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A B S T R A C T   

Background: Our study aimed to build a risk stratification system predicting the progression-free 
survival (PFS) to classify patients into diverse prognostic subgroups for advanced non-small-cell 
lung cancer patients treated with PD-(L)1 inhibitor. 
Methods: 404 patients from our center were enrolled in this study and 70% patients (n = 282) 
were randomly assigned into the training cohort and other 30% patients (n = 122) into the 
validation cohort. A testing cohort contained 81 patients from other centers were used to assess 
the generalizability of model. Cox regression analyses were used to identify the most significant 
clinical parameters. The model’s performance was assessed by using concordance index (C- 
index), calibration curves, Decision Curve Analyses (DCAs), net reclassification improvement 
(NRI), integrated discrimination improvement (IDI) analyses, and survival curve. 
Results: Five clinical parameters were identified as the most significant predictors by using cox 
regression. We then integrated them into a Nomogram to Evaluate the relative PFS of ICIs 
Treatment (NEPIT). The C-index of NEPIT in the training cohort, the validation cohort and testing 
cohort was 0.789 (95%CI: 0.750–0.828), 0.745 (95%CI: 0.706–0.784), and 0.766 (95%CI: 
0.744–0.788), respectively. The calibration curves presented a good congruence between the 
predictions and actual observations. The Decision Curve Analyses (DCAs) reflected positive net 
benefits can be obtained for NEPIT. The results from NRI and IDI analyses showed that the NEPIT 
could improve predictive power of TPS. In addition, the further constructed risk stratification 
system could effectively categorize patients into different risk subgroups. 
Conclusion: The tools developed in this study would have value in guiding the optimal patient 
selection for precision care.   
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Novelty & impact statements 

Although the progress of immune checkpoints inhibitors (ICIs) targeting the PD-1/PD-L1 axis has greatly revolutionized the 
treatment paradigm for advanced non-small-cell lung cancer (NSCLC), the difference in time-to-progression observed in clinical trials 
suggested high heterogeneity in patients. Hence, a risk stratification system that can reliably classify patients into diverse prognostic 
subgroups is important to determine high-risk progression patients. Herein, we conducted a thorough explorative analysis in advanced 
NSCLC patients treated with PD-(L)1 inhibitor by using a 6-year cohort from our institute. A total of 404 patients from our center were 
enrolled in this study and randomly assigned into the training and validation cohorts (7:3). In addition, a testing cohort contained 81 
patients between January 2015 and December 2021 from other centers were used to assess the generalizability of model. We 
developed an online clinical model, NEPIT, to provide individualized prediction of PFS and a robust risk stratification system for 
progression evaluation. The NEPIT developed in this study was the primary reported online predictive model based on clinical routine 
parameters to predict PFS for NSCLC treated with PD-(L)1 inhibitor. The further risk stratification system presented outstanding 
discriminating power for different risk subgroups identification. The tools developed in this study would have value in guiding the 
optimal patient selection. 

1. Background 

The progress of immune checkpoints inhibitors (ICIs) targeting the PD-1/PD-L1 axis has greatly revolutionized the treatment 
paradigm for advanced non-small-cell lung cancer (NSCLC). Several randomized clinical trials revealed that PD-(L)1 inhibitor could 
achieve durable and long-term benefits in advanced patients in combination or as a single agent compared with conventional cytotoxic 
chemotherapy [1–4]. Following these promising results, ICIs were gradually approved in the first-, second-, or later-line setting in the 
treatment of advanced NSCLC patients. Unfortunately, only 35% patients treated with ICIs could benefit from sustained response and 
majority of ICIs treated patients still relapse [5]. Most patients develop immune resistance after treatment discontinuation or during 
treatment and suffer disease progression ultimately [6,7]. Hence, a risk stratification system that can reliably classify patients into 
diverse prognostic subgroups is important to determine high-risk progression patients. 

