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ABSTRACT
Background Immune checkpoint inhibitor (ICI) therapy 
has substantially improved the overall survival (OS) 
in patients with non- small- cell lung cancer (NSCLC); 
however, its response rate is still modest. In this study, we 
developed a machine learning- based platform, namely the 
Cytokine- based ICI Response Index (CIRI), to predict the ICI 
response of patients with NSCLC based on the peripheral 
blood cytokine profiles.
Methods We enrolled 123 and 99 patients with NSCLC 
who received anti- PD- 1/PD- L1 monotherapy or combined 
chemotherapy in the training and validation cohorts, 
respectively. The plasma concentrations of 93 cytokines 
were examined in the peripheral blood obtained from 
patients at baseline (pre) and 6 weeks after treatment 
(early during treatment: edt). Ensemble learning random 
survival forest classifiers were developed to select feature 
cytokines and predict the OS of patients undergoing ICI 
therapy.
Results Fourteen and 19 cytokines at baseline and on 
treatment, respectively, were selected to generate CIRI 
models (namely preCIRI14 and edtCIRI19), both of which 
successfully identified patients with worse OS in two 
completely independent cohorts. At the population level, 
the prediction accuracies of preCIRI14 and edtCIRI19, as 
indicated by the concordance indices (C- indices), were 
0.700 and 0.751 in the validation cohort, respectively. 
At the individual level, patients with higher CIRI scores 
demonstrated worse OS [hazard ratio (HR): 0.274 and 
0.163, and p<0.0001 and p=0.0044 in preCIRI14 and 
edtCIRI19, respectively]. By including other circulating 
and clinical features, improved prediction efficacy was 
observed in advanced models (preCIRI21 and edtCIRI27). 
The C- indices in the validation cohort were 0.764 and 
0.757, respectively, whereas the HRs of preCIRI21 and 
edtCIRI27 were 0.141 (p<0.0001) and 0.158 (p=0.038), 
respectively.
Conclusions The CIRI model is highly accurate and 
reproducible in determining the patients with NSCLC 
who would benefit from anti- PD- 1/PD- L1 therapy with 
prolonged OS and may aid in clinical decision- making 
before and/or at the early stage of treatment.

INTRODUCTION
Immune checkpoint inhibitor (ICI) therapy 
targeting programmed death- 1/ligand- 1 (PD- 1/
PD- L1) and/or cytotoxic T- lymphocyte anti-
gen- 4 (CTLA- 4) has substantially improved 
the survival in patients with non- small- cell lung 
cancer (NSCLC), particularly in those without 
targetable oncogenic driver mutations.1 2 The 
bottlenecks of ICI therapy in clinical practice, 
such as low response rate, immune- related 
adverse events, primary and acquired resistance, 
and economic burden, underscore the impor-
tance of stratifying patients responsive to ICI 
therapy.3 Currently, PD- L1 expression is a US 
Food and Drug Administration (FDA)- approved 
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biomarker for predicting the responsiveness to ICI therapy, 
and four PD- L1 immunohistochemistry assays have been 
approved for clinical application in lung cancer.4 However, 
accumulating evidence has shown that the PD- L1 expres-
sion levels are insufficient to accurately predict therapeutic 
outcomes and patient survival in response to ICI therapy in 
NSCLC, especially in combination with chemotherapy.5–9 
More recently, tumor mutational burden (TMB) has been 
proven to predict the objective response rate and progression- 
free survival (PFS) in response to ICI therapy in NSCLC, 
irrespective of the PD- L1 expression level.10–13 However, the 
clinical value of TMB as a potential biomarker for evaluating 
the response to ICI therapy in NSCLC is challenging owing 
to limited evidence concerning the association between 
TMB and overall survival (OS) and the lack of standardiza-
tion and need for more tissue samples and incurred cost in 
TMB determination.1 Therefore, there is an urgent need to 
identify robust, accurate, and routine clinical biomarkers 
for predicting the responsiveness to ICI therapy in NSCLC, 
particularly with respect to the OS, in a minimally invasive 
manner.

Cytokines are soluble mediators of host immune activity 
and play critical roles in cancer immunotherapy by promoting 
tumor infiltration and reactivation of the effector lympho-
cytes in the tumor microenvironment.14 Several studies have 
revealed that circulating cytokines are promising predictive 
biomarkers that can be employed for evaluating the prog-
nosis of ICI therapy in various cancers, such as renal cell carci-
noma15 and melanoma.16 17 Until recently, only a few selected 
cytokines, such as interleukin (IL)- 6,18 19 IL- 8,20–22 IL- 10,22 
IL- 11,21 interferon (IFN)-γ,22 23 transforming growth factor 
(TGF)-β1,24 and tumor necrosis factor- alpha (TNFα),18 22 
have been individually evaluated for the prediction of respon-
siveness to ICI therapy in small samples of patients with 
NSCLC. In contrast, few studies have explored the predic-
tive potential of the overall signature of circulating cytokine 
profiles in peripheral blood for the efficiency of ICI therapy 
in NSCLC. Machine learning- based feature extraction with a 
combination of non- linear high- dimensional data has been 
proven to be a flexible and powerful approach in patient 
stratification and treatment selection for personalized cancer 
immunotherapy.25–27 However, the performance of machine 
learning in predicting the response to ICI therapy in NSCLC 
based on circulating cytokine levels remains unexplored.

