-
sion-weighted imaging (DWI) and the appar-
ent diffusion coefficient (ADC) have received 
increasing attention because they reflect 
tissue cellularity and microstructural organi-
zation. Lower ADC values have been associ-
ated with poor tumor differentiation, micro-
vascular invasion, and aggressive biological 
behavior. Several studies have also reported 
an association between low ADC values and 
a higher likelihood of recurrence following 
curative treatment.2-5

Disease-free survival (DFS) is one of the 
most commonly used outcome measures in 
HCC studies because recurrence remains the 
principal determinant of long-term progno-
sis. Accurate estimation of recurrence risk 
before surgery may facilitate individualized 
follow-up strategies and improve patient 
selection for treatment. As a result, consid-
erable effort has been directed toward the 
identification of imaging biomarkers capable 
of predicting recurrence and survival out-
comes.6-9

Recent advances in artificial intelligence 
(AI) have expanded the role of medical imag-
ing beyond visual interpretation. Radiomics 
allows quantitative assessment of imaging 
data through the extraction of large num-
bers of features that may reflect underlying 
tumor heterogeneity. Previous studies have 
shown that radiomics features derived from 
MRI can provide information regarding tu-
mor differentiation, microvascular invasion, 
recurrence risk, and survival outcomes in pa-
tients with HCC.6-16

ADC maps have also become an import-
ant source for radiomics analysis. Unlike 
conventional ADC measurements, radiomics 
features extracted from ADC maps may cap-
ture spatial heterogeneity within the entire 
tumor and provide additional information 
regarding tumor biology. Several studies 
have suggested that ADC-based radiomics 
features may improve the prediction of tu-
mor aggressiveness, histopathological char-
acteristics, and postoperative recurrence.2-5

Despite these findings, data regarding the 
combined prognostic value of conventional 
ADC measurements and MRI-based radio-
mics scores remain limited. Therefore, this 
study aims to evaluate the prognostic value 
of ADC measurements and an MRI-based ra-
diomics score for predicting early recurrence 
and DFS in patients with HCC undergoing 
curative surgical resection.

Methods

Study population

This retrospective study was approved 
by the Research Ethics Committee of Erzin-

can Binali Yıldırım University (protocol num-
ber: 2026-01/03, date: 08.06.2026). Patients 
who underwent curative surgical resection 
for HCC between January 2021 and Janu-
ary 2025 at the participating Erzincan Binali 
Yıldırım University Mengücek Gazi Training 
and Research Hospital were reviewed. The re-
quirement for informed consent was waived 
because of the retrospective design.

Ethics committee approval was obtained 
before data extraction and statistical anal-
ysis. No prospective patient recruitment, 
study-related imaging, or intervention was 
performed before ethics approval. Follow-up 
data were reviewed through January 2026, 
allowing assessment of 12-month early re-
currence for patients without earlier docu-
mented recurrence. The study period refers 
to the retrospectively reviewed treatment 
and follow-up interval and not to prospec-
tive enrollment before ethics approval.

Initially, 287 patients were identified 
through the hospital information system, 
pathology database, and radiology archive. 
Patients without preoperative multiparamet-
ric liver MRI examinations (n = 31), patients 
with follow-up < 12 months (n = 24), patients 
with inadequate image quality for quantita-
tive imaging analysis (n = 18), and patients 
with incomplete clinical data (n = 14) were 
excluded. Consequently, 200 patients were 
included in the final analysis (Figure 1).

All included patients underwent cura-
tive-intent surgical resection. Patients treat-
ed with ablation, liver transplantation, or 
systemic therapy were excluded. Clinical 
data were retrieved from electronic medical 
records. Age, sex, tumor size, lesion number, 
follow-up duration, recurrence status, and 
imaging findings were recorded.

Magnetic resonance imaging evaluation 
and radiomics score

Preoperative MRI examinations were 
performed on a 3.0-T Siemens Healthineers 
MAGNETOM Skyra scanner (Siemens Health-
ineers, Erlangen, Germany) according to a 
standardized institutional liver MRI proto-
col. The protocol included axial T1-weight-
ed in-phase and opposed-phase imaging, 

Main points

•	 Early recurrence occurred in 33.0% of pa-
tients after curative surgical resection for 
hepatocellular carcinoma.

