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Abstract 

Background Immune checkpoint inhibitors (ICIs) had modest advances in the treatment of extensive-stage small 
cell lung cancer (ES-SCLC) in clinical trials, but there is a lack of biomarkers for prognosis in clinical practice.

Methods We retrospectively collected data from ES-SCLC patients who received ICIs combined chemotherapy 
from two centers in China, integrated clinical and blood parameters, and constructed risk prognostication for immu-
nochemotherapy. The population was divided into high- and low-risk groups, and the performance of the model 
was assessed separately in the training and validation cohorts.

Results Two hundred and twenty and 43 patients were included in the training and validation groups, respectively. 
The important predictors were screened including body mass index, liver metastases, coefficient variation of red 
blood cell distribution width, lactate dehydrogenase, albumin, and C-reactive protein. Predicting 1-year overall sur-
vival (OS), the AUC values under ROC for the model under training, internal validation, and external validation were 
0.760, 0.732, and 0.722, respectively, and the calibration curve and clinical decision curve performed well. Applied 
the model to divide patients into low-risk and high-risk groups, and the median OS was 23.7 months and 9.1 months, 
and the median progression-free survival was 8.2 months and 4.8 months, respectively; furthermore, this ability to dis-
criminate survival was also observed in the validation cohort.

Conclusions We constructed a novel prognostic model for ES-SCLC to predict survival employing baseline tumor 
burden, nutritional and inflammatory parameters, it is easily measured to screen high-risk patient populations.
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Background
Lung cancer is the leading cause of cancer death in 
China and a common type of cancer diagnosis world-
wide [1]. Although small cell lung cancer (SCLC) 
accounts for only 15% of lung cancer cases, it has a 
high degree of malignancy and is characterized by rapid 
growth, easy metastasis, and high mortality [2–5]. 
Platinum in combination with etoposide has resulted 
in modest improvements in survival and has been the 
unshakable standard treatment over the 30  years in 
patients with extensive stage SCLC (ES-SCLC), with a 
2-year survival rate of approximately 7% [6, 7]. Immune 
checkpoint inhibitors (ICIs) are rapidly progressing, 
and their synergy in combination with cytotoxic chem-
otherapy has been validated in some phase III clinical 
trials [8–14]. Based on IMpower133 and CASPIAN 
results, Atezolizumab or Durvalumab in combination 
with chemotherapy is approved for first-line treat-
ment of ES-SCLC [11–13]. However, different types of 
ICI drugs have vastly different outcomes in clinical tri-
als, Pembrolizumab and Nivolumab have been briefly 
approved for SCLC patients who have relapsed or 
metastasized following chemotherapy and have with-
drawn their indications following phase III trials [9, 
15–17]. In fact, only minority ES-SCLC patients could 
benefit from immunotherapy in clinical trials.

Although immunotherapy made a huger progress 
than standard chemotherapy, some patients still cannot 
benefit from it or even develop treatment-related seri-
ous adverse reactions and even superprogress, affecting 
the survival outcome and quality of life [8–10, 12–14]. 
Therefore, reliable biomarkers are needed to stratify 
patient survival risk. Programmed death ligand 1 (PD-
L1) expression and tumor mutation burden (TMB) 
are universally acknowledged as predictive biomark-
ers for various types of tumors. SCLC has low PD-L1 
expression but high TMB; nevertheless, no correla-
tion between the two and treatment response has been 
found in clinical trials [10, 18]. Currently, a variety of 
biomarkers based on blood tests have been developed 
to assess the diagnosis, recurrence, and treatment 
effects of lung cancer, but studies of these markers have 
mostly focused on non-small cell lung cancer (NSCLC), 
and there is insufficient evidence in distinguishing the 
prognosis of patients treated with SCLC immuno-
therapy [5, 19, 20]. In addition, the combined effect of 
multiple indicators on the prediction of disease is often 
better than a single indicator, and the prognostic model 

is a good choice. Current studies mostly focus on the 
collection of clinical data, while ignoring the value of 
blood parameters.

Therefore, we intend to investigate the prognostic 
factors affecting ES-SCLC patients receiving immuno-
chemotherapy in clinical practice and combine indicators 
to develop a model to provide complementary tools for 
patient stratification.

Methods
Study design and population
This cohort study included the patients diagnosed with 
ES-SCLC at two institutions in Beijing, China, from June 
2019 to June 2023, and reviewed their medical record 
systems and imaging data. Other inclusion criteria 
included pathologically or cytologically diagnosed SCLC; 
age > 18 years; and Eastern Cooperative Oncology Group 
(ECOG) performance status of 0–2. At the same time, the 
following patients were excluded: limited-stage SCLC; 
previous history of immunotherapy; history of other 
malignancies; active infection; autoimmune diseases or 
taking prednisone at baseline > 10 mg/day or equivalent; 
liver, kidney, and blood bone marrow insufficiency.

