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Abstract
Background  Approximately 50% hepatocellular carcinoma (HCC) patients die within 5 year after surgical resection. The 
present staging systems do not fully allow to accurately predict the HCC prognosis and recurrence. This study aimed to 
identify clinicopathological characteristics and molecular markers to establish classifiers to predict the 5-year overall survival 
(OS) and the 3-year recurrence in HCC patients post-operatively.
Methods  We enrolled 647 HCC patients from two institutions, underwent surgical resection and divided the patients into 
one training and two validation cohorts. Clinicopathologic characteristics and tumor protein expression of 29 biomarkers 
by immunohistochemical (IHC) analysis were used to develop and validate a prognostic and a recurrent classifier, using the 
maximum relevance minimum redundancy algorithm jointly with the multivariable regression method.
Results  The prognostic classifier distinguished HCC patients into high- and low-probability survival groups with significant 
differences in 5-year OS rate in all three cohorts (training cohort: 57.36% vs. 22.97%; p < 0.0001; internal validation cohort: 
61.90% vs. 28.85%; p < 0.0001; independent validation cohort: 64.28% vs. 22.45%; p < 0.0001). The recurrent classifier also 
demonstrated good discrimination in all three cohorts.
Conclusion  This study presented a prognostic classifier and a recurrent classifier using clinicopathologic and IHC charac-
teristics. The developed classifiers stratified HCC patients into high- and low-probability survival or recurrent groups, which 
can help clinicians judge whether adjuvant therapy is beneficial post-operatively.
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Introduction

Hepatocellular carcinoma is a highly prevalent cancer world-
wide [1]. Surgical resection is the main therapy for HCC 
patients; however, this treatment is applicable only for a 

subset of patients. Most patients subsequently develop tumor 
recurrence, which results in poor clinical outcomes [2, 3]. 
Because of high recurrent rate and poor prognosis, accurate 
recurrent and prognostic assessments for the patients with 
HCC are imperative.

Several prognostic staging systems based on clinico-
pathological features have been developed for HCC, such 
as Tumor-Node-Metastasis (TNM) Staging System [4], the 
Japan Integrated Staging (JIS) score [5, 6], Barcelona Clinic 
Liver Cancer (BCLC) staging system [7], the Tokyo Score 
[8], Cancer of the Liver Italian Program (CLIP) score [9], 
and Okuda score [10]. Although these staging systems clas-
sify patients into distinct groups with various clinical out-
comes, neither provides substantial prognostic information 
nor predicts the recurrence for the HCC patients accurately. 
New methods for more precise prognostic and recurrent pre-
diction are urgent needed.
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Variable expressions in gene, mRNA, and protein profiles 
are reported to be important molecular prognostic markers 
[11, 12]. Recently, the predictive power of gene expression 
profiles in HCC has been explored [13]. Over the past dec-
ades, immunomarkers reflecting protein profile have been 
reported to be valuable in tumor detection, differentiation, 
prognosis, and early recurrence. These studies demonstrated 
the feasibility of developing classifiers by combining multi-
ple clinicopathologic features and immunomarkers to predict 
the prognosis and recurrence for HCC patients. Therefore, 
this study aimed to develop prognostic and recurrent clas-
sifiers to predict the 5-year OS and 3-year recurrence using 
both immunomarkers and clinicopathologic characteristics 
for patients with surgically resectable HCC.

Materials and methods

Patient population

This retrospective multicenter study was approved by the 
research ethics committees at the First Affiliated Hospital, 
Zhejiang University School of Medicine (Institution I) and 
the Second Affiliated Hospital, Zhejiang University School 
of Medicine (Institution II). Hospital medical records were 
reviewed to identify patients with primary and biopsy-con-
firmed HCC at both institutions. The inclusion and exclusion 
criteria of patient cohorts are provided in the Supplement. 
A total number of 542 patients diagnosed between October 
2010 and December 2013 were enrolled in this study from 
the Institution I. 105 patients diagnosed between February 
2011 and January 2013 were identified from the Institution 
II. The patient cohort from the Institution I was randomly 
separated into four partitions. 406/542 patients (three parti-
tions) were in the training cohort, while 136/542 patients 
(one partition) were in the internal validation cohort. 105 
patients from the Institution II were used as an independ-
ent validation cohort. All patients were followed up by tel-
ephone until death or deadline of April 30, 2018.

