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What is current knowledge

 HCC is ranked the second among all cancers in China.

 HCC is currently diagnosed by detecting AFP and abdominal ultrasound.

 Abnormal AFP is usually detected at late stages of liver cancer.

 AFP is not detectable in some liver cancer patients.

What is new here

 A set of 22 indicators are closely associated with liver cancer.

 The SVM classifier ingerated with these 22 markers accurately determines the

exitence of HCC.

 The SVM classifier accurately distinguishes HCC from other liver diseases.
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Abstract

Hepatocellular carcinoma (HCC) is the second cause of cancer-related death

worldwide, and the incidence rate of liver cancer has continuously increased, with

approximately 750,000 new diagnosed cases each year. Especially in China, both the

incidence and mortality rate of HCC have been ranked second among all cancers.

Importantly, HCC mortality rate is similar to its incidence rate, indicating that most

patients with liver cancer die from HCC. In clinical practice, liver cancers are usually

diagnosed by detecting alpha-fetoprotein (AFP) and abdominal ultrasound. However,

abnormal AFP is usually detected at late stages of liver cancer, in which most patients

are refractory to surgery, radiotherapy and chemotherapy. Moreover, AFP is not

detectable in some liver cancer patients. In this study, we aimed to establish an

alternative diagnostic method for liver cancer patients by analyzing hidden patterns

and relationships among multiple specific markers of liver cancers. By building a

predictive classification of liver cancer and the relationship between different markers,

a support vector machine (SVM) classifier was developed. Our SVM classifier

integrated 22 specific markers. Our results revealed that the input of these 22 markers

into the classifier could accurately determine the exitence of HCC in a patient. Our

established SVM classifier may achieve the early prediction of liver cancer, thereby

improving the accuracy of diagnosis and treatment of live cancer patients.

Keywords: Hepatocellular carcinoma , alpha-fetoprotein , support vector machine

classifier, specific markers.
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Introduction

Liver cancer is one of the most aggrassive malignancies and the second cause of

cancer-related death worldwide (1-5). Due to metastasis at diagnosis, most patients

with liver cancers are not suitable for current radiation and chemotherapy treatments

(6, 7). Molecular targerted therapy with sorafenib can improve the survival time of

liver cancer patients, but drug resistance inevitably occurs at a later life time (8, 9).

Liver resection remains the gold standard for the treatment of patients with liver

cancer, but its prognosis remains very poor (10, 11). Currently, a number of

organizations including the American Association for Liver Diseases, the National

Comprehensive Cancer Network of China, and the European Association for Liver

Diseases published consensus guidelines for the diagnosis and treatment of liver

diseases (12-14). According to these standards, the most effective management of

liver cancer patients is early diagnosis based on the known indicators of a patient (3).

Therefore, the current challenge is to develop a classifier for the early diagnosis of

liver cancer by analyzing a large amount of the patient’s data (15).

Currently, alpha-fetoprotein (AFP) has been a widely used biomarker for

hepatocellular carcinoma (HCC) (16). In clinical practice, detection of

alpha-fetoprotein (AFP) and abdominal ultrasound are usually applied for liver

cancers diagnosis (17-23). However, AFT has significant drawbacks for the diagnosis

of HCC. First, when an abnormal AFP is detected, the vast majority of patients have

already reached an advanced liver cancer stage with an extremely low cure rate.

Second, the specificity and sensitivity of AFP is low, since high levels of AFP are
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also detected in chronic hepatitis or cirrhosis; while normal AFP levels are sometimes

detected in HCC (24, 25). In order to improve the early diagnosis of HCC, a number

of candidate tumor markers including Golgi protein 73 and AFPL3 have been

proposed. However, these markers have not been applied in clinic due to poor

sensitivity and specificity (26). With the advance of precision medicine, it is urgent to

develop an alternative strategy for diagnosis and provide prognostic information of

HCC (27).