The study complied with the principles of the Declara-
tion of Helsinki and local laws and regulations. The study 
was approved by the Ethics Committees of Beijing Chest 
Hospital, Capital Medical University, and Beijing Friend-
ship Hospital, Capital Medical University before data 
collection began (YJS-2022–19). Given its retrospective 
nature, two institutional committees waived informed 
consent for the study.

Treatment regimen and follow‑up
Immunotherapy used in this study included PD-L1 inhib-
itors and Programmed death 1 (PD-1) inhibitors which 
were approved by FDA and NMPA. Chemotherapy is 
mainly carboplatin or cisplatin combined with etoposide 
(EP/EC). ICIs may be continued as maintenance therapy 
in patients with responding or stable disease following 
immunotherapy. Combined treatment cycles were no 
more than 6 cycles and at least 2 cycles generally once 
every 3–4  weeks. Patients were followed until death or 
until the cut-off date for follow-up (01 December 2023). 
Response to therapy is usually assessed every 6–8 weeks, 
and tumor progression is viewed based on chest and 
abdominal computed tomography (CT) scans and brain 
magnetic resonance imaging (MRI). In addition, patients 
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were followed up by clinic or regular telephone calls for 
survival after the end of treatment.

Data collection and study endpoints
Demographic and clinicopathological information such 
as gender, age, smoking history, body mass index (BMI), 
ECOG PS, T stage, N stage, distant metastasis site, treat-
ment regimen, therapeutic effect, and follow-up data, and 
baseline laboratory indicators blood routine, biochemis-
try, coagulation, and tumor markers, etc., were collected. 
For parameters where missing values emerged during 
variable collection, we did not choose to remove them 
directly but instead supplemented the data using multi-
ple imputations (Additional file 1: Fig. S1). The primary 
study endpoint was overall survival (OS), defined as the 
time from the start of treatment to death from any cause. 
Meanwhile, time to disease progression was recorded 
and progression-free survival (PFS) was calculated. Cases 
for which no outcome events were observed as of the last 
follow-up were defined as censored data, and their sur-
vival time was the interval between the start of immu-
notherapy and the last follow-up. Patients’ best response 
to treatment after the start of immunochemotherapy 
was assessed according to Response Evaluation Criteria 
in Solid Tumors (RECIST) version 1.1, with objective 
response rate (ORR) defined as the proportion of patients 
with complete response (CR) and partial response (PR), 
while disease control rate (DCR) added the proportion of 
patients with stable disease (SD) on the basis of ORR.

Model development and evaluation
The patient cohort receiving immunochemotherapy at 
Beijing Chest Hospital, Capital Medical University served 
as the training set for this study to construct the model, 
while the study population of Beijing Friendship Hospi-
tal, Capital Medical University was the external valida-
tion set. In addition, some chemotherapy cohorts alone 
were selected to evaluate the model performance. With 
survival status and time as outcome measures, all clinical 
variables and test measures were screened using the least 
absolute shrinkage and selection algorithm (Lasso), and 
then the model was fitted by multivariate Cox regression, 

while fully considering expert opinion to determine the 
final prognostic variables, constructing the model and 
drawing nomograms.

Predicting 1-year OS, receiver operating curve (ROC), 
calibration curve, and decision curve analysis (DCA) 
were plotted to assess the discrimination, calibration, 
and clinical benefit of the model in construction and 
validation groups, respectively. The time-dependent area 
under the ROC curve (AUC) in the modeling group was 
calculated to quantitatively describe how the discrimi-
native ability of the model changed over follow-up time. 
In addition, fivefold cross-validation was used to assess 
the internal stability of the model, splitting the original 
data into 5 subsets, 1 subset as the validation set, and the 
remaining 4 subsets as the training set to obtain 5 AUC 
values, re-splitting the data to repeat the process 200 
times, and calculating the mean AUC values at 6, 12, and 
18  months. Finally, X-tile software was used to stratify 
the nomogram scores, divide the patient population into 
high and low-risk groups, and compare OS, PFS, and 
each variable. Figure  1A shows the design idea of the 
study.

Statistical analysis
Data analysis was performed using R software (version 
4.3.1, 2023–06-16), and flow diagrams were drawn by 
BioRender. Quantitative data were expressed as mean 
plus or minus standard deviation or median (interquar-
tile range (IQR)) according to the type of data distri-
bution; qualitative data were described by frequency 
(percentage). Quantitative and qualitative data were com-
pared between groups using Mann–Whitney U test and 
chi-square or Fisher’s exact test, respectively. Survival 
data can be plotted in Kaplan–Meier curves, described 
by median survival and 95% confidence intervals (CIs), 
and compared by the Log-Rank test. Correlations were 
initially explored by calculating the Spearman correla-
tion matrix between variables, and the variance inflation 
factor (VIF) was used to evaluate whether the regression 
model was collinear. P values < 0.05 were considered sta-
tistically significant.

