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Purpose: The differential diagnosis of radiological image atypical hepatocellular carcinoma (aHCC) and atypical benign focal hepatic
lesion (aBFHL) is a challenge. We aimed to develop a diagnostic model based on the new concept of clinlabomics to address this
challenge.

Patients and Methods: Pathologically diagnosed 466 patients (252 aHCC and 214 aBFHL) and their clinlabomic data were
retrospectively collected. The patients were split into two sets based on admission time for training and testing models to differentiate
aHCC from aBFHL. The models were developed using the three best-performing algorithms and key features selected from 18
clinlabomic indicators. The best model was validated and evaluated for classification ability by receiver operating characteristic (ROC)
curve, fitness by calibration curve, and clinical utility by decision curve. Model interpretability was analyzed through SHapley
Additive exPlanations, and model application was realized via an easy-to-use online calculator.

Results: Random forest (RF), support vector machine, and linear discriminant analysis were the top three algorithms. Six features
(hepatitis B surface antigen, sex, alpha-fetoprotein, aspartate aminotransferase, platelets, and age) were selected. Three models were
developed using the selected algorithms and features, and the RF model was the optimal one, with an area under the ROC curve
(AUC) of 0.954 and a diagnostic accuracy of 92.5% for the testing set. Notably, this model also outperformed for early-stage, small,
and AFP-negative aHCCs, with AUCs of 0.976-0.982 and accuracies of 93.2-93.8%. The RF model performed well in terms of
calibration, net benefit gain, interpretability, and application.

Conclusion: The clinlabomics-based diagnostic model is valuable in the differential diagnosis of various types of aHCC from
aBFHL, including early-stage, small, and AFP-negative aHCCs.
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Introduction

Focal hepatic lesion (FHL) is a frequent clinical condition that can be classified as benign or malignant. The most
common solid benign FHL is cavernous hemangioma of the liver (CHL), followed by focal nodular hyperplasia (FNH),'
and the most common solid malignant FHL is hepatocellular carcinoma (HCC), accounting for 90% of malignant
lesions.” The increasing use of imaging modalities, including ultrasound (US), computed tomography (CT), and magnetic
resonance imaging (MRI), has significantly increased the number of FHLs being detected, and therefore, the differential
diagnosis between benign and malignant FHLs has become a crucial clinical concern.’
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Liver imaging is essential for the diagnosis of FHL. US is the most widely used imaging modality for the detection of
FHL, but more than 50% of solid FHLs detected by US require contrast-enhanced CT/MRI scans for further diagnosis.*
A meta-analysis that compared the diagnostic performance of US, enhanced CT and MRI for FHL showed sensitivities of
85-87% and specificities of 82-89%.> Although enhanced CT and MRI scans have better performance in differentiating
malignant FHL from benign one, the high cost and side effects of contrast agents have somewhat limited their clinical
application. More importantly, FHL without typical imaging features requires further biopsy-based pathological exam-
ination for a definitive diagnosis.® However, liver biopsy is an invasive approach with risks of bleeding and tumor
seeding and is not recommended for routine use in the diagnosis of FHL.” Therefore, non-invasive diagnostic methods
are needed to differentiate FHL without typical imaging features. Atypical imaging features were defined by radiologists
in the Department of Radiology at the First Affiliated Hospital of Nanchang University, who collectively reviewed the
enhancement patterns and other relevant morphological characteristics on contrast-enhanced CT or MRI scans, reached
a consensus, and issued a formal report. Therefore, the atypical hepatic space-occupying lesions in this study corre-
sponded to LR-2 (probably benign), LR-3 (intermediate probability of HCC), or LR-4 (probably HCC) according to the
LI-RADS® (Liver Imaging Reporting and Data System), while excluding LR-1 (definitely benign) and LR-5 (definitely
HCC).®

FHL without typical imaging features includes atypical HCC (aHCC) and atypical benign focal hepatic lesion
(aBFHL).’ A recent meta-analysis showed that, according to two international standards, the sensitivity of imaging for
liver nodules ranged from 52% to 74%, suggesting that nearly 26% to 48% of FHLs present with atypical imaging
features and are difficult to diagnose definitively.'® These lesions therefore represent a substantial diagnostic challenge in
daily clinical practice, often necessitating further invasive procedures such as biopsy. Serum a-fetoprotein (AFP) is
widely used for the diagnosis of HCC in clinical practice, but its diagnostic performance is unsatisfactory, especially for
small HCC, according to the guidelines of the Asian-Pacific Association for the Study of the Liver,'" with the sensitivity
and specificity for the diagnosis of HCC smaller than 5 cm ranging from 0.04 to 0.31 and 0.76 to 1.0, respectively, at
a cutoff value of 200 ng/mL, and 0.49 to 0.71 and 0.49 to 0.86, respectively, at a cutoff value of 20 ng/mL. This is due to
the fact that AFP is elevated in only 60% to 70% of HCCs and in only 33% to 65% of small HCCs.”'*"* In our previous
study, the sensitivity and specificity of AFP for differentiating aHCC from aBFHL were 67.0% and 86.1%,
respectively,'* suggesting that AFP has some value in the diagnosis of atypical FHL, but it is also unsatisfactory,
although there have been no similar reports to validate our results.

Recently, a new concept, clinlabomics, has been introduced,15 which allows the combination of daily generated
clinical laboratory data with artificial intelligence to establish new diagnostic approaches. The application of
clinlabomics in the diagnosis and risk prediction of HCC has emerged. Luo et al'® developed a logistic regression
model based on several hematological parameters to diagnose AFP-negative HCC with an area under the receiver
operating characteristic (ROC) curve (AUC) of 0.922, sensitivity of 83.0%, and specificity of 93.1%. Kim et al'’
developed a machine learning model based on routine blood tests to predict HCC risk in patients with chronic hepatitis
B and showed a good performance (C-index 0.79). However, there are few reports on using clinlabomics to diagnose
aHCC.

