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Key questions

What is already known about this subject?
►► Several prognostic models based on clinicopath-
ological factors have predicted survival in patients 
with advanced gastric cancer undergoing palliative 
chemotherapy.

What does this study add?
►► A homogeneous population by limiting first-line 
treatment to fluoropyrimidine and platinum combi-
nation regimen were analysed.

►► A clinically useful predictive scoring model in a total 
of 1733 patients with AGC (advanced gastric cancer) 
treated with palliative chemotherapy was developed.

►► The scoring system determined four distinct risk 
groups with a median overall survival of 17.1, 12.9, 
8.1 and 3.9 months, respectively.

How might this impact on clinical practice?
►► This system could help to identify patients who 
could benefit from chemotherapy, provide prognos-
tic information for patients and rapidly determine 
patients who should participate in later-line clinical 
trials.

ABSTRACT
Objective  In this study, we established a risk scoring 
system using easily obtained clinical characteristics at 
the time of initiating palliative chemotherapy to predict 
accurate overall survival of patients with advanced gastric 
cancer after first-line treatment with fluoropyrimidine–
platinum combination chemotherapy.
Methods  A total of 1733 patients treated at the 
Samsung Medical Center, Korea were included in the 
study, and clinicopathological and laboratory data were 
retrospectively analysed. The dataset was split into a 
training set (n=1156, 67%) and a validation set (n=577, 
33%). Top-ranked variables were identified using the 
random forest survival algorithm and integrated into a Cox 
regression model, thereby constructing the scoring system 
for predicting the overall survival of patients with advanced 
gastric cancer.
Results  The following five variables were finally included 
in the scoring system: serum neutrophil–lymphocyte ratio, 
alkaline phosphatase level, albumin level, performance 
status and histologic differentiation. The scoring system 
determined four distinct risk groups in the validation 
dataset with median overall survival of 17.1 months (95% 
CI=14.9 to 20.5 months), 12.9 months (95% CI=11.4 to 
14.6 months), 8.1 months (95% CI=5.3 to 12.3 months) 
and 3.9 months (95% CI=1.5 to 8.2 months), respectively. 
The area under the curve to estimate the discrimination 
performance of the scoring system was 66.1 considering 
1 year overall survival.
Conclusions  We developed a simple and clinically 
useful predictive scoring model in a homogeneous 
population with advanced gastric cancer treated with 
fluoropyrimidine-containing and platinum-containing 
chemotherapy. However, additional independent validation 
will be required before the scoring model can be used 
commonly.

Introduction
Gastric cancer is the fifth most common 
malignancy and the third most common 
cause of cancer-related deaths worldwide.1 
Resection with curative intent is indicated 
for patients with early-stage gastric cancer. 
However, more than two-thirds of the patients 
with gastric cancer are diagnosed with unre-
sectable or advanced-stage disease, for 
which systemic therapy is the only treatment 

option.2 Despite the recent improvement in 
therapeutic options,3 4 the clinical response 
of patients with advanced gastric cancer to 
systemic treatment is often poor.

Several biomarkers have been evaluated 
for predicting the response to targeted 
agents or checkpoint inhibitors, including 
human epidermal growth factor receptor 2 
(HER2), programmed death-ligand-1 (PD-
L1), Epstein-Barr virus and the microsatellite 
instability (MSI) status. However, only a small 
subset of patients is known to have these well-
established biomarkers, and these biomarkers 
are usually used in second-line or subsequent-
line treatment until today. Actually, current 
guidelines recommend a combination of 
cytotoxic chemotherapy for systemic first-line 
treatment of advanced gastric cancer and 
that targeted agents be added for tumours 
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with HER2 overexpression.5 Currently, first-line chemo-
therapy regimens usually contain a combination of a 
fluoropyrimidine (eg, 5-fluorouracil and capecitabine) 
and a platinum agent as the backbone (eg, cisplatin and 
oxaliplatin).

The outcomes of advanced gastric cancer differ widely 
among patients treated with first-line chemotherapy. 
Accordingly, the estimation of the prognosis and approx-
imate survival time of individual patients is crucial for 
patient stratification and for clinicians to make clinical 
decisions. Although current guidelines recommend 
the fluoropyrimidine plus platinum combination as the 
preferred regimen among various chemotherapeutic 
agents for the initial systemic treatment of advanced 
gastric cancer, other attenuated chemotherapeutic 
agents—such as fluoropyrimidines or taxanes alone—are 
usually administered to patients with various poor prog-
nostic factors such as old age, poor performance status 
or underlying comorbidities in clinical practice. There-
fore, most studies that reported prognostic models for 
advanced gastric cancer so far included a combination of 
chemotherapies other than preferred regimens as first-
line treatment.