Fig. 1 A Flow chart of the study design. Patients’ baseline clinical and hematological data were collected first, and the model was constructed 
after Lasso-Cox screening variables. Models were evaluated using multiple metrics and assessed using internal and external validation data. Finally, 
X-tile software divided the patient population into low-risk and high-risk group and observed their survival differences. B Patient enrollment flow 
chart. Patients with extensive stage small cell lung cancer were included, and patients receiving immune checkpoint inhibitors in combination 
with chemotherapy at both centers entered the training set and the validation set after screening according to the inclusion and exclusion criteria, 
respectively, as well as into cohorts of patients receiving chemotherapy alone, and the patient population was divided into high-risk and low-risk 
groups. OS, overall survival; PFS, progression-free survival; ORR, objective response rate; DCR, disease control rate; ROC, receiver operating curve; 
CC, calibration curve; DCA, decision curve analysis; IV, internal verification; EV, external validation; KM, Kaplan–Meier; RF, risk factor plot; ES-SCLC, 
extensive-stage small cell lung cancer; IO, immunotherapy; Che, chemotherapy

(See figure on next page.)
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Fig. 1 (See legend on previous page.)
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Results
Patient baseline characteristics
Figure  1B shows the screening process of the patients, 
and finally, 220, 43 and 38 patients were included in the 
training, validation and chemotherapy alone groups, 
respectively. In the training cohort, the majority were 
male (n = 173, 78.6%) and had ECOG PS 0–1 (n = 206, 
93.6%); the median age of patients was 64.0 [IQR, 
58.0–69.0] years and the median BMI was 24.3 [IQR, 
21.8–27.1] kg/m2; and the number of patients with dis-
tant metastases to bone, liver, brain, and adrenal glands 
was 78 (35.5%), 67 (30.5%), 67 (30.5%), and 50 (22.7%), 
respectively. While immunochemotherapy was first-line 
in 165 (75.0%) patients, the rest were second line and 
above. Regarding smoking history, 167 (75.9%) patients 
had ever smoked or were smoking, 5 (2.3%) patients had 
never smoked, while the rest had an ominous smoking 
status. Analysis of the association between smoking and 
gender found that women were more likely to be non-
smokers or have an unknown smoking history (P < 0.001) 
(Additional file 1: Table S1). No significant differences in 
baseline clinical data were found between the validation 
cohort and the training cohort, except for intrathoracic 
metastases, first-line therapy, and type of immunol-
ogy agent (Table  1), and blood test parameters in both 
cohorts are listed in Additional file 1: Table S2.

Immunotherapy efficacy
As of the last follow-up, 132 patients in the training 
cohort had progressed and 74 patients had died. Accord-
ing to RECIST criteria, 107 (48.6%) patients had objec-
tive responses (1 CR and 106 PR) and 194 (88.2%) had 
disease control. Median OS and PFS in the training 
group were 19.1 (95% CI, 17.5–28) months and 7.7 (95% 
CI, 6.8–8.9) months, respectively. While median OS and 
PFS in the validation cohort were only 10.2 months and 
5.1 months, ORR and DCR were 34.9 and 79.1%, respec-
tively (Table 1).

Variables and survival analysis
Taking into account the clinical correlation between 
treatment lines and ECOG PS with patient survival, we 
plotted KM curves against their survival differences 
(Additional file 1: Fig. S2). First-line and above first-line 
immunotherapy had median OS of 21.1 and 18.1 months 
(P = 0.57) and median PFS of 7.8 and 7.6  months 
(P = 0.75), respectively; ECOG-PS0/1 and ECOG-
PS2 patients had median OS of 20.6 and 18.4  months 
(P = 0.58) and median PFS of 7.8 and 6.5 months (P = 0.7), 
respectively. No survival differences were observed for 
these factors by KM curves.