In our previous study, we developed the SAGP index, a combination of standardized AFP, GGT, and platelet count,
which demonstrated good diagnostic performance for aHCC (AUC 0.905).'"* However, this index had several
limitations. First, its accuracy of diagnosis (approximately 83%) left room for improvement, particularly for early-
stage and AFP-negative HCC. Second, the sAGP index was derived using four mathematical operations, and its
performance may be inferior to diagnostic models developed using advanced machine learning algorithms. Third, the
index lacked a user-friendly tool for clinical implementation. These limitations motivated us to explore whether
machine learning-based models using a broader set of routine clinical indicators could achieve superior diagnostic
performance and clinical utility. In the present study, we used machine-learning algorithms to develop and validate
clinlabomics-based diagnostic models based on routine clinical and laboratory data for differentiating aHCC from
aBFHL. To the best of our knowledge, this is the first report of machine learning models that use clinical data to

diagnose atypical HCC.
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Patients and Methods

Patients and Data Collection
Patients with atypical FHL hospitalized at the First Affiliated Hospital of Nanchang University from
January 2015 to December 2021 were retrospectively collected from the Pathological Diagnosis System, and
their pathological, imaging, and clinical records were reviewed. Patients with a definitive pathological diagnosis,
pre-treatment serum AFP < 200 ng/mL, and an uncertain imaging diagnosis due to atypical imaging features were
included in the study. Atypical imaging features were defined as described in the Introduction section.
Correspondingly, the atypical hepatic space-occupying lesions in this study were classified as LR-2, LR-3, or
LR-4 according to the LI-RADS®, while LR-1 and LR-5 lesions were excluded. And patients with any of the
following conditions were excluded: (1) concomitant conditions that may interfere with laboratory blood test
results; (2) received anti-cancer therapies that may interfere with laboratory blood test results; (3) missing
required data, including but not limited to hepatitis B surface antigen (HBsAg) and contrast-enhanced CT or
MRI scan. Eligible patients were divided into two groups, aHCC and aBFHL. The scheme of patient recruitment
is shown in Figure 1.

All 18 clinical and laboratory variables, including demographics (sex, age) and laboratory tests (blood cell analysis,
blood biochemistry, hepatitis B virus [HBV] markers, and tumor markers), were completely extracted from the hospital’s
electronic medical record system, with no missing data requiring imputation. All laboratory test results were from the

Pathologically confirmed atypical FHL (n = 644)

Exclusion (n = 178)
1. Coexisting medical conditions that may affect
.| blood test results (n=16)
2. Received therapies that may affect blood test
results (n = 51)
3. Data incomplete (n = 111), including:
Liver function results (n = 3)
HBsAg data (n = 7)
Contrast-enhanced CT/MRI data (n = 86)
BCLC or TNM staging (n=15)

Eligible patients for analysis (n = 466)

Y Vv

aHCC (n = 252) aBFHL (n = 214)

Figure | The flowchart of patient enroliment.
Abbreviations: FHL, focal hepatic lesion; aHCC, atypical hepatocellular carcinoma; aBFHL, atypical benign focal hepatic lesion.
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first blood test after admission and before treatment. This study was approved by the Medical Research Ethics Committee
of the First Affiliated Hospital of Nanchang University.

Establishment and Evaluation of Models to Differentiate aHCC from aBFHL

The workflow for model development and validation is illustrated in Figure 2. The R package “mlr3” was employed for
model development.'® Patients admitted from January 2015 to December 2019 were designated as the training set, and
other patients (admitted from January 2020 to December 2021) were designated as the testing set.

Utilizing clinlabomic data from the training set, nine state-of-the-art machine learning algorithms were used to
develop classifiers to distinguish aHCC from aBFHL, in which a bootstrap resampling strategy was implemented, with
the sample size set at 80% of the training set and repeated 100 times to ensure robustness. The performance of these
classifiers was evaluated using metrics such as AUC, accuracy, and F1 score, and the top three algorithms based on the
performance were selected for subsequent model training. Boruta'® and the least absolute shrinkage and selection
operator (LASSO)*° algorithms were used for feature selection, and the selected features were used for model training.
For the LASSO regression (performed using the glmnet package in R), the optimal penalty parameter A was determined
through 10-fold cross-validation on the training set, selecting the A value that minimized the binomial deviance (A.min).
For the Boruta algorithm, we used the default settings of the Boruta package in R, with maxRuns = 100 to ensure stability
of the feature selection process, and a p value threshold of 0.01 for confirming and rejecting features.

In the validation phase, the testing set was used to evaluate the trained models. Diagnostic performance was evaluated
using the measures of diagnostic accuracy (AUC, sensitivity, specificity, accuracy, positive/negative predictive values,
positive/negative likelihood ratios, and diagnostic odds ratio). The fit of the model was evaluated through calibration
curves, and the clinical utility of the model was evaluated using decision curve analysis. The best performing model was
selected as the final model, and its model interpretability was assessed using Shapley addictive explanation (SHAP)
analysis.”! Ultimately, the final model was developed into an easy-to-use online calculator of HCC risk using the Shine
Framework (https://shiny.posit.co/).

Statistical Analysis

All statistical analyses were conducted using R software version 4.3.1 and SPSS Statistics version 25.0 (IBM Corp.,
Armonk, NY, USA). The difference of clinlabomic indicators between the two groups was compared using Student’s
t-test, Mann—Whitney U-test, or Pearson’s chi-squared test according to the type and distribution of variables. Confidence

TRAINING ALGORITHM SELECTION MODEL TRAINING
SET Top 3 of 9 clinlabomics-based ML classifiers Development, hyper-
r» Hospitalized in parameter optimization
CUNDL:?/:)MIC 20152019 FEATURE SELECTION and cross-validation of
(n=306) Boruta algorithm & LASSO algorithm the three models

Sex, age, and 18
blood laboratory
indicators of
patients with l

atypical focal

hepatic lesions TESTING MODEL FINAL MODEL MODEL
(n=466) SET PERFORMANCE MODEL EXPLANATION APPLICATION
—»> Hospitalized in > ROC curve, P  Thebest —» SHapley Additive ¥ Online calculator
2020-2021 calibration curve, performing exPlanations for aHCC
(n=160) and DCA model (SHAP) analysis probability

Figure 2 The workflow for model development and validation.
Abbreviations: ML, machine learning; LASSO, the least absolute shrinkage and selection operator; ROC, receiver operating characteristic; DCA, decision curve analysis;
aHCC, atypical hepatocellular carcinoma.
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intervals (Cls) at 95% level were obtained for AUC, and other diagnostic performance metrics. P < 0.05 was considered
statistically significant.