Therefore, this study aimed to develop machine 
learning models to extract and combine the optimal 
features of circulating cytokine profiles, and identify 
predictive biomarkers associated with the OS in patients 
with NSCLC in response to anti- PD- 1/PD- L1 therapy.

MATERIALS AND METHODS
Study design
An overview of the study design is shown in figure 1. Ther-
apeutic outcomes in response to anti- PD- 1/PD- L1 immu-
notherapy were determined as the true endpoint OS of 
patients with NSCLC, instead of surrogate endpoints, 
such as PFS or change in tumor size. The concentrations 

of 93 circulating cytokines were examined in the plasma 
obtained from patients at baseline (named as ‘pre’) and 
6 weeks after anti- PD- 1/PD- L1 therapy (early during 
treatment, named as ‘edt’). Ensemble learning random 
survival forest (RSF) classifiers were developed to select 
feature cytokines related to the OS and integrate these 
selected cytokines into a single score, the Cytokine- based 
ICI Response Index (CIRI), which reflects the immuno-
therapy outcome. To overcome overfitting of machine 
learning, within- cohort and cross- cohort validations were 
performed in training (cohort 1; n=123) and completely 
independent validation (cohort 2; n=99) sets, respectively. 
The predictive utility of the CIRI was confirmed using 
the concordance index (C- index), the time- dependent 
area under the curve (AUC) of the receiver operating 
characteristic (ROC) at the population level, and the 
Kaplan- Meier method with both the log rank test and 
the Cox- proportional hazard regression at the individual 
level.

Patients and data collection
Patients with advanced/recurrent/metastatic NSCLC 
treated with anti- PD- 1 antibody (nivolumab or pembroli-
zumab) or anti- PD- L1 (atezolizumab) alone or in combi-
nation with chemotherapy at Kurume University Hospital 
(Kurume, Japan) or Kanagawa Cancer Center (Yoko-
hama, Japan) were included in this study. Cohort 1, 
which included 123 patients enrolled between September 
2016 and February 2020, was used as the training set for 
discovery; cohort 2, which included 99 patients enrolled 
between February 2020 and February 2021 and was 
completely independent from cohort 1, was used as the 
validation set. Patient characteristics are summarized in 
table 1. Tumor PD- L1 expression was determined by immu-
nohistochemistry of paraffin- embedded tissue sections 
with an anti- PD- L1 monoclonal antibody (clone E1L3N; 
Cell Signaling Technology, Danvers, Massachusetts, USA; 
clone 22C3; Agilent Technologies/Dako, Carpinteria, 
California, USA). In most of the patients, PD- L1 expres-
sion was measured with tumor tissues obtained before the 
first- line treatment, even in those treated with ICI therapy 
as a second- line or later- line of treatment. The best clin-
ical response was determined according to the Response 
Evaluation Criteria in Solid Tumors (RECIST) v.1.1.

Analysis of circulating cytokines
Peripheral blood samples were obtained before (pre) 
and at 6 weeks after (edt) the initiation of therapy. Plasma 
was separated from the whole blood samples collected in 
tubes containing heparin as an anticoagulant by centrif-
ugation. A profile of 93 cytokines was quantified in 50 µL 
aliquots of 4- fold diluted plasma with the exception of 
TGF-β1, which used 16- fold- diluted plasma after oxida-
tion, using a bead- based multiplex assay (Bio- Plex 200 
system; Bio- Rad Laboratories, Hercules, California, USA) 
in accordance with the manufacturer’s instructions. For 
this assay, analyte kits from Bio- Rad Laboratories were 
used to measure 93 cytokines (online supplemental table 
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S1). Cytokine concentrations were normalized to avoid 
potential batch effects.

Machine learning
We implemented an RSF for survival analysis using random-
ForestSRC package in R (v.4.1.3; https://www.r-project. 
org/) software. The cytokine profiles were used in their 
measured concentrations. For feature selection, datasets 
including all the 93 cytokines were considered, and an 
RSF minimal depth filter was used to score the feature 
importance of each cytokine: the random forest minimal 
depth evaluates the level at which a feature (in this case, 
cytokine) is split in the decision tree, which indicates how 
many branches a decision tree has to go through before 
reaching a particular feature.28 A smaller minimal depth 
indicates closer to the root node of the decision tree, and 
a more direct influence on the final prediction. There-
fore, the smaller the minimal depth, the more important 

the cytokine is in determining the outcome of the model. 
We selected cytokines with a minimal depth less than the 
overall mean value as important feature cytokines, and 
used the reciprocal of the minimal depth (defined as the 
‘importance score’) to visualize the importance of the 
variables. Fourteen and 19 cytokines were selected as the 
feature cytokines of the pre and edt cytokine profiles, 
respectively. The hyperparameters of feature selection 
were as follows: number of splits of k- fold cross- validation, 
10; number of trees, 1000; size of node, 3; and rule of split, 
‘logrank’. Selected cytokine profiles were used to build 
the prediction models. For the within- cohort validation, 
k- fold cross- validation was applied for the training set. For 
the cross- cohort validation, all the samples in the training 
set were used to train a model, and the completely inde-
pendent validation set was used to test the predictive 
performances.