At present, the consideration of distinct diversity of clinical responses and benefits in lung cancer indicates that NSCLC have unique 
potential predictors to predict the long-term clinical benefits and the onset of drug resistance. Previous studies indicated that the PD-L1 
expression level in tumors could be a better predictor for anti-PD-1/PD-L1 therapy [8,9]. However, many challenges are present in 
ongoing attempts to apply PD-L1 expression level for therapeutic benefit prediction. First, the role of PD-L1 expression level in 
treatments outcomes currently is still controversial. Two phase III trials showed that the PD-L1 expression was not correlated with 
progression-free survival (PFS), overall survival (OS) and response rate in NSCLC, but some studies presented different results [10–12]. 
Second, it remains unclear which cutoff point is the best value in predicting therapy response. The cutoff values in different clinical 
trials were diverse, and even there existed different cutoff values in the same study [13,14]. Moreover, the sensitivity and specificity of 
this method still remains unsatisfactory [15]. Therefore, how to find a way to improve the predictive power of PD-L1 expression level is 
still an open question. 

Nomogram is a predictive statistical model that has been applied to integrate relevant risk factors and evaluate patient’s outcomes 
[16]. As a convenient graphical representation of mathematical function, nomogram is popularly used to treatment stratification and 
outcome evaluation in NSCLC [17]. However, predictive models including routine clinical data for advanced NSCLC patients treated 
with PD-(L)1 inhibitor are scarce. 

Herein, we conduct a thorough explorative analysis of routinely collected clinical baseline factors from advanced NSCLC patients 
treated with PD-(L)1 inhibitor at our institute, in an attempt to identify key predictor and build multivariable predictive models for 
individualized evaluation of PFS. Another cohort from Ziyang hospital was remained as testing cohort to assess the generalizability of 
model in different population. We also incorporate them into a risk stratification system that can categorize patients into different risk 
subgroups with distinct survival benefits for precision care. 

2. Methods 

2.1. Study cohort and patient selection 

Between January 2015 and December 2021, patients with advanced NSCLC who underwent antiPD-1/PD-L1 inhibitor treatment in 
our institution and Ziyang hospital were retrospectively reviewed. The inclusion criteria were listed below: (1) NSCLC confirmed by 
pathology; (2) stage III and stage IV tumor; (3) treatment with ICIs (antiPD-1/PD-L1 inhibitor) as first or subsequent line-at least one 
cycle. The exclusion criteria consisted of (1) patients aged 0–18 years; (2) patients with a history of clinical trials or other cancers; (3) 
patients with missing data about follow-up information. Clinical information of eligible patients were obtained from hospital elec-
tronic medical records. Patient’s baseline characteristics including age, gender, Eastern Cooperative Oncology Group performance 
status (ECOG-PS), smoking status, tumor location, pathologic subtype, stage, PD-L1 expression level and treatment information, were 
collected. We routinely follow patients 3 month 1 times or the patients have a progression symptoms. The endpoint of current study 
was progression-free survival (PFS) and the diagnosis of PFS for each individual was based on the results of radiographic progression. 
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2.2. Ethics statement 

This study was approved by the ethical review board of West China Hospital of Sichuan University and The First People’s Hospital 
of Ziyang (No. 2021-301). The requirement for written informed consent was waived due to the retrospective nature of the study. 

2.3. Definitions 

Pathological diagnosis was conducted immunologically and morphologically at our institution and Ziyang hospital. In this study, 
patients with squamous cell carcinoma or adenocarcinoma were recognized as common pathological subtype, and other pathological 
subtypes, such as large cell carcinoma, were recognized as uncommon pathological subtype. Monotherapy group refers to patients who 
only received ICIs monotherapy, and those who received combination therapy, such as platinum-based chemotherapy and ICIs or 
radiotherapy and ICIs, were recognized as combination group. The PD-L1 expression level in this study was presented by The PD-L1 
tumor proportion Score (TPS). The acronym, NEPIT, in this study was the abbreviation for Nomogram to Evaluate the relative PFS of 
ICIs Treatment and also was the name of our model. 

2.4. Descriptive analysis 

A total of 404 eligible patients from our center and 81 patients from Ziyang hospital were enrolled in this study. Among 404 in-
dividuals from our center, 70% patients were randomly assigned into the training cohort and other 30% patients into the validation 
cohort by using computer-generated random numbers. Patients from Ziyang hospital (n = 81) were remained as testing cohort. The 
Pearson’s Chi square test was used to compare the baseline characteristics between two groups. 

2.5. Development of the clinical predictive model 

Using univariable and multivariable Cox regression analyses, we identified the potential predictors to PFS in the training cohort. A 
forward stepwise manner was applied to perform the multivariable analyses. The hazards ratios (HR) of Cox regression with a cor-
responding 95% confidence intervals (95% CI) were reported. All predictors were compiled into a composite NEPIT (Nomogram to 

Table 1 
Summary of patients from two centers. Cohort I: the patients from West China hospital, Cohort II: the patients from Ziyang 
hospital.   