Results

Patient Characteristics

A total of 466 patients with atypical FHL were included in the present study, of which 252 cases were aHCC and 214
cases were aBFHL. All aHCC patients were staged according to the eighth version of the TNM staging system.”> The
clinicopathological characteristics of these patients and the stage of aHCC were shown in Table 1.

Characteristics and Diagnostic Values of Demographic and Clinlabomic Indicators
The demographic and laboratory characteristics and their diagnostic performance (AUC) were shown in Table 2. There
were 10 indicators with an AUC of greater than or equal to 0.7, of which HBsAg, AST, and AFP showed the highest
diagnostic value with AUC greater than 0.8. The normal rates of liver function tests and AFP ranged from 57.5% to
98.0% in the aHCC group and 75.2% to 99.1% in the aBFHL group (Figure 3). Although these indicators were normal in
most patients of both groups, significant differences between two groups were observed in most indicators.

Table | Clinicopathological Characteristics of Patients and the Stage
of aHCC [n (%)]

aHCC (n = 252) | aBFHL (n = 214) P
Location < 0.001
Left lobe 74 (29.4) 6l (28.5)
Right lobe 165 (65.5) 86 (40.2)
Caudate lobe 3(1.2) 1 (0.5)
2 2 lobes 10 (4.0) 66 (30.8)
Number of lesions < 0.001
Single 225 (89.3) 123 (57.5)
Multiple 27 (10.7) 9l (42.5)
Size (cm) < 0.001
<3 85 (33.7) 30 (14.0)
3-5 87 (34.5) 50 (23.4)
>5 76 (30.2) 129 (60.3)
Missing 4 (1.6) 5(2.3)
Pathological type
HCC 252 (100) NA
CHL NA 130 (60.7)
FNH NA 30 (14.0)
AML NA 23 (10.7)
Others NA 31 (14.5)
TNM stage
| 212 (84.1) NA
Il 14 (5.6) NA
11l 16 (6.4) NA
v 10 (4.0) NA
AFP (ng/mL) < 0.001
<20 163 (64.7) 212 (99.1)
220 89 (35.3) 2 (0.9)

Abbreviations: aHCC, atypical hepatocellular carcinoma; aBFHL, atypical benign focal
hepatic lesion; HCC, hepatocellular carcinoma; CHL, cavernous hemangioma of liver;
FNH, focal nodular hyperplasia; AML, angioleiomyolipoma of liver; NA: not applicable;
AFP, a-fetoprotein.
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Table 2 Characteristics and Diagnostic Values of Demographic and Clinlabomic

Indicators

Indicator aHCC (n = 252) | aBFHL (n = 214) P AUC (95% CI)
Age (year)® 56.3 + 105 458 + 123 <0.001 | 0.738 (0.694-0.783)
Sex® < 0.001 | 0.781 (0.736-0.825)

Male 225 (89.3) 71 33.2)

Female 27 (10.7) 143 (66.8)
WBC (x10°/L)° | 5.0 (3.9-6.4) 5.3 (4.2-6.4) 0.097 | 0.545 (0.492-0.597)
RBC (x10'%/L)® | 45 + 0.6 44+05 0.653 | 0.523 (0.471-0.576)
HB (g/L)* 1382 + 182 129.8 + 183 < 0.001 | 0.637 (0.587-0.688)
PLT (x I09/L)a 153.9 £ 734 2244 +71.8 < 0.001 | 0.776 (0.733-0.819)
ALT (UIL)® 30.0 21.0-43.0) | 16.0 (11.0-26.3) <0.001 | 0.761 (0.716-0.806)
AST (U/L) 33.0 27.0-46.0) | 20.7 (17.3-26.0) <0.001 | 0.830 (0.792-0.869)
TBIL (umol/L)® | 13.9 (10.0-17.8) | 9.8 (7.5-13.7) <0.001 | 0.681 (0.632-0.730)
DBIL (umol/L)S | 3.6 (2.7-5.4) 22 (1.7-3.2) <0.001 | 0.754 (0.710-0.798)
TP (g/L)? 68.5 + 6.3 694 + 63 0.149 0.548 (0.495-0.600)
ALB (g/L)* 40.8 £ 4.6 43.1 £ 43 < 0.001 | 0.648 (0.598-0.697)
GLB (g/L)* 278 + 48 264 + 42 0.001 0.582 (0.530-0.634)
AGR? 1.5+03 1.6 £0.3 < 0.001 | 0.647 (0.597-0.696)
GGT (UIL)® 46.0 (28.0-80.0) | 22.0 (14.0-37.3) <0.001 | 0.768 (0.725-0.811)
ALP (UL)® 97.0 (78.6-124.7) | 75.0 (58.0-94.0) <0.001 | 0.727 (0.681-0.773)
AFP (ng/ml)° | 8.7 (3.2-43.9) 2.4 (1.6-3.4) <0.001 | 0.811 (0.772-0.850)
HBsAg" <0.001 | 0.823 (0.783-0.864)

Positive 217 (86.1) 46 (21.5)

Negative 35 (13.9) 168 (78.5)

Note: a: Expressed as mean * SD; b: Expressed as n (%); c: Expressed as median (interquartile range).

