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Abstract 
Our study aimed to develop a prediction model to predict the short-term mortality of hepatocellular carcinoma (HCC) patients 
with lung metastasis. The retrospective data of HCC patients with lung metastasis was from the Surveillance, Epidemiology, 
and End Results registration database between 2010 and 2015. 1905 patients were randomly divided into training set 
(n = 1333) and validation set (n = 572). There were 1092 patients extracted from the Surveillance, Epidemiology, and End 
Results database 2015 to 2019 as the validation set. The variable importance was calculated to screen predictors. The 
constructed prediction models of logistic regression, random forest, broad learning system, deep neural network, support 
vector machine, and naïve Bayes were compared through the predictive performance. The mortality of HCC patients with lung 
metastasis was 51.65% within 1 month. The screened prognostic factors (age, N stage, T stage, tumor size, surgery, grade, 
radiation, and chemotherapy) and gender were used to construct prediction models. The area under curve (0.853 vs. 0.771) of 
random forest model was more optimized than that of logistic regression model in the training set. But, there were no significant 
differences in testing and validation sets between random forest and logistic regression models. The value of area under curve 
in the logistic regression model was significantly higher than that of the broad learning system model (0.763 vs. 0.745), support 
vector machine model (0.763 vs. 0.689) in the validation set, and higher than that of the naïve Bayes model (0.775 vs. 0.744) 
in the testing model. We further chose the logistic regression prediction model and built the prognostic nomogram. We have 
developed a prediction model for predicting short-term mortality with 9 easily acquired predictors of HCC patients with lung 
metastasis, which performed well in the internal and external validation. It could assist clinicians to adjust treatment strategies 
in time to improve the prognosis.

Abbreviations: AUC = the area under curve, BLS = broad learning system, DNN = deep neural network, HCC = hepatocellular 
carcinoma, PPV = positive predictive value, ROC = the receiver operating characteristic, SEER = the Surveillance, Epidemiology, 
and End Results, SVM = support vector machine.
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1. Introduction

Hepatocellular carcinoma (HCC) is the seventh most common 
cancer in the world and the second leading cause of cancer-re-
lated deaths.[1,2] According to the data from GLOBOCAN, in 
North America, the incidence risk of HCC in 2018 was estimated 
to be 6.6 per 100,000 men and 3.4 per 100,000 women.[1] The 
rate of global mortality associated with HCC in 2018 was 8.5 
per 100,000 person-years, and the prognosis of HCC worldwide 

was very poor.[1] HCC had a great tendency to invade the portal 
vein and hepatic vein, leading to intrahepatic and extrahepatic 
metastasis, a well-known significant adverse prognostic factor.[3,4] 
Studies showed that the prognosis of patients with extrahepatic 
metastasis was worse than that of patients without extrahepatic 
metastasis.[5,6] The metastasis sites included lung metastasis, 
brain metastasis, bone metastasis, lymph node metastasis, etc.[7]

The lung was the most common site of extrahepatic metastasis, 
and the prognosis of patients was extremely poor.[5] More than 
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70% of deaths in HCC patients were caused by lung metasta-
sis.[8] Therefore, it is of great significance to establish models for 
predicting the prognosis of HCC patients with lung metastasis.[9] 
Previous studies have established models for the risk of bone 
metastases, brain metastases, and extrahepatic metastases in HCC 
patients.[10–12] Meanwhile, there were several prognostic models 
for HCC patients with bone and lung metastases.[10,13] However, 
the prognostic model of HCC patients with lung metastasis was 
not satisfied, and the model has not been optimized, which needs 
further clarification in population-based studies.

Therefore, this study aimed to develop 6 prediction models 
for predicting short-term mortality in HCC patients with lung 
metastasis using easy-to-collect demographic and clinicopatho-
logical variables and obtain a more optimal model based on the 
predictive performance of the 6 models. Clinicians could utilize 
the predictive model to predict the course of HCC patients more 
realistically, accurately and timely and to optimize the choice of 
treatment options.