The clinical outcome of 5-year OS might partially reflect 
the long-term effect of tumor development after the treat-
ment. Therefore, the 5-year OS status was used as the 
primary predictive outcome in this study. In addition, we 
developed a predictive model to evaluate the 3-year tumor 
recurrence, since more than half HCC patients developed 
recurrence in the initial 3 years after the surgery. The sche-
matic for the prognostic classifier and recurrent classifier is 
presented in Supplementary Fig. S1.

Tissue microarray analysis and IHC markers

Tissue microarray analysis was conducted for tissue sam-
ples from all patients as described previously [14]. In this 

study, we selected 29 immunomarkers identified in the 
previous studies for IHC stain based on their role in HCC 
tumorigenesis, invasiveness, and metastasis [11, 13]. The 
name of these immunomarkers and their biologic nature, 
antibody clone, and antibody dilution are summarized in 
Supplementary Table S1.

Representative histopathologic findings of BAX, CD34, 
CEA, E-cadherin, FAS, HRas, MMP-9, PCNA, p53, 
S100A9, and TYSY on IHC stain are presented in Fig. 1.

The results of IHC were evaluated using a four-cat-
egory scoring system, based on percentage of positive-
stained cells and staining intensity in each sample. The 
specific description for the IHC scoring is presented in 
the Supplement.

Development of prognostic classifier

To build a prognostic classifier using the most survival-
related factors, we applied the maximum relevance mini-
mum redundancy (mRMR) algorithm to select the optimal 
factors [15]. Then, a prognostic classifier was developed 
using the multivariable regression method. The specific 
description for the model construction is presented in the 
Supplement.

Validation of prognostic classifier

The proposed prognostic classifier was validated in both 
internal and independent validation cohorts. A prognos-
tic probability (called prognostic score) was calculated 
for each patient to reflect the 5-year survival probability 
according to the prognostic classifier. The classifier per-
formance was evaluated in discrimination and calibration 
[16]. The receiver operating characteristic (ROC) curve 
and area under the ROC curve (AUC) measured the dis-
crimination of the proposed classifier [17]. DeLong test 
was used to evaluate the difference in ROC curves [18]. 
To divide patients into the high- or low-probability sur-
vival groups, we defined the optimal threshold value in 
prognostic score based on the training cohort. Then, the 
threshold was used to stratify patients in the validation 
cohorts. The calibration curve accompanied with the Hos-
mer–Lemeshow test was used to measure the calibration 
of the proposed classifier [19]. A non-significant statistic 
result indicated a favorable model fit.

Survival curves were estimated for the predicted high- 
and low-probability survival groups according to the 
proposed prognostic classifier and threshold using the 
Kaplan–Meier method [20]. The differences between the 
two survival curves were measured using the log-rank test.



717Hepatology International (2019) 13:715–725	

1 3

Development and validation of recurrent classifier

For the 3-year recurrence evaluation, we applied similar 
patient inclusion and exclusion criteria. In total, 677 patients 
from the Institute I, 507 in the training cohort and 170 in 
the validation cohort as well as 105 patients, an independ-
ent validation cohort, from the Institution II were enrolled 
in the study.

We used the mRMR algorithm to select the most recur-
rence-related factors. A recurrent classifier was developed 
using the multivariable regression algorithm. The model 
training and validation procedures were the same as the pro-
cedure for the prognostic classifier. A recurrent score was 
calculated for each patient to reflect the 3-year recurrent risk 
using the recurrent classifier. The performance was meas-
ured concerning its discrimination and calibration.