•	 Lower region-of-interest-based apparent 
diffusion coefficient (ADC) values and high-
er predefined magnetic resonance (MR) 
imaging-based radiomics scores were asso-
ciated with early postoperative recurrence.

•	 The radiomics score was derived from ADC 
maps and contrast-enhanced MR images 
and was evaluated without redevelopment 
of the original radiomics pipeline.

•	 The combined ADC–radiomics score 
showed higher discriminatory performance 
than ADC or the radiomics score alone.

•	 Higher radiomics scores were associated 
with shorter disease-free survival; external 
validation is required before clinical imple-
mentation.

CLINICAL SIGNIFICANCE
The combined assessment of ROI-based ADC measurements and a predefined MRI-based radiomics score may help refine postoperative surveillance 
strategies after curative HCC resection, pending validation in independent cohorts.
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Apparent diffusion coefficient, disease-free survival, hepatocellular carcinoma, magnetic resonance imaging, radiomics score
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T2-weighted imaging, DWI, and automatical-
ly generated ADC maps. In routine clinical ac-
quisition, DWI was performed using b values 
of 0, 50, 400, and 800 s/mm2, with slice thick-
ness ranging from 4 to 6 mm depending on 
the sequence and scanner protocol. Dynam-
ic contrast-enhanced T1-weighted imaging 
was also obtained, including arterial, portal 
venous, and delayed phases when available.

The radiomics score used in this study was 
a predefined MRI-based radiomics score de-
rived from a validated institutional MRI-based 
radiomics pipeline using ADC maps and con-
trast-enhanced MRI. According to the origi-
nal radiomics score derivation, whole-tumor 
segmentation was performed on preopera-
tive MRI examinations using 3D Slicer soft-
ware, version 5.12.0 (The Slicer Community, 
Boston, MA, USA), and radiomics features 
were extracted from ADC maps and con-
trast-enhanced MRI sequences. The extract-
ed features reportedly included first-order, 
shape, and texture features derived from the 
gray-level co-occurrence matrix, gray-lev-
el run length matrix, gray-level size zone 
matrix, gray-level dependence matrix, and 
neighbouring gray-tone difference matrix. 
Feature selection was performed using least 
absolute shrinkage and selection operator 
regression, and eight features were retained 
to generate the radiomics score. As the radio-
mics score was already available within the 
study dataset, no additional image segmen-
tation, feature extraction, feature selection, 
or model development was performed in the 
present study. The radiomics score, which 
incorporated both diffusion-related and con-
trast-enhancement-related tumor informa-

tion, was analyzed as a quantitative imaging 
biomarker together with ADC values for the 
evaluation of recurrence and DFS.

No new radiomics feature extraction, 
feature selection, model training, or model 
optimization was performed in the present 
cohort. The current analysis evaluated the 
prognostic value of the available radiomics 
score rather than redeveloping the original 
radiomics pipeline.

Image evaluation was performed retro-
spectively by a single radiologist (SA) expe-
rienced in abdominal MRI, who was blinded 
to recurrence status and survival outcomes 
at the time of imaging review. Because the 
imaging assessment was performed by a sin-
gle reader, interobserver agreement was not 
calculated.

ADC values were measured on ADC 
maps using a region-of-interest (ROI)-based 
approach. A single ROI was placed on the 
section showing the largest solid viable tu-
mor component, and the mean ADC value 
obtained from this ROI was used for analy-
sis. Necrotic, hemorrhagic, cystic, and arti-
fact-containing areas were avoided when-
ever identifiable. The ADC was recorded as a 
quantitative imaging parameter and includ-
ed in the regression and survival analyses.

Non-rim arterial phase hyperenhance-
ment was evaluated on dynamic contrast-en-
hanced MRI and recorded as a conventional 
imaging variable.