Model development and evaluation
First, we used Lasso regression to screen variables associ-
ated with patient survival, including 62 variables, contain-
ing all variables in Table 2 and Additional file 1: Table S2 
except smoking history, with different colors represent-
ing different variables in Fig.  2A, which narrowed to 0 
as regularization parameters increased; Fig. 2B indicates 
that the likelihood deviation value became smaller dur-
ing cross-validation. At the lowest deviation, 11 variables 
were selected, including BMI, liver metastases, eosino-
phils (EOS), coefficient variation of red blood cell distri-
bution width (RDW-CV), platelet volume (PCT), alanine 
aminotransferase (ALT), albumin (ALB), lactate dehy-
drogenase (LDH), C-reactive protein (CRP), neuron-spe-
cific enolase (NSE), and D-dimer (Additional file  1: Fig. 
S3). Combined inclusion of these variables and line of 
therapy as well as ECOG-PS in multivariate Cox regres-
sion revealed that BMI, liver metastasis, RDW-CV, ALB, 
and CRP were independent predictors of OS in patients 
(Additional file 1: Table S3). Given the good performance 
of LDH in univariate analysis, as well as the endorsement 
of clinical experts, we included this variable. In addi-
tion, we presented OS and PFS from traditional univari-
ate Cox regression analysis in Additional file 1: Table S4, 
and the parameters of the final model are provided in 
Additional file  1: Table  S5. The Spearman correlation 
analysis showed low to moderate correlations between 
liver metastasis and LDH (r = 0.33, P < 0.001), RDW-CV 
and ALB (r =  − 0.03, P < 0.05), LDH and ALB (r =  − 0.12, 
P < 0.05), as well as CRP (r = 0.30, P < 0.01), ALB and CRP 
(r =  − 0.39, P < 0.001) (Fig.  2C), and VIF values of BMI, 
liver metastasis, RDW-CV, ALB, LDH and CRP were 
1.03, 1.23, 1.12, 1.23, 1.19, and 1.17, respectively, indi-
cating no collinearity between each variable and other 
independent variables (Fig.  2D). Patients without liver 
metastases had significantly longer OS (21.1  months 
vs 11.5  months, p = 0.002) and PFS (7.8  months vs 
6.1 months, p = 0.008) than patients with liver metastases 
(Fig. 2E,F). A nomogram was constructed with the above 
six variables to predict the survival probability of patients 
at 6, 12, and 18 months (Fig. 2G).

Figure  3A calculates time-dependent AUCs based on 
survival outcomes at different moments, and overall, 
AUCs decrease as prediction time increases. The AUC of 
the training set at 6, 12, and 18 months was 0.828 (95% 
CI, 0.741–0.915), 0.760 (95% CI, 0.668–0.852), and 0.722 
(95% CI, 0.617–0.828), respectively, and ROC, calibra-
tion curve, and DCA all showed good discrimination, 
calibration, and clinical utility of the model (Fig. 3B–F). 
The fivefold internal cross-validation showed that the 
mean AUC of the model for predicting survival at 6, 12, 
and 18 months was 0.804, 0.732, and 0.689, respectively 
(Fig.  3G). In addition, the model performed well in the 
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external validation cohort with AUC values of 0.644 (95% 
CI, 0.317–0.970), 0.722 (95% CI, 0.554–0.890), and 0.719 
(95% CI, 0.547–0.891) at 6, 12, and 18  months, respec-
tively (Fig. 3H–L).

Risk stratification
The nomogram total score for each patient was calcu-
lated using the weights of the individual variables, and 
the optimal cutoff value of 66.5 was selected according 
to the X-tile software (Additional file  1: Fig. S4). Thus, 
the patient cohort was divided into two risk groups, 80 

and 13 people at high risk in the training and valida-
tion groups, respectively, and 140 and 30 in the low-risk 
group, respectively. Risk factor linkage map consists of 
three parts: risk score scatter diagram, patient survival 
and death scatter diagram, and index level heat map. 
The risk score in Fig.  4A was calculated using the for-
mula: Risk Score =  − 0.285 − 0.0342*BMI + 0.8189*Liver-
M  +  0 . 1 4 8 1 * R D W - C V  +  0 . 0 0 0 3 * L D H -
0.0357*ALB + 0.0149*CRP, ranked from small to large, 
with a total nomogram score of 66.5 corresponding to a 
risk score of 0.16, which was divided into low-risk and 

Table 1 Baseline clinical characteristics of immunochemotherapy for extensive stage small cell lung cancer cohort

ECOG PS Eastern Cooperative Oncology Group Performance Status, ICI Immune checkpoint inhibitor, PD-1 Programmed death 1, PD-L1 Programmed death ligand 1, 
BMI body mass index

Characteristics Training and internal validation Set 
(N = 220)

External validation Set (N = 43) P

Gender, n (%) 0.3681

female 47 (21.4) 6 (14.0)

male 173 (78.6) 37 (86.0)

Smoking, n (%) 0.186

current/former 167 (75.9) 27 (62.8)

never 5 (2.3) 2 (4.7)

unknown 48 (21.8) 14 (32.6)

ECOG, n (%) 1

PS0/1 206 (93.6) 40 (93.0)

PS2 14 (6.4) 3 (7.0)