Statistical analysis

The univariate analysis for the prognostic evaluation was 
performed to evaluate the predictive ability of individual 
clinicopathologic characteristic and immunomarker using 
the Cox proportional hazard regression analysis and ROC 

curve analysis for patients in the training cohort. The univar-
iate analysis for factors in the recurrent evaluation was per-
formed using the ROC curve analysis in the training cohort.

R Software (version 3.4.1; http://www.R-proje​ct.org) and 
MedCalc Statistical Software (version 15.2.2; http://www.
medca​lc.org) were used for statistical analyses. A p value 
of less than 0.05 was defined as the significant difference in 
two-tailed analyses.

Results

Patient characteristics

The demographic and clinical characteristics for 5-year OS 
evaluation of patients in the training, internal validation, 
and independent validation cohorts are presented in Table 1. 
The univariate analysis of clinicopathologic characteristics 
and immunomarkers for 5-year OS evaluation of patients in 
the training cohort is listed in Table 2. Using the univariate 
analysis of Cox regression, seven clinicopathologic charac-
teristics and four immunomarkers were considered statisti-
cally significant with p < 0.05 (post-operative HBV DNA 

Fig. 1   Representative findings of BAX, CD34, CEA, E-cadherin, FAS, HRas, MMP-9, PCNA, p53, S100A9, and TYSY on IHC stain of 29 
molecular markers used in this study

http://www.R-project.org
http://www.medcalc.org
http://www.medcalc.org
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level in serum, clinical stage, tumor differentiation, cap-
sular invasion, tumor number, tumor diameter, AFP level; 
BAX, CD34, CK19, and MMP-9). For the ROC analysis, 
ten factors showed prognostic significance, including five 

clinicopathologic characteristics (HBV DNA level, clinical 
stage, capsular invasion, tumor number, and tumor diameter) 
and five immunomarkers (BAX, CD34, FAS, MMP-9, and 
TYSY).

Table 1   Characteristics for 
5-year OS evaluation of HCC 
patients in the training, internal 
validation and independent 
validation cohorts

AFP alpha-fetoprotein

Characteristic Training cohort
(n = 406)

Internal validation cohort
(n = 136)

Independent valida-
tion cohort
(n = 105)

No. % No. % No. %

Gender
 Female 59 14.53 18 13.24 10 9.52
 Male 347 85.47 118 86.76 95 90.48

Age (years)
 Median 56 54 55
 Range 20–89 25–81 21–78

Follow-up (months)
 Median 50 60 53
 Range 0.25–87 0.5–90 0.5–93

Location
 Left 97 23.89 44 32.35 26 24.76
 Right 297 73.15 84 61.77 78 74.29
 Both 12 2.96 8 5.88 1 0.95

HBV DNA level
 < 1 × 103copies/ml 123 30.3 47 34.56 40 38.1
 ≥ 1 × 103copies/ml 283 69.7 89 65.44 65 61.9

Clinical stage
 I 326 80.29 109 80.15 80 76.19
 II 28 6.90 12 8.82 11 10.48
 III 52 12.81 15 11.03 13 12.38
 IV 0 0 0 0 1 0.95

Tumor differentiation
 I 22 5.42 14 10.29 6 5.72
 II 180 44.34 55 40.44 52 49.52
 III 167 41.13 50 36.77 39 37.14
 IV 37 9.11 17 12.50 8 7.62

Capsular invasion
 Yes 93 22.9 41 30.1 34 32.4
 No 313 77.1 95 69.9 71 67.6

Tumor number
 Single 350 86.21 111 81.62 94 89.52
 Multiple 56 13.79 25 18.38 11 10.48

Tumor diameter (cm)
 Median 4.0 4.0 4.0
 Range 1.0–17.5 1.0–14 1.0–20

AFP level
 Normal 148 36.45 58 42.65 45 42.86
 Abnormal 258 63.55 78 57.35 60 57.14

5-year Survival 182 44.83 67 49.26 47 44.76
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Development and validation of prognostic classifier

A prognostic classifier was developed by incorporating three 
clinicopathological characteristics of age, tumor number, 
tumor diameter, and seven immunomarkers, including BAX, 
CD34, CEA, E-cadherin, MMP-9, S100A9, and TYSY. 
The prognostic score calculation formula is provided in the 
Supplement.