Figure 1 Overview of a circulating cytokine- based machine learning approach for prediction of immunotherapeutic outcome 
in patients with non- small- cell lung cancer (NSCLC). AUC, area under the curve; CIRI, Cytokine- based ICI Response Index; OS, 
overall survival; ROC, receiver operating characteristic.
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Table 1 Summary of patient characteristics

Patient characteristics

Training set: cohort 1 Validation set: cohort 2

P value*Total (n=123) Total (n=99)

Age (years), mean (SD) 68.8 (8.6) 68.2 (10.0) 0.62

Sex, n (%) 0.75

  Female 30 (24.4) 26 (26.3)

  Male 93 (75.6) 73 (73.7)

BMI, mean (SD) 21.9 (3.9) 22.3 (3.9) 0.36

Smoking, n (%) 0.44

  Former 95 (77.2) 81 (81.8)

  Never 27 (22.0) 18 (18.2)

  Unknown 1 (0.8) –

Stages, n (%) 0.04

  Stage III 26 (21.1) 11 (11.1)

  Stage IV 73 (59.3) 74 (74.7)

  Recurrence/metastasis 24 (19.5) 14 (14.1)

Histology, n (%) 0.03

  Non- squamous 89 (72.4) 64 (64.6)

  Squamous 34 (27.6) 30 (30.3)

  Others – 5 (5.1)

Driver mutation, n (%) 0.39

  Wild type 104 (84.6) 83 (83.8)

  EGFR 18 (14.6) 13 (13.1)

  ALK 1 (0.8) 3 (3.0)

Tumor PD- L1 expression, n (%) <0.01

  <1% 44 (35.8) 18 (18.2)

  1%–49% 32 (26.0) 41 (41.4)

  >50% 47 (38.2) 30 (30.3)

  Unknown – 10 (10.1)

Treatment line, n (%) <0.01

  First line 51 (41.5) 65 (65.7)

  Second line 49 (39.8) 17 (17.2)

  Third line 13 (10.6) 6 (6.1)

  Further lines 10 (8.1) 11 (11.1)

ECOG PS, n (%) 0.03

  0–1 99 (80.5) 90 (90.9)

  2–3 24 (19.5) 9 (9.1)

Metastasis, n (%)

  Brain 16 (13.0) 16 (16.2) 0.34

  Liver 19 (15.5) 12 (12.1) 0.33

Treatment option, n (%) <0.01

  Monotherapy 96 (78.1) 34 (34.3)

  Combination therapy 27 (22.0) 65 (65.7)

Blood test, mean (SD)

  baseline

  Albumin (g/dL) 3.44 (0.60) 3.54 (0.60) 0.22

  NLR 5.07 (3.75) 6.41 (6.43) 0.07

  6 weeks after treatment

  Albumin (g/dL) 3.42 (0.68) 3.64 (0.59) 0.02

Continued
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Statistical analyses
C- indices and time- dependent AUC of the ROC were 
calculated using randomForestSRC and survivalROC pack-
ages. The cut- off value of the CIRI for risk- predictive clas-
sification was optimized using the survival status at 1 year 
time point using Youden’s method using the survival 
package; a predicted CIRI score higher than the cut- off 
was defined as the high- risk group with poor treatment 
response and poor prognosis; otherwise, it was consid-
ered as the low- risk group with good treatment response 
and good prognosis. Kaplan- Meier plots, log rank p 
values, and Cox- proportional hazard ratios (HRs) were 
generated using the survival and survminer packages. The 
Wilcoxon signed- rank test, Student’s t- test, and χ2 test 
were performed using the stats package. Spearman’s rank 
correlation coefficient was calculated using cor and  cor. test 
R- functions. All the aforementioned packages and func-
tions are included in the R programming language.

RESULTS
Patient characteristics
As shown in table 1, no difference was observed in the 
age, sex, body mass index (BMI), smoking, driver muta-
tion (epidermal growth factor receptor and anaplastic 
lymphoma kinase), brain and liver metastasis, albumin 
level (pre), and neutrophil to lymphocyte ratio (NLR; pre 
and edt) between cohorts 1 and 2. There were significant 
differences in the stage, histology, tumor PD- L1 level, 
treatment line, Eastern Cooperative Oncology Group 
performance status, and albumin level (edt). There was 
a greater number of patients with monotherapy (78.1%) 
and combination therapy (65.7%) in cohorts 1 and 2, 
respectively; however, there was no significant difference 
in the patient response determined by RECIST, PFS, and 
OS following immunotherapy between these two inde-
pendent cohorts.