Furthermore, it is currently a challenge to distinguish HCC from other liver

diseases such as hepatitis and cirrhosis. A rountine clinic biochemical test includes

indicators of blood, urine, kidney function, liver and a series of other indicators. It is

necessary for an oncologist to distinguish patients with HCC from hepatitis and

cirrhosis based on these indicators (15). However, due to the complexity of cancer, it

is hard even for experienced oncologists to precisely distinguish whether a patient is

suffering from HCC (28). In order to meet this challenge, a lot of supervised learning

approaches for prognosis have been developed. A decision tree analysis of cDNA

microarrays has been used for non-small cell lung cancer prognosis (29). Advanced

classification algorithms have also been established to predict cancer classification.

For example, support vector machines (SVMs) have been used to select highly

reliable identified genes to build a cancer classifier (30). Nevertheless, a supervised

learning method has not been used in the development of a highly predictive classifier

of liver cancer (31). In this study, based on SVM-based methods of surveillance, we

successfully developed a SVM-based specific marker classifier for liver cancer by
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integrating 22 markers. This established classifier could accurately distinguish liver

cancer from other liver diseases and may provide a reference for oncologists to make

effective programs in daily decision-making.

Methods

Data Sources

Liver cancer and liver disease datasets including cirrhosis and hepatitis B were

collected from the hospital epidemiological surveillance of Dalian City (Dalian,

China). The liver cancer datasets contained medical records of 1,879 hospitalized

patients from March 2005 to March 2015, while liver disease datasets contained

medical records of 195 patients from October 2014 to June 2015. Data elements

included patient ID number, gender, age, diagnosis description, discharge cases,

admission date, discharge date, doctor’s contents, pathology number, pathological

diagnosis, coding number, testing indicators, signs, working unit, diagnosis results,

specimens serial number, diagnosis date and so on. These elements provided the

specific information of patients with liver cancer. Each record represents a particular

patient database. Informed intent was obtained from each patient.

Data Preparation

Data preprocessing was first performed by excluding irrelevant attributes such as

age, gender, pathological diagnosis, coding and working unit; and including related

attributes such as admission date, index, diagnosis results, results of reference, and
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diagnosis markers. After the removal of irrelevant attributes of patients, patients were

re-indexed and abnormal indicators were filtered out due to personal reasons: severity

of the disease, the patient’s family's economic status, and the index of each patient

was not the same. For example, some patients had more than 17 million items of

measure indexes, while some patients were measured for only 30 indicators.

Moreover, a number of these indicators have repeated measurements. For an indicator,

it might be tested in multiple measurements due to surgery, medication, measurement

accuracy and other external factors; especially for specimens with morphology of

jaundice, mild hemolysis, or mild chyle. Therefore, these inaccurate indicators were

removed and a measured unified index was selected during the first patient admission.

The first detected indicators were the most significant, as they were not affected by

drugs, surgery and radiation therapy. The latest index data were chosen if the first test

was not accurate. This way, 431 indicators were first analyzed and a huge normal

index data not related to the analysis of hidden indicators were found. Finally, 63

indicators were selected by analyzing a large number of abnormal indicators. After

analyzing the abnormal rate, the consequence of the abnormal indicators on the effects

of HCC was explored.

Next, missing indicators were managed. Since not every patient had 63 kinds of

abnormal indicators, missing values were filled in by the truncated mean method in

SPSS Statistics 19. This method requires the deletion of a much larger than average

and much less than average number, analyzes patterns of missing values,   and

generates multiple versions of data sets; in which each data set contains its own set of
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estimates. A complete analysis of each data set results in the average of all data sets

(excluding outliers) and generates a single value.

Finally, the selected abnormal indicators were standardized as follows: above

normal range was set to 2, below normal range was set to 1, and the index was set to 0

in the normal range. Data sets were imported into the SPSS Modeler for data analysis.