The combined ADC–radiomics score fea-
tures consisted of the ADC value and radio-

mics score. For the full multivariable model, 
age, sex, tumor size, lesion number, ADC 
value, non-rim arterial phase hyperenhance-
ment, and radiomics score were entered as 
candidate variables for model comparison.

Study endpoints

The primary endpoint was early recur-
rence, defined as intrahepatic or extrahe-
patic recurrence detected within 12-months 
after surgical resection. Recurrence was de-
termined by reviewing follow-up imaging 
examinations, radiology reports, clinical re-
cords, and pathology results when available.

During follow-up, recurrence was main-
ly diagnosed using contrast-enhanced MRI 
and/or contrast-enhanced computed to-
mography (CT). Ultrasound, laboratory find-
ings, and clinical follow-up were also con-
sidered when they supported the imaging 
diagnosis.

Imaging findings accepted as recurrence 
included a newly developed hepatic lesion 
compatible with HCC, interval growth of a 
suspicious lesion, newly detected intrahe-
patic tumor, or extrahepatic metastatic dis-
ease. Histopathological confirmation was 
considered when available; however, recur-
rence diagnosis was primarily based on char-
acteristic follow-up imaging findings.

The secondary endpoint was DFS, defined 
as the interval between surgical resection 
and the first documented recurrence or last 
follow-up.

Figure 1. Flowchart of the patient recruitment and selection process. PACS, picture archiving and communication system; MRI, magnetic resonance imaging.
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Statistical analysis

Continuous variables were expressed as 
mean ± standard deviation, whereas cate-
gorical variables were expressed as frequen-
cies and percentages. ADC values and radio-
mics scores were standardized as z-scores 
before inclusion in the regression models; 
therefore, odds ratios (ORs) and hazard ra-
tios (HRs) for these variables are reported per 
1-standard-deviation increase. Univariable 
and multivariable logistic regression analy-
ses were performed to identify independent 
predictors of early recurrence. Results were 
reported as ORs with 95% confidence inter-
vals (CIs).

Receiver operating characteristic (ROC) 
analysis was performed to evaluate the pre-
dictive performance of ADC, radiomics score, 
the combined ADC–radiomics score, and 
the full multivariable model. The combined 
ADC–radiomics score included the ADC val-
ue and radiomics score. The full multivariable 
model included age, sex, tumor size, lesion 
number, ADC value, non-rim arterial phase 
hyperenhancement, and radiomics score.

Area under the ROC curve (AUC) val-
ues were compared using the DeLong test, 
which was used for pairwise comparison of 
correlated ROC curves. Bootstrap analysis 
was additionally performed as an internal re-
sampling procedure to assess the stability of 
AUC estimates.

The optimal radiomics score cut-off for 
recurrence prediction was determined using 
the Youden index. Patients were subsequent-
ly stratified into low-risk and high-risk groups 
according to this cut-off value for Kaplan–
Meier analysis.

DFS was evaluated using Kaplan–Meier 
analysis and compared with the log-rank 
test. Univariable and multivariable Cox pro-
portional hazards regression analyses were 
performed to identify independent predic-
tors of DFS. HRs with 95% CIs were report-
ed. Statistical significance was defined as a 
two-sided p value of <0.05.

Results
A total of 200 patients with HCC were 

included in the study. Early recurrence oc-
curred in 66 patients (33.0%), whereas 134 
patients (67.0%) remained recurrence-free 
during follow-up. Patients with recurrence 
demonstrated significantly larger tumors, 
lower ADC values, and higher radiomics 
scores than those without recurrence (Table 
1).

In univariable logistic regression analysis, 
tumor size (OR: 1.24, 95% CI: 1.08–1.43, P = 
0.003), standardized ADC (OR: 0.47, 95% CI: 
0.33–0.65, P < 0.001), and standardized ra-
diomics score (OR: 3.05, 95% CI: 2.08–4.46, 
P < 0.001) were significantly associated with 
recurrence. In multivariable analysis, tumor 

size (OR: 1.55, 95% CI: 1.27–1.89, P < 0.001), 
standardized ADC (OR: 0.29, 95% CI: 0.18–
0.46, P < 0.001), and standardized radiomics 
score (OR: 4.74, 95% CI: 2.85–7.89, P < 0.001) 
remained independent predictors of recur-
rence. Multiple lesions demonstrated a bor-
derline association with recurrence (OR: 2.16, 
95% CI: 0.94–4.93, P = 0.068) (Table 2).