Prediction of therapeutic outcomes by baseline cytokine 
profiles
We initially developed an ensemble learning random 
forest classifier for the OS prediction of anti- PD- 1/
PD- L1 immunotherapy with baseline cytokine profiles. 
First, the 93 baseline cytokines of the training set 
were scored and arranged by their importance in the 
OS prediction models according to their minimal 
depth in the random forest algorithm.28 As shown in 
figure 2A, 14 cytokines (osteopontin, CX3CL1, IL- 11, 
sTNF- R1, IL- 21, pentraxin- 3, MMP- 1, osteocalcin, 
IL- 6Rα, APRIL, IL- 1ra, CCL5, sCD163, and CCL20) 
were identified as the feature cytokines and selected 
to build the OS prediction model (hereafter called 
‘preCIRI14’). The preCIRI14 model achieved supe-
rior performance, as indicated by a C- index of 0.667 
in predicting the OS of patients following treatment 
in the training set (figure 2B). Next, the preCIRI14 
was applied to predict the occurrence of events 
at each time point. Time- dependent AUC of the 
ROC curve estimation demonstrated that the AUC 
remained above 0.8 during 1–2 months after treat-
ment, and then decreased to approximately 0.7 over 
time (figure 2C). To examine the prediction accuracy 
at the individual level, patients were scored based 
on the predicted risk of prognosis using preCIRI14. 
Then, the optimized cut- off value of the predicted 
preCIRI14 score was determined according to the 
ROC curve at the time point of 1 year after treatment 
using Youden’s method (online supplemental figure 
S1), which was used to divide the patients into high- 
risk and low- risk groups. As shown in figure 2D, 45 
and 78 patients in the training set were classified into 
the high- risk and low- risk groups, respectively. The OS 
rates estimated using the Kaplan- Meier method and 
the log rank test showed that patients in the high- risk 
group had a significantly worse prognosis than those 

Patient characteristics

Training set: cohort 1 Validation set: cohort 2

P value*Total (n=123) Total (n=99)

  NLR 4.48 (4.74) 4.85 (8.89) 0.73

Best clinical response (RECIST), n (%) 0.15

  Partial response 43 (35.0) 34 (34.3)

  Stable disease 30 (24.4) 34 (34.3)

  Progressive disease 47 (38.2) 26 (26.3)

  Unknown 3 (2.4) 5 (5.1)

Progression- free survival (days), median (95% Cl)† 113 (84 to 196) 169 (140 to 233) 0.55

Overall survival (days), median (95% CI)† 404 (347 to 552) 682 (359 to undefined) 0.22

*Continuous variables: t- test; categorical variables: χ2; survival time: log rank test.
†Kaplan- Meier method.
ALK, anaplastic lymphoma kinase; BMI, body mass index; ECOG PS, Eastern Cooperative Oncology Group Performance Status; EGFR, epidermal 
growth factor receptor; NLR, neutrophil to lymphocyte ratio; RECIST, Response Evaluation Criteria in Solid Tumors.

Table 1 Continued
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in the low- risk group (HR 0.320; 95% CI 0.200 to 
0.511; p<0.0001). Notably, the median survival of the 
patients in the high- risk group was 180 days, whereas 
that of the low- risk group was 732 days. Finally, the 
performance of the preCIRI14 score in risk stratifica-
tion of immunotherapy in terms of OS was evaluated 
in 99 patients with NSCLC in the validation set (cohort 
2). At the population level, the prediction accuracy of 
preCIRI14, as indicated by the C- index, was 0.700 in 
the validation set, which was slightly higher than that 

of the training set (figure 2B). The time- dependent 
ROC curve estimation of the predicted probability 
also confirmed that the AUC remained above 0.7 
within 1.5 years following treatment, and subse-
quently decreased to 0.586 at time point of 2 years in 
the validation set (figure 2E). At the individual level, 
29 and 70 patients in the validation set were classi-
fied into the high- risk and low- risk groups, respec-
tively. The Kaplan- Meier survival analysis confirmed 
that patients in the high- risk group had a significantly 

Figure 2 Prediction performance of preCIRI14 model using baseline circulating cytokine signature. (A) Feature cytokines 
selected using random survival forest (RSF) minimal depth filter: the importance score was defined as 1/(minimal depth); (B) 
Concordance (C)- indices of preCIRI14 model for the training and validation sets; time- dependent area under the curve AUC of 
receiver operating characteristic curves (ROCs) at each time point for the (C) training and (E) validation sets; overall survival time 
of ‘high risk’ and ‘low risk’ groups predicted by preCIRI14 for (D) training and (F) validation sets using cut- off value optimized by 
training set (see online supplemental figure S1). The CIRI scores indicate risk of event occurrence, whereas ‘high risk’ indicates 
patients with high CIRI scores and ‘low risk’ indicates patients with low CIRI scores.

https://dx.doi.org/10.1136/jitc-2023-006788
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worse prognosis than those in the low- risk group (HR 
0.274; 95% CI 0.150 to 0.501; p<0.0001). The median 
survival of the patients in the high- risk group was 161 
days, while that of the low- risk group was 682 days 
(figure 2F).

Since tumor PD- L1 gene expression is an FDA- 
approved biomarker for clinical use to predict the 
immunotherapy efficacy of NSCLC before treatment, 
we examined the utility of baseline protein expression 
of tumor PD- L1 in risk stratification of ICI therapy. As 

shown in online supplemental figure S2, no signifi-
cant association was observed between tumor PD- L1 
protein expression and patient survival in response 
to anti- PD- 1/PD- L1 immunotherapy in either the 
training or validation sets.