2. Methods

2.1. Study population

The study was a retrospective cohort study. A total of 1934 HCC 
patients with lung metastasis were extracted from the National 
Cancer Institute Surveillance, Epidemiology, and End Results 
(SEER) database[14] between 2010 and 2015 as training and 
testing sets, and a total of 1386 HCC patients with lung metas-
tasis were extracted from the SEER database between 2015 and 
2020 as the validation set. The data on cancer diagnosis, treat-
ment, and survival for about 30% of the U.S. population was 
included in the SEER database of the National Cancer Institute. 
The eligible patients were randomly divided into training and 
testing sets according to the ratio of 7:3. All the data collected 
by SEER was de-identified, and the study was exempted from 
the Institutional Ethics Committee.

2.2. Data collection

Variable definitional information was encoded at diagnosis 
and made available in the SEER database. For each eligible 
patient, the following data were collected: age, gender, race, 
marital status, T stage, N stage, grade [I (well differentiated), 
II (moderately differentiated), III (poorly differentiated), and 
IV (undifferentiated/anaplastic)], tumor size (≤5 cm, >5 cm), 
bone metastasis (yes/no), brain metastasis (yes/no), intrahe-
patic metastasis (yes/no), and treatment methods (including 
surgery, chemotherapy, and radiation). The follow-up outcome 
we focus on was the 1-month all-cause mortality obtained 
from the SEER project. The average follow-up time was 3.855 
months.

2.3. Development of prediction models for predicting 
1-month all-cause mortality

First, we conducted a descriptive analysis and compared the 
variables between the training set and the testing set. Second, 
using random forest to filter variables in the training set based 
on variable importance as prognostic factors for 1-month all-
cause mortality.[15]

Third, the identified prognostic variables and sex (a com-
mon important influencing factor)[16] were utilized to con-
struct prediction models of logistic regression, random 
forest,[17] broad learning system (BLS),[18] deep neural net-
work (DNN),[19] support vector machine (SVM),[20] and naïve 
Bayes,[21] respectively.

Random forest models contained a collection of decision 
trees. In the process of building each decision tree, different 
random subsets of the variables from the training dataset were 
selected to establish how best to partition the dataset at each 
node.[17] This study used the parameters of n_estimators was 
300, max_depth was 7, random_state = 0, bootstrap = TRUE, 
criterion=“gini,” min_samples_split = 2, min_samples_leaf = 1, 
and min_weight_fraction_leaf = 0.0.

BLS[18] is a deep structure neural network model based on 
Random Vector Functional-link Neural Network. Deep learning 
transformed and extracted features based on the data and became 
the feature layer as the input layer of the entire neural network. 
When the feature layer was merged with the enhancement layer, 
the pseudo-inverse was used to calculate the weight 1. This study 
used N1 (the number of feature nodules per window) = 10, N2 
(the number of windows per node) = 9, and N3 (the number of 
enhanced nodes) = 30 to learn features, and it was 120 features.

DNN[19] includes 3 layers, input layer, hidden layer, and out-
put layer. Each layer is fully connected. The training set was 
used as the input layer, and the sample features were progres-
sively obtained through the hidden layer, and then the features 
in the output layer were predicted. This study used the param-
eters of hidden_layer_sizes = 310, activation = relu, the hidden 
layer activation function is the rectified linear unit function, 
solver=“adam,” “adam” refers to a stochastic gradient-based 
optimizer, and the random seed is 2021. 30 hidden layers were 
used in this study.

SVM is a classifier that classifies data by finding the decision 
boundary with the largest margin. This study used the nonlinear 
SVM method, C-Support Vector Classification.[20] The nonlin-
ear classifier introduces a kernel function to map the features 
in the original space to a higher dimension for classification. 
Regularization parameter C was 1.00. The strength of the regu-
larization is inversely proportional to C. The penalty is a squared 
l2 penalty. The parameter of kernel = rbf specifies the kernel type 
to be used in the algorithm and the random seed is 2021.

Naïve Bayes[21] uses the Bayesian formula to calculate the 
posterior probability (conditional probability of object feature 

Figure 1. Flowchart of the systematic selection process.
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to be classified) according to the prior probability (probability 
obtained from the training set) of the feature, and selects the 
class with the largest probability value as the class to which 
the feature belongs. The prior probability P (Y = Ck) = mk/m, 
m is the total number of training set samples, mk is the num-
ber of training set samples whose output is the kth category, P 
(Y = 0) = 48.24%, and P (Y = 1) = 51.76.

