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Abstract
Background: Noncontrast abbreviated magnetic resonance imaging (NC-AMRI) has emerged as a cost-effective alter-
native to ultrasound for hepatocellular carcinoma (HCC) surveillance; however, its diagnostic performance for differen-
tiating dysplastic nodules (DNs) from HCC remains limited in the absence of contrast enhancement. This study
investigated whether machine learning (ML)-based radiomics using noncontrast AMRI can improve discrimination
between DNs and HCC.
Methods: This retrospective study included 189 patients with histopathologically confirmed hepatic nodules (41 DNs
and 148 HCC). NC-AMRI, defined in this study as a contrast-free abbreviated protocol excluding dynamic contrast-
enhanced phases, was performed using 3.0 T MRI systems and included a limited set of four noncontrast imaging
sequences: in-phase, opposed-phase, T2-weighted imaging (T2WI), and diffusion-weighted imaging (DWI). Model per-
formance in differentiating HCC and DNs was assessed using 5-fold stratified cross-validation on the full dataset.
Radiomic features were extracted from manually segmented regions of interest using an Image Biomarker
Standardization Initiative (ISBI) compliant PyRadiomics pipeline feature selection was performed using recursive feature
elimination after multicollinearity filtering. Logistic regression, support vector machine, random forest, and extreme gra-
dient boosting models were trained.
Results: In terms of diagnostic performance, the machine learning-based models for differentiating HCC from DNs
showed AUC values of 0.798 for logistic regression, 0.790 for support vector machine, 0.781 for random forest, and
0.758 for extreme gradient boosting, with corresponding sensitivities of 0.712, 0.669, 0.698, and 0.741 and specificities
of 0.756, 0.805, 0.756, and 0.610, respectively. Notably, the machine learning-based models also demonstrated good per-
formance in distinguishing high-grade DNs from HCC, achieving AUC values of 0.783 for logistic regression, 0.751 for
support vector machine, 0.800 for random forest, and 0.742 for extreme gradient boosting, with corresponding sensi-
tivities of 0.799, 0.835, 0.727, and 0.799 and specificities of 0.700, 0.500, 0.700, and 0.600, respectively.
Conclusions: Radiomics-based machine learning enhances the diagnostic performance of NC-AMRI for differentiating
HCC from DNs, complementing conventional imaging and addressing key limitations of AMRI surveillance.
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Introduction
The prevalence of hepatocellular carcinoma (HCC) is
increasing worldwide and is quickly becoming one of the
leading causes of death.1 More than 80% of patients with
HCC are predisposed to underlying cirrhosis. Hepatitis B
virus (HBV) infection, hepatitis C virus (HCV) infection,
alcohol consumption, and nonalcoholic fatty liver disease
(NAFLD) are major risk factors for HCC.2 While most of
these factors promote hepatocarcinogenesis through cirrho-
sis, HBV can also lead to HCC in the absence of cirrhosis.
The standard international guidelines recommend biannual
surveillance with ultrasound and alpha fetoprotein (AFP)
testing in at-risk patients.2,3 However, ultrasound has a
low sensitivity and specificity for detecting early-stage
HCC. As such, there is a need for better imaging modal-
ities.4 One proposed alternative to ultrasound is the abbre-
viated magnetic resonance imaging (AMRI), a shortened
MRI protocol designed to reduce examination time and
cost.5 AMRI comprises both noncontrast abbreviated mag-
netic (NC-AMRI) and contrast-enhanced AMRI protocols.
Among these, NC-AMRI has attracted particular interest
for HCC surveillance because it does not require contrast
administration, thereby avoiding contrast-related risks
while offering the shortest acquisition time and favorable
cost-effectiveness. NC-AMRI, which typically includes
T2-weighted, T1-weighted, and diffusion-weighted images,
has been evaluated as a potential HCC screening tool due to
its short examination time and good cost-effectiveness.6–8