Abbreviations: aHCC, atypical hepatocellular carcinoma; aBFHL, atypical benign focal hepatic lesion; AUC,
area under the receiver operating characteristic curve; Cl, interval confidence; WBC, white blood cell; RBC, red
blood cell; HB, hemoglobin; PLT, platelet; ALT, alanine aminotransaminase; AST, aspartate aminotransaminase;
TBIL, total bilirubin; DBIL, direct bilirubin; TP, total protein; ALB, albumin; GLB, globulin; AGR, albumin to
globulin ratio; GGT, y-glutamyltransferase; ALP, alkaline phosphatase; AFP, alpha fetoprotein; HBsAg, hepatitis
B surface antigen.

Development of Models on the Training Set

Patients were divided into training and testing sets according to the time of admission. The training set included 306
patients (166 aHCC and 140 aBFHL), and the testing set included 160 patients (86 aHCC and 74 aBFHL). Table 3 shows
the demographic and clinlabomic characteristics of patients in the training and testing sets.

Based on the 18 clinlabomic indicators in the training set, nine state-of-the-art machine learning classifiers were
developed to discriminate aHCC from aBFHL, and their classification performances were compared by AUC, accuracy
(ACC) and F1 score (Figure 4A—C). Random forest (RF), support vector machine (SVM) and linear discriminant analysis
(LDA) classifiers performed best, and therefore these three algorithms were selected for the subsequent model training.
In the feature selection by Boruta and LASSO algorithms, HBsAg, sex, AFP, AST, PLT, and age were selected by both
algorithms and therefore used as feature variables for subsequent model training (Figure 4D-F). Subsequently, we
developed RF, SVM and LDA diagnostic models using the six clinlabomic indicators and determined the optimal
hyperparameter values for each model using the grid search method with AUC as the optimization goal. The results of
10-fold cross-validation showed that the average AUC values of the three models reached 0.931-0.942 (Figure 4G-I).
From a computational perspective, the three candidate models (RF, SVM, and LDA) were trained on a standard desktop
computer (Intel Core 17, 16GB RAM) with total training times ranging from approximately 1.8 to 8.2 minutes under the
10-fold cross-validation framework. Importantly, once trained, the inference time for any of these models on a new

patient case is near-instantaneous (< 0.1 second), making them highly feasible for real-time clinical deployment.
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6 https:



Luo et al

I N
[ ] aHce
75+
S
o
C 50
E
£
—
o
P4
25-
O.

WBC RBC HB PLT ALT AST  TBIL DBIL TP ALB GLB AGR GGT ALP AFP

Figure 3 Normal rates of blood indicators in the aHCC and aBFHL groups. * P < 0.05, *** P < 0.001, and NS for not significant, compared between aHCC and aBFHL
groups by chi-squared test.

Abbreviations: aHCC, atypical hepatocellular carcinoma; aBFHL, atypical benign focal hepatic lesion; WBC, white blood cell; RBC, red blood cell; HB, hemoglobin; PLT,
platelet; ALT, alanine aminotransaminase; AST, aspartate aminotransaminase; TBIL, total bilirubin; DBIL, direct bilirubin; TP, total protein; ALB, albumin; GLB: globulin; AGR,
albumin to globulin ratio; GGT, y-glutamyltransferase; ALP, alkaline phosphatase; AFP, alpha-fetoprotein.

Validation of the Models on the Testing Set

The performance of the three models in discriminating aHCC from aBFHL was evaluated using the testing set.
Confusion matrix analysis showed that the RF model accurately classified the highest number of cases among the
three models (Figure SA-C). The RF model also had the largest AUC in the ROC curve analysis (Figure 5D) and
provided higher net gains than SVM and LDA at most decision thresholds in the decision curve analysis (Figure S5E). The
calibration curves show that the SVM model has the best predictive agreement, while the RF model has the lowest Brier
score, but with a small predictive bias (Figure SF-H). Overall, the RF model is the best model and is therefore selected
for further analysis.

Table 3 Demographic and Clinlabomic Characteristics of Patients in Training and Testing Sets

Training Set Testing Set

aHCC (n=166) aBFHL (n=140) | aHCC (n=86) aBFHL (n=74)

Age (year)® 57.0 (49.0-64.8) 48.0 (40.8-55.0) 56.0 (49.3-63.8) 42.5 (32.3-51.8)
Sex®
Male I51 (91.0) 50 (35.7) 74 (86.0) 21 (284)
Female 15 (9.0) 90 (64.3) 12 (14.0) 53 (71.6)
Blood cell analysis
WBC (x10%/L)* | 4.9 (3.9-6.3) 5.3 (4.1-6.5) 5.0 (3.9-6.4) 5.2 (4.6-6.2)
RBC (x10'%/L)° | 4.5+ 0.6 45+05 44 +06 43+05

HB (g/L)*
PLT (x10%/L)
Liver function test

140.0 (128.0-151.0)
146.5 (101.3-192.8)

1315 (122.8-144.0)
223.0 (178.5-274.3)

138.0 (125.0-150.0)
145.5 (110.0-189.0)

127.0 (119.0-134.8)
239.0 (179.0-274.0)

ALT (UIL)? 30.0 (21.0-42.8) 16.0 (11.0-26.3) 30.3 (22.4-42.5) 16.1 (11.7-25.7)
AST (U/L)* 33.0 (27.0-46.0) 20.5 (17.0-25.0) 33.9 (26.6-46.2) 20.7 (17.7-28.6)
TBIL (umol/L)® | 13.5 (9.4-17.5) 9.2 (6.9-12.0) 142 (11.2-18.1) 10.7 (8.6-15.5)
DBIL (umol/L)® | 4.0 (2.9-6.2) 2.4 (1.7-3.5) 3.1 (2.3-44) 2.1 (1.6-27)

TP (/L)
ALB (g/L)*
GLB (g/L)®

69.4 (65.8-73.1)
41.9 (38.7-44.6)
27.2 (24.2-30.4)

71.4 (67.2-742)
44.4 (41.7-46.7)
26.0 (24.0-29.1)

66.5 (62.8-72.4)
39.3 (36.9-42.5)
27.2 (23.9-31.5)

67.3 (62.3-71.9)
41.6 (38.3—44.7)
25.0 (22.5-28.0)

(Continued)
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Table 3 (Continued).

