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Background: Currently, it is still confused whether preoperative aminotransferase-to-platelet ratio (APRI) and gamma-glutamyl
transferase-to-platelet ratio (GPR) can predict microvascular invasion (MVI) in solitary hepatocellular carcinoma (HCC). We aimed to
develop and validate a machine-learning integration model for predicting MVI using APRI, GPR and gadoxetic acid disodium (Gd-
EOB-DTPA) enhanced MRI.

Methods: A total of 314 patients from XinQiao Hospital of Army Medical University were divided chronologically into training set
(n = 220) and internal validation set (n = 94), and recurrence-free survival was determined to follow up after surgery. Seventy-three
patients from Chongqing University Three Gorges Hospital and Luzhou People’s Hospital served as external validation set. Overall,
387 patients with solitary HCC were analyzed as whole dataset set. Least absolute shrinkage and selection operator, tenfold cross-
validation and multivariate logistic regression were used to gradually filter features. Six machine-learning models and an ensemble of
the all models (ENS) were built. The area under the receiver operating characteristic curve (AUC) and decision curve analysis were
used to evaluate model’s performance.

Results: APRI, GPR, HBP, ;o3 ([liver SI-tumor SI}/liver SI), PLT, peritumoral enhancement, non-smooth margin and peritumoral
hypointensity were independent risk factors for MVI. Six machine-learning models showed good performance for predicting MVI in
training set (AUCs range, 0.793-0.875), internal validation set (0.715-0.832), external validation set (0.636-0.746) and whole dataset set
(0.756-0.850). The ENS achieved the highest AUCs (0.879 vs 0.858 vs 0.839 vs 0.851) in four cohorts with excellent calibration and more
net benefit. Subgroup analysis indicated that ENS obtained excellent AUCs (0.900 vs 0.809 vs 0.865 vs 0.908) in HCC >5cm, <5cm, <3cm
and <2cm cohorts. Kaplan—-Meier survival curves indicated that ENS achieved excellent stratification for MVI status.

Conclusion: The APRI and GPR may be new potential biomarkers for predicting MVI of HCC. The ENS achieved optimal
performance for predicting MVI in different sizes HCC and may aid in the individualized selection of surgical procedures.
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Introduction

Currently, hepatocellular carcinoma (HCC) is the fifth most common malignant tumor and the third leading cause of
cancer-related death in the world,' with increasing morbidity and mortality.'” Most studies have shown that micro-
vascular invasion (MVI) is the most direct predictive signal of intrahepatic micrometastasis and the most important
source of tumor recurrence, and MVI has been recognized as an independent predictor of early recurrence and poor
prognosis after liver resection or liver transplantation.*”’ It was worth noting that previous studies also did not
recommend liver transplantation or radiofrequency ablation for MVI-positive HCC patients.®* '' To be more specific,
anatomic hepatectomy or partial hepatectomy with a wide resection margin should be used to improve the prognosis for
resectable or solitary small HCC with MVI-positive.'*!'* However, the MVI has mainly been evaluated through post-
operative histopathological analysis, which greatly limits the value of guidance for preoperative treatment decisions due
to a certain time lag.'* Therefore, it is crucial to explore a potential noninvasive tool to predict MVI for individualized
treatment decision and stratification management of HCC patients.

HCC is an inflammatory cancer.'” Inflammation is the basis for driving the interaction between biological behaviors
such as the tumor microenvironment of liver cancer and host immune response, and plays an important role in the
progression of HCC carcinogenesis.'®'” A few studies have shown that neutrophil-lymphocyte ratio'® and lymphocyte-
to-monocyte ratio'” are closely related to MVI. The conclusions drawn between different studies are also inconsistent,
and the best cutoff values are also different.'®° In addition, some previous studies have suggested that aminotransfer-
ase-to-platelet ratio (APRI)*! 3 2426
for shorter survival and higher recurrence after HCC surgery. However, it is still uncertain whether preoperative APRI or
GPR can predict MVI in solitary HCC, and there is no report on the relationship between APRI/GPR and MVI.

Recent studies have explored imaging features of gadoxetic acid disodium (Gd-EOB-DTPA) enhanced MRI to
27,28

and gamma-glutamyl transferase-to-platelet ratio (GPR) are independent risk factors

identify MVI, such as peritumoral enhancement and peritumoral hypointensity on hepatobiliary phase (HBP).
However, the performance of a single imaging feature in predicting MVI still needs further improvement. Ueno A*’
suggested that during the multi-step progression of HCC from atypical nodules to well-differentiated, moderately
differentiated, and to poorly differentiated HCC, hepatocyte uptake of organic anion transport polypeptide 1B13
(OATP1B3) expression decreased gradually, which provided HCC with different low signal intensity in HBP.
Moreover, MVI is more likely to occur of poorly differentiated HCC with higher malignancy.*® Therefore, further
quantitative studies are needed to explore whether combining tumor signal intensity with imaging features can improve
performance in predicting MVI.