Fourth, the receiver operating characteristic (ROC) curve 
for each prediction model was generated. The prognostic 
nomogram was generated for the logistic regression model.[22] 
Delong’s test for comparing the area under the curve (AUC) 

values of different prediction models. Patients in the testing and 
validation set were used to verify the prediction effect of the pre-
diction model, using specificity, positive predictive value (PPV), 
and negative predictive value to evaluate the model. Five-fold 
cross validation was used to increase the performance.

2.4. Statistical analysis

Shapiro–Wilk was used to test the normality of measure-
ment data. Normally distributed data were described by 

Table 1

Demographic and clinicopathological characteristics of selected patients.

Variables Total (n = 1905) Groups Statistic P 

Training set (n = 1333) Validation set (n = 572) 

Age, mean ± SD 62.56 ± 11.48 62.57 ± 11.67 62.52 ± 11.05 t = 0.10 .923
Gender, n (%)
  Female 398 (20.89) 282 (21.16) 116 (20.28) χ2 = 0.186 .667
  Male 1507 (79.11) 1051 (78.84) 456 (79.72)
Race, n (%)
  White 1187 (62.31) 822 (61.67) 365 (63.81) – .793
  Black 329 (17.27) 236 (17.70) 93 (16.26)
  Other 383 (20.10) 271 (20.33) 112 (19.58)
  Unknown 6 (0.31) 4 (0.30) 2 (0.35)
Marital status, n (%)
  Married 851 (44.67) 596 (44.71) 255 (44.58) χ2 = 0.849 .838
  Single 520 (27.30) 357 (26.78) 163 (28.50)
  Divorced/widowed/separated 444 (23.31) 315 (23.63) 129 (22.55)
  Unknown 90 (4.72) 65 (4.88) 25 (4.37)
T stage, n (%)
  T1 384 (20.16) 258 (19.35) 126 (22.03) χ2 = 7.377 .117
  T2 170 (8.92) 112 (8.40) 58 (10.14)
  T3 681 (35.75) 478 (35.86) 203 (35.49)
  T4 233 (12.23) 178 (13.35) 55 (9.62)
  TX 437 (22.94) 307 (23.03) 130 (22.73)
N stage, n (%)
  N0 1171 (61.47) 824 (61.82) 347 (60.66) χ2 = 1.272 .530
  N1 374 (19.63) 253 (18.98) 121 (21.15)
  NX 360 (18.90) 256 (19.20) 104 (18.18)
Grade, n (%)
  I 87 (4.57) 60 (4.50) 27 (4.72) χ2 = 0.071 .995
  II 212 (11.13) 149 (11.18) 63 (11.01)
  III/IV 263 (13.81) 185 (13.88) 78 (13.64)
  Unknown 1343 (70.50) 939 (70.44) 404 (70.63)
Tumor size, n (%)
  ≤5 cm 284 (14.91) 186 (13.95) 98 (17.13) χ2 = 3.594 .166
  >5 cm 1018 (53.44) 726 (54.46) 292 (51.05)
  Unknown 603 (31.65) 421 (31.58) 182 (31.82)
Bone metastasis, n (%)
  No 1533 (80.47) 1062 (79.67) 471 (82.34) χ2 = 3.578 .167
  Yes 314 (16.48) 233 (17.48) 81 (14.16)
  Unknown 58 (3.04) 38 (2.85) 20 (3.50)
Brain metastasis, n (%)
  No 1795 (94.23) 1255 (94.15) 540 (94.41) χ2 = 0.549 .760
  Yes 40 (2.10) 30 (2.25) 10 (1.75)
  Unknown 70 (3.67) 48 (3.60) 22 (3.85)
Intrahepatic metastasis, n (%)
  No 1685 (88.45) 1171 (87.85) 514 (89.86) χ2 = 2.732 .255
  Yes 188 (9.87) 141 (10.58) 47 (8.22)
  Unknown 32 (1.68) 21 (1.58) 11 (1.92)
Surgery, n (%)
  No 1868 (98.06) 1307 (98.05) 561 (98.08) χ2 = 0.002 .968
  Yes 37 (1.94) 26 (1.95) 11 (1.92)
Chemotherapy, n (%)
  No 1272 (66.77) 886 (66.47) 386 (67.48) χ2 = 0.186 .666
  Yes 633 (33.23) 447 (33.53) 186 (32.52)
Radiation, n (%)
  No 1741 (91.39) 1217 (91.30) 524 (91.61) χ2 = 0.049 .825
  Yes 164 (8.61) 116 (8.70) 48 (8.39)
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mean ± standard deviation, and the t test was used. Non-
normally distributed data were described by median (interquar-
tile range), and the Mann–Whitney U rank sum test was used. 
The count data was described by the number of cases and the 
composition ratio [n (%)], using Chi-square or Fisher’s exact 
test. P < .05 (2 sides) was statistical significance. All statistical 
analyses were performed by SAS v. 9.4 (SAS Institute, Cary, NC), 
Python software v. 3.7.4 (Python Software Foundation, DE), 
and R v. 4.20 (R Foundation for Statistical Computing, Vienna, 
Austria) software.