Procedure for the development of SVM predictive modeling

Our classifier was built in accordance to the SVM-based method. In addition,

radial basis function was applied as the kernel function, because our classification

problem is nonlinear (31). Among the 1,879 samples, 382 had no tests of the above

filtered 22 indicators or had less than 10 of these indicators; therefore, the SVM

predictive modeling was developed based on the data set of the rest of the 1,497 HCC

samples. The 1,497 samples were randomly divided into three groups: training group,

testing group and validation group. The training and testing groups were used for the

construction of the classifier model, while the validation group was used to predict

liver cancer or liver disease using the built classifier model and to test the accuracy of

the classifier. During the construction of the classifier model, 1,000 samples from the

1,497 HCC samples and 195 liver samples were applied for training and prediction. In

the IBM SPSS Modeler 14.1, the partition ratio were set as 7:3; in which 70% was

from the training group (sample number: 1,195 × 0.7 = 835, in which 1,000 × 0.7 =

700 were liver cancer samples and 195 × 0.7 = 135 were liver disease samples) and

30% was from the validation group (sample number: 1,195 × 0.3 = 360, in which
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1,000 × 0.3 = 300 were HCC and 195 × 0.3 = 60 were liver diseases). The remaining

497 HCC samples and 195 liver samples were used to test the accuracy of the model

and predict liver cancer.

Statistical analysis

Statistical analysis was performed on the 22 markers in the training, test and

validation groups using IBM SPSS Statistic v19.0 (IBM Co., Armonk, NY, USA). The

training and testing groups were analyzed as a set (Table 1), while the validation

group was analyzed as another set (Table 2). In all analyses, a P-value <0.01 was

considered statistically significant. Data are expressed as the mean ± standard

deviation (SD).

Results

Correlation Analysis of Markers with Liver Cancer

Among the 1,879 patients with HCC, 1,511 were male and 371 were female. The

Apriori algorithm is capable of reducing the number of sets and comparing the

number of valid correlation algorithms, which is easy to implement (32). The

correlation analysis of the 63 markers of these 1,879 samples with HCC was

performed using an Apriori association algorithm in the SPSS Modeler. The Apriori

association algorithm was divided into two steps. In the first step, all frequent item

sets were retrieved from the data source through iterations with a support threshold of

30%. In the second step, the minimum rules for confidence of 50% were constructed
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from the retrieved frequent item sets in the first step. A total of 22 specific markers

that had a strong association with liver cancer were selected based on the support of

more than 39% and 100% confidence (Table 3).

Development of the SVM classifier

Our classifier was built in accordance to the SVM-based method using the 22

markers selected via correlation analysis. The SVM classifier model was constructed

by entering the 22 indicators of 1,195 samples into the SPSS Modeler model of the

SVM modeling. The model predicted that based on the percentage of HCCs, 20%

were associated with AFP, 18% were associated with γ- glutamyl transferase, 14%

were associated with absolute lymphocyte, 13% were associated with red cell

distribution width, 10% were associated with alanine and aspartate, 9% were

associated with RBC, 7% were associated with platelet distribution width, 3% were

associated with the percentage of eosinophils, 2% were associated with hematocrit

and 1% were associated with the percentage of neutrophils. The other indicators

added together were related to 3% of HCCs, which is negligible

( Supplementary Table 1 and Fig. 1). From these data, these top 10 biomarkers were

proposed as key factors for the prediction of HCC, and the remaining 12 biomarkers

may serve as supplemental markers.

Diagnostic results were set as 1 for HCC and 0 for liver dieseases. Since this type of

binary variables is non-linear, radial basis function was applied as the kernel function.
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In the training group, 835 samples were HCC in 700 cases, while 135 cases of

patients were with liver diseases. Among the 360 cases of samples in the testing group,

300 cases had HCC and 60 cases had liver diseases. Analysis results revealed that the

accuracy for training was 99.4% and the accuracy of the testing was 85.28% (Table 4

and Supplementary Table 2). Results of the training and testing groups were

completed together to build a classification model.

A diagnostic value of ≥0.95 can be used for the result of determination, while a value

<0.95 can be used as a certain reference combined with other methods for

determination. As shown in Table 4, when a diagnosis value ≥0.95 was selected, the

precision obtained after training was 99.52%, and the accuracy of the test was 92.18%.

The accurancy of training and testing increased as the accuracy of the test increased.

Verification of the prediction model

After training and testing, a SVM classification prediction model was developed. The

model with the remaining 497 HCC samples and 195 liver samples were next

validated. Results revealed that prediction accuracy was 91.62% (Table 5). However,

when diagnosis at ≥0.95 was selected, prediction accuracy was improved to 94.98

(Table 5). Therefore, in the actual diagnosis, it may be better for a doctor set the

diagnosis confidence, which would help to improve the diagnostic rate of liver cancer.