Since Chau et al structured a prognostic index6 and vali-
dated the model prospectively in the population enrolled 
in the REAL-2 trial that evaluated the efficacy of capecit-
abine and oxaliplatin for untreated advanced esophago-
gastric cancer,7 a new prognostic index has been required 
to incorporate up-to-date laboratory and pathological 
test information in the era of trastuzumab. Accordingly, 
we aimed to construct and validate a risk scoring system 
based on easily obtained clinicopathological and labora-
tory parameters to predict the median overall survival and 
probability for 1 year survival in patients with advanced 
gastric cancer who initiated first-line chemotherapy with 
a combination of a fluoropyrimidine and a platinum 
agent according to the risk score.

Methods
Patients
Patients with advanced or metastatic gastric cancer who 
had received first-line chemotherapy containing fluoro-
pyrimidine and platinum agents between January 2008 
and October 2018 were identified from the patient 
database of the Samsung Medical Center, Seoul, South 
Korea (n=1733). Patients who received the following 
approved first-line regimens were eligible for inclusion: 
5-fluorouracil plus leucovorin plus oxaliplatin; capecit-
abine or TS-1 plus cisplatin; and capecitabine plus 
oxaliplatin; as well as trastuzumab plus capecitabine 
plus cisplatin for HER2-positive gastric cancer. This 
study was approved by the Institutional Review Board 
of Samsung Medical Center (approval number: 2019-
11-049) and the requirement for informed consent was 
waived.

Data extraction
Data was extracted from the Clinical Data Warehouse 
Darwin-C of Samsung Medical Center for this study. The 
following clinicopathological variables were extracted: 
age, sex, performance status, best overall response, HER2 
positivity, histologic differentiation, previous gastrec-
tomy history and the presence of peritoneal carcino-
matosis. The following baseline laboratory results (ie, 
results obtained just before the administration of first-
line chemotherapy) were extracted: white cell count; 
absolute neutrophil count (ANC); absolute lymphocyte 
count (ALC); neutrophil–lymphocyte ratio; platelet 
count; levels of haemoglobin, total protein, uric acid, 
alanine aminotransferase, blood urea nitrogen, creati-
nine, albumin, alkaline phosphatase (ALP) and total bili-
rubin; and the creatinine clearance rate (estimated from 
the Modification of Diet in Renal Disease equations). 
The chemotherapeutic regimen administered as first-line 
treatment was also identified. The whole data were split 
into two datasets by using the data-splitting method: two-
thirds of the data were included in the training set and 
one-third in the validation set.

Data synthesis and statistical analysis
As most of the laboratory examination values were contin-
uous variables, they needed to be converted into binary 
variables for easy analysis. The maximally selected rank 
statistics (maxstat) method was applied to determine the 
optimal cut-off values for the various laboratory results. 
The R package ‘maxstat’ repeatedly tests all possible cut-
off points to identify the value with the maximum rank 
statistics, thereby providing the best separation into two 
groups in terms of contributing to the overall survival.

We selected the clinically relevant features by using a 
random survival forest algorithm to find predictive vari-
ables of overall survival after first-line chemotherapy. Vari-
able importance (VIMP), which is a measure of how much 
worse the prediction would be if that variable was not 
available, was used to rank the predictors. A large VIMP 
value indicates that the variable has a significant predic-
tive impact, and a VIMP value of 0 means that the variable 
contributes almost nothing to the predictive accuracy. 
The variable selection threshold in the VIMP method was 
set at 0.002 because any variable with a VIMP above 0.002 
is unlikely to be noise.8 The most well-known predic-
tive factor for overall survival, the best overall response, 
was introduced into the random survival forest model 
to verify the model’s performance. To reduce multicol-
linearity, among the factors with overlapping features (eg, 
neutrophil–lymphocyte ratio, ANC and ALC), only the 
variable with the highest VIMP value was included in the 
subsequent analysis.