T, n (%) 0.6828

T1 12 (5.5) 4 (9.3)

T2 60 (27.3) 9 (20.9)

T3 37 (16.8) 8 (18.6)

T4 111 (50.5) 22 (51.2)

N, n (%) 0.0949

N0 8 (3.6) 5 (11.6)

N1 8 (3.6) 0 (0.0)

N2 102 (46.4) 20 (46.5)

N3 102 (46.4) 18 (41.9)

Bone metastases, n (%) 78 (35.5) 10 (23.3) 0.1695

Liver metastases, n (%) 67 (30.5) 9 (20.9) 0.2818

Brain metastases, n (%) 67 (30.5) 8 (18.6) 0.1647

Adrenal metastases, n (%) 50 (22.7) 10 (23.3) 1

Intrathoracic metastasis, n (%) 61 (27.7) 20 (46.5) 0.0238

Treatment Line, n (%) 0.0176

firstline 165 (75.0) 24 (55.8)

second line and above 55 (25.0) 19 (44.2)

ICI type, n (%)  < 0.0001

PD-1 Inhibitor (Serp/Camre/Tisle) 51 (23.2) 28 (65.1)

PD-L1 Inhibitor
(Atezo/Durva/Adeb)

169 (76.8) 15 (34.9)

Age, year (median [IQR]) 64.0 [58.0, 69.0] 66.0 [61.0, 69.0] 0.2067

BMI, kg/m2 (median [IQR]) 24.3 [21.8, 27.1] 24.0 [22.1, 25.8] 0.3647
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high-risk groups according to this cut-off value; the sur-
vival data of patients are described in Fig. 4B, with blue 
dots representing patient survival, red dots representing 
death, and ordinate as survival time; Z-score standardiza-
tion was performed for each variable in Fig. 4C, the lower 
the BMI and ALB levels, the higher the RDW-CV, LDH 
and CRP levels, and the presence of liver metastasis, and 
the higher the score, the higher the risk of death. In the 
training cohort, median OS was 9.1  months (95% CI, 
8.3–18.1 months) and median PFS was 4.8 months (95% 
CI, 3.9–6.8 months) in the high-risk group, 23.7 months 
(95% CI, 20.6-not reached (NR) months) and 8.2 months 
(95% CI, 7.7–12.5 months) in the low-risk group. When 
the high-risk group was compared to the low-risk group, 
their KM curves separated significantly (p < 0.0001) 
(Fig. 4D,E). Again, this statistical difference was observed 
in both OS (7.9  months vs 16.2  months, p = 0.008) and 
PFS (4.0 months vs 6.2 months, p = 0.037) in the valida-
tion cohort (Fig.  4F,G). In addition, box plots showed 
that significant differences in distribution were observed 
between the two groups for all variables (Additional 
file 1: Fig. S5).

In addition, we assessed the predictive ability of blood 
markers combined with some indicators for 1-year sur-
vival of patients (Fig.  5), and the AUCs of neutrophil–
lymphocyte ratio (NLR), lymphocyte-monocyte ratio 
(LMR), and platelet-lymphocyte ratio (PLR) were 0.531, 
0.492, and 0.505, respectively; the AUCs of systemic 
immune-inflammatory index (SII), prognostic nutri-
tional index (PNI), and derived NLR (dNLR) were 0.549, 
0.554, and 0.519, respectively; and the AUCs of lung 
immune prognostic index (LIPI), advanced lung inflam-
matory index (ALI), and modified Glasgow prognostic 
score (mGPS) were 0.612, 0.509, and 0.596, respectively, 
and the AUC of our model was as high as 0.760, and the 
discriminatory ability was much higher than the above 
markers.

In addition, we screened 38 ES-SCLC patients who 
received chemotherapy alone in our center, whose base-
line characteristics and univariate Cox regression results 
are shown in Supplementary Table  6, and the results 
showed that liver metastasis and serum LDH levels were 
associated with patient survival and progression. Addi-
tional file 1: Fig. S6A-B shows the OS and PFS differences 
in patients with or without liver metastases, respectively. 
Meanwhile, the performance of this model was assessed 
with an AUC value of 0.661 and poor discrimination, 
calibration, and clinical applicability (Additional file  1: 
Fig. S6C-E). According to the model defined high-risk 
and low-risk populations, there was a trend towards dif-
ferences in OS (10.2  months vs 19.2  months, P = 0.067) 
and PFS (5.5 months vs 8.6 months, P = 0.24), but statis-
tical differences were not reached (Additional file 1: Fig. 
S6F-G).