Cohort I (n = 404) Cohort II (n = 81) 

Age   
≥60 223 (55.20%) 41 (50.62%) 
<60 181 (44.80%) 40 (49.38%) 

Gender   
Male 311 (76.98%) 68 (83.95%) 
Female 93 (23.02%) 13 (16.05%) 

ECOG-PS   
0 243 (60.15%) 51 (62.96%) 
1 161 (39.85%) 30 (37.04%) 

Smoking status   
Never 58 (14.36%) 12 (14.81%) 
Former 131 (32.42%) 28 (34.57%) 
Active 215 (53.22%) 41 (50.62%) 

Location   
Right 236 (58.42%) 44 (54.32%) 
Left 168 (41.58%) 37 (45.68%) 

Pathologic subtype   
Uncommon pathological subtype 47 (11.63%) 10 (12.35%) 
Common pathological subtype 357 (88.37%) 71 (87.65%) 

Stage   
Stage III 51 (12.62%) 7 (8.64%) 
Stage IV 353 (87.38%) 74 (91.36%) 

PDL1:TPS   
<1% 90 (22.28%) 16 (19.75%) 
1–49% 107 (26.49%) 26 (32.10%) 
≥50% 90 (22.28%) 16 (19.75%) 
Unknown 117 (28.96%) 23 (28.40%) 

Line of treatments   
1st 211 (52.23%) 48 (59.26%) 
2nd 129 (31.93%) 23 (28.40%) 
≥3rd 64 (15.84%) 10 (12.35%) 

Treatment   
Monotherapy 159 (39.36%) 23 (28.40%) 
Combination 245 (60.64%) 58 (71.60%)  
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Evaluate the relative PFS of ICIs Treatment) to forecast the probability of PFS at 3-, 6-, 9-month. 

2.6. Evaluation of NEPIT 

To maximize the representativeness of NEPIT, bootstrap internal validation in the training cohort and external validation in the 
validation cohort and testing cohort were performed. We then evaluated the discrimination ability of NEPIT by using concordance 
index (C-index), and the accuracy of NEPIT by using calibration curves for 3-, 6-, and 9-month PFS with 1000 bootstrap resamples. 
Additionally, the clinical effects of NEPIT were explored by Decision Curve Analyses (DCAs) and clinical impact curves. Finally, we 
conducted the net reclassification improvement (NRI) and integrated discrimination improvement (IDI) analyses for the comparison of 
model’s performance between NEPIT and TPS. We also reported a corresponding 95% confidence intervals (95% CI) of NRI and IDI by 
using 1000 bootstrap resamples for point estimates of performance metrics. The NRI ≥0 and IDI ≥0 suggested NEPIT could improve net 
benefit as compared with TPS. 

2.7. A risk stratification system 

In order to construct a risk stratification system, we used NEPIT to compute the total score of risk factors for each participant in the 
training cohort. We then inputted the patients’ total score of risk factors, patients’ survival time and patients’ survival status into X-tile 
software to determine the best cutoff value of the total risk score. Subsequently, the best cut-off point for total risk score was auto-
matically identified by X-tile analysis [17,18]. Using X-tile software, the participants from training cohort were assigned into low-risk 
(0–134), Intermediate-risk (134–215.4) and high-risk (>215.4) subgroups. Survival curves of PFS in different risk subgroups were 
evaluated by using Kaplan-Meier method, and the significance assessed by using log-rank test. The values generated by X-tile were then 
applied to the validation cohort and testing cohort to test the representativeness of model. All analyses were conducted via the R 
software, version 4.1.0 (R Foundation for Statistical Computing). P-value≤0.05 was recognized as statistically significant. 

Table 2 
Demographics and characteristics of patient in the training and validation cohorts.   