Training Set Testing Set
aHCC (n=166) aBFHL (n=140) aHCC (n=86) aBFHL (n=74)

AGR © 1.5+03 1.7 £ 03 1.5+03 1.6 0.3

GGT (U/L)* 48.5 (28.0-86.0) 21.0 (14.0-32.0) 45.0 (28.0-74.8) 23.0 (15.0-42.8)

ALP (U/L)* 100.0 (79.8-124.8) | 75.0 (59.8-92.3) 88.0 (78.2-124.3) 75.4 (56.1-100.4)
AFP (ng/mL)* 6.9 (3.2-30.1) 2.5 (1.6-3.4) 18.0 (3.7-65.5) 23 (1.6-3.4)
HBsAg”

Positive 141 (84.9) 32 (22.9) 76 (88.4) 14 (18.9)

Negative 25 (15.1) 108 (77.1) 10 (11.6) 60 (81.1)

Notes: Data are presented as mean * standard deviation for normally distributed variables and as median (interquartile range) for
non-normally distributed variables, based on the statistical tests used for group comparisons. a: Expressed as median (interquartile
range); b: Expressed as n (%); c: Expressed as mean * SD.

Abbreviations: aHCC, atypical hepatocellular carcinoma; aBFHL, benign focal hepatic lesion; WBC, white blood cell; RBC, red
blood cell; HB, hemoglobin; PLT, platelet; ALT, alanine aminotransaminase; AST, aspartate aminotransaminase; TBIL, total bilirubin;
DBIL, direct bilirubin; TP, total protein; ALB, albumin; GLB, globulin; AGR, albumin to globulin ratio; GGT, y-glutamyltransferase;
ALP, alkaline phosphatase; AFP, alpha-fetoprotein; HBsAg, hepatitis B surface antigen.

Clinical Utility and SHAP Analysis of the RF Model

The clinical utility of the RF model, the best model, was evaluated, and the results showed that the model performed well
in the differential diagnosis of early-stage aHCC (TNM stage I), small aHCC (tumor diameter < 3 cm), and AFP-negative
aHCC (AFP <20 ng/mL) from aBFHL (Figures 6A—C), outperforming our previously developed index SAGP in terms of
AUC (0.976-0.982 vs. 0.839-0.922). Based on the probability of aHCC predicted by the RF model, good discrimination
between aHCC and aBFHL was observed (Figure 6D). Furthermore, the diagnostic accuracy metrics of the RF model for
the training set, testing set, early-stage aHCC, small aHCC, and AFP-negative aHCC were calculated and compared with
the index SAGP (Table 4), and the results showed that the diagnostic accuracies were 92.5%-95.4% and the diagnostic
odds ratios were 268.8—-874.7, which were much higher than the SAGP. The impact of six feature variables on the
predictive outcome of the RF model was investigated using SHAP analysis, and the results showed that male sex,
positive HBsAg, and elevated levels of AFP, AST, and age contributed positively to the SHAP value, whereas elevated
PLT levels contributed negatively to the SHAP values (Figure 6E). Of these six features, HBsAg and sex had the greatest
impact on the average absolute SHAP values, indicating their key role in the model Figure 6F and G shows the SHAP
value of each feature and its contribution to the prediction of aHCC risk in an individual patient. Finally, an easy-to-use
online application of the RF model for calculating the probability of aHCC has been developed and is freely accessible
via a cloud platform (https://dingfan.shinyapps.io/aHCC-ML/) (Figure 6H).

Discussion

The Clinical diagnosis of HCC is primarily based on typical imaging features. However, not all HCC patients present
with the typical “fast-in and fast-out” imaging pattern, thereby posing a challenge in the differential diagnosis of HCC
and benign FHL. To address this issue, we previously developed a non-invasive novel index, SAGP, from conventional
laboratory tests (AFP, GGT, and PLT) and found that it was valuable for the diagnosis of aHCC, with AUCs greater than
0.85 for early-stage, small, and AFP-negative aHCC. This work encouraged us to continue researching for better results
by developing a diagnostic model using clinlabomic data.

In the present study, new cases (2021 year) were collected and merged with the original cases (2015-2020 years) to
form a new patient cohort, and for easy application, only clinical indicators that are always available in the medical
records of these patients were selected as variables, ie. age and sex, blood cell analysis, liver disease-related tests (liver
function, AFP, and HBV markers). Adhering to the standard procedures of machine learning modeling, the classifiers of
nine state-of-the-art machine learning algorithms were developed and compared, and RF, SVM, and LDA had the best
performance and were selected as the algorithms for further model training. On the other hand, we selected features using
Boruta and LASSO methods and identified six crucial features: HBsAg, sex, AFP, AST, PLT, and age. Using the six
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Figure 4 The development of diagnostic models for the differentiation of aHCC from aBFHL. (A): The area under the receiver operating characteristic curve (AUC) of the
9 machine learning classifiers based on clinlabomic data. (B): The accuracy (ACC) of the 9 classifiers. (C): The Fl score of the 9 classifiers. (D): Feature selection using the
least absolute shrinkage and selection operator (LASSO). The binomial deviance is plotted against log). The dashed line indicates the A value within one standard error of the
minimum (Alse). The numbers at the top of the plot denote the number of features with non-zero coefficients at each A level. The optimal penalty parameter was
determined via 10-fold cross-validation. (E): Feature selection by the Boruta algorithm. (F): Features selected by both LASSO and Boruta algorithms. (G-l): The receiver
operating characteristic curves generated through 10-fold cross-validation on the training set for the three classifiers after feature selection and hyperparameter

optimization.