The ROC curves for the proposed prognostic classifier are 
presented in Fig. 2. For the evaluation of patients in train-
ing cohort, the AUC for the proposed prognostic classifier 
(0.726, 95% confidence interval [CI]: 0.680–0.769) had 
significantly improvement than each individual factor from 
the DeLong test (Fig. 2a; Table 2). The proposed prognos-
tic classifier showed favorable discrimination with an AUC 
of 0.731 (95% CI: 0.648–0.804) for the internal validation 

Table 2   Univariate analysis 
for 5-year OS evaluation of 
clinicopathologic characteristics 
and immunomarkers for patients 
in the training cohort

AUC​ area under the ROC curve, CI confidence interval
*Significant difference, p value lower than 0.05

Characteristic Hazard ratio 95% CI p AUC​ 95% CI p (area = 0.5)

Gender 1.0517 0.7282–1.5191 0.7891 0.502 0.453–0.552 0.8911
Age (years) 0.9955 0.9841–1.0069 0.4383 0.512 0.462–0.562 0.6745
Tumor location 1.0296 0.7753–1.3672 0.8412 0.507 0.457–0.556 0.7627
HBV DNA level 1.346 1.0125–1.6586 0.0086* 0.569 0.524–0.618 0.0011*
Clinical stage 1.7001 1.4395–2.0079 < 0.0001* 0.585 0.536–0.634 < 0.0001*
Tumor differentiation 1.2437 1.0430–1.4830 0.0157* 0.541 0.491–0.590 0.1224
Capsular invasion 1.7102 1.2361–2.3129 0.0068* 0.560 0.508–0.610 0.0012*
Tumor number 2.2587 1.6251–3.1394 < 0.0001* 0.565 0.515–0.614 0.0001*
Tumor diameter (cm) 1.1652 1.1171–1.2153 < 0.0001* 0.682 0.634–0.727 < 0.0001*
AFP level 1.4016 1.0613–1.8511 0.0179* 0.543 0.493–0.592 0.0738
BAX 1.1785 1.0302–1.3483 0.0172* 0.547 0.571–0.668 < 0.0001*
β-catenin 0.9407 0.8635–1.1457 0.9407 0.518 0.468–0.567 0.5152
Caspase-9 0.877 0.7654–1.0049 0.0601 0.541 0.491–0.591 0.1282
CD34 0.6681 0.5331–0.8374 0.0005* 0.579 0.529–0.627 0.0006*
CDKN1A 1.039 0.8980–1.2021 0.6093 0.508 0.458–0.557 0.7789
CDKN1B 1.0328 0.8470–1.2594 0.751 0.507 0.457–0.557 0.7483
CEA 0.8875 0.7222–1.0906 0.2588 0.539 0.489–0.588 0.0803
CK19 1.14 1.0105–1.2861 0.0341* 0.533 0.483–0.582 0.1247
c-Myc 0.9557 0.6676–1.3681 0.8055 0.505 0.455–0.554 0.6483
Cyclin-D1 1.0679 0.7402–1.5406 0.7266 0.501 0.451–0.551 0.9255
E-cadherin 0.9461 0.8294–1.0792 0.4118 0.531 0.481–0.580 0.2668
EMA 1.0978 0.9384–1.2844 0.2462 0.517 0.468–0.567 0.3694
FAS 0.8716 0.7507–1.0118 0.0725 0.556 0.506–0.605 0.0344*
HRas 0.8818 0.7703–1.0093 0.0693 0.549 0.500–0.599 0.0666
Ki67 1.0193 0.8585–1.2103 0.8277 0.504 0.455–0.554 0.8615
MLH1 0.6847 0.8092–1.3813 1.0572 0.502 0.452–0.552 0.9382
MMP-2 1.0971 0.9488–1.2685 0.2135 0.536 0.486–0.586 0.1713
MMP-9 0.8314 0.7212–0.9584 0.0113* 0.568 0.519–0.617 0.0110*
MSH2 1.0035 0.7724–1.3039 0.979 0.508 0.459–0.558 0.7343
PCNA 1.1058 0.9210–1.3276 0.2835 0.515 0.465–0.564 0.5745
PDCD4 1.0269 0.8959–1.1771 0.7047 0.503 0.453–0.552 0.921
PTEN 0.9232 0.7503–1.1359 0.4522 0.508 0.459–0.558 0.7355
p53 1.052 0.9320–1.1875 0.4144 0.508 0.458–0.557 0.7504
S100A4 0.975 0.8019–1.1854 0.8006 0.501 0.451–0.550 0.9755
S100A9 1.161 0.9293–1.4504 0.191 0.52 0.470–0.569 0.171
Survivin 1.0137 0.9149–1.1233 0.7954 0.506 0.456–0.556 0.8272
TGF-β 1.0492 0.8949–1.2301 0.5558 0.505 0.455–0.555 0.8558
TYSY 0.8975 0.7868–1.0238 0.1092 0.554 0.504–0.603 0.0471*
VEGF 0.9774 0.8483–1.1262 0.7535 0.509 0.460–0.559 0.728
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cohort (Fig. 2b) and 0.753 (95% CI: 0.659–0.832) for the 
independent validation cohort (Fig. 2c).