Machine learning models such as Decision Tree (Tree), Random forest (RF), Support Vector Machine (SVM),
Logistic regression (LR), eXtreme Gradient Boosting (Xgboost), K-nearest neighbor (Knn), have been widely used in
cancer research. Compared with the traditional logistic regression model, the unique advantage of machine-learning
model is the use of nonlinear functions and the consideration of possible interactions between all variables, avoiding
certain confounding factors.*' To be more specific, the fusion and superposition application of multiple machine-learning
models has been proved to improve the predictive performance of pathological complete response in breast cancer treated
with neoadjuvant chemotherapy? and pathological highly invasive lung cancer.’* However, to our knowledge, there is no
study on the use of integrating APRI, GPR, Gd-EOB-DTPA-enhanced MRI features and multiple machine-learning to
predict MVI in different sizes of solitary HCC.

Therefore, the purpose of this study is to explore whether preoperative APRI and GPR can add complementary value
for predicting MVI of HCC and to develop and validate a multiple machine-learning integration model for predicting
MVTI in solitary HCC using APRI, GPR and Gd-EOB-DTPA-enhanced MRI.

Materials and Methods

Patients and Basic Data Collection

This retrospective study was approved by the Ethics Committee of XinQiao Hospital of the Army Medical University
(No: 2023-047-01) and was in conformation with the ethical guidelines of the 2008 Declaration of Helsinki. The
requirement for written informed consent was waived due to the retrospective nature of the study.

428 https: Journal of Hepatocellular Carcinoma 2024:1 |

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Wang et al

Patient workflow is shown in Figure 1. The inclusion criteria were as follows: (a) Patients with solitary HCC were
confirmed after hepatectomy; (b) MVI was evaluated in consensus by two experienced abdominal pathologists and
classified as positive and negative; (c) Gd-EOB-DTPA-enhanced MRI examination within one month before surgery; and
(d) Complete blood routine, biochemical, and tumor marker examination within two weeks before surgery. The exclusion
criteria included (a) previous history of any preoperative anticancer treatments and macro-vascular invasion in MRI; (b)
trauma, fever or acute infection within two weeks before surgery; (c) history of any other concurrent malignancies; and
(d) accompanying autoimmune diseases.

A total of 314 patients from XinQiao Hospital of Army Medical University were divided chronologically into training
set and internal validation set at a 7:3 ratio. Seventy-three patients from Chongqing University Three Gorges Hospital
and Luzhou People’s Hospital served as external validation set. Finally, a total of 387 patients with solitary HCC (332
males and 55 females; mean age, 53.9 + 10.6 years) from three independent centers were analyzed as the whole dataset
set. All patients basic data were recorded, including age, gender, lymphocyte count (Lym), platelet count (PLT), alanine
aminotransferase (ALT), aspartate aminotransferase (AST), gamma-glutamyl transferase (GGT), etc. The best cutoff
values (the Youden index [sensitivity+specificity-1]) were determined by the receiver operating characteristic curve
(ROC).'8:20-3435 The detailed definitions of derivative biomarkers are summarized in Supplementary Table 1.

MR Imaging and Analysis
All patients underwent Gd-EOB-DTPA-enhanced MRI using a 1.5T (n = 287) or 3.0T (n = 27) MR scanner (Signa HDxt,
GE Healthcare) from XinQiao Hospital of Army Medical University and a 3.0T MR scanner from Chongqing University
Three Gorges Hospital (Magnetom Verio, Siemens Healthcare; n = 51) and Luzhou People’s Hospital (Magnetom skyra,
Siemens Healthcare; n = 22). The imaging sequences included axial T,-weighted imaging, T,-weighted imaging, T -
weighted imaging multiphase enhancement. The arterial phase (20-35 s), portal venous phase (60-70 s), delayed phase
(180 s) and hepatobiliary phase (HBP, 20 min) were scanned after contrast injection. The scanning protocols are detailed
in Supplementary Table 2.

Two abdominal radiologists (F.W. and Y.H., with 7 and 5 years of MR experience) blinded to the MVI of the HCC
patients. Qualitative features included peritumoral enhancement, non-smooth margins, radiologic capsule, and

CENTER A: 2548 patients with HCC confirmed by pathology CENTER B: 82 patients with solitary HCC who underwent CENTER C: 22 patients with solitary HCC who were
Gd-EOB-DTPA-enhanced MRI were pathologically confirmed | | suitable inclusion and exclusion criteria from June 2018
after hepatectomy from January 2015 to December 2022 after hepatectomy from January 2019 to February 2023 to December 2022
3! Exclude 908 with not Gd-EOB-DTPA- EicudeStiwih
Invasion €
Md MRI or unclear of MVI grade

—>| Exclude 676 not solitary HCC | \

| 51 patients included for analysis 22 patients included for analysis
——)l Exclude 237 with unclear of MVI grade | I I
Exclude 413 received preoperative
?| anticancer treatment and macrovascular
invasion \ 4

v
314 patients included for analysis

73 patients included for analysis
in external validation set

4

Chronologically
divided into 2 sets
with a ratio of 7:3

v
Internal validation Whole dataset set External validation set
set (N=94) (N=387) (N=73)

Figure | Workflow and design of the study.

