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ABSTRACT
Background  Circulating tumor antigens (ctA; tumor 
markers) are blood-based proteins that can offer prognostic 
value in non-small cell lung cancer (NSCLC) and may 
serve as potential early surrogates for survival. Given the 
significantly reduced testing time and cost of ctA compared 
with circulating tumor DNA (ctDNA), we further explored the 
utility of ctA using samples collected from over 2,300 patients 
participating in five clinical trials (IMpower130, 131, 132, 150, 
and 110).
Methods  We analyzed a panel of six ctA (CA125 (cancer 
antigen 125), CEA (carcinoembryonic antigen), Cyfra21-1 
(cytokeratin 19 fragment 21-1; CYFRA), NSE (neuron-specific 
enolase), SCC (squamous cell carcinoma antigen), and ProGRP 
(progastrin-releasing peptide)) and CRP (C-reactive protein) 
from the serum of patients with metastatic NSCLC in these 
trials, which investigated combinations of atezolizumab (anti-
programmed death-ligand 1)±bevacizumab±chemotherapy. 
Previous work showed that an optimized cut-off using two 
ctA or a machine learning (ML) model of ctDNA features, both 
taken at 6 weeks, can stratify patients with stable disease (SD) 
for survival risk in IMpower150. Building on this approach, we 
applied an ML model combining ctA features at baseline and 
at 6 weeks, trained across a much larger aggregate dataset 
from multiple clinical studies.
Results  Previous findings from ctA analysis of 
IMpower150 were confirmed and found to be applicable 
to several other trials analyzed in this study. We found 
that ML model predictions provided similar prognostic 
performance (c-index of 0.73 and 0.71 in squamous and 
non-squamous test datasets, respectively), with CYFRA 
being the top feature for both histologies.
Conclusions  While ctA demonstrated limited potential 
in differentiating treatment effects to inform early drug 
development, deriving an optimal prediction cut-off for 1-
year overall survival (OS) showed that ctA model predictions 
could effectively stratify patients by radiographic response 
with 61% sensitivity and 78% specificity, adding significant 
prognostic value to radiographic imaging. Patients with partial 
response (PR), progressive disease (PD), or stable disease 
(SD) at either 6 weeks of treatment or best confirmed overall 
response could be separated into low-risk or high-risk groups 
for OS.

For the graphical abstract of this paper see 
figure 1.

BACKGROUND
Non-small cell lung cancer (NSCLC) 
represents approximately 80–85% of lung 
cancer diagnoses and is the leading cause 
of cancer-related deaths globally.1 Despite 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ The prognostic value of individual tumor antigens 
such as Cyfra21-1 (cytokeratin 19 fragment 21-1; 
CYFRA) in non-small cell lung cancer (NSCLC) has 
been previously reported, although most studies 
have only examined a baseline time point and have 
not explored tumor antigens in the specific context 
of chemoimmunotherapy. Combined circulating tu-
mor antigen (ctA) models in smaller datasets have 
also been shown to have prognostic utility.

WHAT THIS STUDY ADDS
	⇒ In a retrospective analysis of five phase 3 clinical 
studies of chemoimmunotherapy in NSCLC, we 
demonstrated that ctA individually (in particular 
Cyfra21-1), or in combination using a machine 
learning model, provides significant prognostic 
value across histologies for overall survival and 
increased value above radiographic imaging or 
Eastern Cooperative Oncology Group status. We 
revealed histology-specific (squamous vs non-
squamous) differences in ctA levels and dynamics. 
In a direct comparison with circulating tumor DNA 
(ctDNA) for a subset of patients, we showed that ctA 
has prognostic performance similar to that of ctDNA.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ Our results suggest that Cyfra21-1 alone or a 
panel of ctA could be used to help inform clinical 
decision-making, such as for treatment escalation 
or diversion.
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multiple advances in treatment,2 overall patient survival 
remains low, as nearly 75% of patients are diagnosed in 
advanced stages of disease. The 5-year overall survival 
(OS) rate is only 6% in the late-stage metastatic (stage 
IV) setting, and approximately 26% when averaged 
across all disease stages.3