In previous studies, AMRI has shown high diagnostic
accuracy compared to ultrasound.6,7 For example, Park
et al. reported that ultrasound-based screening achieved a
sensitivity of 27.9% and an accuracy of 93.6%, whereas
the AMRI-based approach achieved a sensitivity of 86.0%
and an accuracy of 95.2%.6 Similarly, a meta-analysis by
Gupta et al. found that the sensitivity of ultrasound was
53%, while AMRI demonstrated a sensitivity ranging
from 82% to 86%. Notably, NC-AMRI achieved diagnostic
performance comparable to that of contrast-enhanced
AMRI, with both showing a sensitivity of 86% and a speci-
ficity of 94%.7

A dysplastic nodule (DN) is a regenerative nodule with
atypical cells that are distinct from the surrounding liver
parenchyma.9 DN is a premalignant lesion that can progress
to HCC. Therefore, it is difficult to differentiate between
high-grade DN (HGDN) and early HCC on radiologic
imaging.10 Contrast-enhanced dynamic CT or MRI
improves the differentiation of DNs from HCC.11 The typ-
ical imaging finding of HCC is arterial phase contrast

uptake followed by delayed phase washout.12,13 When
using a hepatocyte-specific contrast agent, such as gadoxe-
tic acid (gadolinium ethoxybenzyl dimeglumine; Primovist)
in MRI, features of the hepatobiliary phase can significantly
increase the diagnostic accuracy of HCC.14,15 However,
these features are not available in nonenhanced MR, mak-
ing it more difficult to differentiate DN from HCC.

Recent studies have proposed generative deep learning-
based abbreviated MRI protocols that synthesize
contrast-enhanced images from noncontrast MRI, demon-
strating diagnostic performance for hepatocellular carcin-
oma comparable to that of conventional contrast-enhanced
MRI while substantially reducing scan time.16 Deep learn-
ing–accelerated noncontrast abbreviated liver MRI has
been shown to improve image quality and maintain high
sensitivity for detecting malignant focal hepatic lesions,
including hepatocellular carcinoma, compared with standard
abbreviated MRI protocols.17 Deep learning models applied
to whole-slide histopathologic images have demonstrated
high accuracy in classifying hepatocellular nodular lesions,
including the challenging differentiation between high-grade
dysplastic nodules and well-differentiated hepatocellular car-
cinoma.18 An explainable deep learning model trained on
gadoxetic acid–enhanced MRI achieved high diagnostic
accuracy for hepatocellular carcinoma and improved radiol-
ogists’ sensitivity by assisting with automated lesion classifi-
cation and imaging feature interpretation.19

Although several studies have investigated radiologic or
radiomics-based approaches for differentiating DN from
HCC, most prior work has relied on contrast-enhanced
imaging, and evidence regarding the diagnostic value of radio-
mics on nonenhanced MRI remains limited. Furthermore, the
ability of radiomics to distinguish HGDN from HCC using
noncontrast MRI has not been sufficiently explored.

Radiomics is an emerging field in medical imaging that
enables the extraction of high-throughput, quantitative fea-
tures such as texture, shape, and intensity from medical
images.20 These features, which are often imperceptible to
the human eye, provide mathematical and statistical insights
that can complement conventional image interpretation.
Quantitative data obtained through radiomics can comple-
ment traditional image assessments.21,22 This study aimed
to determine whether radiomics can be used to successfully
differentiate between DNs and HCC on NC-AMRI. The pri-
mary aim of this study was to evaluate the potential of
radiomics-based machine learning models using none-
nhanced MRI to differentiate DN, particularly HGDN,
from HCC and to explore the diagnostic applicability of
this approach in a noncontrast MRI setting.
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Materials and methods

Participants and data collection
A total of 189 patients with hepatic nodules detected on
NC-AMRI and histologically confirmed HCC (n= 148) or
DNs (n= 41) between February 2009 and May 2021 were
enrolled. All AMRI examinations were performed using
NC-AMRI protocols.

The NC-AMRI protocol consisted of four noncontrast
imaging sequences: in-phase and opposed-phase T1-
weighted imaging, T2-weighted imaging (T2WI), and
diffusion-weighted imaging (DWI). This protocol was
intentionally limited to a small number of noncontrast
sequences and did not include dynamic contrast-enhanced
imaging, in order to reduce acquisition time and reflect
abbreviated MRI strategies proposed for HCC surveillance.