3. Results

3.1. Characteristics of the study population

A total of 1934 HCC patients with lung metastasis were 
extracted from the SEER database 2010 to 2015 as training 
and testing sets. We excluded patients younger than 18 (n = 10); 
clinicopathologic variables of interest were missing (n = 10); the 
information on survival time was missing (n = 9). According to 
the selection process, a total of 1905 patients were included in 
training and testing sets. There were 1386 cases of HCC com-
plicated with lung metastasis extracted from the SEER data-
base 2015 to 2019, 5 patients younger than 18, 287 patients 
with missing T stage, and 2 patients with missing N stage were 
excluded as the validation set (n = 1092). The flow chart of the 
systematic selection process was shown in Figure 1.

The mortality of HCC patients with lung metastasis was 
51.65% (984/1905) within 1 month. The average follow-up 
time was 3.855 months. The average age was 62.56 ± 11.48 
years old. There were 398 (20.89%) females and 1507 (79.11%) 
males. For race, 1187 (62.31%) were white, 329 (17.27%) were 
black, 383 (20.10%) were other races. 984 (51.65%) patients 
died within 1 month. More detailed information was shown in 
Table 1. Meanwhile, 1333 patients were incorporated into the 
training set, and the remaining 572 patients were incorporated 
into the testing set. And no significant differences were found 
in demographic and clinical variables between the training and 
testing sets (Table 1).

3.2. Prognostic factors for HCC patients with lung 
metastasis

The random forest model (Fig.  2) shows that the prognostic 
variable for HCC patients with lung metastasis was ranked 

according to variable importance. The top 10 characteristics 
were selected, which were chemotherapy, age, radiation, tumor 
size, grade, N stage, surgery, and T stage among the 14 variables. 
These 8 variables and gender (a common prognostic factor) 
were selected to build 6 prediction models, logistic regression, 
random forest, BLS, DNN, SVM, and naïve Bayes, respectively. 
The distribution of survival and death characteristics was shown 
in Table 2.

3.3. Development of the 6 prediction models

Based on the screened 8 variables and gender, the 6 pre-
diction models (logistic regression model, random forest, 
BLS, DNN, SVM, and naïve Bayes) were developed. The 
multivariate analysis of the logistic regression model was 
in Table S1, Supplemental Digital Content, http://links.
lww.com/MD/H770. The formula for prediction was: 
Logit (P) = ln (P/1−P) = 0.002 age + 0.249 male + 0.045 
T2 + 0.175 T3 + 0.395 T4 + 0.155 TX + 0.204 N1 − 0.128 
NX + −0.284 (Grade II) + 0.489 (Grade III/IV) + 0.399 
(Grade unknown) + 0.157 (tumor size > 5 cm) + 0.484 
(tumor size was unknown) − 1.274 surgery − 2.075 chemo-
therapy − 1.236 radiation. And a prognostic nomogram was 
established for the 1-month survival in HCC patients with 
lung metastasis (Fig. 3). A dynamic nomogram is available 
at https://jingting.shinyapps.io/DynNomapp/.