Abbreviations: WBC, white blood cell; RBC, red blood cell; HB, hemoglobin; PLT, platelet; ALT, alanine aminotransaminase; AST, aspartate aminotransaminase; TBIL, total
bilirubin; DBIL, direct bilirubin; TP, total protein; ALB, albumin; GLB: globulin; AGR, albumin to globulin ratio; GGT, y-glutamyltransferase; ALP, alkaline phosphatase; AFP,

alpha-fetoprotein.

features, we developed RF, SVM, and LDA models to discriminate aHCC from aBFHL, and the RF model showed the
best diagnostic performance among the three models, which performed excellently on the training set, testing set, as well
as early, small, and AFP-negative aHCC, with AUCs greater than 0.95 and ACCs greater than 90%, and approximately

Journal of Hepatocellular Carcinoma 2026:13

https: 9



Luo et al

A swm Truth B RF Truth C LpbA Truth
aHCC aBFHL aHCC aBFHL aHCC aBFHL

Q . Q O < “
2 80 & 6 ¥ 2 ? 81§ 5 &
© @ ©

C c c
o Re] Re]
° 86% 9% ° ° 88% 7.4%
© © el
1 o o
o o o
T % £ : E £ %
i 13 2 61 N = E 11 3 63 5
© @ ©
14% 91% 12% 92.6%
D ROC curve E Decision curve analysis
0.6
1.00
0.75-
-~ - Treat All

-*§ SVM ‘5 — Treat None

= [ =4

3 0501 — RF 8 SVM

o — LDA ° — RF

(%] b4 — LDA

AUC (95% Cl)
0.251 SVM: 0.934 (0.891-0.969)
RF: 0.954 (0.907-0.978)
LDA: 0.934 (0.884-0.970)
0.00+
. : . . . -0.2L - . : .
0.00 0.25 0.50 0.75 1.00 0 25 50 75 100
1 - Specificity Threshold probability(%)
F G H
1.0 /| 1.0 4 1.0 4 <
Ideal Ideal Ideal

c Calibration c —— Calibration c —— Calibration

& 0.8 - 5 08 - & 0.8 -

5 5 5

g 06 - / g 06 - S 06 -

% / a %

el P ° o]

Q 04 0 04 P Q 04

T e 30| B Fies 308 | 3 e -3

ntercept -0. ) ntercept -0. ntercept -0.
S 02 Yy Slope 105 | & 021 Y4 Siope 174 | © 02 - P Slope 064
Y / /
/ / /
0.0 4 ~ 0.0 { ~ 0.0 4
% Ill'll' ﬂll_ (1) L Il‘" . . ALl 3 2 | M 8
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Predicted probability Predicted probability Predicted probability

Figure 5 Validation of the three diagnostic models in the testing set. (A=C): Confusion matrices of the three models. (D): Receiver operating characteristic (ROC) curves of
the three models. (E): Decision curves of the three models. (F-H): Calibration curves of the SVM (F), RF (G), and LDA (H) models.

Abbreviations: SVM, support vector machine; RF, random forest; LDA, linear discriminant analysis; aHCC, atypical hepatocellular carcinoma; aBFHL, benign focal hepatic
lesion; AUC, area under the receiver operating characteristic curve.

10% increase in ACC over our previous index sAGP. Finally, we interpreted the RF model using SHAP analysis and
developed an easy-to-use online application to calculate the risk probability of aHCC for an individual patient.

In the context of existing diagnostic approaches for aHCC, our proposed clinlabomics-based model represents
a notable advancement in both diagnostic performance and clinical practicality. To date, apart from our previous study
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Abbreviations: AFP, alpha-fetoprotein; aHCC, atypical hepatocellular carcinoma; TNM, the tumor-node-metastasis staging system; RF, random forest model; AUC, area
under the receiver operating characteristic curve; sAGP, the index [(standardized a-fetoprotein + standardized y-glutamyltransferase)/standardized platelet]; HBsAg, hepatitis
B surface antigen; AST, aspartate aminotransferase; PLT, platelet; SHAP, Shapley additive explanation.
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Table 4 Diagnostic Accuracy Metrics of the RF Model and sAGP

SEN (%) | SPE(%) | ACC(%) | PPV (%) | NPV (%) | PLR | NLR | DOR

Training set, aHCC (n = 166) vs. aBFHL (n = 140)

RF model 98.8 91.4 95.4 932 98.5 11.53 0.01 874.7
sAGP 90.4 79.3 85.3 83.8 874 4.36 0.12 359

Testing set, aHCC (n =86) vs. aBFHL (n =74)

RF model 97.7 86.5 92.5 894 97.0 7.23 0.03 268.8
sAGP 87.2 79.7 83.8 83.3 84.3 4.30 0.16 26.8

TNM stage | aHCC (n =212) vs. aBFHL (n =214)

RF model 98.1 89.7 93.8 90.4 98.0 9.54 0.02 453.8
sAGP 87.7 794 83.6 80.9 86.7 427 0.15 27.6

Small aHCC (n =85) vs. aBFHL (n =214)

RF model 95.9 92.2 93.2 83.0 98.3 12.3 0.04 274.9
sAGP 929 794 83.3 64.2 96.6 4.52 0.09 50.9

AFP-negative aHCC (n = 163) vs. aBFHL (n = 214)

RF model 98.2 89.7 93.4 87.9 98.5 9.55 0.02 465.5
sAGP 83.4 79.4 81.2 75.6 86.3 4.06 0.21 19.5

Abbreviations: RF, random forest; SAGP, (standardized o-fetoprotein + standardized y-glutamyltransferase) to standardized platelet
count ratio; aHCC, atypical hepatocellular carcinoma; aBFHL, atypical benign focal hepatic lesion; SEN, sensitivity; SPE, specificity;
ACC, accuracy; PPV, positive predictive value; NPV, negative predictive value; PLR, positive likelihood ratio; NLR, negative likelihood
ratio; DOR, diagnostic odds ratio.