Among the 41 patients with DN, 28 were diagnosed with
HGDN, and 13 were diagnosed with low-grade dysplastic
nodule (LGDN). Patients with more than one hepatic nod-
ule were excluded from the data collection. Patients with
multiple hepatic nodules were excluded to avoid ambiguity
in lesion correspondence during image segmentation
and feature extraction. Histopathologic confirmation was
obtained for all cases and served as the reference standard.
The classification of nodules into LGDN, HGDN, and HCC
was based on standard histopathologic criteria, including
cellularity, nuclear atypia, and architectural patterns.
Region of interest (ROI) segmentation was performed

manually. All cases were reviewed by an abdominal radi-
ologist and a hepatologist independently. Due to the small
sample size, we conducted 5-fold stratified cross-validation
using the entire dataset without a separate hold-out test set.
In each fold, 80% of the data was used for model training
and 20% for validation, ensuring internal performance
assessment across all samples.

Feature extraction
Radiomics involves the extraction of quantitative features
from medical images, which are inherently mathematical
and statistical in nature, to represent quantitative values.20

In addition, radiomics was employed to capture subtle
texture- and intensity-based differences between DNs and
HCC that are not readily appreciable by visual inspection.
Image features are extracted from the HCC and nodule
regions. As shown in Figure 1, we extracted 19 first-order
features based on the histograms, 26 2D shape features
that extract features from the size and shape of the region
of interest, and 56 s-order texture features capturing
spatial relationships between adjacent voxels in the image.
The second-order features include 24 Gray Level Co-
occurrence Matrix (GLCM) features to analyze texture by
identifying the relationship between mutual pixels in the
image, 16 Gray Level Run Length Matrix (GLRLM) fea-
tures to extract statistical information about the run length
of pixels for gray level, and 16 Gray Level Size Zone

Figure 1. Radiomics feature extraction using four phases of MRI images.
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Matrix (GLSZM) features to extract detailed features of the
image by highlighting information about the size of pixel
values in the image.23–25 We extracted all features supported
by the Pyradiomics library. Among all features, only meaning-
ful features were selected using variance inflation factor (VIF)
and feature selection. The extracted features were equally
divided into four phases: in-phase (very low intensity), opposed
phase (low intensity), T2WI (very high intensity), and DWI
(high intensity), and 101 features were extracted from each
phase, totaling 404 features. Radiomic features were extracted
using PyRadiomics, an open-source library compliant with the
Image Biomarker Standardization Initiative (IBSI) guidelines.
Features were computed independently for each MRI
sequence, and all feature extraction settings were fixed and uni-
formly applied across the entire dataset.

Machine learning model
Radiomics features underwent multicollinearity filtering
(VIF >10) and normalization using a robust scaler.
Recursive feature elimination (RFE) was used for feature
selection. The RFE process iteratively removed features
with the lowest importance scores based on model coeffi-
cients until optimal performance was achieved. The stop-
ping criterion was defined as the feature subset achieving
the highest mean cross-validated area under the curve
(AUC) across five folds. Four machine learning models
logistic regression (LR), which assumes a linear relation-
ship between independent and dependent variables and esti-
mates regression coefficients from the data, support vector
machine (SVM), which determines the hyperplane with
the largest margin between each class; random forest
(RF), which forms multiple decision trees as an ensemble
ML model and selects features randomly; and extreme gra-
dient boosting (XGB), which is a tree-based ensemble ML
model as a variant of the gradient boosting algorithm were
trained to differentiate HCC from dysplastic nodules