In Cox proportional hazards analysis, larg-
er tumor size (HR: 1.28, 95% CI: 1.13–1.45, P 
< 0.001), multiple lesions (HR: 1.68, 95% CI: 
1.02–2.76, P = 0.041), lower ADC values (HR: 
0.52, 95% CI: 0.40–0.68, P < 0.001), and higher 
radiomics scores (HR: 2.55, 95% CI: 1.89–3.44, 
P < 0.001) were independently associated 
with shorter DFS (Table 3).

ROC analysis yielded an AUC of 0.707 
for ADC and 0.767 for the radiomics score. 
Combining ADC and the radiomics score im-
proved the predictive performance, achiev-
ing an AUC of 0.837, and the full multivariable 
model demonstrated the highest discrimina-
tory performance (AUC: 0.892) (Table 4 and 
Figure 2). DeLong analysis showed that the 
combined ADC–radiomics score significant-
ly outperformed ADC alone (AUC: 0.837 vs. 
0.707, P < 0.001) and the radiomics score 
alone (AUC: 0.837 vs. 0.767, P = 0.008). The 
full model also demonstrated significantly 
higher discriminatory performance than the 
combined ADC–radiomics score (AUC: 0.892 
vs. 0.837, P = 0.001). No significant difference 

Table 1. Baseline characteristics according to recurrence status

Variable Overall (n = 200) No recurrence (n = 134) Recurrence (n = 66) P value

Age, years 60.13 ± 12.00 59.68 ± 11.85 61.06 ± 12.34 0.452

Tumor size, cm 5.45 ± 2.22 5.11 ± 2.27 6.12 ± 1.96 0.001

ADC 1.11 ± 0.23 1.16 ± 0.22 1.00 ± 0.22 < 0.001

Radiomics score 0.59 ± 0.22 0.53 ± 0.21 0.73 ± 0.17 < 0.001

DFS, months 20.86 ± 8.28 24.22 ± 7.06 14.03 ± 6.09 < 0.001

Male sex 98 (49.0%) 65 (48.5%) 33 (50.0%) 0.962

Multiple lesions (≥ 2) 101 (50.5%) 66 (49.3%) 35 (53.0%) 0.725

Non-rim APHE-positive 109 (54.5%) 75 (56.0%) 34 (51.5%) 0.657

ADC, apparent diffusion coefficient; APHE, arterial phase hyperenhancement; DFS, disease-free survival.

Table 2. Multivariable logistic regression

Variable Univariable OR (95% CI) Univariable P value Multivariable OR (95% CI) Multivariable P value

Age (per year) 1.01 (0.99–1.04) 0.443 0.99 (0.96–1.03) 0.671

Male sex (vs. female) 1.06 (0.59–1.92) 0.843 1.72 (0.78–3.85) 0.183

Tumor size (per cm) 1.24 (1.08–1.43) 0.003 1.55 (1.27–1.89) < 0.001

Multiple lesions (vs. single) 1.16 (0.64–2.10) 0.616 2.16 (0.94–4.93) 0.068

ADC (per SD increase) 0.47 (0.33–0.65) < 0.001 0.29 (0.18–0.46) < 0.001

Non-rim APHE-positive 0.84 (0.46–1.51) 0.552 1.16 (0.51–2.63) 0.727

Radiomics score (per SD increase) 3.05 (2.08–4.46) < 0.001 4.74 (2.85–7.89) < 0.001

ADC and radiomics score are reported per 1-standard-deviation increase. ADC, apparent diffusion coefficient; APHE, arterial phase hyperenhancement; OR, odds ratio; CI, 
confidence interval; SD, standard deviation.
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was observed between the ADC and radiom-
ics score alone (P = 0.307) (Table 5).

