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Wang et al.: Support Vector Machine in Liver Transplant Survival and General Surgery Practice

The clinical and follow-up data of 118 patients after hepatocellular carcinoma liver transplantation 
who met the three criteria were retrospectively analyzed. Predictive model scores were obtained using 
R3.4.3 software, and the cutoff values of the model were determined using the survival decision tree 
approach. Kaplan-Meier survival curves of the predictive model for patients after hepatocellular 
carcinoma liver transplantation under the three liver transplantation criteria were plotted and group-
to-group differences were analyzed using log-rank tests. The predictive efficacy of the prediction 
model was examined using subject work characteristics curves. The support vector machine model 
is useful for meeting the up-to-seven criterion, the University of California, San Francisco criterion, 
and the Milan criterion. In addition to clinical and follow-up data, a pharmacologic perspective could 
provide important additional information for this study. Pharmacologic therapy is crucial in patients 
after liver transplantation, especially the use of anti-rejection and anti-cancer drugs. After liver 
transplantation, patients' liver function may be affected to varying degrees. The metabolic pathways 
of drugs may be altered, which is also important for developing personalized treatment plans and 
predicting survival. Different drugs may cause different side effects after liver transplantation, such 
as liver injury and abnormal kidney function. These side effects may affect patient survival rates and 
the prediction results of support vector machine model. Regular monitoring of drug concentrations 
and patients' drug responses can help to adjust the treatment regimen and thus improve survival and 
prognosis.

Key words: Factor analysis, hepatocellular carcinoma, Kaplan-Meier, liver transplantation, survival prediction, 
support vector machine

Hepatocellular Carcinoma (HCC) stands as a 
prevalent malignancy in the digestive system, with 
its occurrence and death rates ranking 5th and 3rd in 
the category of all malignant tumors, respectively. 
Due to the lack of distinct symptoms and signs in the 
initial stage, the majority of patients are diagnosed in 
the last stage, and the prognosis is extremely poor[1]. 
Today’s chemotherapeutic drugs for the treatment 
of liver cancer include sorafenib, which is used as 
an oral multi-targeted inhibitor for the treatment of 
advanced HCC and inhibits the growth of tumor 
cells and angiogenesis. Rituximab, another targeted 
therapy drug, is used for patients with advanced 
liver cancer who have not received systemic therapy 
before. Targeted therapy drugs include trastuzumab, 
which targets the vascular endothelial growth factor 
receptor and is used to treat advanced liver cancer. 

Afatinib is targeted at the immunological checkpoint 
Programmed Death Ligand-1 (PD-L1) for the 
treatment of late-stage hepatocellular cancer. Liver 
transplantation is currently the only effective means 
of treating middle- and late-stage HCC, and its clinical 
application has been widely recognized[2,3]. Early 
death after liver transplantation is a major cause of 
overall graft outcome, and most recipients die within 
3 mo after transplantation[4]. Given the ongoing acute 
scarcity of donor livers and the growing patient wait 
for these livers, there is an urgent need for some ideal 
survival prediction models for liver transplantation 
patients to assess patient outcomes through post-liver 
transplantation and to further identify patients who 
are most likely to benefit from liver transplantation. 
In recent years, in addition to the Model for End-
stage Liver Disease (MELD) score[5], the Albumin-
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Bilirubin (ALBI) score and the Easy Albumin-ALBI 
(EZ-ALBI) score have been reported to be used 
as scoring models to accurately predict long-term 
survival after liver transplantation[6,7]. However, with 
the improvement of medical technology, patients' 
signs and symptoms are detected, which makes the 
traditional models have some limitations.
Nakayama et al.[8] constructed novel prognostic 
algorithms for patients with Acute Liver Failure 
(ALF) that may be helpful in determining the 
indications for liver transplantation. In determining 
the indicators for pre-transplant evaluation of 
HCC, the optimal threshold value for each test 
remains uncertain. Bertsimas et al.[9] constructed a 
mortality prediction model using machine learning 
techniques, i.e., prioritizing liver transplantation 
waiting list more accurately and objectively based 
on the severity of the disease, which led to a more 
equitable allocation of livers and a significant saving 
of healthcare resources. Zhong et al.[10] built an 
Artificial Neural Network (ANN) model based on 
the ALBI and Child-Pugh scoring systems, which 
showed good properties in assessing the efficacy of 
treatment.
Cucchetti et al.[11] used an ANN to build a 
predictive model based on HCC nuclear grading 
and microvascular infiltration data, and the findings 
indicated that compared with the traditional linear 
model, an ANN based on preoperative variables to 
more accurately identify HCC nuclear grading and 
microvascular infiltration, providing a clinical basis 
for treatment. Kavur et al.[12] used a deep learning-
based automated segmentation algorithm to greatly 
improve the accuracy and reproducibility of liver 
segmentation and volume measurements. Jain et 
al.[13] retrospective cohort study included 1459 
patients undergoing liver transplantation, and built a 
machine learning model to predict the cardiovascular 
events and mortality after transplantation and showed 
that the main factors influencing cardiovascular 
events were age, presence of diabetes mellitus, 
serum creatinine level, presence of cirrhosis due to 
nonalcoholic steatohepatitis, right ventricular systolic 
pressure, and left ventricular ejection fraction. Ji et 
al.[14] Machine-learning based augmented Computed 
Tomography (CT) findings can accurately predict 
partial hepatectomy in patients with HCC post 
recurrence, and it was found that machine learning 
combined with imaging and pathology could 
effectively evaluate and accurately predict HCC after 
partial hepatectomy.