However, results of the remaining <0.95 credibility may be confirmed by other

methods such as imaging.
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ROC curves

The ROC curve is a criterion for measuring the sensitivity and specificity of a marker

for HCC. The greater the area under the curve, the higher the sensitivity and

specificity, and the more easily it is diagnosed with liver cancer. For conventional

diagnosis of the liver cancer factor, ROC curves include single factors such as AFP,

γ-glutamyl transferase, platelet, aspartate aminotransferase, and lactate dehydrogenase.

In this study, the overall SVM classifier integrated with 22 markers was considered as

a single factor into the ROC curve to compare the maximum area under the curve

between them (AUC). In the training group, the AUC of the SVM classifier was 0.784,

and the single marker with a maximum AUC was AFP with 0.747 (Fig. 2A). In the

testing group, the AUV of the SVM classifier was 0.807 and the single marker with a

maximum AUC was AFP with 0.727 (Fig. 2B). These data demonstrate that the AUC

of the SVM classifier was significantly greater than the maximum AUC of all other

indicators.

Discussion

The molecular pathogenesis of HCC is heterogeneous and very complex (33).

Although a large number of molecules, signaling pathways and genetic alterations

have been found to be associated with HCC (34-36), none of these are currently being

used for effective screening, early diagnosis, classification, targeted therapy and

prognosis (33). For an individual patient, a tumor is not static, but dynamic, during the

process of tumorigenesis and treatment over time (33). Therefore, the development of
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methods through the integration of multiple specific markers for early diagnosis is a

promising approach. In this study, we obtained 22 algorithm-specific indicators

through the relevance analysis of HCC-associated indicators of patients spanning 10

years, and constructed a HCC-SVM classifier based on these 22 indicators to

distinguish patients with liver cancer and liver diseases. Our results revealed that the

HCC-SVM classifier could well-predict patients with HCC with an accuracy of

91.62% and a higher accuracy rate of 94.98% if a greater than 95% confidence was

selected for diagnostic results. Importantly, the AUC of the HCC-SVM classifier

ROC curve was greater than the traditional markers of liver cancer AFP. Therefore,

our established HCC-SVM classifiers may provide clinicians with an efficient and

reliable diagnostic tool to predict liver cancer patients.

In 1999, Vapnik introduced the support vector machine (SVM) for data

classification and function approximation (37). Among all well-known algorithms,

SVM is considered to have the most robust and accurate supervised learning

algorithm (38). The SVM optimization process can maximize prediction accuracy and

reduce the over-fitting of training data (15). The basis of SVM is to find the optimal

decision boundary by finding the maximum achievable distance between the

hyperplane to the maximum the edge (39). As a result, a larger decision boundary

edge has better generalization error than a smaller decision boundary edge, which

leads to the generalization ability of an unknown sample. Accordingly, we built our

classifier in accordance to the SVM-based method. In addition, we applied radial

basis function as the kernel function, because our classification problem is nonlinear
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(31).

Compared with other machine learning algorithms, SVM-based management is

more suitable for the classification of high-dimensional data (a limited number of

training samples), choosing the most effective of all possible features (37, 40).

Previous studies have shown that the expression of individual indicators (such as AFP)

for the early diagnosis of HCC have a large number of limitations. In order to improve

the accuracy of the early diagnosis of HCC, SVM can combine multiple indicators to

predict HCC. To date, our HCC-SVM classifier has ensembled 22 specific indicators.

Our results revealed that the association of the expression of individual indexes with

HCC had a weak sensitivity and specificity. Among these individual indicators, AFP

had the highest sensitivity and specificity. In contrast, the sensitivity and specificity of

the HCC-SVM classifier with HCC was higher than any single index. Therefore, the

HCC-SVM classifier would provide reliable and effective help for the diagnosis of

early HCC patients.