(Figure 2). Model hyperparameters were optimized using
grid search with five-fold stratified cross-validation. For
each model, parameter ranges were selected based on com-
monly recommended values in the machine learning litera-
ture and pilot experiments. Regularization strength (C) for
LR and SVM was explored across logarithmic scales;
ensemble parameters (number of estimators, tree depth)
for RF and XGB were tested across a range of values to bal-
ance model complexity and performance; learning rates for
XGB followed standard recommendations. The optimal
hyperparameter set for each model was selected to maxi-
mize mean cross-validated AUC. Final performance metrics
were derived from cross-validated predictions.26 The final
settings to classify HCCs and DNs are as follows: for LR,
L2 regularization was applied with C= 7; for SVM, the ker-
nel was set to “linear” with C= 262; for RF, the number of
estimators was set to 731 with a maximum depth of 189; for
XGB, the a learning rate of 0.1 with 145 estimators and a
maximum depth of 5; The final settings to classify HCCs
and HGDN are as follows: for LR, L2 regularization was
applied with C= 997; for SVM, the kernel was set to “lin-
ear” with C= 998; for RF, the number of estimators was set
to 709 with a maximum depth of 190; for XGB, the learning
rate was set to 0.05 with 100 estimators and a maximum
depth of 11; The feature selection methods and machine
learning models used in this study were implemented using
standard algorithms available in the scikit-learn library.
Model training and validation were performed on a conven-
tional workstation without the use of graphics processing
unit (GPU) or other specialized hardware.

Statistical analysis
To evaluate the classification performance of HCC and DNs
in liver MRI images, this study compared the pathology
results with the prediction results of the ML models. HCC
was defined as the positive class for binary classification.

Figure 2. Workflow of feature selection and subsequent machine learning model training.
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The AUC, accuracy, sensitivity, specificity, positive pre-
dictive value (PPV), and negative predictive value (NPV)
were calculated using the true positive (TP), true negative
(TN), false positive (FP), and false negative (FN) values
obtained through comparison. AUC was calculated by per-
forming receiver operating characteristic (ROC) curve ana-
lysis to calculate the area under the ROC curve. ROC
analysis was used to comprehensively evaluate the trade-off
between sensitivity and specificity across different decision
thresholds. Multiple performance metrics were reported to
reflect different aspects of diagnostic performance, particu-
larly in the context of imbalanced classification between
malignant and premalignant lesions.

Results

Clinical characteristics of enrolled patients
Table 1 summarizes the patient characteristics. The mean
lesion size was 1.76 cm for DNs and 2.42 cm for HCC,
with no significant difference between the two groups.
The proportion of patients with underlying cirrhosis was
82.9% in the DN group and 85.1% in the HCC group,
which did not differ significantly. In addition, the propor-
tion of male patients was 68.3% in the DN group and
79.1% in the HCC group, showing a statistically significant
difference, indicating that the proportion of male patients
was significantly higher in the HCC group. In terms of
underlying liver disease, HBV, HCV, and alcohol-related
liver disease were observed in 51.2%, 17.1%, and 20.0%
of patients with DNs, respectively, and in 74.3%, 10.8%,

and 10.8% of patients with HCC, respectively. This difference
was statistically significant, indicating that HBV infection was
more common in the HCC group than in the DN group.

Performance of machine learning models in
differentiating between HCC and DNs
We used the feature selection method RFE and the ML
models LR, SVM, RF, and XGB to differentiate between
HCC and DNs on NC-AMRI. Figure 3 shows the ROC
curves of the four models: LR, SVM, RF, and XGB had
an AUC of 0.798, 0.790, 0.781, and 0.758, respectively,
indicating that LR had the highest AUC performance.

Table 2 shows the diagnostic performance of LR, SVM,
RF, and XGB using RFE-based feature selection. LR
achieved the highest AUC (0.798) and accuracy (0.722).
XGB showed the highest sensitivity (0.741), while SVM
had the highest specificity (0.805) and PPV (0.921). The
highest NPV (0.437) was observed in LR. Overall, LR
showed balanced performance, and each model had
strengths in different metrics.

Performance of machine learning models in
differentiating between HCC and HGDNs
Radiomics also showed excellent AUC values for differen-
tiating HGDN from HCC, which are more difficult to distin-
guish using imaging. As a result, LR, SVM, RF, and XGB
were found to have an AUC of 0.783, 0.751, 0.800, and
0.742, respectively (Figure 4). The AUC, accuracy,

Table 1. Patient characteristics.