Integrating the training and validation cohorts, we 
divided the patient population into high-risk and low-
risk groups and compared survival with patients receiv-
ing chemotherapy alone. Median OS was 10.2, 19.2, 9.1, 
and 20.6 months, and median PFS was 5.5, 8.6, 4.6, and 
7.9  months in high-risk (Che/high risk), low-risk (Che/
low risk), high-risk (IO + Che/high risk), and low-risk 
(IO + Che/low risk) populations, respectively. Compared 

Table 2 Therapeutic response and survival effect of 
immunochemotherapy in extensive stage small cell lung cancer 
cohort

Training Set
(N = 220)

Validation Set
(N = 43)

Therapeutic response, n (%)

CR 1 (0.5) 1 (2.3)

PR 106 (48.2) 14 (32.6)

SD 87 (39.5) 19 (44.2)

PD 26 (11.8) 9 (20.9)

ORR, n (%) 107 (48.6) 15 (34.9)

DCR, n (%) 194 (88.2) 34 (79.1)

Progression, n (%) 132 (60.0) 29 (67.4)

Death, n (%) 74 (33.6) 31 (72.1)

PFS, months (median (95% CI)) 7.7 (6.8–8.9) 5.1 (4.4–9.4)

OS, months (median (95% CI)) 19.1 (17.5–28) 10.2 (8.47–18.6)

(See figure on next page.)
Fig. 2 A Lasso coefficient path diagram, abscissa is log λ, ordinate is coefficient value of variable, 62 variables are represented by line segments 
of different colors, and variables gradually shrink to 0 with the increase of regularization parameters. B Lasso regression analysis cross-validation 
curve, abscissa is log λ, ordinate is likelihood deviation value under different indicators. The left dashed line corresponds to the smallest deviation 
(lambda.min), the dashed line on the right represents one standard error of lambda.min (lambda.1se), and its upper abscissa is the number 
of variables selected. C The correlation heatmap, the value in the figure and the size of the circle represent the r value, that is, the degree 
of correlation, blue represents a positive correlation, red represents a negative correlation, *** represents P < 0.001, ** represents P < 0.01, while * 
represents P < 0.05. D Variance inflation factor results are presented graphically, with abscissa for variable names and ordinate for VIF values to assess 
the degree of collinearity between different variables. E KM curves of presence or absence of liver metastases and overall survival in patients. F KM 
curves of presence or absence of liver metastases and progression-free survival in patients. G Nomograms including six variables to predict overall 
survival at 6, 12, and 18 months. BMI, body mass index; Liver-M, liver metastases; RDW-CV, red cell distribution width—coefficient of variation; LDH, 
Lactate Dehydrogenase; ALB, albumin; CRP, C-reactive protein; OS, overall survival
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Fig. 2 (See legend on previous page.)
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with chemotherapy alone in the low-risk population, 
the hazard ratios for survival and progression of chemo-
therapy alone in the high-risk population were 0.37 (95% 
CI 0.13–1.08, P = 0.069) and 0.58 (95% CI 0.23–1.47, 
P = 0.254), respectively; the hazard ratios for survival and 
progression of chemotherapy alone in the low-risk popu-
lation were 1.13 (95% CI 0.45–2.86, P = 0.791) and 1.24 
(95% CI 0.53–2.86, P = 0.619), respectively; and the haz-
ard ratios for survival and progression of chemotherapy 
alone in the high-risk population were 0.34 (95% CI 0.14–
0.86, P = 0.022) and 0.55 (95% CI 0.24–1.26, P = 0.158), 
respectively (Additional file  1: Fig. S7A-B). When treat-
ment and risk groups were tested for interaction effects, 
the P values for OS and PFS were 0.736 and 0.590, 
respectively (Additional file  1: Fig. S7C-D). Regardless 
of the regimen, the low-risk group had a longer survival 
time compared with the high-risk group, and the inter-
action effect did not support the predictive value of this 
model, so our model could identify the low-risk popula-
tion and thus identify subgroups of patients with a good 
prognosis.

Discussion
Chemotherapy combined with PD-1 or PD-L1 inhibi-
tors has immune-activating effects on ES-SCLC, and 
improved patient survival has been demonstrated in 
multiple studies [8, 12–14], but not all patients could 
achieve sustained therapeutic effects. This study focuses 
on immunochemotherapy in clinical practice to evalu-
ate the efficacy and safety of immunotherapy in ES-SCLC 
patients, and aims at screening variables with prognos-
tic value and construct models to distinguish patient 
populations. This model, which exploited readily avail-
able clinical factors, could effectively distinguish between 
high- and low-risk populations and is validated in exter-
nal cohorts and chemotherapy alone cohorts. The train-
ing cohort in this study had a higher median OS and 
PFS than the validation cohort, which may be associated 
with more intrathoracic metastases and more patients 
in the second line and above in the validation cohort. 
Our results reveal the reproducibility of ES-SCLC ICIs 
combined with chemotherapy in the real world, and this 
encouraging result provides confidence for the develop-
ment of biomarkers.