3.4. Comparison of the AUC of the 6 prediction models

In the training set, the AUC of the random forest model was 
significantly higher than the logistic regression model [0.853 
(95% CI: 0.832–0.873) vs. 0.771 (95% CI: 0.746–0.796), 
P < .001], there were no significant differences in testing 
and validation sets between the random forest model and 
logistic regression model (Table 3). In the validation set, the 
value of AUC in the logistic regression model was signifi-
cantly higher than that of the BLS model [0.763 (95% CI: 
0.734–0.791) vs. 0.745 (95% CI: 0.716–0.774), P = .006], in 
Table 3. Compared with the SVM model, the logistic regres-
sion model had higher values of AUC in the training set [0.771 
(95% CI: 0.746–0.796) vs. 0.690 (95% CI: 0.661–0.719), 
P < .001], testing set [0.775 (95% CI: 0.736–0.813) vs. 0.704 
(95% CI: 0.661–0.746), P < .001], and validation set [0.763 
(95% CI: 0.734–0.791) vs. 0.689 (95% CI: 0.657–0.720), 
P < .001]. In Table 3, the AUC of the naïve Bayes model was 

Figure 2. Variable importance from the random forest model.
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5

Chen et al. • Medicine (2022) 101:45 www.md-journal.com

significantly higher than the logistic regression model in the 
training set [0.771 (95% CI: 0.746–0.796) vs. 0.746 (95% 
CI: 0.719–0.772), P < .001] and testing set [0.775 (95% CI: 
0.736–0.813) vs. 0.744 (95% CI: 0.703–0.785), P = .004]. 
The ROC curves of training, testing, and validation sets in 
the logistic regression model (Fig. 4A), random forest model 
(Fig. 4B), BLS model (Fig. 4C), DNN model (Fig. 4D), SVM 
model (Fig. 4E), and naïve Bayes (Fig. 4F) were established. 
We chose the logistic regression prediction model through a 
comprehensive comparison of the AUC and interpretability of 
the 6 models.

3.5. Predictive performance of the 6 prediction models

Specificity, PPV, and negative predictive value of prediction 
models in training, testing, and validation sets were shown in 
Table 4. The specificity of the Logistic regression model was 
0.912 (95% CI: 0.888–0.936) in the validation set, which was 
higher than those of BLS [0.662 (95% CI: 0.621–0.702)], 
DNN [0.633 (95% CI: 0.593–0.674)], SVM [0.630 (95% 
CI: 0.589–0.671)], and naïve Bayes [0.645 (95% CI: 0.604–
0.685)] models. The Logistic regression model obtained a 
higher value of PPV than BLS, DNN, SVM, and naïve Bayes 
prediction models. The mean score of 5-fold cross validation 

Table 2

Distribution of survival and death in training set.

Variables Total (n = 1333) 

Groups

Survival (n = 643) Death (n = 690) 