The optimal threshold in the prognostic score was defined 
as − 0.4471. Patients with prognostic scores ≥ − 0.4471 were 
defined as the high-probability survival group, while patients 
with scores < − 0.4471 were the low-probability survival 
group. In the training cohort, we identified 258 patients 
with high-probability of 5-year OS and 148 patients with 
low-probability. The mean survival month for the high-prob-
ability survival group was higher than that for the low-prob-
ability survival group (51.86 ± 19.83 vs. 34.60 ± 22.09). The 
5-year OS rate differed statistically significantly between 
patients in the high-probability survival group and low-
probability survival group (the high-probability survival 
group, 57.36%; the low-probability survival group, 22.97%; 
p < 0.0001) (Fig. 3a).

For the internal validation cohort, 84 patients were sepa-
rated into the high-probability survival group, while 52 
patients remained in the low-probability survival group. 

The mean survival month for the high-probability survival 
group was higher than the low-probability survival group 
(53.46 ± 20.43 vs. 38.30 ± 23.40). The 5-year OS rate was 
61.90% and 28.85% for the high-probability survival group 
and low-probability survival group, respectively. A statisti-
cal difference was noticed between the two survival curves 
(p < 0.0001) (Fig. 3b).

For patients in the independent validation cohort, 56 
patients were identified as high-probability survival, while 
49 patients were low-probability survival. Patients in the 
high-probability survival group generally had longer sur-
vival time than patients in the low-probability survival group 
(63.00 ± 22.74 vs. 41.31 ± 21.97). The 5-year OS rate dif-
fered strikingly between the predicted high- and low-prob-
ability survival groups (64.28% vs. 22.45%; p < 0.0001) 
(Fig. 3c).

According to Cox regression analysis, the prognos-
tic classifier was significantly highly related to the actual 
5-year OS status in all cohorts (hazard ratio for predicted 

Fig. 2   ROC curves for the proposed prognostic classifier in the 
training (a), internal validation (b), and independent validation (c) 
cohorts. Calibration curves for the proposed prognostic classifier in 
the training (d), internal validation (e), and independent validation 
(f) cohorts. Calibration curves illustrate the calibration of the pro-
posed classifier regarding the agreement between the predicted sur-
vival probability and the actual survival probability. The vertical axis 
indicates the actual survival probability, which was acquired using 

the bootstrapping method. The horizontal axis indicates the predicted 
survival probability. The black diagonal line indicates a perfect pre-
diction by an ideal model, in which the predicted survival probabil-
ity and the actual survival probability are exactly equal. The blue line 
indicates the performance of the proposed prognostic classifier, of 
which a less departure from the diagonal line represents a better pre-
diction
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high-probability survival vs. predicted low-probability sur-
vival; the training cohort: 2.7237, 95% CI: 2.0318–3.6512, 
p < 0.0001; the internal validation cohort: 2.5699, 95% CI: 
1.5431–4.2798, p < 0.0001; the independent validation 
cohort: 3.1041, 95% CI: 1.8265–5.2752, p < 0.0001).