Prediction of the therapeutic outcomes based on the early 
during treatment cytokine profiles
Thereafter, we examined the utility of the cytokine 
profiles at 6 weeks after treatment in the stratification 

Figure 3 Prediction performance of edtCIRI19 model using circulating cytokine signature early during treatment. (A) Feature 
cytokines selected using RSF minimal depth filter: the importance score was defined as 1/(minimal depth); (B) C- indices of 
edtCIRI19 model for training and validation sets; time- dependent AUC of ROC at each time points for the (C) training and (E) 
validation sets; overall survival time of ‘high risk’ (high CIRI) and ‘low risk’ (low CIRI) groups predicted by edtCIRI19 for the (D) 
training and (F) validation sets using cut- off values optimized by the training set (see online supplemental figure S3). AUC, area 
under the curve; CIRI, Cytokine- based ICI Response Index; ROC, receiver operating characteristic; RSF, random survival forest.

https://dx.doi.org/10.1136/jitc-2023-006788
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of patients in response to anti- PD- 1/PD- L1 immuno-
therapy. Similar to the analysis of the baseline cytokine 
profiles, 19 feature cytokines (osteopontin, IL- 23, 
IL- 21, osteocalcin, VEGF- A, CX3CL1, IL- 16, CCL23, 
CCL13, IL- 1ra, IL- 11, IL- 15, APRIL, IL- 2Rα, BAFF, 
sTNF- R1, IL- 33, IL- 17A/F, and IL- 25) (figure 3A) 
were identified and selected to build the edt cyto-
kine profile- based OS prediction model (hereafter 
called ‘edtCIRI19’). Compared with the predictive 
performance of preCIRI14, the cytokine response in 
the early phase after treatment initiation showed a 
stronger correlation with patient survival in response 
to immunotherapy. The C- indices of the edtCIRI19 
model were 0.712 and 0.751 for predicting the OS 
of patients following treatment in the training and 

validation sets, respectively (figure 3B). The ROC 
curves at each time point also showed a similar predic-
tive performance of edtCIRI19 in the training and vali-
dation sets, where the AUC remained above 0.778 and 
0.725 for the training and validation sets, respectively, 
until 24 months following treatment (figure 3C,E). At 
the individual level, the patients were classified into 
poor- prognosis and good- prognosis groups based on 
the predicted scores of the edtCIRI19 model using 
the optimized cut- off value according to the ROC 
curve at the time point of 1 year after treatment in 
the training set (online supplemental figure S3). The 
Kaplan- Meier analysis showed that patients in the 
high- risk group had a significantly worse prognosis 
than those in the low- risk group in both the training 

Figure 4 Prediction performance of the preCIRI21 model. Fourteen feature cytokines of preCIRI14 model and 7 clinical 
and circulating factors (age, sex, stage, BMI, blood albumin of pre, NLR of pre, and tumor PD- L1 expression) were used in 
preCIRI21. (A) C- indices of preCIRI21 model for the training and validation sets; time- dependent AUC of ROC at each time 
points for the (B) training and (D) validation sets; overall survival time of ‘high risk’ (high CIRI) and ‘low risk’ (low CIRI) groups 
predicted by preCIRI21 for the (C) training and (E) validation sets using optimized cut- off values (see online supplemental 
figure S6). AUC, area under the curve; BMI, body mass index; CIRI, Cytokine- based ICI Response Index; NLR, neutrophil- to- 
lymphocyte ratio; ROC, receiver operating characteristic.

https://dx.doi.org/10.1136/jitc-2023-006788
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and validation sets (HR 0.278; 95% CI 0.141 to 0.546; 
p<0.0001 in the training set; HR 0.163; 95% CI 0.039 
to 0.678; p=0.0044 in the validation set; figure 3D,F).

We also examined whether the dynamic changes in the 
circulating cytokine profiles before and 6 weeks after treat-
ment were associated with patient survival in response to 
anti- PD- 1/PD- L1 immunotherapy. Based on the difference 
(subtraction) and fold change in cytokine concentrations, 
17 features cytokines (osteopontin, VEGF- A, IL- 33, IL- 21, 
IL- 15, IL- 31, IL- 2Ra, CCL11, IL- 17A/F, CCL22, IL- 16, CCL7, 
CX3CL1, IL- 11, CXCL11, CXCL5, and CCL24; online 
supplemental figure S4) and 20 cytokines (osteopontin, 
VEGF- A, CXCL5, TGF-β1, Osteocalcin, CCL22, IL- 2Rα, 
IL- 15, IL- 31, CCL8, FGF- basic, CCL23, IL- 17A, IL- 16, IL- 33, 
IL- 21, IL- 9, IL- 27, IL- 22, and CCL11; online supplemental 

figure S5) were selected to build the OS prediction model 
(hereafter called ‘diffCIRI17’ and ‘foldCIRI20’, respec-
tively). As shown in online supplemental figures S4 and S5, 
reduced performance in terms of the prediction accuracy 
and reproducibility in the validation cohort of diffCIRI17 
and foldCIRI20 in OS prediction following anti- PD- 1/PD- L1 
immunotherapy was observed in comparison with that of 
edtCIRI19 (figure 3).