Missing data were assumed to have occurred randomly, 
depending on the clinical parameters, and multiple impu-
tations using chained equations were performed by using 
the ‘mice’ R package to generate 10 imputed datasets.9 
After imputation, a multivariable Cox regression model 
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Figure 1  Random survival forests and the corresponding VIMP values for variables used for predicting overall survival of 
patients with advanced gastric cancer. (A) Error rates according to the number of trees generated in the simplified random 
forest survival algorithm. (B) VIMP value of the predictors ALT, alanine aminotransferase; HER2, human epidermal growth 
factor receptor 2; VIMP, variable importance.

was constructed using variables derived from the random 
forest survival algorithm.

The top-performing predictors extracted from the 
VIMP method were integrated into a Cox regression 
model if the p values of the variables were <0.1. The HR 
estimates were pooled from 10 imputed derivation data-
sets by using Rubin's rules.10 The score for each variable 
was determined according to the HR: the score was 1 if 
the HR was 1–1.49; the score was 2 if the HR was 1.5–2.49; 
and the score was 3 if the HR was 2.5–3.49.11 To assess the 
quality of the constructed score, calibration plots were 
generated for the predicted survival probability versus 
the observed survival frequencies as indicated by 1 year 
survival rate using the ‘riskRegression’ R package. The 
probability for 1 year overall survival and median overall 
survival according to the risk score was estimated based on 
randomly selected imputed training and validation data-
sets by using the Kaplan-Meier method. Pairwise compar-
isons among the risk score groups were also conducted by 
using the multiple log-rank tests.

Results
Patient characteristics
The baseline characteristics of the 1733 included patients 
are listed in online supplementary table S1. The descrip-
tive statistics were not significantly different between the 
training set (n=1156) and the validation set (n=577). The 
characteristics of the randomly selected imputed dataset 
and the determined cut-off values for the continuous vari-
ables are shown in online supplementary table S2. In the 

training set, the mean patient age was 57.3 years, and the 
proportion of HER2 positivity was 11.8%. Most patients 
(58.1%) were treated with capecitabine plus oxaliplatin 
as first-line chemotherapy, and 7.1% of patients received 
chemotherapy plus trastuzumab, a HER2-targeting agent. 
The overall response rate, that is, the proportion of 
patients who achieved a complete or partial response as 
their best overall response, was 32.3%.

Variable identification
The variable selection process using the random survival 
forest is shown in figure 1. Plot A revealed that the error 
rate started to stabilise at approximately 600 generated 
trees. Plot B ranked the VIMP values of the covariates 
from high to low. The strongest predictor was the best 
overall response, as expected, which was included in the 
model to check the performance of the algorithm. The 
predictors with VIMP values above the threshold (>0.002) 
were the neutrophil–lymphocyte ratio, ANC, perfor-
mance status, ALP level, albumin level, ALC, white cell 
count, histologic differentiation and previous gastrec-
tomy, in that order.

Risk score construction
As the neutrophil–lymphocyte ratio, ANC, ALC and 
white cell count are related and can be derived from each 
other, only the top-ranked variable, that is, the neutro-
phil–lymphocyte ratio, was introduced in the Cox model. 
The next ranked covariates, that is, performance status, 
ALP level, albumin level, histologic differentiation and 
previous gastrectomy, were also included in the model. 
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Figure 2  Clinical scoring system according to the HR using a multivariable COX regression model. (A) Association between 
variables extracted from RSF (random survival forest) and overall survival within 10 imputed derivation datasets. (B) The risk 
score construction according to HRs of the variables. ALP, alkaline phosphatase; NLR, neutrophil–lymphocyte ratio; PS, 
performance status.

Moreover, age and sex were also integrated into the Cox 
model as clinically meaningful and adjusting covariates. 
The risk score was obtained from pooled estimates of 
the Cox regression models for multiple imputed datasets 
(figure  2). Among the included variables, the neutro-
phil–lymphocyte ratio (2 points), performance status (2 
points), ALP level (2 points), albumin level (2 points) and 
histologic differentiation (1 point) were finally selected 
for the risk score construction, as they showed significant 
associations with overall survival.