The optimal radiomics score cut-off de-
termined using the Youden index was 0.62. 
A median-based cut-off (0.595) was addition-
ally evaluated and yielded a similar patient 
distribution; however, the Youden-derived 
threshold was selected for subsequent sur-
vival analyses because it maximized the dis-
crimination between recurrence and non-re-
currence. Using this threshold, 97 patients 
were classified as high-risk and 103 as low-
risk. Recurrence occurred in 56 of 97 patients 
(57.7%) in the high-risk group and in 10 of 
103 patients (9.7%) in the low-risk group (Ta-
ble 6).

Kaplan–Meier analysis demonstrated sig-
nificantly poorer DFS in the high-risk group 
than in the low-risk group (log-rank P < 
0.001) (Figure 3).

Discussion
HCC, the most common primary ma-

lignancy of the liver worldwide, remains a 
major global health concern. Imaging mo-
dalities play a central role in the surveillance, 
diagnosis, and treatment monitoring of HCC; 
however, the limitations of current screening 
methods, particularly in the detection of ear-
ly-stage tumors, have increased interest in 
AI-assisted imaging approaches.1,10

AI applications have been increasingly 
utilized in various aspects of imaging-based 
HCC assessment, including lesion detection, 
segmentation, characterization, and classi-

fication. In particular, radiomics enables the 
quantitative analysis of tumor heterogene-
ity, providing valuable insights into tumor 
biology, treatment response, and prognosis. 
When integrated with clinical and laboratory 
data, radiomics represents a promising ap-
proach that may facilitate the development 
of personalized treatment strategies.10,11

Systematic reviews, meta-analyses, and 
multicenter studies reported in the literature 
have demonstrated that radiomics-based 
models show promising results in the diag-
nosis, recurrence prediction, and prognostic 
assessment of HCC. In a systematic review 
evaluating Liver Imaging Reporting and Data 
System (LI-RADS)-based lesion classification, 
high diagnostic performance was reported 
for differentiating benign from malignant 
lesions. However, important limitations were 
highlighted, including the inclusion of pre-
dominantly typical HCC cases, the lack of 
evaluation across all LI-RADS categories, and 
the absence of external validation in most 
studies.10,11,17-19

Furthermore, multicenter studies have 
demonstrated that MRI-based radiomics, 
particularly when combined with machine 
learning or deep learning approaches, can 
non-invasively predict HCC tumor differenti-
ation with good diagnostic performance.12,13

Recent studies have further shown that 
radiomics approaches derived from deep 
learning-enhanced MRI images may improve 
the prediction of HCC histopathological 
grade compared with conventional imaging, 
highlighting the potential of radiomics for 

assessing tumor aggressiveness. Moreover, 
systematic reviews have supported the prog-
nostic value of radiomics features for survival 
prediction, while emphasizing the need for 
prospective studies and robust external vali-
dation before widespread clinical implemen-
tation.14

A meta-analysis including 49 stud-
ies reported that radiomics approaches 
outperformed traditional clinical models 
in predicting HCC recurrence, with MRI-
based models showing particularly favor-
able results. The highest predictive per-
formance was achieved by models that 
combined radiomics features with clinical data.6 
Similarly, a recent meta-analysis demonstrat-
ed that MRI-based radiomics approaches 
achieved high performance in predicting 
both recurrence and microvascular invasion, 
reaching AUC values of 0.83 and 0.87, respec-
tively, in validation cohorts.7

Accumulating evidence suggests that ra-
diomics- and deep learning-based models 
provide valuable prognostic information in 
HCC, enabling the prediction of postoper-
ative recurrence, DFS, and overall survival. 
Both CT- and MRI-derived radiomics features 
have demonstrated independent prognostic 
value, and predictive performance appears 
to improve further when imaging biomark-
ers are integrated with clinical and radio-
logical variables. These models have shown 
promising results across different treatment 
settings, including hepatic resection, liver 
transplantation, and transarterial chemoem-
bolization, and may outperform convention-
al prognostic approaches.8,9,15,16,20,21

Table 3. Cox proportional hazards analysis for disease-free survival

Variable Univariable HR (95% CI) Univariable P value Multivariable HR (95% CI) Multivariable P value