Advanced prediction models
Finally, we developed advanced prediction models for 
patient survival in response to anti- PD- 1/PD- L1 immu-
notherapy by combining cytokines with other circulating 
factors and clinical features that have been proven to be 
related to immunotherapy response in clinical studies; 

Figure 5 Prediction performance of the edtCIRI27 model. Nineteen feature cytokines of edtCIRI21 model and 8 clinical and 
circulating factors (age, sex, stage, BMI, blood albumin of edt, NLR of edt, tumor PD- L1 expression, and treatment option) 
were used in edtCIRI27. (A) C- indices of edtCIRI27 model for the training and validation sets; time- dependent AUC of ROC at 
each time points for the (B) training and (D) validation sets; overall survival time of ‘high risk’ (high CIRI) and ‘low risk’ (low CIRI) 
groups predicted by preCIRI21 for the (C) training and (E) validation sets using optimized cut- off values (see online supplemental 
figure S7). AUC, area under the curve; BMI, body mass index; CIRI, Cytokine- based ICI Response Index; edt, early during 
treatment; NLR, neutrophil- to- lymphocyte ratio; ROC, receiver operating characteristic.

https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788
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we included factors, such as age,29 sex, stage,30 BMI,31 32 
blood albumin,25 NLR,25 33–36 tumor PD- L1 expression, 
and treatment option (only for the edtCIRI model) 
in the advanced prediction models (hereafter called 

‘preCIRI21’ and ‘edtCIRI27’, respectively). As shown in 
figures 4 and 5, as well as online supplemental figures S6 
and S7, improved prediction efficacy was observed with 
preCIRI21 and edtCIRI27 compared with circulating 

Figure 6 Association between feature cytokines and predicted Cytokine- based ICI Response Index (CIRI) scores. Spearman’s 
rank correlation coefficient between the feature cytokine levels and CIRI scores predicted by the (A) preCIRI14 and (B) 
edtCIRI19 models of cohort 1 and cohort 2. Significance levels: *p≤0.05, **p≤0.01, ***p≤0.001. ICI, immune checkpoint inhibitor.

https://dx.doi.org/10.1136/jitc-2023-006788
https://dx.doi.org/10.1136/jitc-2023-006788


11Wei F, et al. J Immunother Cancer 2023;11:e006788. doi:10.1136/jitc-2023-006788

Open access

cytokines alone in both the training and validation sets. 
In the validation set, the C- indices of the preCIRI21 and 
edtCIRI27 models were 0.764 and 0.757, respectively, 
in predicting the OS of patients after treatment. At the 
individual level, the patients classified as high- risk groups 
based on the predicted scores of the preCIRI21 and 
edtCIRI27 models had a significantly worse prognosis 
than those in the low- risk group (HR 0.141; 95% CI 0.073 
to 0.273; p<0.0001 in the preCIRI21 model; HR 0.158; 
95% CI 0.021 to 1.170; p=0.038 in the edtCIRI27 model).

Association between feature cytokine and predicted prognosis
Next, Spearman’s rank correlation coefficient was calcu-
lated between the feature cytokines levels and CIRI 
scores at the individual level. Significant correlations 
were observed between the levels of most feature cyto-
kines and the CIRI scores in the two independent cohorts 
(figure 6). In the preCIRI14 model, a significant posi-
tive association was observed between the baseline oste-
opontin, CX3CL1, IL- 11, sTNF- R1, pentraxin- 3, MMP- 1, 
APRIL, IL- 1ra, sCD163, and CCL20 levels and the CIRI 
score of patients in both the training and validation sets 
(figure 6A). In the edtCIRI19 model, a significant posi-
tive association was observed between the osteopontin, 
CX3CL1, IL- 16, CCL23, IL- 1ra, IL- 11, APRIL, IL- 2Rα, 
BAFF, and sTNF- R1 levels 6 weeks after treatment and 
the CIRI score of patients in both the training and valida-
tion sets (figure 6B). In contrast, the osteocalcin 6 weeks 
after treatment negatively correlated with the CIRI score 
(figure 6B). In addition, the distribution of features in 
the preCIRI21 and edtCIRI27 models among low- risk and 
high- risk groups of the combined cohorts 1 and 2 is shown 
in online supplemental figure S8. In the high- risk group 
of the preCIRI21, lower levels of Alb and BMI, higher 
levels of NLR, and a higher proportion of female patients 
were observed. On the other hand, in the high- risk group 
of the edtCIRI27, lower levels of Alb and higher levels of 
NLR and PD- L1 were observed.