In this study, based on the analysis of clinical liver 
transplantation case data, we constructed a Support 
Vector Machine (SVM)-based survival prediction 
model for liver transplantation patients, and further 
carried out multi-center and large-sample clinical 
validation. Using R3.4.3 software, the training and 
validation of the vector machine algorithm model 
were realized. Based on clinical parameters, liver 
transplant recipients meeting Up-to-Seven (Up7) 
criteria, University of California, San Francisco 
(UCSF) criteria and Milan criteria were included in 
the analysis. The ability of each clinical parameter to 
predict the survival of liver transplant recipients was 
evaluated by the average precision decrease value 
during the modeling process, and the average Gini 
coefficient decrease value. The predictive value of 
the prediction model for early postoperative survival 
in liver transplant recipients was explored by plotting 
Kaplan-Meier curves of overall postoperative 
survival of patients.

MATERIALS AND METHODS

General information:

A retrospective analysis was conducted on the 
clinical records of 215 patients who received liver 
transplants due to liver failure between January 2013 
and December 2022 in our medical facility. The 
group consisted of 148 males and 67 females, with an 
age range of (38±12) y. All liver transplant recipients 
and their families signed an informed consent form 
before liver transplantation.

Inclusion criteria: Recipients were aged 21 y-50 y. 
Liver transplant recipients with HCC met the Milan 
criteria. Recipients underwent abdominal CT within 
3 mo before surgery. Recipients underwent serum 
total cholesterol examination within 2 w before 
surgery.

Exclusion criteria: Recipients of 2, multiple, 
or salvage liver transplantation; recipients with 
preoperative combined severe pneumonia and 
recipients with preoperative combined cardiovascular 
and cerebrovascular disease. Borderline donor livers 
(including advanced age donor livers, fatty liver 
donor livers, split liver transplant donor livers, 
viral hepatitis donor livers, hypernatremic donor 
livers, hemodynamically unstable, and preoperative 
presence of potential donor-derived infected donor 
livers)[15]. Multiple organ failure and combined other 
organ transplant recipients.
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Immunosuppression program:

Postoperative recipients were treated with 
an immunosuppressive regimen based on 
calmodulin phosphatase inhibitors+mescaline 
analogs+glucocorticoids.

Research methodology:

Information about recipients was obtained by 
reviewing electronic medical records, outpatient 
clinics, and telephone counseling follow-up. 
Initial liver transplantation treatment was used as 
the starting point, and death within 3 mo or 3 mo 
postoperatively was used as the follow-up endpoint. 
Clinical data of the recipients were collected. General 
data included gender and age, and preoperative data 
included Hepatitis B surface Antigen (HBsAg), Total 
Bilirubin (TB), ALB, Gamma-Glutamyltransferase 
(GGT), Aspartate Aminotransferase (AST), Alanine 
Aminotransferase (ALT), serum sodium, Platelet 
(PLT), Plasminogen Time (PT), and the international 
standardized ratio of PT. PT-International Normalized 
Ratio (PT-INR), serum creatinine, Up7 score, UCSF 
score, and Milan score.