The calibration curves of the prognostic classifier dem-
onstrated a good consistency between the predicted sur-
vival probability and the actual survival probability in the 
training cohort (Fig. 2d). The non-significant statistic from 
Hosmer–Lemeshow test (p = 0.7760) suggested no depar-
ture from the perfect fit. Good consistency was observed 
for the internal validation cohort (Fig. 2e), and independent 
validation cohort (Fig. 2f), as well as non-significant statis-
tics from the Hosmer–Lemeshow test (the internal valida-
tion cohort, p = 0.7030; the independent validation cohort, 
p = 0.9100).

Development and validation of recurrent classifier

The demographic and clinical characteristics of the patients 
for the 3-year recurrence evaluation in the training, inter-
nal validation, and independent validation cohorts are pre-
sented in Supplementary Table S2. The univariate analysis 
of all clinicopathologic characteristics and immunomark-
ers for 3-year recurrence evaluation in the training cohort 
is listed in Supplementary Table S3. Using the ROC uni-
variate analysis, 14 factors showed prognostic significance, 
including six clinicopathologic characteristics (clinical 
stage, differentiation level, capsular invasion, tumor number, 
tumor diameter, and AFP level) and eight immunomarkers 
(CD34, CDKN1A, E-cadherin, HRas, PCNA, p53, TGF-β, 
and VEGF).

The recurrent classifier was constructed by integrating 
five clinicopathologic characteristics of age, tumor location, 
tumor number, tumor diameter, AFP level, and six immu-
nomarkers, including CD34, E-cadherin, HRas, PCNA, p53, 
and S100A9. The recurrent score calculation formula is pro-
vided in the Supplement. The recurrent classifier yielded 

a higher AUC of 0.734 (95% CI: 0.693–0.772) than indi-
vidual factor for the training cohort (Fig. 4a; Supplementary 
Table S3). Favorable discrimination was also observed for 
the internal validation cohort (0.749, 95% CI: 0.677–0.812) 
(Fig. 4b) and the independent validation cohort (0.730, 95% 
CI: 0.635–0.812) (Fig. 4c).

The calibration curves suggested a good consistency 
between the predicted recurrent probability and the actual 
recurrent probability for all cohorts used in this study 
(Fig.  4d–f). The non-significant statistics of the Hos-
mer–Lemeshow test showed a desirable model fit (the 
training cohort: p = 0.7028; the internal validation cohort, 
p = 0.1137; the independent validation cohort, p = 0.6041).

Discussion

Accurate prediction of patient survival and tumor recurrence 
is crucial in modern oncology treatments [21]. Consider-
able efforts have been devoted to establishing prognostic 
models for HCC using clinical and pathological evidence 
[22]. Currently, the clinicopathological-based TNM stag-
ing system is the most acceptable and well-used method 
worldwide. The TNM staging provides an assessment of 
solid tumors based on clinical and pathological features, 
i.e., tumor size, vascular invasion and the extent of tumor 
invasion, etc., whereas IHC stain of tumor protein expres-
sion is not required. The heterogeneous nature of the tumor 
might produce different clinical outcomes among patients 
with the same TNM stage [13]. The proposed prognostic 
and recurrent classifiers were developed combining both 
clinicopathological characteristics and immunomarkers of 
HCC protein profile. The most important clinical question 
is whether the inclusion of various IHC parameters into the 
prognostic classifiers could improve the predictive ability 
of prognosis as compared to the classifiers which are con-
structed by the conventional clinicopathological variables. 
Our results indicated that the prognostic classifier showed 