DISCUSSION
In this study, a machine learning approach was applied 
to circulating cytokine signatures to extract OS- associ-
ated feature cytokines and establish OS predictive models 
for patients with NSCLC in response to anti- PD- 1/PD- L1 
immunotherapy. Fourteen and 19 cytokines at baseline 
and on treatment, respectively, were selected to generate 
CIRI models (namely, preCIRI14 and edtCIRI19, respec-
tively), both of which successfully identified patients 
with poor long- term OS in two completely independent 
cohorts. Importantly, the baseline expression of tumor 
PD- L1 was not related to the OS of patients, highlighting 
the potential of the preCIRI14 score in identifying and 
predicting patients with NSCLC who would benefit 
from anti- PD- 1/PD- L1 immunotherapy with prolonged 
survival and may aid in taking clinical decisions at an 
early stage before treatment. In addition, the efficacy of 
OS prediction was improved by combining circulating 

cytokine signatures with other circulating factors and 
clinical features, suggesting that circulating cytokine- 
based OS prediction holds promise for clinical practice as 
a ‘plug- in’ approach to identify a subset of patients with 
an elevated likelihood of poor therapeutic outcomes in 
response to immunotherapy.

Compared with cohort 2, a relatively greater number of 
patients received ICI therapy as second- line and third- line 
treatment in cohort 1. Previous treatment, such as cyto-
toxic chemotherapy, could have affected the expression 
level of PD- L1 before ICI therapy37; therefore, the stratifi-
cation performance of PD- L1 expression level in response 
to ICI therapy could be more disturbed in cohort 1. In 
addition, a relatively greater number of patients received 
combination therapy with ICI and chemotherapy in 
cohort 2. The tumor PD- L1 expression and survival prob-
ability in cohort 2 was inconsistent; patients with tumor 
PD- L1 expression of <1% showed a higher survival prob-
ability at the later stage compared with that of patients 
with tumor PD- L1 expression of 1%–49%, which is prob-
ably attributed to the effect of chemotherapy. Besides, it is 
known that the heterogeneity in PD- L1 expression due to 
the difference in the disease site and time point of biopsy 
may affect its performance in predicting immunotherapy 
efficacy of NSCLC patients.38 Collectively, these data indi-
cate the limitation of tumor PD- L1 expression in the strat-
ification of patients in response to ICI therapy combined 
with chemotherapy.

Our data showed reduced cross- cohort performance 
in the prediction of patient survival in response to anti- 
PD- 1/PD- L1 immunotherapy, with dynamic changes in 
the circulating cytokine profiles compared with those 
before and 6 weeks after treatment. We presume that this 
is owing to the difference in the dynamic changes of the 
circulating cytokines in response to ICI monotherapy and 
combination therapy with ICI and chemotherapy. Chemo-
therapy reportedly might also induce a change in the 
circulating cytokine profiles.39 40 We acknowledge that the 
effect of chemotherapy on circulating cytokine profiles is 
one of the reasons why the treatment- induced changes, 
as indicated in our diffCIRI and foldCIRI models, can 
only demonstrate good predictivity in the training cohort 
with monotherapy but cannot be reproduced in the vali-
dation cohort with combined ICI treatment and chemo-
therapy. Notably, the preCIRI and edtCIRI models, based 
on levels but not changes of circulating cytokines, can 
overcome this difference in treatment option and show 
consistent performance in both the training and valida-
tion cohorts. The function of cytokines is dynamic and 
context- dependent, with a cytokine having opposite target 
responses under different conditions. Different cytokines 
may act coordinately or counteractively, and the collective 
outcome represents the strength of immune responses.41 
Therefore, the circulating cytokine signature as the medi-
ator and indicator of host immune activity demonstrated 
improved predictive performance of patient survival in 
response to ICI therapy irrespective of the differences 
in patient characteristics, such as treatment line and 

https://dx.doi.org/10.1136/jitc-2023-006788
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treatment option. Our study shows that the machine 
learning- generated CIRI score, based on the profile of a 
set of circulating cytokines, could represent the achieved 
status of the immune system, which showed advanced 
performance in the OS prediction of patients following 
ICI treatment, regardless of different backgrounds and 
treatment options. We hypothesized that the status 
attained, rather than the dynamic changes in the circu-
lating cytokines during treatment, was associated with 
the therapeutic outcomes of anti- PD- 1/PD- L1 immuno-
therapy in patients with NSCLC.

Feature importance ranking in ensemble RSF classi-
fiers identified osteopontin as the most important feature 
cytokine for the performance of all the CIRI prediction 
models in predicting the OS of patients with NSCLC in 
response to anti- PD- 1/PD- L1 immunotherapy. The osteo-
pontin levels at baseline and 6 weeks after treatment were 
significantly positively associated with the CIRI scores 
in both the training and validation cohorts, suggesting 
an unfavorable role of osteopontin in anti- PD- 1/PD- L1 
immunotherapy in NSCLC. Osteopontin is a multifunc-
tional phosphoglycoprotein encoded by the secreted 
phosphoprotein 1 (SPP1) gene and plays a critical role in 
tumor immune evasion by regulating macrophage polar-
ization, recruitment, and inhibition of T cell activation in 
the tumor microenvironment.42 43 SPP1 knockout in colon 
tumor cells increased tumor- specific cytotoxic T cell- 
mediated cytotoxicity in vitro and resulted in decreased 
tumor growth in vivo, indicating the potential of osteo-
pontin blockade in immunotherapy.44 It was reported that 
overexpressed osteopontin is often detected in the tumor 
microenvironment and elevated serum osteopontin 
levels are correlated with poor- prognosis of patients 
with NSCLC.45–47 However, insufficient performance in 
the stratification of patients with NSCLC was reported 
in response to ICI therapy with circulating osteopontin 
alone.48 49 Our data demonstrated an improvement in 
the prediction performance with the circulating cytokine 
signatures than that with the level of a single cytokine.