Indicators of HCC liver transplantation:

The currently recognized criteria for liver 
transplantation for HCC are the Up7 criteria[16], the 
UCSF criteria[17], and the Milan, Italy (Milan) criteria. 
HCC patients with liver transplantation who meet 
these criteria have a better prognosis than those who 
do not; therefore, HCC patients are usually evaluated 
preoperatively and those who meet the criteria are 
prioritized for liver transplantation.

Up7 criteria: The sum of the maximum diameter of 
the tumor (cm) and the number of tumors ≤7.

UCSF criteria: The maximum diameter of a single 
tumor ≤6.5 cm or the number of tumors is 2-3 and the 
maximum diameter of a single tumor ≤4.5 cm, and 
the sum of the maximum diameters of all tumors ≤8 
cm. Not accompanied by large vessel invasion and 
lymph node metastasis.

Milan criteria: The maximum diameter of a single 
tumor is <5 cm, or the number of tumors is 2-3 and 
the maximum diameter of a single tumor is ≤3 cm. 
Not accompanied by Microvascular Invasion (MVI) 
and extrahepatic metastasis.

SVM prediction model:

In this paper, the researchers pre-tested the 

performance of various machine learning algorithms 
such as ANN, SVM, Categorical Regression Tree 
(CART), neighbourhood algorithms, and Random 
Forest (RF) algorithm in predicting the survival 
prediction after liver transplantation for HCC on a 
small portion of the dataset. Ultimately SVM showed 
the highest accuracy in the preliminary tests, so in 
this paper we chose the SVM algorithm for predictive 
model construction.

We utilized the RF package in R3.4.3 to implement 
the training and validation of the vector machine 
algorithm model. Every patient fulfilling the 
enrollment requirements is randomly allocated to 
both the training and trial sets in a proportion of 7/3. 
The whole process of training and validation of the 
model is divided into three main steps; predictive 
performance evaluation and screening of clinical 
features. Thirty-two clinical parameters were 
selected from the collected data that were completed 
with complete information and could be associated 
with tumor recurrence after liver transplantation[18]. 
Specifically, the following categories were 
included; basic information of liver transplant 
recipients, specifically including recipient's gender, 
recipient’s age, and recipient's ABO blood type. 
Recipient’s medical history, specifically, history 
of cardiovascular disease, history of hypertension, 
history of diabetes mellitus, whether or not it was 
a second liver transplant, history of systemic 
chemotherapy treatment for HCC, history of 
radiofrequency ablation treatment for HCC, history 
of hepatic arterial embolization chemotherapy 
treatment, and history of varicose vein hemorrhage. 
Recipient liver function, specifically protein synthesis 
function, progressive hyperbilirubinemia, hepatic 
encephalopathy condition, hepatorenal syndrome, 
creatinine, albumin, TB, Up7 standardized rate, 
UCSF standardized rate, and Milan standardized rate. 
Tumor characteristics, specifically plasma Alpha-
Fetoprotein (AFP), number of tumors, maximal 
tumor length, maximal tumor width, sum of tumor 
diameters, venous invasion, presence or absence of 
encapsulation of the tumor, encapsulation invasion, 
metastasis to hepatic hilar lymph node nodes, and 
invasion of the right or left branch of the portal vein.

Incorporating liver transplant patients with HCC 
to adhere to the Up7 standardization, UCSF 
standardization, and Milan standardization rate 
was subsequently counted on the basis of the above 
clinical parameters, and the same three derived 
parameters were included in the analysis. The aim of 
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the patients were analyzed by a SVM algorithm to 
identify predictors of survival prognosis.

SVM model scores were obtained by simulation 
using R3.4.3 software, and survival decision trees 
were used to determine model cutoff values. Kaplan-
Meier graphs depicting patient survival rates post-
surgery were created, and the log-rank test was 
employed to examine the disparities between groups 
with high and low risk.

Using pathology results as the gold standard, 
subject’s work characteristics (ROC) curves were 
plotted and analyzed for the proportion of annual 
deaths and non-deaths using R3.4.3 software with a 
test level (α) of 0.05.