Training cohort (n = 282) Validation cohort (n = 122) P-value 

Age   0.8545 
≥60 157 (55.67%) 66 (54.10%)  
<60 125 (44.33%) 56 (45.90%)  

Gender   0.3792 
Male 221 (78.37%) 90 (73.77%)  
Female 61 (21.63%) 32 (26.23%)  

ECOG-PS   0.979 
0 169 (59.93%) 74 (60.66%)  
1 113 (40.07%) 48 (39.34%)  

Smoking status   0.5983 
Never 39 (13.83%) 19 (15.57%)  
Former 90 (31.91%) 41(33.61%)  
Active 153 (54.26%) 62 (50.82%)  

Location   0.0703 
Right 156 (55.32%) 80 (65.57%)  
Left 126 (44.68%) 42 (34.43%)  

Pathologic subtype   0.8148 
Uncommon pathological subtype 34 (12.06%) 13 (10.66%)  
Common pathological subtype 248 (87.94%) 109 (89.34%)  

Stage   0.9742 
Stage III 35 (12.41%) 16 (13.11%)  
Stage IV 247 (87.59%) 106 (86.89%)  

PDL1:TPS   0.6293 
<1% 62 (21.99%) 28 (22.95%)  
1–49% 73 (25.89%) 34 (27.87%)  
≥50% 60 (21.28%) 30 (24.59%)  
Unknown 87 (30.85%) 30 (24.59%)  

Line of treatments   0.4339 
1st 144 (51.06%) 67 (54.92%)  
2nd 89 (31.56%) 40 (32.79%)  
≥3rd 49 (17.38%) 15 (12.30%)  

Treatment   0.9999 
Monotherapy 111 (39.36%) 48 (39.34%)  
Combination 171 (60.64%) 74 (60.66%)   
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3. Results 

3.1. Patient baseline data 

A total of 404 patients from our center and 81 patients from Ziyang hospital who met the eligibility criteria were enrolled in this 
study. Of patients from our center, the median age was 61 years and the median (25%-75%IQR) PFS was 6.1 (2.9–11.8) months. 
Among patients from Ziyang hospital, the median age was 62 years and the median (25%-75%IQR) PFS was 6.8 (3.2–12.9) months. 
Patient demographics and characteristics of patients from two centers are summarized in Table 1. 

To develop and validate a predictive model, 70% patients (n = 282) from our center were randomly assigned into the training 
cohort and other 30% patients (n = 122) into the validation cohort. Table 2 compiled patient baseline characteristics in training and 
validation cohort. The results from Table 2 indicated that the training cohorts shared the similar clinical characteristics with the 
validation cohorts (P > 0.05). Contrary to patients from our center, all participants from Ziyang hospital were used as a testing set. 

3.2. Integrated NEPIT model via routine clinical data 

In the training cohort, variables including age, ECOG-PS, pathological subtype, stage and TPS were identified as predictive bio-
markers by using the Cox proportional hazards model (Table 3). We further developed a comprehensive clinical predictive model, 
named as NEPIT, to integrate all predictors (Fig. 1). In NEPIT, each predictor was assigned a corresponding point according to its HR 
and we could obtain the probability of PFS at 3-, 6-, 9-month for patients by accumulating the total score for each item. 

3.3. Evaluation of NEPIT 

In the training cohort, the C-index of NEPIT in predicting PFS was 0.789 (95%CI: 0.750–0.828). In the validation cohort, the C- 
index of NEPIT in predicting PFS was 0.745 (95%CI: 0.706–0.784). In the testing cohort, the C-index of NEPIT in predicting PFS was 
0.766 (95%CI: 0.744–0.788). The calibration curves showed good congruence in the probability of 3-, 6-, and 9-month PFS between 
the predicted rates and observation (Fig. 2a–i). The DCAs reflected positive net benefits can be made for NEPIT (Fig. 3a–c). In addition, 

Table 3 
Analyses of predictors of PFS in the training cohort. PFS progression-free survival, HR hazard ratio, CI confidence interval.   

Univariable analysis Multivariable analysis  

HR 95%CI P-value HR 95%CI P-value 

Age       
≥60 1   1   
<60 0.75 0.58–0.98 0.037 0.69 0.52–0.91 0.01 

Gender       
Male 1   1   
Female 1.29 0.94–1.77 0.114 1.39 0.94–2.06 0.095 

ECOG-PS       
0 1   1   
1 1.45 1.11–1.90 0.007 1.38 1.03–1.83 0.028 

Smoking status       
Never 1   1   
Former 0.76 0.54–1.08 0.083 0.86 0.61–1.11 0.326 
Active 0.85 0.65–1.11 0.242 1.08 0.78–1.51 0.641 