Training set
(N=220)
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peritumoral hypointensity in HBP.?**° Quantitative features included tumor size and signal intensity (SI) ratio of HBPsir,
HBPsie, HBP,.ii01, HBP atio2, HBPratio3, and HBP, .04 (Supplementary Table 1). Besides, regions of interests (ROIs,

mean area 100 mm?) were applied to measure the normal liver, tumor and right spinal muscle SI for three times on the

tumor largest level of the axial HBP and took the average value and tried to avoid the vascular, cystic and necrotic
areas.>® The typical examples are shown in Figure 2.

Feature Screening and Model Development
All processes were performed on the R 4.1 platform (http://www.r-project.org/; R Foundation for Statistical Computing,

Vienna, Austria). In the training set, feature selection was performed with tenfold cross-validation, least absolute shrinkage
and selection operator (LASSO) and stepwise forward multivariate logistic regression, and feature selection and standardi-
zation were performed based on the training set and applied to the validation sets. Firstly, tenfold cross validation and
LASSO regression were used to screen baseline features, retaining features with non-zero coefficients based on penalty
coefficients and optimal Lambda. Besides, the remaining features were selected for further analysis through stepwise
forward multivariate logistic regression, and important features with P<0.05 were retained for model construction.

The R package was used to establish the classifiers. This package provided a comprehensive and good interface to
access many machine learning algorithms in R, which included “mlr3”, “glm”, “rms”, “glmnet”, “caret”, “kNN", “e1071”,
and “randomForest”. We used 10-fold cross-validation to evaluate the classifier. Ultimately, six machine-learning models of
RF, Tree, LR, SVM, Xgboost and Knn were developed on the training set and verified in three validation sets. We also
established the ensemble model (ENS), which carried out a simple logistic regression on the prediction probabilities of all
models. The area under the curve (AUC), accuracy, precision, recall, and a Brier score were used to assess the model’s
performances. The calibration curve and decision curve analysis (DCA) were used to evaluate the calibration capability and

net benefit. Subgroup analyses were used to verify the stability and generalization ability of the model.

Follow-Up Plan

The follow-up will be conducted once in the first month, then once in 3 months, and then once every 6 months or once
a year after one year. Tumor recurrence was defined as intrahepatic or extrahepatic recurrence detected by CT or MRI or
confirmed by pathology. The 314 patients from XinQiao Hospital of Army Medical University were followed up to the

Figure 2 Qualitative and quantitative features of HCC. Peritumoral enhancement (a); radiologic capsule ((b) complete, (c) incomplete); non-smooth margins on HBP (d);
smooth margins on HBP (e); quantitative measurement in HBP (f): ROIs (mean area 100 mmz) were applied to measure the tumor signal intensity (SI), normal liver Sl and
right spinal muscle Sl for three times on the tumors largest level of the axial HBP; peritumoral hypointensity in HBP (g).

Abbreviations: HBP, hepatobiliary phases; HCC, hepatocellular carcinoma; SI, signal intensity; ROI, regions of interest.
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date of recurrence or last review, with a deadline of March 1, 2023. Recurrence-free survival (RFS) was defined as the
time interval from the date of surgery to the date of recurrence or the last follow-up visit.

Statistical Analysis

The intraclass correlation coefficients (ICCs) were calculated by a two-way random effect model with absolute
agreement to evaluate the agreement for the two radiologists. Bland—Altman plots was used to examine bias and limits
of agreement.’” The ICC was classified into moderate (0.5 < ICC < 0.75), good (0.75 < ICC < 0.9) and excellent (ICC >
0.9).% Statistical analyses were performed using R software (version 4.1) and MedCalc (version 15.2). Two-tailed P <
0.05 was considered indicative of a statistically significant difference.

Results

Patient Baseline Characteristics

Between January 2015 and December 2022, 314 patients from XinQiao Hospital of Army Medical University were
divided chronologically into training set (n = 220) and internal validation set (n = 94) at a 7:3 ratio. In addition, 73
patients from Chongqing University Three Gorges Hospital (n = 51) and Luzhou People’s Hospital (n = 22) served as
external validation set from June 2018 to February 2023. Overall, 387 patients were analyzed as whole dataset set. The
definitions and best cutoff values of derivative biomarkers and MR quantitative features are summarized in Table 1. The
baseline characteristics are summarized in Table 2.

ICC Analysis and Features Selection
The ICC analysis indicated that two radiologists had a good agreement for quantitative and qualitative features (ICCs
range: 0.7924-0.9925; Supplementary Table 3). Bland—Altman plots also suggested that there was good agreement on the

quantitative parameters measured by the two radiologists (Supplementary Figure 1).