RESULTS AND DISCUSSION
This research included 215 patients, with their 
fundamental clinical information presented in Table 
1. After screening by Up7 standardization, UCSF 
standardization and Milan standardized rate, a total 
of 118 patients (54.88 %) in conformity group A 
and 97 patients (45.12 %) in withdrawal group B 
were obtained. Among all patients in the compliant 
group, 41 patients were female, accounting for 
34.75 % of the total, with a mean Body Mass Index 
(BMI) of 21.15±4.79 and a mean age of 37.75 y. 
Total Bilirubin (TBIL) is a model of end-stage 
liver disease. Fibrosis-4 (FIB-4) is tumor-lymph 
node-distant metastasis, and Asia Pacific Research 
Integrity (APRI) is Japanese comprehensive staging 
system[19].

The widespread clinical use of borderline donor 
livers increases the risk of developing Early Graft 
Insufficiency (EAD) after liver transplantation. The 
most commonly used diagnostic criteria for EAD 
after liver transplantation in main indicators are the 
highest value of alanine ALT or AST within 7 d after 
surgery, TB on the 7th d after surgery, and the INR on 
the 7th d after surgery. Various factors can influence 
the occurrence of EAD after liver transplantation, 
which can be mainly categorized into donor factors, 
and recipient factors. Early diagnosis of EAD 
is of great clinical value for its prevention and 
treatment. In this study, we propose to establish an 
individualized prediction model that can be easily 
extended to clinical practice by retrospectively 
analyzing the clinical data of a large sample of liver 
transplantation cases from multiple centers, so as to 
provide preoperative early warning of EAD.

this first analysis was to find the clinical parameters 
that were strong predictors of survival in liver 
transplant recipients in the SVM model. The ability 
of each clinical parameter to predict the survival of 
liver transplant patients was evaluated by means 
of the average precision decrease value during 
the modeling process as well as the average Gini 
coefficient decrease value, and all clinical parameters 
were ranked in terms of their predictive ability. A 
recursive feature elimination-like approach was used 
to determine the number of clinical parameters that 
would be included in the final model and to identify 
the clinical parameters that would be included in the 
final modeling.

In this step, the important clinical parameters 
screened in the previous step are used for the 
training of the SVM model, and the efficacy of the 
SVM model in forecasting outcomes is progressively 
enhanced by tweaking parameters, culminating in 
the development of the model that predicts patient 
survival post-liver transplant.

In this step, the predictive effect of the SVM model 
generated in the previous step is evaluated in the 
test set. It will also be compared with the traditional 
screening criteria for liver transplant recipients to 
test the clinical application value of the SVM model. 
In this study, the predictive power of different models 
will be evaluated using the Receiver Operating 
Characteristic (ROC) curve and Area Under the 
Curve (AUC). The accuracy gap between different 
prediction models will be quantified by the Net 
Reclassification Index (NRI), and the Kaplan-Meier 
survival analysis will be used to compare the survival 
of high-risk recipients vs. low-risk recipients after 
liver transplantation under different classification 
criteria.

Statistical processing:

R3.4.3 software was applied for statistical analysis. 
Firstly, the measurement data were tested for 
normality, and if they obeyed normal distribution, they 
were expressed as x±s. Comparisons between groups 
were analyzed by Analysis of Variance (ANOVA). In 
cases where it deviated from a normal distribution, 
the data was presented as a median (in the lower 
and upper quartiles), utilizing the non-parametric 
Kruskal-Wallis H test for intergroup comparisons. 
Count data were expressed as cases and percentages, 
and the test was used for comparison between groups. 
Preoperative serological and imaging parameters of 
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referred to as type A EAD-A, and the remaining 57 
liver transplant recipients who developed EAD are 
referred to as type B EAD-B.

The study was further analyzed by the SVM model 
constructed in the previous section, and the results of 
univariate and multivariate analysis of poor prognosis 
EAD-B are shown in Table 2. Where GRWR is 
expressed as the proportion of graft weight to recipient 
weight, CIT is expressed as cold ischemia time, and 

In the training set of 215 liver transplants, 97 liver 
transplant recipients did not develop EAD and 118 
liver transplant recipients developed EAD, and the 
recipients were further categorized into subgroups 
based on the 3 indicators of EAD diagnosis as 
shown in fig. 1, where - and + indicate decrease and 
increase, respectively. Of the 118 liver transplant 
recipients who developed EAD, 61 liver transplant 
recipients had elevated ALT or AST alone, which is 

Characteristic Total amount (215) Coincidence group (118) Exit group (97)