Location       
Right 1   1   
Left 0.9 0.69–1.17 0.414 0.9 0.68–1.18 0.434 

Pathologic subtype       
Uncommon pathological subtype 1   1   
Common pathological subtype 0.67 0.46–0.98 0.038 0.59 0.40–0.87 0.009 

Stage       
Stage III 1   1   
Stage IV 2.68 1.63–4.42 ＜0.001 2.72 1.63–4.55 ＜0.001 

PDL1:TPS       
<1% 1   1   
1–49% 0.57 0.39–0.83 0.003 0.64 0.44–0.94 0.023 
≥50% 0.38 0.25–0.57 ＜0.001 0.45 0.30–0.68 ＜0.001 
Unknown 0.49 0.34–0.71 ＜0.001 0.55 0.37–0.81 0.003 

Line of treatments       
1st 1   1   
2nd 1.4 1.04–1.89 0.025 1.1 0.80–1.50 0.57 
≥3rd 1.47 1.01–2.14 0.044 1.27 0.86–1.87 0.236 

Treatment       
Monotherapy 1   1   
Combination 0.77 0.59–1.01 0.064 0.8 0.60–1.06 0.124  
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we calculated the NRI and IDI by comparing the multivariate model, NEPIT, with the predictive model solely using TPS. In the training 
cohort, the NRI was 0.335 (95%CI: 0.017–0.467) at 3-month, 0.156 (95%CI: 0.031–0.316) at 6-month and 0.103 (95%CI: 
0.007–0.248) at 9-month, with the IDI was 0.044 (95%CI:0.015–0.090) at 3-month, 0.072 (95%CI:0.036–0.127) at 6-month and 0.065 
(95%CI:0.027–0.131) at 9-month (Table 4). In the validation cohort, the NRI was 0.120 (95%CI: 0.037–0.213) at 3-month, 0.093 (95% 
CI: 0.012–0.167) at 6-month, and 0.211 (95%CI: 0.184–0.269) at 9-month, with the IDI was 0.030 (95%CI: 0.009–0.111) at 3-month, 
0.039 (95%CI: 0.007–0.123) at 6-month, and 0.041 (95%CI: 0.002–0.134) at 9-month (Table 4). In the testing cohort, the NRI was 
0.240 (95%CI: 0.021–0.331) at 3-month, 0.132 (95%CI: 0.041–0.286) at 6-month, and 0.165 (95%CI: 0.053–0.276) at 9-month, with 
the IDI was 0.025 (95%CI: 0.004–0.132) at 3-month, 0.056 (95%CI: 0.013–0.168) at 6-month, and 0.086 (95%CI: 0.034–0.165) at 9- 
month (Table 4). 

3.4. The web server for easy access to NEPIT 

An online version of NEPIT was deployed on the web server (https://weloveoncology.shinyapps.io/NEPIT/). It can easily present 
the computed survival probabilities (unit: days) and generate relevant figures and tables if we input the actual values of predictors for 
patients on the web server. 

3.5. Development and validation of a risk stratification system 

Based on the X-Tile program, patients can be assigned into three prognostic subgroups: low-risk (0–134), Intermediate-risk 
(134–215.4) and high-risk (>215.4) subgroups when applying 134 and 215.4 as the best cutoff points (Fig. 4a–c). Subsequently, 
we used patients from training cohort, validation cohort and testing cohort to validate this novel stratification system. The Kaplan- 
Meier curves showed that PFS in the different groups were accurately differentiated by this novel risk stratification system (P <
0.05) (Fig. 5a–c). 

4. DISSCUSSION 

So far, anti-PD-1/PD-L1 therapy has been widely used in metastatic or advanced NSCLC patients and provides hope that durable, 
long-term benefit may be feasible. Such therapies could result in up to 15% with non-squamous and 16% of patients with squamous 
advanced NSCLC surviving for up to 5 years or more [19]. However, the median OS for metastatic patients with NSCLC still remains 
less than 3 years [2]. The difference in time-to-progression observed in clinical trials suggested high heterogeneity in patients, 
necessitating additional predictive factors to redefine personalized ICIs therapy. 