Age (per year) 1.01 (0.99–1.03) 0.341 1.00 (0.98–1.02) 0.835

Male sex (vs. female) 1.04 (0.64–1.68) 0.882 1.29 (0.79–2.12) 0.315

Tumor size (per cm) 1.18 (1.05–1.32) 0.004 1.28 (1.13–1.45) < 0.001

Multiple lesions (vs. single) 1.12 (0.69–1.81) 0.649 1.68 (1.02–2.76) 0.041

ADC (per SD increase) 0.58 (0.45–0.75) < 0.001 0.52 (0.40–0.68) < 0.001

Non-rim APHE-positive 0.80 (0.49–1.29) 0.359 0.97 (0.59–1.59) 0.898

Radiomics score (per SD increase) 2.32 (1.75–3.09) < 0.001 2.55 (1.89–3.44) < 0.001

ADC and radiomics score are reported per 1-standard-deviation increase. ADC, apparent diffusion coefficient; APHE, arterial phase hyperenhancement; HR, hazard ratio; CI, 
confidence interval; SD, standard deviation.

Table 4. Bootstrap analysis of AUC estimates

Model AUC Model 1 Model 2 Bootstrap approx. P value

ADC 0.707 ADC Radiomics 0.315

Radiomics 0.767 ADC ADC + radiomics score < 0.001

ADC + radiomics score 0.837 Radiomics ADC + radiomics score 0.009

Full model 0.892 ADC + radiomics score Full model < 0.001

ADC, apparent diffusion coefficient; AUC, area under the receiver operating characteristic curve.
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The potential of radiomics features de-
rived from ADC maps to reflect the biologi-
cal behavior of HCC has been investigated in 
several studies.

In the diagnostic setting, a study involving 
83 patients with HCC and 46 patients with 
intrahepatic cholangiocarcinoma reported 
that machine learning models based on ra-
diomics features extracted from ADC maps 
achieved high accuracy in differentiating the 
two tumor types and maintained robust per-
formance in an external validation cohort.2

In a study including 51 patients histo-
pathologically confirmed with HCC, ADC-
based texture features were found to be 
significantly associated with the Ki-67 pro-
liferation index and tumor–stroma ratio, 
whereas no significant correlation was ob-
served with tumor grade or inflammatory 
cell infiltration.3

With regard to histological grading, a 
study including 171 HCC lesions demonstrat-
ed that the addition of radiomics features de-
rived from ADC maps and venous-phase en-
hancement maps significantly improved the 
prediction of tumor differentiation grade.4 
Similarly, in patients with solitary HCC, 
whole-tumor ADC-based radiomics anal-
yses outperformed single-slice ADC mea-
surements, and the highest performance 
for early recurrence prediction was achieved 
using combined models integrating clinical–
radiological and radiomics features (AUC: 
0.85–0.88).5

Collectively, these findings indicate that 
ADC-based radiomics analyses have con-
siderable potential not only for tumor char-
acterization but also for the prediction of 
histopathological features, biological ag-
gressiveness, and clinical outcomes. 

The present findings are in line with pre-
vious work suggesting that quantitative MRI 
biomarkers may provide prognostic informa-
tion in HCC. In this cohort, both ROI-based 
ADC and the predefined MRI-based radio-
mics score remained associated with early 
recurrence. Their combination improved 
model discrimination compared with either 
parameter alone, indicating that diffusion 
restriction and radiomics-based tumor char-
acterization may capture partly complemen-
tary aspects of tumor biology.

The association between higher radio-
mics scores and shorter DFS supports the 
potential role of MRI-based quantitative as-
sessment in postoperative risk stratification. 
However, these findings should be inter-
preted in the context of the retrospective 

Figure 2. Receiver operating characteristic curves for recurrence prediction. ROC, Receiver operating 
characteristic; AUC, area under the curve; ADC, apparent diffusion coefficient.