Table 5 Overview of Machine and Deep Learning Approaches in Atypical HCC Diagnosis

Author & Year Population n Model Algorithm and Performance Online Ref.
Feature (AUC) Calculator

Li Wet al 2021 FNH vs. aHCC 226 | SVM, Ultrasomics 0.86-0.93 No 23

Oestmann PMet al HCC (47% aHCC) vs. non- | 150 | CNN, contrast-enhanced MRI 0.912 No 24

2021 HCC image

Huang Qet al 2021 FNH vs. aHCC 342 | SVM, CEUS 94.4% (Accuracy) No 25

Luo QQet al 2024 aHCC vs. aBFHL 402 | Index, derived from AFP, GGT, 0.85-0.92 No 14
PLT

This study aHCC vs. aBFHL 466 | RF, clinical and laboratory 0.939-0.982 Yes -
indicators

Abbreviations: HCC, hepatocellular carcinoma; FNH, focal nodular hyperplasia; aHCC, atypical hepatocellular carcinoma; aBFHL, atypical benign focal hepatic lesion; SVM,
support vector machine; CNN, convolutional neural network; MRI, magnetic resonance imaging; CEUS, contrast-enhanced ultrasound; AFP, alpha-fetoprotein; GGT, v-
glutamyltransferase; PLT, platelet; RF, random forest; AUC, the area under the receiver operating characteristic curve.

utilizing the SAGP index,'* there has been a paucity of research applying routine clinical and laboratory indicators
specifically for aHCC diagnosis. The predominant strategies in the literature have been imaging-based, as summarized in
Table 5. These include ultrasomics features from contrast-enhanced ultrasound (CEUS),” deep learning analysis of
multiphasic MRL,** and spatio-temporal diagnostic semantics from CEUS video frames.””> While such methods have
reported AUCs ranging from 0.86 to 0.93 and accuracies exceeding 94%, they are often constrained by reliance on
specialized equipment, subjective interpretation, and limited practical deployment. For instance, Laroia et al*® demon-
strated that both conventional qualitative imaging and the LI-RADSv2018 lexicon, while highly sensitive (92.0-97.0%),
suffered from low specificity (30.0-55.5%) in diagnosing atypical HCC. Similarly, the ultrasomics model by Li et al*®
achieved only moderate performance in differentiating aHCC from FNH, with an AUC of 0.86. In contrast, our model

leverages six routine clinlabomic indicators (HBsAg, sex, AFP, AST, PLT, and age) to construct a RF classifier that
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achieves superior and stable performance, with AUCs ranging from 0.939 to 0.982 and accuracies between 92.5% and
95.4% across multiple clinically relevant subgroups. Beyond its robust performance, our model addresses critical
translational gaps by offering both SHAP-based interpretability and a publicly accessible online calculator (https://
dingfan.shinyapps.io/aHCC-ML/), enabling real-time, individualized risk prediction. To our knowledge, this is the first

diagnostic model specifically tailored for imaging-atypical HCC using routine clinlabomic data, offering a cost-effective,
non-invasive, and easily implementable alternative to imaging-based methods.

Six indicators were included in the diagnostic model: HBsAg, sex, AFP, AST, PLT, and age. Although sex and age are
the most basic clinical indicators, they stood out from 18 indicators to be among the six variables in the model. The
univariate analysis showed that the proportion of male patients was much higher in the aHCC group than in the aBFHL
group (89.3% vs. 33.2%), and the mean age of the aHCC patients was approximately 10 years older than that of the
aBFHL patients (56.3 vs. 45.8 years). The SHAP analysis also yielded results consistent with the conventional analysis
above and showed that sex was more important than age. It is well known that men are more susceptible to HCC than
women, with morbidity and mortality rates two to three times higher in men than in women in most regions, and HCC is
the leading cause of cancer death in men in some countries.”” Aging plays an important role in tumorigenesis, and 60%
of cancers are found in elderly patients. HCC is relatively rare in the first 40 years of life, and the average age at the
diagnosis of HCC is 5559 years in China and 6365 years in Europe and North America.*®

In this study, HBsAg was the feature with the largest SHAP value in the RF model and was also one of three
indicators with AUC greater than 0.8 for differentiating aHCC from aBFHL in the univariate analysis. The HBsAg
positive rate in the aHCC group was four times higher than that in the aBFHL group (86.1% vs. 21.5%), and its AUC
was even higher than AFP (0.823 vs. 0.811) in univariate analysis. HBV infection can lead to chronic inflammation of the

liver followed by the development of HCC. Tseng et al*’

followed up 2688 HBsAg-positive patients without cirrhosis for
a mean of 14.7 years and found that the baseline HBsAg level was significantly associated with the development of HCC.
A meta-analysis including 10 studies (N = 12541) exhibited that HBsAg levels > 100 IU/mL, especially > 1000 IU/mL,
were associated with an increased risk of HCC development.** HBsAg status is also associated with the specificity of
AFP in the diagnosis of HCC.?" However, in countries or regions where HBV is not the primary cause of HCC, HBsAg
may not be a significant variable in the differential diagnosis of aHCC from aBFHL and needs to be validated.

Serum AFP was one of the six variables in the diagnostic model. AFP is the most widely used tumor marker for the
detection of HCC, but it is currently not recommended for the diagnosis of HCC due to its poor diagnostic performance
in small HCC. The Asian-Pacific guidelines'' recommend AFP in combination with ultrasound for HCC surveillance at
a cutoff of 200 ng/mL. In the present study, HCC patients with AFP < 200 ng/mL were defined as “atypical” and used
together with atypical imaging to define “aHCC”. Indeed, the AFP cutoff of 200 ng/mL has important implications for
the diagnosis of HCC. In a study with a large sample of HCC patients with AFP < 200 ng/mL, the negative predictive
value of ultrasound-guided percutaneous fine-needle aspiration (FNA) and pathological examination was only about
60%,? indicating the high risk of missed diagnosis. AFP-L3 and protein induced by vitamin K deficiency or antagonist II
(PIVKA-II), as complementary markers for AFP, also had lower sensitivities for HCC with AFP < 200 ng/mL (56.9%
and 62.1%, respectively).*> However, AFP was important in the differential diagnosis of aHCC in the present study.
Although AFP levels were low in both groups and normal in almost all patients in the aBFHL group and almost 50% of
patients in the aHCC group, the median AFP level in the aHCC group was almost four times higher than that in the
aBFHL group (8.7 vs. 2.4 ng/mL), with good performance in differentiating aHCC from aBFHL (AUC = 0.811). In
addition, the SHAP value of AFP was among the top three in the RF model. Therefore, the diagnostic value of AFP for
aHCC should not be ignored.