In our study, we found five clinical parameters including age, ECOG-PS, pathological subtype, stage and TPS, could independently 
predict the relative benefit in anti-PD-1/PD-L1 therapy. Although the underlying mechanisms between age and the PFS of PD-(L)1 
blockade are unknown, for elderly patients, they may have a reduced cytokine secretion, a slower lymphocyte proliferation after 

Fig. 1. The established NEPIT for predicting 3-, 6-, 9-month PFS in advanced NSCLC patients treated with PD-(L)1 inhibitor. In NEPIT, five clinical 
parameters, age, ECOG-PS, pathological subtype, stage and TPS were assigned a score. The sum of these points is located on the ‘Total Points’ axis. 
The risk group that the patient belongs to could be acquired based on the total score. PFS progression-free survival, NSCLC non-small-cell lung 
cancer, NEPIT Nomogram to Evaluate the relative PFS of ICIs Treatment, ICIs immune checkpoints inhibitors. 
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antigen stimulation and a reduced variability of T cell populations [20]. A multicenter international cohort study reported 
immune-related adverse events (irAEs) were more frequent with increasing age, and older patients were more likely to suffer ICIs 
discontinuation [21]. ECOG-PS as a predictor for the efficacy of ICIs in NSCLC was confirmed by many studies [22,23]. Patients with a 
good ECOG-PS can have better general condition with adequate treatments and a poor general condition may present the deterioration 
of the general immune state and weakness of effector T cells [24]. As a target of PD-1/PD-L1 antibodies, PD-L1 expression level was a 
commonly examined predictive factor in clinical practice [25,26]. However, challenges to clinical application of this approach consist 
of a limited understanding of the relationship between PFS and PD-L1 expression level, how to find an optimal cut-off points and how 
to find a way to improve predictive power of PD-L1 expression level. 

To address these problems, we built a multivariable predictive model. The composite NEPIT integrated these clinical parameters 
including age, ECOG-PS, pathological subtype, stage and TPS to evaluate the relative PFS of ICIs treatment. We also enrolled patients 
from other centers for independently external validation to evaluate the model’s generalizability and robustness to an unrelated 
population. The C-index of NEPIT in the training cohort, the validation cohort and the testing cohort was 0.789 (95%CI: 0.750–0.828), 
0.745 (95%CI: 0.706–0.784), and 0.766 (95%CI: 0.744–0.788), respectively, which indicating the model’s good discrimination. The 
calibration curves showed that NEPIT was able to precisely predict 3-, 6-, and 9-month PFS for patients, whether in the training cohort, 
the validation cohort or testing cohort. Thus, the NEPIT model shows excellent performance to predict PFS in advanced NSCLC patients 
treated with ICIs. The DCAs can assess whether NEPIT can improve clinical decision making [27]. The result from DCAs showed that 
NEPIT can achieve a net benefit, which indicating its good clinical applicability. The NRI and IDI analyses were two commonly used 

Fig. 2. Calibration curves showing the probability of 3-, 6-, and 9-month PFS between the predicted rates and the actual observation. a-c. Cali-
bration curves in training cohort, d-f. Calibration curves in validation cohort, g-i Calibration curves in testing cohort. 
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methods for quantifying the added value from the new predictors [28,29]. In this study, we also used NRI and IDI to evaluate 
improvement in risk prediction and measure the usefulness of NEPIT. The results from NRI and IDI analyses presented that NEPIT could 
improve net benefit as compared with TPS, which indicating that a multivariable predictive model including TPS enhanced the 
predictive ability of TPS. To put it another way, the composite NEPIT could improve predictive power of PD-L1 expression level. 

Other models and predictors to predict ICIs efficacy were also developed in many studies [30–33]. Tumor mutation burden (TMB) 
has become another potential marker for predicting prognosis because it is a substitute for neoepitopes that can be presented to T cells 
[34,35]. The RNA signatures were also developed and validated in other studies [36,37]. However, these predictors were not routinely 
detected in clinical practice. The model presented in these studies may be not applicable. For our model, NEPIT, five predictors in it 
were clinical routine parameters, which can be easily acquired in clinical practice. Furthermore, we deployed an online version of 

Fig. 3. Decision curves analysis. a. 3-month PFS DCAs of NEPIT, b. 6-month PFS DCAs of NEPIT, c. 9-month PFS DCAs of NEPIT. The horizontal 
solid blue line exhibits the hypothesis that no patients experienced the presence of progression, and the solid green line exhibits the hypothesis that 
all patients met the endpoint. The red line assumes the net benefit of using the NEPIT. NEPIT Nomogram to Evaluate the relative PFS of ICIs 
Treatment, ICIs immune checkpoints inhibitors, PFS progression-free survival, DCAs Decision Curve Analyses. 