Fig. 3   Kaplan–Meier survival curves for the predicted high-probability survival and predicted low-probability survival in the training (a), inter-
nal validation (b), and independent validation (c) cohorts using the proposed prognostic classifier
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a higher prediction accuracy for 5-year OS than the TNM 
staging (0.726, 95% CI: 0.680–0.769 vs. 0.675, 95% CI: 
0.627–0.720). The recurrent classifier also showed a higher 
prediction accuracy for 3-year recurrence than the TNM 
staging (0.734, 95% CI: 0.693–0.772 vs. 0.655, 95% CI: 
0.613–0.710). Compared with BCLC staging system com-
monly used in clinical practice, our classifiers could also 
better predict the prognosis (0.726, 95% CI: 0.680–0.769 
vs. 0.594, 95% CI: 0.549–0.637) and recurrence (0.734, 95% 
CI: 0.693–0.772 vs. 0.576, 95% CI: 0.531–0.619) of HCC. 
Furthermore, the results showed that the proposed clin-
icopathological characteristics and immunomarkers-based 
prognostic and recurrent classifiers showed better prediction 
performance than the classifiers developed based on clinico-
pathological characteristics alone in all cohorts. Overall, the 
developed prognostic and recurrent classifiers could stratify 
patients into high- and low-probability survival groups and 
better predict clinical outcome and HCC recurrence than the 
classifiers which are constructed by the conventional clinico-
pathological variables, and would facilitate the individual-
ized HCC patient management accurately.

Stratifying survival and tumor recurrence in HCC patients 
using gene expression profiling has already been studied 
previously. However, until now, no reliable and consistent 

molecular profile signature for predicting survival and recur-
rence has been reported [23]. On the other hand, uncertain 
reproducibility, high testing cost, and utilization of fresh tis-
sue restrict its routine clinical application [24]. By contrast, 
IHC staining has the advantages of being convenient, rapid, 
cost-effective, and user-friendly.

Several studies have been published on the prediction of 
prognosis or recurrence in HCC. Two studies evaluated the 
prognosis and tumor recurrence in patients with HCC using 
the emerging radiomics method [25, 26]. Nevertheless, the 
reproducibility and stability of the radiomics study are still 
questionable currently. Srivastava et al. [24] proposed a mor-
pho-molecular prognostic model to predict the survival for 
HCC patients. The model novelly combined the expression 
of several HCC proteins and clinicopathological features. 
The AUC for the morpho-molecular prognostic model was 
lower than the prognostic classifier developed in our cur-
rent study. Besides that study, only assessed 13 protein IHC 
expression markers. The newer markers developed recently 
were not included in that study.

Post-operative HCC recurrence due to residual intrahe-
patic metastasis or multicentric origin occurs common in the 
initial 1–2 years [27]. It peaks early, and the risk of tumor 
recurrence decreases with prolongation of the post-operative 

Fig. 4   ROC curves for the proposed recurrent classifier in the training (a), internal validation (b), and independent validation (c) cohorts. Cali-
bration curves for the proposed recurrent classifier in the training (d), internal validation (e), and independent validation (f) cohorts
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period [28]. Thus, adjuvant therapy such as sorafenib, radi-
ofrequency ablation (RFA), transcatheter arterial chem-
oembolization (TACE), or other newly developed therapy 
could be potentially applied during this period. The recur-
rent classifier in our study provides clinicians a useful tool 
to predict recurrent probability for HCC patients. Thus, 
the high-predicted recurrent probability HCC patients, as 
noticed in the recurrent classifier, might benefit from more 
aggressive therapeutic regimens. In clinical work, patholo-
gists could stain and score the immunomarkers included 
in the developed prognostic and recurrent classifiers and 
then bring the staining and clinicopathological character-
istics index into the classifiers’ formula for calculation. By 
stratifying patients into different risk groups according to 
the calculated results of classifiers, clinicians could decide 
whether these patients should receive any adjuvant therapy 
post-operatively.