Eleven features were selected from 26 baseline characteristics through tenfold cross validation and LASSO regression
(Figure 3A and Bj; Supplementary Table 4). Finally, seven most important features were selected through stepwise
forward multivariate logistic regression based on the eleven features (Table 3). The results showed that APRI > 0.283
(Odds Ratio [OR]=3.912; P=0.0105), GPR > 0.482 (OR = 0.267; P = 0.0068), PLT (OR = 0.990; P = 0.0076), HBP 403
> 0.658 (OR = 3.745; P = 0.0181), peritumoral enhancement (OR = 4.353; P = 0.0003), Non-smooth margin (OR =
5.864; P =0.0016) and peritumoral hypointensity (OR = 15.109; P < 0.0001) were independent risk factors for the MVI.
Heatmaps of correlation coefficients for seven important features showed that the correlation coefficients were less than

Table | The Definitions and Best Cutoff Values of Derivative Biomarkers and MR Quantitative Features
for Predicting MVI in Solitary HCC

Markers Definitions Cutoff Values

Derivative biomarkers

ALRI ALRI=Aminotransferase-to-lymphocyte ratio 17.105
APRI APRI=Aminotransferase-to-platelet ratio 0.283
GPR GPR=Gamma-glutamyl transferase-to-platelet ratio 0.482
MR quantitative features
Tumor Sl Tumor Sl=tumor signal intensity (SI) 578.100
HBPsir HBPsir=tumor Sl/liver SI 0.342
HBPsie HBPsie=tumor Sl/spinal muscle SI 1.375
HBP, .¢i01 HBP,.¢io1=liver Sl—tumor S| 714.466
HBP,.¢i02 HBP,..¢i02=(liver Sl-tumor Sl)/spinal muscle SI 2.448
HBP, .¢i03 HBP,..(i03=(liver Sl-tumor Sl)/liver SI 0.658
HBP, .ti04 HBP,..¢i04=(tumor Sl-spinal muscle Sl)/(liver Sl-spinal muscle SI) 0.328
Notes: “/”: Divide. “~”: Subtract.

Abbreviations: MR, magnetic resonance; MVI, microvascular invasion; HCC, hepatocellular carcinoma; Sl, signal intensity; HBP,
hepatobiliary phases.
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Table 2 The Baseline Characteristics of the HCC Patients in Different Cohorts

Variables Whole Training Set Internal External P values
Dataset Set (N=220) Validation Validation
(N=387) Set (N=94) Set (N=73)
MVI: 0.174

Negative 220 (56.8%) 119 (54.1%) 51 (54.3%) 50 (68.5%)

Positive 167 (43.2%) 101 (45.9%) 43 (45.7%) 23 (31.5%)

Gender: 0.290

Female 55 (14.2%) 37 (16.8%) 8 (8.51%) 10 (13.7%)

Male 332 (85.8%) 183 (83.2%) 86 (91.5%) 63 (86.3%)

Age 53.9 (10.6) 52.7 (9.89) 54.0 (11.8) 57.4 (10.5) 0.012
Tumor diameter (cm) 4.80 (3.22) 4.78 (3.23) 479 3.11) 4.84 (3.38) 0.999
Tumor location: 0.955

Left lobe 93 (24.0%) 51 (23.2%) 26 (27.7%) 16 (21.9%)

Caudate leaf 4 (1.03%) 3 (1.36%) I (1.06%) 0 (0.00%)

Right lobe 290 (74.9%) 166 (75.5%) 67 (71.3%) 57 (78.1%)

Tumor Sl: <0.001

>578.100 174 (45.0%) 120 (54.5%) 43 (45.7%) I (15.1%)

<578.100 213 (55.0%) 100 (45.5%) 51 (54.3%) 62 (84.9%)

HBPsir: 0518

>0.342 313 (80.9%) 183 (83.2%) 75 (79.8%) 55 (75.3%)

<0.342 74 (19.1%) 37 (16.8%) 19 (20.2%) 18 (24.7%)

HBPsie: 0.839

>1.375 244 (63.0%) 136 (61.8%) 63 (67.0%) 45 (61.6%)

<1.375 143 (37.0%) 84 (38.2%) 31 (33.0%) 28 (38.4%)

HBP,.¢i01: <0.001

<714.466 206 (53.2%) 104 (47.3%) 40 (42.6%) 62 (84.9%)

2714.466 181 (46.8%) 116 (52.7%) 54 (57.4%) I (15.1%)

HBP, 4ti02: 0.322

<2.488 248 (64.1%) 149 (67.7%) 58 (61.7%) 41 (56.2%)

22.488 139 (35.9%) 71 (32.3%) 36 (38.3%) 32 (43.8%)

HBP, 4ti04: 0.193

>0.328 125 (32.3%) 79 (35.9%) 22 (23.4%) 24 (32.9%)

<0.328 262 (67.7%) 141 (64.1%) 72 (76.6%) 49 (67.1%)

HBP, 4ti03: 0.333

<0.658 313 (80.9%) 184 (83.6%) 75 (79.8%) 54 (74.0%)

20.658 74 (19.1%) 36 (16.4%) 19 (20.2%) 19 (26.0%)
Peritumoral enhancement: 0.018