Table 4 
Comparison of performance metrics between TPS and NEPIT. NRI, net reclassification improvement. IDI, integrated discrimination improvement. The 
values between parentheses is 95% confidence interval.   

Training cohort Validation cohort Testing cohort  

PDL1:TPS NEPIT PDL1:TPS NEPIT PDL1:TPS NEPIT 
NRI       
3-month Reference 0.335 (0.017–0.467) Reference 0.120 (0.037–0.213) Reference 0.240 (0.021–0.331) 
6-month Reference 0.156 (0.031–0.316) Reference 0.093 (0.012–0.167) Reference 0.132 (0.041–0.286) 
9-month Reference 0.103 (0.007–0.248) Reference 0.211 (0.184–0.269) Reference 0.165 (0.053–0.276) 
IDI       
3-month Reference 0.044 (0.015–0.090) Reference 0.030 (0.009–0.111) Reference 0.025 (0.004–0.132) 
6-month Reference 0.072 (0.036–0.127) Reference 0.039 (0.007–0.123) Reference 0.056 (0.013–0.168) 
9-month Reference 0.065 (0.027–0.131) Reference 0.041 (0.002–0.134) Reference 0.086 (0.034–0.165)  

Fig. 4. Risk stratification of patients with the total risk score cutting by X-tile. a. The black circle is the best cut-off values of the total risk score 
computed by the computer program, b. The best cut-off values of the total risk score are shown in histograms of the training cohort, c. Kaplan-Meier 
plots of the training cohort by using the best cut-off values. PFS progression-free survival. 
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NEPIT on the web server (https://weloveoncology.shinyapps.io/NEPIT/) to easily access to NEPIT. 
In addition, a risk stratification system based on the total risk score of each patient calculated by NEPIT in the training cohort was 

developed for different risk subgroups identification, which can help with optimal patient selection. We applied X-tile to evaluate the 
best cut-off values of the total risk score [18]. Based on the X-Tile program, we selected “134”and “215.4” as best values. All patients 
from the training cohort then were assigned into three subgroups: low-risk (0–134), Intermediate-risk (134–215.4) and high-risk 
(>215.4) subgroups. To test whether this risk stratification can have a better discriminating power, the Kaplan-Meier curves in 
different risk subgroups were executed and the significance evaluated by using log-rank test. The results from Kaplan-Meier analyses 
showed that our risk stratification system could be effectively differentiated patients into different risk subgroups, and the high-risk 
group presented a significantly poor survival than the Intermediate-risk and low-risk group in training cohort. Notably, the validation 
cohort and the testing cohort also presented similar findings. Therefore, this novel risk stratification system have outstanding 
discriminating power for different risk subgroups identification. The three risk subgroups separated using this risk stratification system 
counteracted the controversial impermanence of PFS benefit with exciting classification of the risks of progression. 

This study is subject to multiple weaknesses. First, although there is a testing cohort from other centers to assess the model’s 
generalizability and robustness to an unrelated population, the development and validation of NEPIT was only based on Chinese 
population. So, studies involving population from other countries are needed to further validate NEPIT in the future. Second, as other 
popular predictors, such as TMB and RNA sequence, were not routinely detected in our center, we were unable to conduct any further 
comparison between NEPIT and other predictive model. Finally, this retrospective study is susceptible to selection bias. 

Even so, the NEPIT developed in this study was the primary reported online predictive model based on clinical routine parameters 
to predict PFS for NSCLC treated with PD-(L)1 inhibitor. The further risk stratification system presented outstanding discriminating 
power for different risk subgroups identification. The tools developed in this study would have value in guiding the optimal patient 
selection for precision care. 

5. Conclusion 

We constructed an online clinical model, NEPIT, to provide individualized prediction of PFS for advanced non-small-cell lung 
cancer patients treated with PD-(L)1 inhibitor using five clinical routine parameters. The validation of NEPIT presented its excellent 
performance and good clinical applicability. The further risk stratification system presented excellent discriminating power for 
different risk subgroups identification. The tools in this study would have value in guiding the optimal patient selection for precision 
care. 
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