DN (n= 41) HCC (n= 148) P value

Age (mean ± SD, years) 58.95± 9.28 57.72± 11.08 0.375

Male (%) 28 (68.3%) 117 (79.1%) 0.011

Underlying liver disease (%) 0.002

HBV 21 (51.2%) 110 (74.3%)

HCV 7 (17.1%) 16 (10.8%)

HBV + HCV 0 (0%) 1 (0.6%)

Alcohol 8 (20%) 16 (10.8%)

Others 5 (12%) 1 (0.6%)

LC (%) 34 (82.9%) 126 (85.1%) 0.498

Tumor size (mean ± SD, cm) 1.76± 0.84 2.42± 1.65 0.062

AFP (median (IQR) ng/mL) 10.3 (4.6–13.5) 11.6 (5.21–70.5) 0.070

Park et al. 5



sensitivity, specificity, PPV, and NPV of each model are
summarized in Table 3.

Feature importance analysis for predicting HCC
and DNs
Figure 5 shows the feature importance values for each com-
bination of the feature selection method, RFE, and machine-

learning model. Using the RFE feature selection method,
the four features with the highest relative performance
were selected. The four selected features were
ShortRunLowGrayLevelEmphasis (SRLGLE) and
GrayLevelNonUniformity.1 (GLN.1) for the T2WI phase
and Inverse Variance and Run Variance for DWI. The fea-
ture importance of the LR model was 0.157 for GLN.1,
0.088 for Inverse Variance, 0.051 for SRLGLE, and
0.010 for Run Variance. The feature importance of the

Table 2. AUC, accuracy, sensitivity, specificity, PPV, and NPV for the classification performance of the feature selection method RFE
and the machine learning models LR, SVM, RF, and XGB.

AUC (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)

LR 0.798
(0.732–0.854)

0.722
(0.657–0.788)

0.712
(0.637–0.787)

0.756
(0.625–0.888)

0.908
(0.854–0.962)

0.437
(0.321–0.552)

SVM 0.790
(0.723–0.847)

0.700
(0.633–0.767)

0.669
(0.591–0.747)

0.805
(0.684–0.926)

0.921
(0.868–0.973)

0.418
(0.309–0.526)

RF 0.781
(0.713–0.839)

0.711
(0.645–0.777)

0.698
(0.622–0.774)

0.756
(0.625–0.888)

0.907
(0.851–0.962)

0.425
(0.311–0.538)

XGB 0.758
(0.689–0.819)

0.711
(0.645–0.777)

0.741
(0.668–0.814)

0.610
(0.460–0.759)

0.866
(0.804–0.927)

0.410
(0.286–0.533)

Figure 3. ROC curve for diagnostic performance in differentiating between HCC and DNs. HCC, hepatocellular carcinoma; DN,
dysplastic nodule; LR, logistic regression; SVM, support vector machine; RF, random forest; XGB, extreme gradient boosting.
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SVM model was as follows: GLN.1, 0.145; Inverse
Variance, 0.092; SRLGLE, 0.036; Run Variance, −0.002.
The feature importance of the RF model was: Inverse
Variance, 0.065; SRLGLE, 0.032; GLN.1, 0.026; Run
Variance, −0.004. For the XGB model, the feature import-
ance was: Inverse Variance, 0.111; SRLGLE, 0.066;
GLN.1, 0.027; Run Variance, 0.022. When averaging the
importance of each model, Inverse Variance was the most

important (0.089), followed by GLN.1 (0.088), SRLGLE
(0.046), and Run Variance (0.006).

Feature importance analysis for predicting HCC
and HGDN
Figure 6 shows the feature importance values for each com-
bination of the feature selection method, RFE, and machine-

Figure 4. ROC curve for differentiation between HCC and HGDNs. HCC, hepatocellular carcinoma; HGDN, high grade dysplastic
nodule. LR, logistic regression; SVM, support vector machine; RF, random forest; XGB, extreme gradient boosting.