Table 5. DeLong analysis

Model 1 Model 2 AUC 1 AUC 2 DeLong P value

ADC Radiomics score 0.707 0.767 0.307

ADC ADC + radiomics score 0.707 0.837 < 0.001

Radiomics score ADC + radiomics score 0.767 0.837 0.008

ADC + radiomics score Full model 0.837 0.892 0.001

ADC Full model 0.707 0.892 < 0.001

Radiomics score Full model 0.767 0.892 < 0.001

ADC, apparent diffusion coefficient; AUC, area under the receiver operating characteristic curve.

Table 6. Youden-derived radiomics score cut-off

Cut-off method Cut-off 
value

High-risk n Low-risk n High-risk 
recurrence

Low-risk 
recurrence

Youden-derived ROC cut-off 0.620 97 103 56 (57.7%) 10 (9.7%)

Median cut-off 0.595 100 100 56 (56.0%) 10 (10.0%)

The Youden-derived threshold was internally derived in the study cohort. ROC, receiver operating characteristic. 

Figure 3. Kaplan–Meier curves for disease-free survival according to the radiomics risk group. Patients were 
stratified according to the Youden-derived radiomics score cut-off of 0.62; log-rank P < 0.001. DFS, disease-
free survival . DFS, disease-free survival.
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single-center design, the absence of external 
validation, and the fact that the radiomics 
score was not redeveloped in the current 
cohort.

Nevertheless, several technical challenges 
may limit the widespread clinical implemen-
tation of ADC-based radiomics analyses. In a 
reproducibility study conducted in patients 
with HCC, radiomics features demonstrat-
ed acceptable repeatability when acquired 
using the same MRI system; however, re-
producibility decreased substantially across 
different MRI platforms. The authors further 
reported that T1-weighted images yield-
ed more stable radiomics features, where-
as T2-weighted images and, in particular, 
ADC-derived parameters were more suscep-
tible to variations in imaging protocols and 
scanner characteristics.22

Although interobserver agreement 
ranged from moderate to excellent, variabili-
ty related to manual segmentation could not 
be eliminated. Consequently, the literature 
emphasized the need for standardized im-
aging protocols and the development of au-
tomated segmentation methods to improve 
the robustness of radiomics analyses.23

Overall, MRI-based radiomics features 
demonstrate good repeatability when as-
sessed on the same scanner and by different 
observers; however, reproducibility across 
different MRI systems remains limited. These 
findings highlight the importance of techni-
cal standardization and external validation 
in multicenter and multi-platform radiomics 
studies and underscore their necessity for 
improving the generalizability of ADC-based 
radiomics features across different institu-
tions.

Our study has some limitations. First, this 
was a retrospective study conducted at a sin-
gle institution, which may limit the generaliz-
ability of the findings. Second, although the 
radiomics score was available for all patients, 
radiomics feature extraction and model de-
velopment were not performed within the 
present cohort. The radiomics score was a 
predefined MRI-based variable derived from 
ADC maps and contrast-enhanced MR imag-
es; therefore, the original segmentation pro-
cess, feature extraction steps, feature selec-
tion method, and model construction could 
not be fully re-evaluated in this retrospective 
analysis. Third, external validation was not 
available. In addition, the Youden-derived 
radiomics score cut-off was determined and 
tested within the same cohort, which may 
have led to an optimistic separation of DFS 

curves. The imaging assessment was per-
formed by a single reader, and interobserv-
er agreement was not evaluated. Several 
pathological variables strongly associated 
with HCC recurrence, including microvas-
cular invasion, tumor differentiation grade, 
capsule invasion, and surgical margin status, 
were not incorporated into the predictive 
models. Therefore, the independent value of 
imaging biomarkers should be interpreted 
with caution and confirmed in independent 
cohorts, including detailed pathological vari-
ables.

In conclusion, ROI-based ADC measure-
ments and a predefined MRI-based radio-
mics score were independently associated 
with early recurrence and DFS after curative 
resection of HCC. The combined ADC–radio-
mics score showed better predictive perfor-
mance than either parameter alone. These 
findings suggest that quantitative MRI bio-
markers may contribute to preoperative risk 
assessment and postoperative surveillance 
planning, but external validation in larger 
multicenter cohorts is needed before routine 
clinical implementation.
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