Age (year) 37.89±12.05 37.75±3.16 42.22±6.5

Sex (female/male) 67/148 41/77 26/71

Height (m) 1.64±0.22 1.66±0.29 1.64±0.24

Weight (kg) 54.2±8.57 56.99±8.29 55.72±6.26

BMI (kg/m2) 22.98±3.38 21.15±4.79 22.81±3.15

WBC (×109/l) 5.26±5.91 5.39±5.65 5.43±6.11

RBC (×109/l) 4.38±7.83 4.08±4.28 5.08±3.43

Hb (g/l) 120.63±11.6 122.96±19.91 112.66±19.66

PLT (×109/l) 153.3±59.75 169.47±59.3 126.15±59.50

Monocyte (×109/l) 0.49±0.16 0.44±0.16 0.52±0.05

Lymphocyte (×109/l) 1.37±0.14 0.71±0.33 1.99±3.09

Neutrophil (×109/l) 2.89±0.74 2.65±0.71 3.22±1.02

RDW-CV (%) 13.9±2.01 13.48±2.60 14.74±1.76

RDW-SD (%) 49.06±1.92 52.28±1.47 48.44±2.17

HCT (%) 37.65±4.85 35.68±5.8 41.41±5.94

MPV (fl) 14.6±2.74 12.99±2.22 16.14±3.43

PDW (fl) 15.72±2.66 15.24±2.64 16.69±2.31

ALT (U/l) 193.50±307.1 243.45±236.07 181.15±228.77

AST (U/l) 199.8±261.61 191.86±262.39 219.95±299.64

ALP (U/l) 162.37±54.41 154.57±87.01 174.77±92.64

GGT (U/l) 153.92±94.87 163.79±92.74 135.24±91.81

TBIL (μmol/l) 51.15±93.26 43.87±87.7 81.74±84.32

TBA (μmol/l) 57.16±86.39 58.15±84.28 48.87±78.38

GLB (g/l) 32.08±5.17 34.18±6.02 30.99±4.78

ALB (g/l) 39.57±8.68 42.47±5.17 35.49±8.88

PT (sec) 12.71±2.13 11.97±2.05 13.51±2.87

APTT (sec) 37.82±7.14 39.05±8.84 37.17±10.52

UTST (mm) 37.17±7.02 36.36±5.98 41.17±9.52

FIB-4 4.59±1.22 4.34±1.58 11.67±11.31

AAR 1.88±2.54 2.97±3.41 1.43±1.57

APRI 3.86±0.67 3.56±5.27 2.85±4.77

TABLE 1: BASIC CLINICAL DATA CHARACTERISTICS
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(n=57) and non-EAD-B (n=61) groups. The dataset 
was analyzed by Orthogonal Partial Least Squares-
Discriminant Analysis (OPLS-DA) through SVM 
modeling, and the results are shown in fig. 4. It was 
found that there was a significant difference in the 
Metabolite dimension between the two groups on the 
3D score map, and the EAD-B group was distributed 
in the interval. While the non-EAD-B group, i.e., 
EAD-A group was less than 24. OPLS-DA score 
distinction was significant (R2=0.507, Q2=0.231). 
The SVM prediction model was subjected to a 100 
permutation test to obtain the robustness results of 
the model as shown in fig. 5. It can be found that the 
goodness of fit for the EAD-B group and non-EAD-B 
is R2=0.361, Q2=-0.459, respectively, indicating that 
the predictive model is robust and good.

high MELD score is defined as preoperative MELD 
score >40. Multifactorial analysis revealed that graft 
weight (p=0.000), cold ischemia time (p=0.021), and 
high MELD score (p=0.015) were independent risk 
factors for the development of EAD-B. A column-
linear graphical model for preoperative prediction 
of EAD-B was developed as shown in fig. 2, which 
had good discrimination with a C-index of 0.803 
(0.681, 0.825). Finally, the calibration curves were 
obtained as shown in fig. 3, and it was found that the 
predicted results of the SVM model had a good fit 
with the actual occurrence results, and the Hosmer-
Lemeshow (HL) goodness-of-fit test indicated that 
the prediction model had a good fit (p=0.2245).