Simplified risk score and validation
In order to simplify the scoring system, thereby making 
it clinically convenient to use, the score points with a 
range of 0– 9 were categorised into four groups, score 
0–1, 2–3, 4–5 and 6–9, which maximised the log-rank 
statistics of pairwise comparison (figure  3A,B). Cox 
regression analysis using the risk score group as a covar-
iate revealed that an increasing score was associated with 
an increasing HR in both the training and the validation 
datasets (Figure  3A, online supplementary figure S1) 
: score 2–3 (HR=1.79; 95% CI=1.38 to 2.31), score 4–5 
(HR=2.97; 95% CI=2.20 to 4.02) and score 6–9 (HR=9.70; 
95% CI=6.27 to 14.99), compared with score 0–1 as the 
reference group in the validation set. The Kaplan-Meier 
survival curve demonstrated clear separation among the 
four risk groups (Figure 3C, online supplementary figure 
S2). An increasing group score also corresponded with 
a decreasing duration of median survival and decreasing 
probability of 1 year overall survival (table  1). For a 
randomly selected training and validation dataset, the 
median overall survival ranged from 14.83 to 3.27 months 
and 17.13 to 3.87 months, respectively, according to the 
risk score group. The 1 year survival rate ranged from 
62.8% to 12.9% in the training dataset and from 68.79% 
to not applicable in the validation dataset. The risk score 
group-based prediction of 1 year overall survival appeared 

to be well calibrated (online supplementary figure S3), 
and the area under the curve of the time-dependent 
receiver operating characteristic curve was 0.661 for the 
1 year overall survival (online supplementary figure S4).

Discussion
In the current study, we developed and validated a risk 
scoring system using the data of 1778 patients who received 
first-line systemic chemotherapy with a combination of a 
fluoropyrimidine and a platinum agent. We discovered 
the top-ranked predictors by using the variable selection 
method with the random survival forest algorithm and 
introduced these variables into the Cox regression model 
to construct the risk scoring system. The median overall 
survival and 1 year survival rate were clearly distinguished 
by the four risk score groups: 0–1, 2–3, 4–5 and 6–9, with 
significant survival differences.

In the current study, the Cox proportional hazard 
model and random survival forest algorithm were used 
in order to develop the risk score grouping. As recent 
studies on prediction modelling in oncology field mainly 
used high-throughput genomic data, the use of a random 
survival forest analysis for selecting features has started 
to attract attention. The random forest survival algorithm 
has outstanding performance among survival prediction 
models with high-dimensional variables by reducing the 
dimensionality of datasets, and it can manage complex 
interaction structures consisting of highly correlated 
variables.12 In addition, feature selection performance 
of the algorithm is a crucial advantage when the input 
dataset of the prediction model consists of complex or 
high-throughput data.13 We used this machine-learning 
technique for selecting the features and incorporated 
the selected top-ranked variables into the Cox regression 
model, which is frequently used in the clinical field and 
produces results that are easy to interpret.

https://dx.doi.org/10.1136/esmoopen-2020-000670
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Figure 3  HR by the risk score and pairwise comparisons using the log-rank test (validation set). (A) HR by the risk score 
group using the score 0–1 as the reference group. (B) P values for pairwise comparisons with the log-rank test. (C) Kaplan-
Meier survival curve by the risk score of the validation dataset.

Table 1  Median OS and probability for 1 year OS according 
to the risk score groups

Training set

Median OS, month 
(95% CI)

1 Year OS, % 
(95% CI)

Score 0–1 14.83 (14.1 to 16.10) 62.8 (58.4 to 67.6)

Score 2–3 11.93 (10.6 to 13.40) 48.7 (42.6 to 55.6)

Score 4–5 7.9 (6.6 to 9.23) 26.5 (19.1 to 36.7)

Score 6–9 3.27 (2.5 to 4.2) 12.9 (6.9 to 23.9)

Validation set

Median OS, month 
(95% CI)

1 Year OS, % 
(95% CI)

Score 0–1 17.13 (14.93–20.53) 68.79 (62.5 to 75.5)

Score 2–3 12.87 (11.40–14.63) 53.0 (45.0 to 62.5)

Score 4–5 8.13 (5.27–12.30) 37 (27.3 to 50.4)

Score 6–9 3.87 (1.53–8.23) NA (NA-NA)

OS, overall survival

To date, the HER2 status is the only validated predic-
tive biomarker for molecular-targeted treatment for 
advanced gastric cancer. Several studies have evaluated 

the association between HER2 overexpression and 
prognosis of patients with advanced gastric cancer.14–16 
Inconsistent findings of the prognostic effect of HER2 
positivity on gastric cancer have been reported to date, 
unlike that observed for breast cancer. In the current 
study, HER2 positivity was not included in the construc-
tion process of the risk scoring system, as it was not a 
top-ranked predictor considering the VIMP results, 
which was attributed to the fact that 82 (60.2%) of 
136 patients with HER2-positive disease received the 
trastuzumab-containing regimen as first-line treatment 
in the training dataset. Thus, it is considered that HER2 
positivity is not a significant prognostic factor when 
patients with HER2-positive tumours receive chemo-
therapy containing HER2-targeting agent.