SCLC is highly associated with smoking, and previous 
studies have suggested that 95–98% of SCLC have a his-
tory of smoking. However, due to the retrospective study 
design, there were patients with an unknown smoking 
history in this study, and never or unknown smoking his-
tory occurred mostly in women, which may be associated 
with Asian regions as well as secondhand smoke expo-
sure. Given the large difference in sample size between 
the two groups with or without smoking history in prac-
tice, we did not impute this data and removed this vari-
able from the data analysis.

Survival differences in ES-SCLC patients remained sig-
nificant even with the introduction of immunotherapy, 
highlighting the importance of prognostic marker iden-
tification. However, there are currently insufficient stud-
ies based on blood parameters in baseline, and our study 
found that BMI, liver metastasis, RDW-CV, LDH, ALB, 
and CRP were associated with patient survival. Liver 
metastasis is a risk factor for lung cancer and acts as an 
independent prognostic factor in NSCLC treated with 
nivolumab or pembrolizumab [21–23], which may be 
associated with mechanisms of hepatic immune toler-
ance, with decreased CD8 + T-cell infiltration at the inva-
sive tumor margin [24]. Similarly, the presence of liver 
metastases makes ES-SCLC immunochemotherapy lack 
a synergistic effect, which was confirmed in our study 
[25, 26].

Chronic inflammation in the host is a characteristic of 
tumor cells, closely associated with patient survival, and 
may influence tumor immune responses [27, 28]. Ele-
vated serum CRP levels are associated with IL-6-driven 
inflammation and may lead to cachexia and sarcope-
nia [23, 29]. CRP was found to be an independent fac-
tor of OS in platinum-etoposide-atezolizumab-treated 
ES-SCLC [30]. In addition, ALB, as a nutrition-related 
indicator, assesses the prognosis of cancer patients 
[29, 31]. The mGPS combined with inflammation and 
nutritional status can predict NSCLC treatment out-
comes and can be used as an inflammatory marker for 
neoadjuvant immunotherapy for resettable NSCLC, 
immune consolidation after chemoradiotherapy for 
locally advanced NSCLC, and immunochemotherapy 
for advanced NSCLC [23, 27, 29]. The team from Japan 
validated the C-PLAN index as a useful biomarker for 

Fig. 3 A Time-dependent AUC in the training set. B Calibration curve for predicting 12-month survival in the training set versus actual 
12-month survival in the training set. C DCA curve for predicting 12-month survival in the training set. D,E ROC curve for predicting 6-month, 
12-month, and 18-month survival in the training set. G Box plots for AUC values predicted by fivefold internal validation for 6-month, 12-month, 
and 18-month survival in the training set. H Calibration curve for predicting 12-month survival in the validation set versus actual 12-month 
survival in the validation set. I DCA curve for predicting 12-month survival in the validation set. J–L ROC curve for predicting 6-month, 12-month, 
and 18-month survival in the validation set. AUC, area under the curve

(See figure on next page.)
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Fig. 3 (See legend on previous page.)
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first-line combined immunotherapy in NSCLC, which 
also included CRP and ALB [32]. Therefore, cancer 
treatment needs to consider host systemic inflam-
mation and nutritional status at the same time [31]. 
In addition to ALB, BMI partly reflects the metabolic 
nutritional status of the patient. In preclinical studies, 
obesity may lead to PD-1-mediated T-cell dysfunction 

and upregulation of PD-1 and PD-Ll expression [33]. 
High BMI is independently associated with improved 
survival in multiple clinical cohorts receiving immuno-
therapy for NSCLC [34–36]. Our findings advance the 
understanding of obesity-induced immune dysfunction 
in SCLC, highlighting low BMI as a clinical factor to 
consider before immunotherapy.

Fig. 4 A Risk score scatter diagram, risk scores are arranged from small to large, and the low-risk and high-risk groups are represented by blue 
and red dots, respectively. B Patient survival scatter diagram, blue dots represent patient survival, red dots represent death, and ordinate 
is survival time. C Variable level heat map, and the included variables are the six indicators of the final model. D,E KM curves of high and low 
risk groups and overall survival and progression-free survival in the training set. F,G KM curves of high and low risk groups and overall survival 
and progression-free survival in the validation set. BMI, body mass index; Liver-M, liver metastases; RDW-CV, red cell distribution width—coefficient 
of variation; LDH, lactate dehydrogenase; ALB, albumin; CRP, C-reactive protein; OS, overall survival; PFS, progression-free survival