To further explore lipid metabolites in the 
development of poor prognostic EAD subtypes, lipid 
metabolites were compared between the EAD-B 

Fig. 1: The liver transplant recipient was analyzed according to the evaluation index of the EAD

Feature
Single factor analysis Multifactor analysis

p OR (95 % CI) p

Donor characteristics

Age (years) 0.4349 —

Gender 0.7409 —

BMI (kg/m2) 0.1218 —

Bubbly fat change 0.2568 —

The weight of the graft (g) 0.0008 1.001 (1.000,1.003) 0.0000

GRWR (%) 0.0005 —

The donor blood sodium 
(mmol/l) 0.2296 —

CIT (h) 0.0003 1.213 (1.017,1.255) 0.0021

Acceptor characteristic

Age (y) 0.2244 —

Gender 0.6129 —

BMI (kg/m2) 0.4154 —

High MELD score 0.0000 2.037 (1.105,3.271) 0.0015

TABLE 2: MULTI-FACTOR ANALYSIS OF THE RISK FACTORS OF THE EDA-B
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Fig. 2: The probability of EDA-B after preoperative prediction of mapping model

Fig. 4: The OPLS-DA model distinguishes between EAD-B and non-EAD-B

Fig. 3: The calibration curve shows the nomogram model of EDA-B
Note: ( ): Ideal; ( ): Bias-corrected and ( ): Difference
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All patients included in the compliant group were 
scored with ATMD and the cutoff value of the SVM 
model was set to 1.504 based on the discriminant 
survival tree. Liver transplantation patients meeting 
the Up7 criteria were categorized into two groups, 
the high-risk group and the low-risk group. The 
number of patients meeting the UCSF criteria was 
23 and 95 for the high-risk group and the low-risk 
group, respectively. The number of patients meeting 
the UCSF criteria was 32 and 86 in the high-risk 
and low-risk groups, respectively. In the high-
risk and low-risk categories, 23 and 95 patients 
respectively fulfilled the Milan criteria. The results 
of the Kaplan-Meier analysis of survival of post-
liver transplantation patients based on the SVM 
model for the different criteria are shown in fig. 7. 
The log-rank test found that the standard errors of the 
three discriminatory criteria, SE Wald of Chi-square 
values were 13.839, 10.741 and 8.054, respectively, 
and the survival of liver transplant patients could 
be significantly differentiated in both high-risk and 
low-risk groups (p<0.001, p=0.002, p=0.009). The 
results of intergroup differences indicated that the 
prediction model constructed in the study was able 
to significantly differentiate between the high-risk 
group and the low-risk group, indicating that the 
model effectively forecasted the survival rates of 
patients who underwent liver transplants based on 
varied distinguishing factors. 

The AUC results of the SVM model for predicting 
1 y, 3 y, and 5 y survival of liver transplant patients 
under three different discriminant criteria are shown 
in fig. 8. Utilizing the Up7 standard, the SVM model 
forecasted the AUC for 1 y, 3 y, and 5 y survival rates 
at 0.7305, 0.7658, and 0.7134, in that order. Under 
the UCSF criterion, the SVM model predicted the 

This research led to the creation of five distinct machine 
learning models ANN, SVM, CART, Neighborhood 
Algorithm (KNN), and RF were established for 
survival prediction of liver transplantation patients, 
and the results of the models obtained on the 10-
fold cross validation and the training set are shown 
in fig. 6. The results show that the ability of SVM 
in predicting the survival of liver transplant patients 
achieved the optimum (AUC=0.8945, 0.8705) in both 
10-fold cross-validation and training set. In 10-fold 
cross-validation, followed by RF (AUC=0.8834), 
KNN (AUC=0.8625) and CART (AUC=0.8608) had 
comparable predictive efficacy. ANN had the worst 
predictive efficacy (AUC=7798). The standard error 
SE of the AUC of the SVM model was smaller than 
that of the other four models (SE=0.0218), which 
proved that its predictive efficacy was more stable 
than that of the other models.

This research categorized 118 group A eligible 
recipients into two groups; a training group (n=71) 
and a testing group (n=47), based on a 6:4 case 
ratio, and the prediction performance of different 
machine learning models on training cohort and 
testing cohort was demonstrated respectively, and 
the relevant diagnostic metrics of different machine 
learning models are shown in Table 3. It can be seen 
that SVM has the best prediction efficacy on both the 
training and test cohorts. In the training cohort, SVM 
has AUC=0.9572, sensitivity 92.71 %, specificity 
86.68 %, accuracy 86.33 %, and recall 92.05 %. 
SVM in the test cohort has AUC=0.8575, sensitivity 
83.16 %, specificity 84.04 %, accuracy 76.22 %, and 
recall 82.66 %. The above findings suggest that SVM 
modeling can be used as the best predictive tool for 
the survival of HCC liver transplantation patients and 
can be applied among the clinics of general surgery.