Compared with other traditional machine-learning algo-
rithms, e.g., decision trees, random forest, and artificial 
neural network, support vector machine (SVM), and mul-
tivariable regression methods were suitable for classifying 
problems with a relatively high-dimensional featured data 
set and low-dimensional patient sample size [29]. We per-
formed a pilot study using 200 patients randomly selected 
from the overall patient population by constructing two 
prognostic classifiers using the SVM and multivariable 
regression methods, called SVM-p classifier and MR-p 
classifier. Prediction difference was observed between these 
two prognostic classifiers, although it was not significant 
(SVM-p classifier: AUC, 0.730, 95% CI: 0.668–0.786; MR-p 
classifier: AUC, 0.767, 95% CI: 0.707–0.819; p = 0.0975, 
Delong test). Thus, we used the MLR method as the final 
model construction algorithm in this study. To construct a 
prognostic classifier using the optimal factors, we used the 
mRMR feature selection algorithm to integrate clinicopatho-
logic characteristics with immunomarkers. The mRMR algo-
rithm was suitable to select the optimal factor combination 
from high-dimensional data.

In our study, we selected 29 immunomarkers related 
to different aspects of HCC tumorigenesis, development, 
and invasiveness, i.e., markers for angiogenesis, apoptosis, 
cell cycle regulation, DNA repair protein, mismatch repair 
protein, proto-oncogene, etc. These markers could be used 
as candidates to predict HCC prognosis and recurrence. 
In our study, the proposed prognostic classifier integrated 
seven immunomarkers: BAX, CD34, CEA, E-cadherin, 
MMP-9, S100A9, and TYSY; and three clinicopathologic 
characteristics. In contrast, the tumor recurrent classifier 
integrated six immunomarkers: CD34, E-cadherin, HRas, 
PCNA, p53, and S100A9, and five clinicopathologic char-
acteristics. Among all, three markers, CD34, E-cadherin, 
and S100A9, were present in both prognostic and recurrent 
classifiers. The study indicates that CD34, E-cadherin, and 

S100A9 could probably be regarded as powerful predictors 
of HCC prognosis and recurrence.

Our study had several limitations. First, microvascu-
lar invasion (MVI) should be included and tested as an 
important clinicopathological feature affecting the prog-
nosis of HCC. In our study, all cases occurred between 
October 2010 and December 2013. During this period, 
MVI was not a mandated indicator in pathology report 
in china until the evidence-based practice guidelines for 
standardized pathological diagnosis of primary liver can-
cer in China (2015 edition) was proposed [30]. Therefore, 
MVI could not be really reflected and was not included in 
the study. However, in view of the importance of MVI, 
we would further analyze the recent cases that sampled 
according to standardization and incorporate MVI into our 
classifiers in the future. Second, the proposed prognos-
tic and tumor recurrent classifiers demonstrated satisfac-
tory predictive accuracy; however, both classifiers were 
restricted by the current available immunomarker antibod-
ies for the IHC stain. With the development of molecular 
techniques, newer markers with higher predictive value 
would be available in the near future. Thus, we should 
consider repeating this study to enhance our classifiers 
using newly valuable markers next time. Third, though the 
study included patients from two independent institutions, 
all patients were from one province in the country, where 
HBV infection is known as the leading cause of HCC. 
Therefore, our proposed prognostic and tumor recurrent 
classifiers should be further tested by more independent 
data from different regions, provinces, and even different 
countries, as well as non-HBV-induced HCC population.

In conclusion, the present study established prognostic 
and tumor recurrent classifiers for patients with HCC after 
surgical excision. The developed prognostic and recurrent 
classifiers would be useful in predicting patients’ progno-
sis and tumor recurrence post-operatively. By stratifying 
patients into different risk groups, the proposed classi-
fiers could help clinicians determine whether these HCC 
patients require any adjuvant therapy post-operatively.
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