NO 186 (48.1%) 100 (45.5%) 39 (41.5%) 47 (64.4%)

Yes 201 (51.9%) 120 (54.5%) 55 (58.5%) 26 (35.6%)

Non smooth margin: 0.020

NO 122 (31.5%) 57 (25.9%) 32 (34.0%) 33 (45.2%)

Yes 265 (68.5%) 163 (74.1%) 62 (66.0%) 40 (54.8%)
Peritumoral hypointensity: 0.217

NO 243 (62.8%) 144 (65.5%) 61 (64.9%) 38 (52.1%)

Yes 144 (37.2%) 76 (34.5%) 33 (35.1%) 35 (47.9%)

Radiologic capsule: <0.001

Complete 195 (50.4%) 127 (57.7%) 50 (53.2%) 18 (24.7%)

No 20 (5.17%) 2 (0.91%) 2 (2.13%) 16 (21.9%)

Incomplete 172 (44.4%) 91 (41.4%) 42 (44.7%) 39 (53.4%)
Lym(x10°/L) 1.51 (0.80) 1.49 (0.60) 1.60 (0.86) 1.44 (1.18) 0.588
PLT(x10°/L) 162 (69.3) 158 (69.4) 172 (70.6) 163 (66.8) 0.425

(Continued)
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Table 2 (Continued).

Variables Whole Training Set Internal External P values
Dataset Set (N=220) Validation Validation
(N=387) Set (N=94) Set (N=73)
ALT(IU/L) 52.4 (73.0) 51.4 (70.7) 58.2 (82.7) 48.0 (66.7) 0.830
AST(IU/L) 49.7 (62.7) 47.9 (58.7) 47.2 (46.6) 58.6 (87.7) 0.617
ALP(U/L) 103 (62.8) 97.3 (41.8) 104 (38.4) 120 (116) 0.073
GGT(IU/L) 92.4 (112) 85.9 (103) 101 (107) 101 (141) 0.635
LogAFP: 0.826
<2.68l 275 (71.1%) 153 (69.5%) 67 (71.3%) 55 (75.3%)
2268l 112 (28.9%) 67 (30.5%) 27 (28.7%) 18 (24.7%)
HBYV of liver: 0.949
NO 77 (19.9%) 46 (20.9%) 17 (18.1%) 14 (19.2%)
Yes 310 (80.1%) 174 (79.1%) 77 (81.9%) 59 (80.8%)
APRI: 0.922
<0.283 245 (63.3%) 140 (63.6%) 57 (60.6%) 48 (65.8%)
20.283 142 (36.7%) 80 (36.4%) 37 (39.4%) 25 (34.2%)
GPR: 0.331
<0.482 239 (61.8%) 131 (59.5%) 56 (59.6%) 52 (71.2%)
20.482 148 (38.2%) 89 (40.5%) 38 (40.4%) 21 (28.8%)
ALRI: 0.742
<17.105 96 (24.8%) 55 (25.0%) 20 (21.3%) 21 (28.8%)
=17.105 291 (75.2%) 165 (75.0%) 74 (78.7%) 52 (71.2%)

Abbreviations: Lym, lymphocyte count; PLT, platelet count; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline
phosphatase; GGT, gamma-glutamyl transferase; AFP, alpha-fetoprotein; Sl, signal intensity; HBV, viral hepatitis B; APRI, aminotransferase-to-
platelet ratio; GPR, gamma-glutamyl transferase-to-platelet ratio; ALRI, aminotransferase-to-lymphocyte ratio; HBP, hepatobiliary phases; MVI,
microvascular invasion; HCC, hepatocellular carcinoma.

0.55, which suggested no covariance between these features (Figure 3C). Sort the importance of Shapley values for seven
important parameters is shown in Figure 3D.

Model Building and Evaluation

Six machine-learning models were developed based on the seven important features, and the ROC curves are summar-
ized in Figure 4A—D. The ENS showed the highest AUCs (0.879 vs 0.858 vs 0.839 vs 0.851; Figure SA-D), the smallest
Brier scores (0.139 vs 0.143 vs 0.121 vs 0.153) and a better recalls (0.832 vs 0.882 vs 0.940 vs 0.841) in four cohorts
(Table 4). Importantly, the ENS had significantly better performance in predicting MVI than the other four machine
learning models (P<0.05), except for the RF and LR model. The calibration curves showed that the predicted probability
by ENS closely matched the actual probability with histopathological confirmation results for MVI in four cohorts
(Figure SE-H). The DCA suggested that using the ENS to predict the MVI would add more benefit than treating either all
or no patients in four cohorts (Figure 5I-L). To be more specific, the DCA indicated that ENS obtained more net benefits
to predict MVI than the other six machine-learning models (Figure 6).

Subgroup Analysis

We investigated the performance of ENS for predicting MVI with different tumor diameters (>5cm, <5cm, <3cm, 2cm <
tumor size < 5cm, <2cm; Table 5) based on all patients. Overall, the ENS for predicting MVI of different sizes HCC
(>5cm, <5cm, <3cm, <2cm) achieves excellent prediction performance (AUC range: 0.809-0.908), and obtains good
calibration and clinical net benefit (Supplementary Figure 2A—H).