However, there are some limitations in our study. First, only 195 cases of liver

disease, which accounted for 11.5 % of the total cases of the experiment, were

recruited. Second, only the truncated mean method was applied for handling the

missing values. In addition, in the original cases of liver cancer patients from 2005 to

2015, prealbumin was tested only in liver cancer patients from 2011 to 2015, but not

for patients from 2005 to 2010. Furthermore, although the developed HCC-SVM

classifier ensembled 22 specific indicators and demonstrated high accuracy, new

clinical indicators would be found and new technologies would be developed every
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year (3). These new indicators and technologies may improve the accuracy of the

prediction of the classification. Therefore, the HCC-SVM classifier may further

include additional indicators to improve their prediction accurancy.

In summary, in this study, we first discovered and extracted 22 indicators that are

closely associated with liver cancer by correlation analysis. Then, based on these

indicators, we established a SVM classifier for the early prediction of liver cancer.

Our validation analysis revealed that the SVM classifier accurately predicted patients

with HCC or liver disease. Our study suggests that the SVM classifier would provide

as a reliable and effective tool for the diagnosis of early HCC patients.
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Table 1. The expression of 22 Markers for Patients from the Training and Testing

Cohorts

Characteristic No. of Patients

(n=1,195)

95% CI (%) P

AFP expression

level 0.701 to 0.772 0.001

Normal 532

High 663

γ- glutamyl

transferase

expression level

Low 2

0.601 to .688 0.001Normal 405

High 788

Abumin expression

level

Low 616

0.413 to 0.501 0.058Normal 577

High 2

Alanine

aminotransferase

expression level
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Low 7

0.578 to 0.659 0.001Normal 670

High 518

Aspartate and

alanine expression

level

Low 63

0.513 to 0.599 0.013Normal 687

High 485

Aspartate

aminotransferase

expression level

Low 10

0.558 to 0.644 0.001Normal 475

High 710

RBC expression

level

Low 541

0.451 to 0.540 0.838Normal 639

High 15

RDW expression

level
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Low 20

0.517 to 0.606 0.006Normal 428

High 747

Hematocrit

expression level

Low 524

0.445 to 0.535 0.659Normal 648

High 23

Alkaline

phosphatase

expression level

Low 22

0.501 to 0.587 0.053Normal 707

High 466

Lymphocyte

percentage

expression level

Low 457

0.521 to 0.605 0.005Normal 651

High 87

Absolute

lymphocyte
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expression level

Low 693

0.512 to 0.602 0.012Normal 497

High 5

Prealbumin

expression level

Low 930 0.491 to 0.581 0.111

Normal 265

Lactate

dehydrogenase

expression level

Low 20

0.505 to 0.592 0.032Normal 536

High 639

Eosinophils

percentage

expression level

Low 292

0.625 to 0.697 0.001Normal 709

High 194

Hemoglobin

expression level



25

Low 520

0.488 to 0.575 0.163Normal 656

High 19

Blood platelet

expression level

Low 440

0.428 to 0.513 0.193Normal 680

High 75

Platelet distribution

width expression

level

Low 532

0.515 to 0.603 0.009Normal 628

High 35

Direct bilirubin

(DB) expression

level

Normal 455 0.431 to 0.519 0.264

High 740

Neutrophils

percentage

expression level
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Low 110

0.559 to 0.643 0.001Normal 674

High 411

Total bilirubin

expression level

Low 1

0.433 to 0.521 0.307Normal 643

High 551

TBA expression

level

Normal 530 0.457 to 0.546 0.944

High 665
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Table 2. The expression of 22 Markers for Patients from the Validation Cohort

Characteristic No. of Patients

(n=1,195)

95% CI (%) P

AFP expression

level 0.755 to 0.830 0.001

Normal 291

High 401

γ- glutamyl

transferase

expression level

Low 2

0.574 to 0.667 0.001Normal 281

High 409

Abumin expression

level

Low 319

0.367 to 0.461 0.001Normal 371

High 2

Alanine

aminotransferase

expression level

Low 5
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0.625 to 0.712 0.001Normal 358

High 329

Aspartate and

alanine expression

level

Low 16

0.486 to 0.581 0.168Normal 428

High 248

Aspartate

aminotransferase

expression level

Low 6

0.583 to 0.676 0.001Normal 263

High 422

RBC expression

level

Low 238

0.377 to 0.473 0.002Normal 442

High 12

RDW expression

level

Low 10
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0.500 to 0.595 0.053Normal 272