Age, mean ± SD 62.57 ± 11.67 62.35 ± 12.03 62.78 ± 11.33
Gender, n (%)
  Female 282 (21.16) 144 (22.40) 138 (20.00)
  Male 1051 (78.84) 499 (77.60) 552 (80.00)
Race, n (%)
  White 822 (61.67) 376 (58.48) 446 (64.64)
  Black 236 (17.70) 121 (18.82) 115 (16.67)
  Other 271 (20.33) 143 (22.24) 128 (18.55)
  Unknown 4 (0.30) 3 (0.47) 1 (0.14)
Marital status, n (%)
  Married 596 (44.71) 304 (47.28) 292 (42.32)
  Single 357 (26.78) 159 (24.73) 198 (28.70)
  Divorced/widowed/separated 315 (23.63) 146 (22.71) 169 (24.49)
  Unknown 65 (4.88) 34 (5.29) 31 (4.49)
T stage, n (%)
  T1 258 (19.35) 133 (20.68) 125 (18.12)
  T2 112 (8.40) 61 (9.49) 51 (7.39)
  T3 478 (35.86) 244 (37.95) 234 (33.91)
  T4 178 (13.35) 81 (12.60) 97 (14.06)
  TX 307 (23.03) 124 (19.28) 183 (26.52)
N stage, n (%)
  N0 824 (61.82) 418 (65.01) 406 (58.84)
  N1 253 (18.98) 112 (17.42) 141 (20.43)
  NX 256 (19.20) 113 (17.57) 143 (20.72)
Grade, n (%)
  I 60 (4.50) 38 (5.91) 22 (3.19)
  II 149 (11.18) 92 (14.31) 57 (8.26)
  III/IV 185 (13.88) 86 (13.37) 99 (14.35)
  Unknown 939 (70.44) 427 (66.41) 512 (74.20)
Tumor size, n (%)
  ≤5 cm 186 (13.95) 99 (15.40) 87 (12.61)
  >5 cm 726 (54.46) 381 (59.25) 345 (50.00)
  Unknown 421 (31.58) 163 (25.35) 258 (37.39)
Bone metastasis, n (%)
  No 1062 (79.67) 505 (78.54) 557 (80.72)
  Yes 233 (17.48) 121 (18.82) 112 (16.23)
  Unknown 38 (2.85) 17 (2.64) 21 (3.04)
Brain metastasis, n (%)
  No 1255 (94.15) 610 (94.87) 645 (93.48)
  Yes 30 (2.25) 14 (2.18) 16 (2.32)
  Unknown 48 (3.60) 19 (2.95) 29 (4.20)
Intrahepatic metastasis, n (%)
  No 1171 (87.85) 567 (88.18) 604 (87.54)
  Yes 141 (10.58) 70 (10.89) 71 (10.29)
  Unknown 21 (1.58) 6 (0.93) 15 (2.17)
Surgery, n (%)
  No 1307 (98.05) 621 (96.58) 686 (99.42)
  Yes 26 (1.95) 22 (3.42) 4 (0.58)
Chemotherapy, n (%)
  No 886 (66.47) 288 (44.79) 598 (86.67)
  Yes 447 (33.53) 355 (55.21) 92 (13.33)
Radiation, n (%)
  No 1217 (91.30) 557 (86.63) 660 (95.65)
  Yes 116 (8.70) 86 (13.37) 30 (4.35)
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in the Logistic regression model (0.72) was better than the 
others (Table 5).

The results of the Hosmer-Lemeshow test in the training 
set was χ2 = 6.051 (P = .642) and in the validation set was 
χ2 = 8.975 (P = .344), suggesting that the overall fitting degree 
of the model was great. This study chose the logistic regression 
prediction model because of its good prediction.

4. Discussion
HCC is a highly aggressive tumor, it is prone to extrahepatic 
metastasis, occurring in 14.0% to 36.7% of patients.[23] The 
lung is the most common distant metastasis and the prognosis 
of HCC patients with lung metastasis is extremely poor.[24] In 
our study, we established and validated 6 prediction models 
for predicting 1-month all-cause mortality for HCC patients 

Figure 3. Nomogram for predicting 1-month survival of HCC patients with lung metastasis. HCC = hepatocellular carcinoma.

Table 3

Comparison of AUC in training, testing, and validation sets in the 6 prediction models.

AUC Training set Testing set Validation set 

Model (95% CI) Logistic 0.771 (0.746–0.796) 0.775 (0.736–0.813) 0.763 (0.734–0.791)
Random forest 0.853 (0.832–0.873) 0.764 (0.724–0.803) 0.762 (0.734–0.791)
BLS 0.775 (0.750–0.800) 0.772 (0.733–0.811) 0.745 (0.716–0.774)
DNN 0.772 (0.746–0.797) 0.762 (0.722–0.801)  0.757 (0.728–0.786)
SVM 0.690 (0.661–0.719) 0.704 (0.661–0.746) 0.689 (0.657–0.720)
Naïve Bayes 0.746 (0.719–0.772) 0.744 (0.703–0.785) 0.758 (0.729–0.786)

DeLong test P Random forest vs. Logistic <.001* .156 .970
BLS vs. Logistic .502 .725 .006*

DNN vs. Logistic .854 .066 .271
SVM vs. Logistic <.001* <.001* <.001*

Naïve Bayes vs. Logistic <.001* .004* .527

AUC = area under the curve, BLS = broad learning system, CI = confidence interval, DNN = deep neural network, SVM = support vector machine.
*P < .05.
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with lung metastasis. We finally chose the more optimized 
logistic regression model due to prediction performance and 
model visualization. By obtaining the data of 9 easily acces-
sible variables (age, N stage, T stage, tumor size, surgery, 
grade, radiation, chemotherapy, and gender) on the dynamic 
nomogram of each HCC patient with lung metastasis, the 
total score could be calculated (https://jingting.shinyapps.io/
DynNomapp/). Then, the all-cause mortality of HCC patients 
with lung metastasis could be predicted, which could provide 

guidance for further clinical management. Moreover, the 
logistic regression model demonstrated excellent performance 
in the prediction of HCC patients with lung metastasis, which 
may make the individualized clinical decision and surveillance 
more accurate.