To verify the accuracy of our ENS in different MRI scanners and magnetic field intensity. The subgroup analysis of
gender (male vs female), magnetic field intensity (1.5T vs 3.0T) and MRI scanners (GE vs Siemens) is summarized in
Supplementary Table 5. Importantly, the ENS had a better and stable performance in different subgroups.
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Figure 3 Feature selection path plots of tenfold cross-validation (A) and LASSO regression (B). The dotted vertical line represents the log (Lambda) value
(Lambda=0.02257) corresponding to the number of variables of the minimum binomial deviation, where eleven features were included. Heatmaps of correlation coefficients
for seven important features (C). Sort the importance of Shapley values for seven important parameters (D).

Abbreviations: APRI, aminotransferase-to-platelet ratio; GPR, gamma-glutamyl transferase-to-platelet ratio; PLT, platelet count; HBP .3, (liver signal intensity—tumor
signal intensity)/liver signal intensity.

Survival Analysis
Forty-two patients were lost to follow-up, and 272 HCC patients completed follow-up. There were 102 postoperative
recurrences (37.5%), and the recurrence rates for one-, two-, and three-years were 24.6% (67/272), 32.7% (89/272), and

Table 3 Seven Most Important Features Were Selected Through
Stepwise Forward Multivariate Logistic Regression

Variables OR (95% CI) P value
Peritumoral hypointensity, Yes/No | 15.109 (5.994—42.667) <0.0001
Peritumoral enhancement, Yes/No 4.353 (1.982-9.906) 0.0003
PLT(x10°/L) 0.990 (0.983-0.997) 0.0076
Non smooth margin, Yes/No 5.864 (2.052-18.986) 0.0016
HBP 4103, 20.658/<0.658 3.745 (1.279-11.624) 0.0181
GPR, 20.482/<0.482 0.267 (0.099-0.678) 0.0068
APRI, 20.283/<0.283 3.912 (1.416-11.584) 0.0105

Abbreviations: APRI, aminotransferase-to-platelet ratio; GPR, gamma-glutamyl transfer-
ase-to-platelet ratio; PLT, platelet count; HBP,03, (liver signal intensity—tumor signal
intensity)/liver signal intensity; OR, odds ratio; Cl, confidence interval.
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Figure 4 Comparison of the ROC curves of the six machine-learning models for predicting MVl in training set (A), internal validation set (B), external validation set (C) and

whole dataset set (D).

Abbreviations: ROC, the receiver operating characteristic curve; MVI, microvascular invasion.

34.9% (95/272), respectively. The median RFS was 18.267 months in the MVI-positive patients and was 38.333 months
in the MVI-negative patients, and patients were stratified into two risk groups (high risk vs low risk) using the optimal
cutoff for the ENS prediction probability scores. Noticeably, the differences were statistically significant according to
pathological results (Figure 7A) and ENS prediction results (Figure 7B). The ENS also achieved excellent stratification
for MVI status of one-, two-, and three-years RFS (all P<0.001; Figure 7C-E).

Discussion
To our knowledge, this is the first study to use of integrating APRI, GPR, Gd-EOB-DTPA-enhanced MRI features and
multiple machine-learning to predict MVI in solitary HCC. Six machine-learning models and ENS were developed in the
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Figure 5 ROC curves of the ENS model for predicting MVI in training set (A), internal validation set (B), external validation set (C) and whole dataset set (D). The
calibration curves of ENS in training set (E), internal validation set (F), external validation set (G) and whole dataset set (H). Decision curve analysis of ENS in training set

(1), internal validation set (J), external validation set (K) and whole dataset set (L).

Abbreviations: ROC, the receiver operating characteristic curve; MVI, microvascular invasion; ENS, the ensemble model.

study. Compared to the any one of the six machine-learning models, the ENS achieved the highest performance and

smallest Brier score in four cohorts with an excellent calibration and more net benefit. Additionally, Kaplan—Meier

survival curves also indicated that ENS achieved excellent stratification for the MVI status. The best predictive
performance was achieved for predicting MVI by combining APRI, GPR and Gd-EOB-DTPA-enhanced MRI features

and ensemble multiple machine-learning models.