AST, another variable in the diagnostic model, is a reliable and sensitive marker of liver injury. In the present study,
the level of AST was normal in the majority of aHCC patients (61.9%) and aBFHL patients (81.8%), but it differed
significantly between the two groups and had a good diagnostic performance in univariate analysis (ranked top 2 among
the 18 indicators) and a high SHAP value similar to AFP in the RF model, suggesting that AST is a valuable indicator for
the differential diagnosis of aHCC. Previous reports have demonstrated that AST in combination with other liver tests
could improve the diagnostic performance in HCC. The y-GT/AST ratio had an AUC of 0.779 for the diagnosis of HCC,
and the AUC increased to 0.925 and 0.837 when combined with PIVKA-II and AFP, respectively.>* ALT/AST had an
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AUC of 0.804 for the diagnosis of AFP-negative HCC.* Toannou et al*® also found that AST/[JALT ratio was an
independent predictor of HCC development in cirrhosis of all etiologies.

PLT was also a feature included in the diagnostic model, with an AUC of 0.776 for distinguishing aHCC from aBFHL
in univariate analysis. The level of PLT was lower in aHCC than in aBFHL in our study, which may be related to the fact
that most aHCC had the background of liver cirrhosis or were at an early stage with low levels of tumor-educated PLT.
PLT plays an important role in cancer development and progression and has value in diagnosis, prognosis, and
monitoring response to therapy, suggesting that tumor cells have direct and indirect interactions with tumor-educated
PLT.>’ A multivariable logistic model constructed with clinical and hematological variables including PLT showed good
performance in discriminating AFP-negative and small-sized HCC from benign liver disease and healthy controls.*®

The interpretability of a machine learning and artificial intelligence system is crucial for the predicted outcome to be
trusted in medical and healthcare practice. In this study, we interpreted the RF model through SHAP analysis, which
clearly showed the magnitude of the contribution of the six variables to the model output through SHAP values, and
demonstrated the process of the model in predicting the probability of aHCC for a specific patient through the force plot.
To facilitate the application of the RF model, we developed an online calculator of the model, which can easily calculate
the probability of aHCC for a patient. SHAP analysis has been used to explain the relative importance of predictor
variables in a model to promote personalized medicine, such as risk prediction for chronic kidney disease,” identification
of perineural invasion for intrahepatic cholangiocarcinoma,* prognostic evaluation for spinal cord glioma.41 The
combination of SHAP analysis and online calculator development is a perfect approach for model interpretation and
clinical application, providing clear explanations for personalized prediction and a more intuitive understanding of the
effect of key features in the models. From a practical standpoint, the computational cost of our model is minimal. While
training required a few minutes, the inference time per patient is negligible, and the model has been deployed as a freely
accessible online calculator. This ensures that, despite its machine learning foundation, the tool can be easily integrated
into routine clinical workflows without requiring specialized hardware or software.

In univariate analysis, we found that the majority of patients had normal liver function test results (the mean normal
rate of 10 liver indicators was 70.2% in the aHCC group and 85.2% in the aBFHL group). Even when results were
abnormal, the magnitude was limited. For example, AST levels greater than twice the upper limit of normal were only
9.9% in the aHCC group and 1.9% in the aBFHL group (data not shown). Therefore, from a clinical point of view, these
liver function indicators are not useful in the diagnosis of aHCC. However, most of these indicators were valuable in
distinguishing aHCC from aBFHL (8 of 10 indicators had an AUC > 0.6 and 5 of them had an AUC > 0.7), and the RF
model established with six conventional clinical indicators performed well in distinguishing aHCC from aBFHL,
suggesting that clinical laboratory indicators at normal values may have good diagnostic power, especially when used
in combination. These results illustrate the diagnostic advantages of the new concept of clinlabomics and suggest that the
promotion of clinlabomics may lead to new opportunities in the development of diagnostics.

Despite the promising findings, several limitations of this study should be acknowledged. First, the diagnostic model
relies heavily on HBsAg status, which emerged as the most influential predictor in our SHAP analysis. As our cohort was
derived from an HBV-endemic region where HBsAg positivity constitutes a dominant risk factor for hepatocellular
carcinoma, the model’s performance may not directly extrapolate to populations with different etiological profiles, such
as those where hepatitis C virus (HCV) infection, alcohol-related liver disease, or non-alcoholic fatty liver disease
(NAFLD) are more prevalent. Consequently, careful validation and potential recalibration of the model are necessary in
non-HBV predominant cohorts before it can be considered for broader clinical application. Second, the single-center and
retrospective design of this study introduces the potential for selection bias and limits the generalizability of our findings.
The absence of external validation using an independent, multicenter cohort represents a significant limitation. Therefore,
well-designed prospective studies across multiple centers are essential to confirm the robustness, reproducibility, and true
clinical utility of our model across diverse populations and clinical settings.

Conclusions
We have developed and validated a diagnostic model for the differential diagnosis of aHCC from aBFHL using routine
clinical and laboratory indicators and following the novel concept of clinlabomics. To our knowledge, this is the first
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diagnostic model specifically developed for atypical hepatocellular carcinoma using routine clinical and laboratory
indicators. The model performed well in discriminating between aHCC, including early, small and AFP-negative
aHCC, from aBFHL in our HBV-endemic cohort. However, given the model’s heavy reliance on HBsAg status,
validation and potential recalibration in non-HBV cohorts (eg., NAFLD or HCV populations) are essential prerequisites
before any broader clinical application can be considered. Furthermore, prospective multicenter validation is
a prerequisite for clinical implementation of this model, given its single-center derivation and the exceptionally high
diagnostic performance observed.
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