For HCC patients with extrahepatic metastasis, the disease 
progresses rapidly, and the severe patients may die quickly. 
Clinically, an appropriate prognostic judgment index or tool is 
needed to guide the individualized treatment of HCC patients 

Figure 4. ROC curve of the training set, testing set, and validation set in logistic regression model (A); random forest model (B); BLS model (C); DNN model (D); 
SVM model (E); and naïve Bayes (F). BLS = broad learning system, DNN = deep neural network, ROC = the receiver operating characteristic, SVM = support 
vector machine.

https://jingting.shinyapps.io/DynNomapp/
https://jingting.shinyapps.io/DynNomapp/
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with lung metastasis. Recent studies have constructed sev-
eral prognostic assessment tools for predicting bone metas-
tases,[10] brain metastases,[25] and lymph node metastases,[26] 
these models possessed good predictive capabilities. Hu et 
al[7] established the nomograms to predict the prognosis of 
HCC patients with bone metastasis with AUCs of 6- and 9- 
months survival prediction were 0.698 and 0.770 in the val-
idation set, respectively. The model discrimination was at an 
acceptable level, it was still not ideal enough. In practice, its 
accuracy may reduce in different patients to some extent, so 
the use efficiency in practice may be lower than at present.[9] 
The prognosis model we established for HCC patients with 
lung metastasis had a higher AUC value of 0.775 in the test-
ing set and 0.763 in the validation set, which may be more 
referenced in practical applications. In addition, a prognostic 
nomogram including age, T stage, surgical approach, and che-
motherapy for HCC patients with lung metastasis was con-
ducted by Ye et al[13] using SEER data. The calibration curve 
showed that the predicted survival rate was close to the actual 
survival rate, which was similar to the consistent results of our 
model. The consistency between the predicted and the actual 
data was better, which also verified good repeatability of the 
nomogram prediction model.[9] The study of Ye et al[13] only 
included the 4 variables mentioned above into the nomogram, 
and our nomogram contained 9 variables (age, gender, N stage, 
T stage, tumor size, surgery, grade, radiation, and chemother-
apy). Although the number of variables we included in the pre-
diction model was not the same, we established 6 models and 
selected the more optimized model based on the interpretabil-
ity and predictive performance, which was the logistic regres-
sion model. Our study provided reference clinically, prognostic 
judgment tools based on big data were still needed for lung 
metastasis in HCC patients.

It has been reported that several demographic characteris-
tics were independent factors affecting the prognosis of HCC 
patients with distant metastases.[13,27] Studies have shown that 
men over 45 and women over 55 have become an important 
factor in the death of HCC,[13] and young patients had relatively 
better survival compared with elderly patients.[27] Although the 
variable screening based on the variable importance did not 
filter gender, we still added the gender characteristic to the 
nomogram. The American Joint Committee on Cancer staging 
system is widely accepted and used. Higher T and N staging 

and higher tumor grades were associated with poor prognosis, 
and it was no exception in HCC patients with lung metasta-
ses.[28] T stage not only contained information about tumor 
size, but also included the number of vascular invasion and 
primary tumor lesions, which were related to the prognosis 
of the patient.[29] Patients with a lower degree of differenti-
ation had a worse prognosis.[27] HCC patients with extrahe-
patic metastasis such as lung metastasis were considered to 
advanced. It was recommended that systemic chemotherapy 
had a positive effect on the survival of patients with advanced 
HCC.[30,31] Some studies also believed that the survival of HCC 
patients may be related to hepatectomy and radiotherapy of 
lung metastasis.[32,33] A multicenter study in Korea showed 
that liver resection provides a survival benefit compared with 
nonsurgical treatment for patients.[30] Surgical resection should 
be considered for select individuals with intermediate- or 
advanced-stage disease.[33]