Fig. 5 A–C ROC curves for the prediction of 12-month survival of patients by multiple blood combined indicators and the model, and compared 
according to AUC values. AUC, area under the curve; NLR, neutrophil–lymphocyte ratio; LMR, lymphocyte-monocyte ratio; PLR, platelet-lymphocyte 
ratio; SII, systemic immune-inflammatory index; PNI, prognostic nutritional index; dNLR, derived neutrophil–lymphocyte ratio; LIPI, lung immune 
prognostic index; ALI, advanced lung inflammatory index; mGPS, modified Glasgow prognostic score
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Meta-analysis of NSCLC treated with ICIs demon-
strated a significant reduction in PFS and OS in patients 
with high LDH or LIPI scores, and the association of ele-
vated baseline LDH levels with survival remains signifi-
cant in SCLC [36–40]. Elevated LDH has been observed 
to be associated with poorer survival in both exten-
sive stage, limited stage, and recurrent SCLC immuno-
therapy cohorts, which may be associated with higher 
tumor burden or a greater likelihood of advanced disease 
in patients with high LDH [41–44]. Value note that our 
model incorporates a poorly understood factor RDW-
CV. RDW is associated with erythropoiesis and metabo-
lism, and inflammation and poor nutritional status may 
contribute to its increase and are also associated with 
poor prognosis in lung cancer [45, 46]. Similarly, this 
phenomenon has been observed in patients treated with 
immunotherapy for large B-cell lymphoma and NSCLC 
[47, 48], but the mechanisms need to be further explored.

The SCLC immunosuppressive phenotype may explain 
the prognostic differences between immunochemo-
therapy strategies in SCLC versus NSCLC, with SCLC 
having a greater tumor diversity, a greater number of 
immune cells, and more aberrant function [49, 50]. Cur-
rent research on markers has mostly focused on NSCLC, 
and biomarkers predictive of clinical benefit in SCLC are 
limited. In previous studies, some blood indices, such as 
NLR, SII, and LIPI, are markers of poor patient prognosis 
[19, 20]. It is important to note that our model had bet-
ter discriminatory power than the derived indices men-
tioned above in this cohort, which may be associated 
with factors such as the model merging more variables, 
volatility of peripheral blood cell counts, and the combi-
nation of clinical measures. Although the mechanism by 
which peripheral blood parameters predict the efficacy 
is not clear, the combination of multiple indices helps to 
overcome the problem of patient heterogeneity, thereby 
selecting appropriate patients to improve treatment com-
pliance. Moreover, we observed significant differences in 
survival and immunotherapy response between differ-
ent risk groups and patients in both ES-SCLC cohorts, 
and further studies are needed to investigate markers of 
SCLC immunotherapy response.

Although there is a difference in the baseline between 
the validation set and the training set, this is because 
external validation is performed on unknown data to 
assess the generalization ability of the model. The above 
six indicators were balanced between the two groups, 
and the model showed good discrimination ability in 
the independent dataset, indicating that its performance 
was good. In addition, developing predictive models 
requires understanding prognosis and predictors, and 
to distinguish between the two, we selected ES-SCLC 
patients receiving chemotherapy alone for comparison. 

Compared to chemotherapy alone, the model did not 
predict the benefit of immunochemotherapy in patients, 
the survival distributions of the two regimens were simi-
lar within the high-risk and low-risk groups. And the 
treatment-by-group interaction test confirmed the prog-
nostic value of this model, rather than predictive value, 
so this model can predict the risk of patient survival and 
select appropriate patients for treatment.

In this study, the model combined blood parameters 
and clinical data to stratify patients receiving immuno-
chemotherapy for ES-SCLC, which performed well in 
the training set, validation set, and chemotherapy alone 
set. At the same time, there are some limitations, first of 
all, as a retrospective study, selection deviation cannot be 
completely avoided, for example, the time of patient pro-
gression is related to the follow-up period, the recording 
of smoking history relies on electronic medical records, 
and the existence of survival censored data. Second, the 
study lacked information on PD-L1 expression, TMB, 
and microsatellite instability assays, although these mark-
ers were poorly predictive of SCLC immunotherapy [10, 
18]. In addition, immunologic agents with different tar-
gets of PD-1 and PD-L1 inhibitors are heterogeneous 
[51, 52], although we as well as other studies did not find 
prognostic differences between the two. Finally, the size 
of the study was limited, particularly because the valida-
tion cohort included only 43 patients, and more centers 
were required to participate or conduct prospective stud-
ies to validate our results.

Conclusions
Based on promising results of immunochemotherapy 
strategies in ES-SCLC, our developed a nomogram to 
stratify patients and thus prompt patient prognosis. 
These clinical and blood markers are easy to measure, but 
need to be validated in more cohorts.
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