Fig. 5: SVM model (replacement test times=100)
Note: ( ): EAD-A and ( ): EAD-B
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Abdel et al.[21] applied machine learning techniques 
to the matching of donor-recipient models for liver 
transplantation[22], which optimized the process, 
improved the efficiency, and better adherence to the 
principle of fairness. Yang et al.[23] used machine 
learning techniques to construct a mortality prediction 
model, i.e., to prioritize liver transplantation waiting 
list more accurately and objectively according to 
the severity of the disease, which led to a fairer 
allocation of livers, and saved a large amount of 
healthcare resources. Dolan et al.[24] found that the 
machine learning techniques have the transplantation 
clinical practice guidance potential, thereby favoring 
national organ allocation policies.

Moreover, integrating advancements in drug therapies 
for HCC is crucial. Chemotherapeutic agents such 
as sorafenib and lenvatinib are pivotal in treating 
advanced stages of liver cancer by inhibiting tumor 
cell growth and angiogenesis. Targeted therapies 
like ramucirumab and atezolizumab, which target 
specific receptors or immune checkpoints, have also 
shown efficacy in treating advanced HCC.

AUC of 1 y, 3 y, and 5 y survival as 0.7658, 0.7034, 
and 0.7387, respectively. Under the Milan criterion, 
the SVM model predicted the AUC of 1 y, SVM 
model under Milan criterion for 1 y, 3 y, and 5 y 
patient survival predicted AUCs of 0.7134, 0.6447, 
and 0.6781, respectively. It was found that the AUCs 
of liver transplantation patient survival predicted in 
three of the years were >70 %, and a more stable 
prediction result was obtained. 

China is a major country with a high incidence of 
HCC, with at least 500 000 people dying of HCC 
each year, accounting for approximately 50 % of 
global HCC deaths, and liver transplantation has 
been gradually recognized as one of the therapeutic 
options for HCC, in addition to surgery and other 
comprehensive treatment options. Presently, the 
primary criteria for considering liver transplants for 
HCC include the Up7, UCSF, and Milan criteria, 
each relying on distinct threshold values for tumor 
size and quantity.

Zhang et al.[20] constructed a decision analysis model 
to use liver supply more rationally and efficiently. 

Fig. 6: The machine learning model is in the cross model and the training set AUC
Note: (A): ( ): ANN=0.7798; ( ): CART=0.8608; ( ): SVM=0.8945; ( ): KNN=0.8625 and ( ): RF=0.8834 and (B): ( ): 
ANN=0.7024; ( ): CART=0.8341; ( ): SVM=0.8705; ( ): KNN=0.8559 and ( ): RF=0.8543

Group Diagnostic value ANN SVM CART KNN RF

Training set 
(n=71)

AUC 0.8409 0.9572 0.8843 0.9013 0.8978
Sensitivity 0.8206 0.9271 0.8332 0.8958 0.8437
Specificity 0.8018 0.8668 0.8003 0.7932 0.8099
Accuracy 0.7334 0.8633 0.8687 0.8104 0.7706

Recall 0.7767 0.9205 0.8103 0.8729 0.8119

Testing set 
(n=47)

AUC 0.7106 0.8575 0.7691 0.8052 0.8071
Sensitivity 0.6003 0.8316 0.7832 0.8307 0.7408
Specificity 0.6733 0.8404 0.7288 0.8172 0.7882
Accuracy 0.675 0.7622 0.7271 0.7009 0.7595

Recall 0.7141 0.8266 0.7427 0.7887 0.7779

TABLE 3: THE SURVIVAL AND PREDICTION OF MACHINE LEARNING MODEL
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Fig. 8: Prediction value analysis of SVM model for patients with long-term survival
Note: (A-C): ( ): 1 y-AUC, SE=0.6433±0.1007; ( ): 3 y-AUC, SE=0.7387±0.0532 and ( ): 5 y-AUC, SE=0.6781±0.0705 and (D): ( ): 1 
y-AUC; ( ): 3 y-AUC and ( ): 5 y-AUC

Fig. 7: The results of the Kaplan-Meier analysis of liver transplantation
Note: ( ): Coincidence and ( ): Discrepancy
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