Table 4 Comparison of the Prediction Performance of Multiple Machine-Learning Models for
Predicting MVI in Solitary HCC

Cohorts and Models AUC (95% CI) Accuracy | Precision Recall Brier Score
Training set
RF 0.867(0.814-0.909)* 0.791 0.787 0.832 0.148
LR 0.875(0.824-0.916)* 0.768 0.775 0.791 0.143
Tree 0.793(0.734-0.845)% 0.741 0.772 0.748 0.183
Xgboost 0.810(0.752-0.859)* 0.750 0.793 0.737 0.206
SVM 0.849(0.795-0.894)* 0.786 0.799 0.809 0.157
Knn 0.828(0.772-0.876)* 0.777 0.824 0.742 0.174
ENS 0.879(0.829-0.919) 0.786 0.786 0.832 0.139
Internal validation set
RF 0.771(0.673-0.851)% 0.766 0.740 0.871 0.176
LR 0.832(0.741-0.901)* 0.788 0.781 0.831 0.158
Tree 0.715(0.613-0.803)* 0.788 0.755 0.885 0.162
Xgboost 0.775(0.677-0.854)% 0.722 0.770 0.752 0.212
SVM 0.762(0.663-0.844)* 0.766 0.740 0.871 0.176
Knn 0.746(0.646-0.831)* 0.754 0.751 0.839 0.207
ENS 0.858(0.771-0.922) 0.809 0.789 0.882 0.143
(Continued)
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Table 4 (Continued).

Cohorts and Models AUC (95% CI) Accuracy | Precision Recall Brier Score
External validation set

RF 0.746(0.631-0.841)* 0.739 0.796 0.860 0.173
LR 0.740(0.624-0.836)* 0.764 0.809 0.860 0.178
Tree 0.680(0.560-0.784)* 0.755 0.799 0.880 0.182
Xgboost 0.737(0.620-0.833)% 0.682 0.800 0.750 0.215
SVM 0.636(0.515-0.745)% 0.725 0.766 0.880 0.207
Knn 0.724(0.607-0.823)* 0.696 0.779 0.827 0.191
ENS 0.839(0.735-0.915) 0.849 0.855 0.940 0.121
Whole dataset set

RF 0.846(0.806-0.881)* 0.752 0.746 0.842 0.155
LR 0.850(0.811-0.884)* 0.762 0.784 0.812 0.156
Tree 0.756(0.710-0.798)* 0.770 0.752 0.877 0.171
Xgboost 0.822(0.780-0.859)* 0.736 0.766 0.768 0.204
SVM 0.820(0.778-0.857)% 0.770 0.754 0.879 0.166
Knn 0.809(0.767-0.847)* 0.736 0.765 0.775 0.185
ENS 0.851(0.812-0.885) 0.762 0.765 0.841 0.153

Notes: $Compared with the ENS, the difference was no statistically significant (P>0.05, DelLong test). *Compared with the ENS,
the difference was statistically significant (P<0.05, DelLong test). Bold font: the numerical value was either maximum or optimal.
Abbreviations: RF, Random forest; LR, Logistic regression; Tree, Decision Tree; Xgboost, eXtreme Gradient Boosting; SVM,
Support Vector Machine; Knn, K-nearest neighbor; ENS, the ensemble model; AUC, area under the curve; Cl, confidence interval;
MVI, microvascular invasion; HCC, hepatocellular carcinoma.

Inflammation is one of the most important features of cancer.>® Several previous studies have shown that APRI and
GPR were independent risk factors for shorter OS and high recurrence after HCC surgery.”' ¢ Additionally, a recent
meta-analysis (4706 HCCs) showed a significant correlation between preoperative GPR and postoperative prognosis in
HCC patients, with higher GPR closely associated with poorer OS (HR: 1.79; P<0.001).?° However, MVI is the most
direct predictive signal for early intrahepatic micrometastasis in HCC and the most important source of tumor recurrence
or poor prognosis. Our study first indicates that APRI > 0.283 and GPR > 0.482 are independent predictors for MVI. The
following factors may be the reasons. Firstly, HCC is often secondary to cirrhosis or liver disease. The mitochondria of
liver cells are often damaged, which significantly increase the release of AST.*® Secondly, higher GGT levels were
closely related to the multiple intrahepatic micrometastases and vascular invasion.*'* Finally, platelets can produce
a variety of growth factors and serotonin, which promote angiogenesis, cell proliferation, and cancer cell metastasis.*’

Interestingly, our study found that the HBP .03 >0.658 was an independent predictor for MVI. This may be related to
the fact that the low expression of OATP1B3 is uptaken by hepatocytes with poor differentiation of HCC.?*** Du et al*°
also showed that the histological differentiation of HCC is strongly correlated with MVI, and MVI is more likely to occur
in HCC patients with poor differentiation. Peritumoral enhancement, peritumoral hypointensity and non-smooth margin
were independent predictors for MVI. Firstly, peritumoral enhancement may be due to branch blockage caused by tumor
invasion of surrounding small blood vessels, resulting in compensatory perfusion of surrounding proliferative local blood
vessels and the formation of peritumoral enhancement.*> Secondly, peritumoral hypointensity may be mainly due to
microvascular invasion, which leads to a decrease in blood flow around the tumor and results in a decrease in the ability
of liver cells to uptake Gd-EOB-DTPA and peritumoral hypointensity on HBP.*® Finally, MVI-positive HCC has an
aggressive tendency to invade the tumor envelope and protrude into non-cancerous parenchyma, which results in a higher
frequency of non-smooth margin.?*4¢

Significantly, the ENS that integrated inflammation information, Gd-EOB-DTPA-enhanced MRI features and multiple
machine-learning, achieved the excellent and stable prediction performance for MVI in four cohorts. Compared to any

one of the six machine-learning models, the ENS showed the highest predictive performance. Xu et al'® showed
a nomogram that the AUC for predicting MVI based on six features was 0.868 (n = 156 HCCs, single center), without

validation data and external validation. Similarly, the AUC of another nomogram was 0.839 (n = 627 HCCs, single
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Figure 6 Comparison of the clinical net benefit of the seven models for predicting MVI in training set (A), internal validation set (B), external validation set (C) and whole
dataset set (D).