Table 3. AUC, accuracy, sensitivity, specificity, PPV, and NPV for the classification performance of the feature selection method RFE
and the machine learning models LR, SVM, RF, and XGB.

AUC
(95% CI)

Accuracy
(95% CI)

Sensitivity
(95% CI)

Specificity
(95% CI)

PPV
(95% CI)

NPV
(95% CI)

LR 0.783
(0.713–0.842)

0.781
(0.719–0.843)

0.799
(0.732–0.865)

0.700
(0.536–0.864)

0.925
(0.878–0.972)

0.429
(0.290–0.567)

SVM 0.751
(0.679–0.814)

0.775
(0.712–0.838)

0.835
(0.773–0.896)

0.500
(0.321–0.679)

0.885
(0.831–0.940)

0.395
(0.239–0.550)

RF 0.800
(0.731–0.857)

0.722
(0.654–0.789)

0.727
(0.653–0.801)

0.700
(0.536–0.864)

0.918
(0.867–0.969)

0.356
(0.234–0.478)

XGB 0.742
(0.669–0.806)

0.763
(0.699–0.827)

0.799
(0.732–0.865)

0.600
(0.425–0.775)

0.902
(0.850–0.955)

0.391
(0.250–0.532)

Park et al. 7



learning model. Using the RFE feature selection method,
the four features with the highest relative performance
were selected. The four selected features were the total
energy, SmallAreaHighGrayLevel Emphasis (SAE) for
the T2WI phase, and Flatness, Inverse Variance for DWI.
The feature importance of the LR model had a Total
Energy of 0.155, an SAE of 0.007, a flatness of 0.079,
and an Inverse Variance of 0.057. The feature importance
of the SVM model was a Total Energy of 0.173, an SAE
of 0.015, a flatness of 0.058, and an Inverse Variance of
0.060. The feature importance of the RF model was a
Total Energy of 0.058, an SAE of 0.017, a flatness of
0.060, and an Inverse Variance of 0.083. For the XGB
model, the feature importance had a Total Energy of
0.057, an SAE of −0.002, a flatness of 0.067, and an
Inverse Variance of 0.066. When averaging the importance
of each model, Total Energy was the most important
(0.111), followed by Inverse Variance (0.067), flatness
(0.066), and SAE (0.009).

Discussion
NC-AMRI has attracted attention due to its cost-
effectiveness in the surveillance of HCC in individuals at

high risk of HCC. However, its diagnostic accuracy for
HCC is inferior to that of complete MRI.7,27 In particular,
DNs, commonly observed in patients with cirrhosis, are
challenging to differentiate from HCC using noncontrast
MRI.28,29 Therefore, the purpose of this study was to
explore the feasibility of overcoming the limitations of
NC-AMRI through a radiomics-based machine learning
approach. From a practical perspective, the proposed
NC-AMRI–based radiomics approach may offer advan-
tages over conventional contrast-enhanced MRI. By elimin-
ating the need for contrast agent administration, this
approach can reduce examination time and avoid additional
costs associated with contrast materials and related proce-
dures, while maintaining diagnostic utility.

HCC is known to exhibit hyperintensity on T2WI and
diffusion-weighted imaging restrictions on MRI.
However, due to its inconsistency, it is currently used as a
supplement to image findings in the arterial phase, delayed
phase, and hepatobiliary phase.30–32 In this study, we
extracted and analyzed radiomic features in only four
phases, except for the arterial phase, delayed phase, and
hepatobiliary phase (in-phase, opposed phase, T2WI, and
DWI) of MR images, but successfully differentiated
between HCC and DNs with AUCs of 0.758–0.798. In

Figure 5. Feature importance graph using a combination of the feature selection method RFE and the machine learning models LR,
SVM, RF, and XGB using a heatmap. Higher values are shown in white, indicating the importance of the model in classifying
hepatocellular carcinoma and DNs.