In this study, 6 prediction models were established based 
on the selected prognostic factors, including logistic regres-
sion, random forest, BLS, DNN, SVM, and naïve Bayes mod-
els. Finally, the logistic regression model was selected from 
the 6 prediction models. A dynamic nomogram with a good 
discriminating ability of lung metastasis in HCC patients was 
generated. The prognostic factors used in the nomogram were 
simple, easy to obtain, and operable. But there were still cer-
tain limitations. On the 1 hand, although we have internally 
and externally verified the prediction models, it still needs 
external data support and verification due to the lack of suf-
ficient external data in our study, so the general applicability 
of this research needs to be verified. On the other hand, this 
study was retrospective. There were too many missing serum 
alpha-fetoprotein data in the database to be analyzed even 
though serum alpha-fetoprotein expression is quite important 
for HCC patients. The data such as biomarkers,[34] drug use,[30] 
and genes[35] that may be related to the prognosis of HCC 
patients with lung metastasis were not available in the SEER 
database. Further studies with large samples and multi-center 
prospective data were required.

5. Conclusion
A logistic regression prediction model predicting 1-month all-
cause mortality we created may be individual and convenient 

Table 4

Performance of prediction models in training, testing, and validation sets.

  

Model (95% CI)

Logistic Random forest BLS DNN SVM Naïve Bayes 

Training set Specificity 0.653 (0.616–0.690) 0.788 (0.757–0.820) 0.628 (0.591–0.666) 0.656 (0.620–0.693) 0.636 (0.599–0.673) 0.708 (0.672–0.743)
PPV 0.712 (0.680–0.744) 0.797 (0.767–0.827) 0.707 (0.675–0.738) 0.714 (0.682–0.746) 0.677 (0.643–0.711) 0.726 (0.692–0.759)
NPV 0.753 (0.717–0.788) 0.765 (0.732–0.797) 0.780 (0.744–0.816) 0.752 (0.717–0.788) 0.672 (0.634–0.709) 0.702 (0.667–0.737)

Testing set Specificity 0.608 (0.551–0.665) 0.694 (0.640–0.748) 0.647 (0.591–0.704) 0.622 (0.565–0.679) 0.579 (0.521–0.637) 0.683 (0.629–0.738)
PPV 0.688 (0.639–0.736) 0.704 (0.651–0.757) 0.712 (0.664–0.760) 0.697 (0.649–0.746) 0.639 (0.587–0.691) 0.711 (0.660–0.762)
NPV 0.758 (0.702–0.814) 0.677 (0.623–0.731) 0.776 (0.722–0.830) 0.769 (0.714–0.824) 0.649 (0.590–0.709) 0.709 (0.655–0.763)

Validation set Specificity 0.912 (0.888–0.936) 0.949 (0.931–0.968) 0.662 (0.621–0.702) 0.633 (0.593–0.674) 0.630 (0.589–0.671) 0.645 (0.604–0.685)
PPV 0.773 (0.716–0.830) 0.767 (0.690–0.844) 0.698 (0.661–0.735) 0.702 (0.667–0.737) 0.658 (0.619–0.697) 0.705 (0.670–0.740)
NPV 0.548 (0.515–0.581) 0.517 (0.486–0.549) 0.710 (0.670–0.750) 0.771 (0.732–0.811) 0.649 (0.608–0.690) 0.761 (0.721–0.800)

BLS = broad learning system, CI = confidence interval, DNN = deep neural network, NPV = negative predictive value, PPV = positive predictive value, SVM = support vector machine.

Table 5

Five-fold cross validation of the 6 prediction models.

 Logistic Random forest BLS DNN SVM Naïve Bayes 

Mean 0.72 0.73 0.72 0.72 0.53 0.70
Standard deviation 0.01 0.01 0.006 0.01 0.005 0.017

BLS = broad learning system, DNN = deep neural network, SVM = support vector machine.
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using 9 easily acquired variables, including age, gender, N stage, 
T stage, tumor size, surgery, grade, radiation, and chemotherapy 
for HCC patients with lung metastasis. Based on the dynamic 
nomogram, clinicians could estimate the risk of a patient’s death 
based on individualized prediction scores, clinicians could more 
accurately balance the benefits and risks, and formulate a rea-
sonable long-term treatment strategy.
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