The following five significant poor prognostic factors 
were identified for predicting overall survival: high 
neutrophil–lymphocyte ratio (>3.0), poor performance 
status (2 or 3), high ALP level (>140 IU), low albumin 
level (≤3.5 g/dL) and poor/signet ring cell/others 
histology. The inflammatory response to tumours is a 
prognostic indicator in various cancer types including 
advanced gastric cancer.17 In the variable selection 
process used in the current study, other inflammatory 
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markers including ANC, ALC and total white cell count 
were also ranked high, but the neutrophil–lymphocyte 
ratio was the highest performing variable in the process, 
consistent with previous findings. However, the result 
regarding the significance of the neutrophil–lympho-
cyte ratio should be interpreted cautiously in patients 
with concurrent infection and in those receiving corti-
costeroid treatment. In addition, the performance 
status is a well-known important factor for predicting 
response and survival in most cancer types, with the 
pooled analysis from three randomised controlled trials 
showing this result in patients with metastatic gastric 
cancer.6 Finally, the ALP level, albumin level, and histo-
logic differentiation were other factors identified even 
in previous studies.18–20

In the study by Chau et al, the model divided prognostic 
group into good, moderate and poor risk groups and 
the median survival times were 12.7, 8.6 and 4.3 months, 
respectively.7 In another study by Custodio et al, median 
overall survival was 5.7, 9.4, 14 months for high-risk, 
intermediate-risk and low-risk groups, respectively.19 The 
scoring system in our study generated four risk groups 
and median overall survival of 17.1, 12.9, 8.1, 3.9 months, 
respectively, which was comparable with above studies 
considering that supportive care as well as chemotherapy 
have evolved over time.

Biomarker-driven systemic treatment, which targets 
a driver mutation of tumours, has been visualised in 
various types of cancer including gastric cancer. In a 
recent large-scale umbrella trial, researchers classified 
patients with advanced gastric cancer on the basis of the 
clinical sequencing results, assigned patients to each 
biomarker group and compared the outcomes between 
the biomarker group and the conventional chemo-
therapy group.21 Patients who received biomarker-
driven treatment for the specific genetic change in 
their tumour showed significantly longer survival than 
those who received conventional chemotherapy. This 
result was encouraging because biomarker-driven treat-
ment has reached palliative second-line treatment for 
advanced gastric cancer. Therefore, it is increasingly 
important to screen patients who are expected to be 
unresponsive to first-line chemotherapy and to actively 
enrol those patients in biomarker-driven trials, and 
our study results could be helpful for clinical decision-
making in this context.

The current study has some inherent limitations. 
First, despite the large number of patients analysed, the 
study was limited in the scalability of the result interpre-
tation owing to the single-centre, retrospective design, 
and single ethnicity of the study population. In order 
to achieve more generality of the model, additional 
independent validation from larger advanced gastric 
cancer cohorts should be required. Second, although 
the survival gain after second-line treatment was proven 
in patients with advanced gastric cancer,4 22 our model 
did not consider the effect and type of second-line or 
subsequent-line chemotherapy. However, as the factors 

associated with survival at the start of first-line chemo-
therapy were the major features of the study, second-
line or subsequent-line treatment was an undefined 
factor and was not included in the model construc-
tion. Third, we did not include other crucial factors 
that could affect the prognosis, such as genetic muta-
tional profiles, although the purpose of this study was to 
construct a prognostic model using clinically easy-to-use 
variables.

In conclusion, we developed and validated a newly 
constructed risk scoring system to predict the overall 
survival of patients with advanced gastric cancer under-
going first-line fluoropyrimidine and platinum-based 
combination chemotherapy. This system could help with 
clinical decision-making, such as in identifying patients 
who could benefit from chemotherapy, providing prog-
nostic information for patients and rapidly determining 
patients who should participate in later-line clinical trials. 
Moreover, we plan to use the scoring system in our elec-
tronic medical record system to validate whether the score 
can predict survival accurately in a prospective cumula-
tive registry, which could result in the use of this scoring 
classification as a computerised clinical decision support 
system in clinical settings. The MSI status, tumour muta-
tional burden, and PD-L1 expression will also be inte-
grated into the scoring system in future to construct a 
more robust prediction system.
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