8 DIGITAL HEALTH



addition, the radiomics-based ML model successfully dif-
ferentiated between HGDN and HCC, with AUCs of
0.742–0.800, which are traditionally more challenging to
differentiate.33

Most radiomics-based studies in liverMRI have focused on
differentiating HCC from non-HCC lesions or from other pri-
mary hepatic malignancies, such as intrahepatic cholangiocar-
cinoma.34–36 While these studies demonstrate the overall
feasibility of radiomics and machine learning for liver tumor
classification, they address different diagnostic tasks and are
therefore not directly comparable to the present study.

Recent systematic reviews summarize the expanding appli-
cation of radiomics and artificial intelligence in HCC imaging,
largely focusing on tumor detection, prognostication, and
treatment-related outcomes.37–40 Within this broader context,
radiomics-based differentiation between dysplastic nodules
and HCC remains relatively underexplored.

Although the pathophysiological basis of individual
radiomics features is not always clearly interpretable, our
findings suggest that these quantitative markers capture
image-based heterogeneity reflective of underlying histo-
logic changes. For example, SRLGLE and GLN.1 from
T2-weighted images, as well as Inverse Variance and Run

Variance from DWI, were among the most informative fea-
tures for differentiating HCC from DNs. These texture-
based features represent subtle signal variations that are
often imperceptible to the human eye during conventional
radiologic assessment. This highlights the potential of
radiomics to complement visual interpretation by detecting
quantitative patterns associated with tumor biology. In this
study, a deliberately parsimonious feature selection strategy
was adopted. RFE was used to reduce the high-dimensional
radiomics feature space while minimizing the risk of over-
fitting in a relatively small cohort. The final set of four fea-
tures corresponded to the smallest subset at which
cross-validated performance remained stable, favoring
model robustness and interpretability over marginal per-
formance gains. We acknowledge that systematic optimiza-
tion of feature number, such as learning curve or ablation
analyses, may provide additional insight, but such analyses
were beyond the scope of this proof-of-concept study.

The prominence of features from T2WI and DWI may
reflect their sensitivity to tissue microstructure and water
diffusivity, which differ between HCC and DN. T2WI cap-
tures changes in cellularity and stroma, while DWI reflects
restricted diffusion in hypercellular tumors. In contrast,

Figure 6. Feature importance graph using a combination of the feature selection method RFE and the machine learning models LR,
SVM, RF, and XGB using a heatmap. Higher values are shown in white, indicating the importance of the model in classifying
hepatocellular carcinoma and HGDN.
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in-phase and opposed-phase images mainly assess fat con-
tent, offering limited discriminatory value in this context.

From a clinical implementation perspective, several prac-
tical considerations should be acknowledged. First, manual
lesion segmentation was used in this study, and formal inter-
reader variability was not assessed. However, ROIs were
drawn for lesions that were clinically suspicious and subse-
quently biopsied, which may limit ambiguity in lesion bound-
aries. Future studies incorporating automated or
semi-automated segmentation methods will be important to
improve reproducibility and scalability. Second, radiomics
feature extraction and machine learning–based prediction are
performed offline after image acquisition and do not prolong
MRI examination time. Once lesion segmentation is com-
pleted, computational processing can be completed within a
short time frame, and prediction itself is near-instantaneous.
Third, while integration into routine clinical workflows was
not directly evaluated in this study, the present results provide
a foundation for future investigations aimed at incorporating
radiomics-based decision support into NC-AMRI surveillance
protocols, particularly as AMRI adoption for HCC surveil-
lance and postoperative monitoring continues to expand.
Finally, NC-AMRI is inherently cost-effective compared
with contrast-enhanced MRI, and the addition of machine
learning analysis does not increase scanning time or require
additional imaging resources. By potentially reducing
unnecessary biopsies and supporting diagnostic decision-
making in settings with limited subspecialty radiology
expertise, radiomics-based approaches may further enhance
the cost-effectiveness of NC-AMRI. Formal cost-effectiveness
analyses, however, were beyond the scope of this study.