Beyond osteopontin, significant positive associations 
were also observed between the levels of other feature 
cytokines, such as CX3CL1 and IL- 11, at baseline and 6 
weeks after treatment and the CIRI scores of patients in 
both the training and validation sets in the preCIRI14 
and edtCIRI19 models. A previous study showed that inhi-
bition of CX3CL1 in human NSCLC tissues and cell lines 
led to decreased tumor growth and cell invasion through 
the inactivation of the ERK/AKT pathway.50 In a small 
cohort study of lung adenocarcinoma with 42 patients, the 
CX3CL1 level was considered an independent risk factor 
for the OS, and patients with poor- prognosis showed 
increased CX3CL1 expression.51 IL- 11 is a stromal- cell- 
derived pleiotropic cytokine with tumor- promoting prop-
erties by activating STAT3 and promoting BCL2 and 
survivin- mediated anti- apoptotic pathways in NSCLC,52 
and the increased level of circulating IL- 11 was related 
with worse prognosis of patients with NSCLC in response 
to immunotherapy.21 Notably, the osteocalcin levels 

6 weeks after treatment but not at baseline negatively 
correlated with the CIRI score, suggesting a better prog-
nosis of patients with increased levels of osteocalcin at the 
early stage of treatment. Osteocalcin- expressing osteo-
blastic cells in bones reportedly promote lung tumors by 
producing SiglecFhigh neutrophils,53 and increased circu-
lating osteocalcin levels were associated with longer OS 
in head and neck squamous cell carcinoma in response 
to anti- PD- L1 immunotherapy.54 Collectively, these data 
suggest that the CIRI models in our study can extract 
feature cytokines that play critical roles in antitumor 
immunity.

Several studies have shown that TGF-β expression in 
the tumor microenvironment is associated with immune 
escape and poor response to ICI treatment.55–58 A study 
of 33 patients with NSCLC treated with ICI monotherapy 
also observed a significant association between baseline 
circulating TGF-β1 levels and OS.24 However, these find-
ings were not confirmed in our study cohorts. Possible 
explanations for this discrepancy include the heteroge-
neous clinical characteristics of patients in our cohorts, 
which included both monotherapy and a combination of 
ICI and chemotherapy, as well as the difference in ethnic 
background of patients. It is also important to note that 
machine learning methods are data driven and eval-
uate variables based on their distribution characteristics 
rather than biological significance, which indicates that 
the selected cytokine signatures have a greater impact in 
predictive performance when evaluated as a whole, and 
that the association between baseline TGF-β1 levels and 
OS may not be as strong as other important cytokines.

Although our study provides important insights into 
the prognostic value of cytokine signatures in ICI- treated 
patients with NSCLC, there are several limitations that 
need to be considered. First, the sample size needs to 
be increased to further improve the overall predictive 
accuracy and robustness of the model. A larger sample 
size would also enable more detailed subgroup analysis 
to evaluate the impact of patient heterogeneity (such as 
treatment lines, treatment options, oncogene- addicted 
and non- oncogene- addicted tumors, different levels of 
PD- L1 expression). For example, by separating the ICI 
monotherapy group from the combination chemotherapy 
group and modeling the changes (difference and fold 
change) before and after treatment, we can better under-
stand the changes in cytokine signatures under different 
treatment methods and their association with prognosis, 
thus aiding treatment decision- making. Second, cytokine 
levels can fluctuate over time, and thus multiple time 
point measurements may be necessary to better capture 
the dynamic changes in cytokine signatures. Additionally, 
our study was retrospective, and therefore, the data were 
subject to potential bias, missing data, and confounding 
factors that may affect the results. Future studies could 
also aim to validate the CIRI models using indepen-
dent prospective cohorts to address concerns of model 
overfitting and ensure generalizability. Third, while the 
machine learning models used in this study are effective 



13Wei F, et al. J Immunother Cancer 2023;11:e006788. doi:10.1136/jitc-2023-006788

Open access

at identifying prognostic cytokine signatures unnoticed 
so far, they do not provide mechanistic insights into the 
underlying biology. Future studies could consider using 
complementary experimental approaches to explore the 
biological mechanisms behind the identified cytokine 
signatures. We believe the CIRI score- based patient strat-
ification strategy may provide a powerful way to deepen 
the understanding of the differences between the high- 
and low- risk groups. In conclusion, our data suggest that 
CIRI is highly accurate and reproducible in identifying 
and predicting patients with NSCLC who would benefit 
from anti- PD- 1/PD- L1 therapy with prolonged OS and 
may aid in clinical decisions made before and/or at the 
early stage of treatment. Our study also suggests further 
endeavors to explore the potential of cytokine- based 
therapy, such as inhibition of osteopontin, to improve the 
host immune response status and thereby, the long- term 
efficacy of anti- PD- 1/PD- L1 therapy in NSCLC.
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