Abbreviations: RF, Random forest; LR, Logistic regression; Tree, Decision Tree; Xgboost, eXtreme Gradient Boosting; SVM, Support Vector Machine; Knn, K-nearest
neighbor; ENS, the ensemble model; MVI, microvascular invasion.

center), lacking calibration, validation data and external validation.'® Furthermore, Gu et al** developed a model for
predicting MVI based on seven features without external validation (n = 658 HCCs, single center), and the AUCs in
training and validation set were 0.788 and 0.735, respectively. Meanwhile, Tang et al** also developed a nomogram (n =
273 patients, single center), with an AUC of 0.754 in training set and an AUC of 0.746 in validation set. Despite the
performance of the above models was good, however, it lacks multiple validation cohorts and calibration and
not combines multiple machine learning. Importantly, our ENS obtained more clinical net benefits over a wide range
of threshold values, and survival analysis confirmed that ENS achieved excellent stratification for the MVI high-risk
status vs low-risk status. Thus, if the precise predictions of preoperative pathological MVI can be provided for each HCC
patient, it may be useful for a more detailed consideration of treatment strategies.

Table 5 The ENS Model Diagnostic Performance for MVI of Different Sizes HCC

Variables Size Insensitive Size< 2cm 2cm<Size<5cm Size< 3cm Size>3cm Size< 5cm Size>5cm
(n=387) (n=68) (n=174) (n=149) (n=238) (n=242) (n=145)
MVlI-positive(%) 167(43.2) 17(25.0) 71(40.8) 42(28.2) 125(52.5) 88(36.4) 79(54.5)
AUC (95% CI) 0.851 0.908 0.778 0.865 0.836 0.809 0.900
(0.812-0.885) (0.813-0.964) (0.709-0.838) (0.800-0.916) (0.783-0.881) (0.754-0.850) (0.839-0.944)
Accuracy 0.762 0.868 0.713 0.846 0.782 0.752 0.869
Precision 0.765 0.904 0.748 0.875 0.752 0.779 0.873
Recall 0.841 0.922 0.777 0916 0.805 0.851 0.833
Brier Score 0.153 0.088 0.188 0.126 0.163 0.167 0.111

Abbreviations: ENS, the ensemble model; AUC, area under the curve; Cl, confidence interval; MVI, microvascular invasion; HCC, hepatocellular carcinoma.
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Figure 7 Kaplan—Meier survival curve plots according to pathological results (A) and ENS prediction results (B). The ENS model achieved excellent stratification for MVI
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Several previous studies have shown that M VI is an independent factor with poor prognosis for progression-free survival and
overall survival in patients with HCC <3cm.>**”*® Giuliante et al*® reported a 37% incidence of MVI in small HCC with
a diameter of <3cm, and two studies indicated even in HCC of 2cm or less, the incidence of MVI could reach 15-28%.4-0
Similarly, a 28.2% and 25.0% incidence of MVI was found in small HCCs with a diameter of <3cm and <2cm in our study.
Interestingly, our ENS achieved excellent performance (AUC: 0.865; recall: 0.916) for MVI with a diameter of <3cm HCC.
Okamura et al*® showed that the AUC of prediction for MVI by ADC value was 0.772 in HCC <3c¢m, which was less accurate
than our ENS model. Moreover, for HCC with a diameter of <2cm, Xu et al’' suggested that an AUC of prediction for MVI was
0.711 based on ADC value; however, our ENS achieved more excellent performance for MVI (AUC: 0.908; recall: 0.922).
Overall, the ENS for predicting MVI of different sizes HCC (>5cm, <5cm, <3cm, <2cm) achieves excellent prediction
performance, and obtains good calibration and clinical net benefit.

However, several limitations associated with this study warrant mention. Firstly, our research is a retrospective study.
Secondly, the patients who did not undergo Gd-EOB-DTPA-enhanced MRI or surgery were not included, and there may
be a certain selection bias. Thirdly, our sample size is not yet large enough in our cohorts with HCC < 2cm and HCC <
3cm, and further validation is required using larger sample data from more centers. Finally, although our model has been
verified in the different cohorts, it may still lack large-scale external verification of multiple regions and multiple ethnic
groups, which will also be our future research direction.

Conclusion

In conclusion, the APRI and GPR may be new potential biomarkers for predicting MVI in HCC. The ENS achieved the
optimal performance for predicting MVI in different sizes of HCC and holds promise for using as a noninvasive tool and
may aid in the individualized selection of surgical procedures.
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