This study has several limitations. Although patient
enrollment and imaging data acquisition were completed in
2021, the present study was designed to address a persistent
and clinically relevant diagnostic challenge—differentiating
DNs from HCC on noncontrast MRI—rather than to bench-
mark rapidly evolving machine learning architectures.
Accordingly, recent methodological advances such as
transformer-based models or federated learning approaches
for multi-center validation were not evaluated and remain
important directions for future research.

This was a single-center retrospective study without exter-
nal validation. Although five-fold stratified cross-validation
was used to mitigate this limitation, future studies with exter-
nal validation are necessary to confirm generalizability. In add-
ition, direct comparison with radiologist interpretations or
conventional contrast-enhanced MRI was not performed in
this cohort, and the incremental clinical value of the proposed
model relative to standard imaging protocols remains to be
determined. Given the high dimensionality of radiomics fea-
tures relative to the sample size, there remains a potential
risk of model overfitting despite internal validation procedures.
Although dimensionality reduction was performed through
recursive feature elimination, residual overfitting cannot be
entirely excluded given the sample size. Independent multi-

institutional validation with larger cohorts is therefore essential
to establish robustness and clinical applicability.

Furthermore, ROIs were manually segmented and inde-
pendently reviewed by an abdominal radiologist and a
hepatologist. However, formal inter-reader agreement or
reproducibility analyses were not conducted. Because
radiomics features can be sensitive to segmentation vari-
ability, the potential influence of reader-dependent variation
cannot be entirely excluded. In addition, manual segmentation
limits scalability and reproducibility in routine clinical practice.
Future studies incorporating automated or semi-automated seg-
mentation and formal reproducibility assessment are warranted.

There was a significant difference in the distribution of
underlying liver diseases between the DN and HCC groups.
While chronic hepatitis B was the most common etiology in
both groups, alcoholic liver disease was more frequent in the
DN group (20% vs. 10.8%). Alcohol-related cirrhosis may
exhibit imaging characteristics distinct from viral hepatitis-
related cirrhosis, raising the possibility of confounding effects
on radiomic feature extraction. The higher prevalence of alco-
holic liver disease in the DN group likely reflects the real-world
epidemiologic characteristics of biopsy-confirmed dysplastic
nodules rather than arbitrary sampling bias. Because DNs
were identified exclusively through histopathologic confirm-
ation, such differences in etiology distribution were difficult to
avoid. We did not perform etiology-adjusted or stratified ana-
lyses due to the limited number of histopathologically confirmed
DNs and concerns regarding model instability in high-
dimensional radiomics analyses. Accordingly, the findings
should not be interpreted as demonstrating etiology-
independent discrimination, and the potential influence of under-
lying liver disease etiology remains an important limitation.

The HCC group included tumors with diverse histo-
pathologic grades, and distinguishing early-stage HCC
based on imaging alone remains a diagnostic challenge.

And several performance-related limitations warrant consid-
eration. The relatively low negative predictive value (∼0.40)
reflects the low DN prevalence (22%) in our cohort and should
be interpreted accordingly, as NPV is highly dependent on dis-
ease prevalence. Our model is intended for risk stratification to
identify high-risk DNswarranting intensified surveillance rather
than as a rule-out test, and thus sensitivity and positive predict-
ive value are more clinically relevant metrics. Additionally, we
did not perform decision curve analysis or cost-effectiveness
evaluation, which would provide further evidence for clinical
implementation but require validated threshold probabilities
not yet standardized for DN surveillance strategies. Future stud-
ies should incorporate decision-analytic and health economic
modeling to determine optimal risk thresholds and evaluate
clinical utility in real-world settings.

Conclusion
This study suggests that radiomics-based analysis of
NC-AMRI offers a quantitative framework for
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characterizing imaging features that are conventionally
assessed visually when differentiating DNs from HCC
in high-risk patients. Radiomic features extracted from
in-phase, opposed-phase, T2-weighted, and diffusion-
weighted images demonstrate the feasibility of capturing
lesion heterogeneity without contrast enhancement.
These results indicate that radiomics may complement
standard visual interpretation in noncontrast AMRI,
warranting further validation in larger, multicenter
cohorts.
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