High 410

Hematocrit

expression level

Low 209

0.346 to 0.442 0.001Normal 471

High 12

Alkaline

phosphatase

expression level

Low 16

0.493 to 0.587 0.103Normal 419

High 257

Lymphocyte

percentage

expression level

Low 258

0.529 to 0.620 0.002Normal 378

High 56

Absolute

lymphocyte

expression level
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Low 410

0.527 to 0.623 0.002Normal 279

High 3

Lactate

dehydrogenase

expression level

Low 15

0.499 to 0.594 0.055Normal 318

High 359

Eosinophils

percentage

expression level

Low 181

0.650 to 0.730 0.000Normal 407

High 104

Hemoglobin

expression level

Low 166

0.415 to 0.509 0.123Normal 472

High 54

Blood platelet

expression level
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Low 225

0.393 to 0.486 0.014Normal 421

High 46

Platelet distribution

width expression

level

Low 294 0.519 to 0.612 0.007

Normal 370

High 28

Direct bilirubin

(DB) expression

level

Normal 254 0.433 to 0.528 0.415

High 438

Neutrophils

Percentage

expression level

Low 77

0.569 to 0.661 0.000Normal 390

High 225

Total bilirubin

expression level
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Low 1

0.435 to 0.530 0.468Normal 363

High 328

TBA expression

level

Normal 320 0.441 to 0.536 0.643

High 372



33

Table 3. The 22 predictors selected via correlation analysis

Sample Marker Support % Confidence %

1 HCC γ- glutamyl transferase 65.247 100.0

2 HCC RDW 61.469 100.0

3 HCC Aspartate aminotransferase 60.245 100.0

4 HCC Lactate dehydrogenase 60.192 100.0

5 HCC Direct bilirubin (DB) 58.329 100.0

6 HCC Absolute lymphocyte 57.477 100.0

7 HCC Platelet distribution width 55.934 100.0

8 HCC AFP 55.455 100.0

9 HCC TBA 51.623 100.0

10 HCC Prealbumin 50.665 100.0

11 HCC Alanine aminotransferase 46.354 100.0

12 HCC Lymphocyte percentage 45.929 100.0

13 HCC Abumin 45.929 100.0

14 HCC Eosinophils percentage 44.864 100.0

15 HCC Neutrophils percentage 44.811 100.0

16 HCC Total bilirubin 43.481 100.0

17 HCC RBC 41.724 100.0

18 HCC Alkaline phosphatase 40.021 100.0

19 HCC Hemoglobin 39.968 100.0

20 HCC Aspartate and alanine 39.915 100.0
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21 HCC Hematocrit 39.755 100.0

22 HCC Blood platelet 39.542 100.0
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Table 4. Accuracy of the prediction model with and without diagnostic confidence

≥0.95

Without diagnostic confidence ≥0.95 With diagnostic confidence ≥0.95

Training group Testing group Training group Testing group

No.

Patients

Accuracy

%

No.

Patien

ts

Accuracy

%

No.

Patient

s

Accuracy

%

No. Patients Accuracy

%

Correct 830 99.4% 307 85.28% 829 99.52% 271 92.18%

Wrong 5 0.6% 53 14.72% 4 0.48% 23 7.82%

Total 835 360 833 294
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Table 5. Verification of prediction accuracy with and without diagnostic results ≥0.95

forecast accuracy

Verifica

tion

group

Without diagnostic

confidence ≥0.95

With diagnostic

confidence ≥0.95

No. Patients Accuracy % No.

Patients

Accuracy %

Correct 634 91.62% 586 94.98%

Wrong 58 8.38% 31 5.02%

Total 692 617
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Figure legends

Fig. 1. The relative importance of predictor biomarkers identified by the HCC-SVM

classifier in predicting HCC.

Fig. 2. Logistic regression was used in the SPSS Statistics analysis. The SVM

classifier for liver cancer was built by integrating the 22 kinds of markers as

covariates into a single variable. The ROC curve was obtained by using the 22

markers and SVM classifier as input variables, and diagnostic results as output

variables. (A) ROC curve of the training set. (B) ROC curve of the testing set.
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