Given the poor prognosis of advanced NSCLC, novel 
prognostic biomarkers are needed to rapidly delineate 
treatment benefit and enhance risk stratification of 
patients to inform clinical decision-making. Recently, 
advances in the sensitivity of circulating tumor DNA 
(ctDNA) assays have increased interest in the use of 
this technology as a potential tool for informing patient 
risk, monitoring treatment effect, and for minimal 
residual disease detection.4 Both ctDNA positivity 
and clearance are also being applied prospectively in 
studies to assess their utility for treatment decisions and 
as a possible accelerated endpoint.4 ctDNA assays have 
been employed in clinical settings for minimal residual 
disease monitoring, but testing can be cost-prohibitive.5 6 
Moreover, ctDNA assays with the greatest sensitivity and 
specificity are generally tumor-informed,7 8 which may 
increase patient burden by requiring a tumor biopsy for 
tumor-specific somatic variant identification.

In contrast, circulating tumor antigens (ctA; also known 
as tumor markers or cancer markers) are circulating 

proteins found in the blood that are elevated in specific 
or multiple cancer types. Some ctA that are routinely used 
in the clinic include prostate serum antigen for prostate 
cancer and alpha-fetoprotein for hepatocellular carci-
noma (HCC). In lung cancer, ctA such as Cyfra21-1 have 
been reported by multiple previous studies as a sensi-
tive marker for squamous lung cancer,9 while neuron-
specific enolase (NSE) and progastrin-releasing peptide 
(ProGRP) have been reported as diagnostic markers for 
small cell lung cancer.10 11 Cyfra21-1 is the soluble frag-
ment of cytokeratin 19, a key component of the cytoskel-
eton of epithelial cells, and was identified as a prognostic 
marker in patients with lung cancer over three decades 
ago.12 A meta-analysis revealed that high baseline levels 
of Cyfra21-1 are negatively associated with both OS and 
progression-free survival (PFS) across NSCLC disease 
stages and treatment regimens, including epidermal 
growth factor receptor (EGFR) inhibitors and chemo-
therapy combinations.13 C-reactive protein (CRP) levels 
have also been investigated for their potential prognostic 
and predictive potential in NSCLC.14

However, despite these and other data demonstrating 
the potential prognostic value of blood-based proteins 
for patients with NSCLC, no ctA are currently recom-
mended for use in the routine diagnosis of NSCLC or for 
informing treatment decisions.15 16

Figure 1  Graphical abstract

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-014710 on 30 July 2026. D
ow

nloaded from
 https://jitc.bm

j.com
 on 9 A

ugust 2026 by guest.
P

rotected by copyright, including for uses related to text and data m
ining, A

I training, and sim
ilar technologies.



3Tran CW, et al. J Immunother Cancer 2026;14:e014710. doi:10.1136/jitc-2025-014710

Open access

Given the low sample volume requirements for ctA 
and their significantly reduced cost of testing compared 
with current CE-marked (conformité européenne-
marked) ctDNA assays (eg, Natera Signatera, Founda-
tionOne Liquid CDx, Guardant360 CDx), we wished 
to more closely examine whether ctA can be a valuable 
tool in drug development or in clinical decision-making. 
Specifically, we investigated whether ctA could offer 
additional prognostic value to radiographic imaging, 
distinguish treatment effects, and/or act as an early 
surrogate of OS.

To address these questions, we measured and analyzed 
ctA levels in five separate phase 3 studies of patients 
with advanced (metastatic) NSCLC. Patients received 
treatment combinations of atezolizumab±chemo-
therapy compared with chemotherapy alone (or atezoli-
zumab±bevacizumab+chemotherapy compared with 
bevacizumab+chemotherapy in IMpower15017). Studies 
included patients across NSCLC histologies, with squa-
mous (IMpower13018), non-squamous (IMpower150,17 
IMpower131,19 and IMpower13220), and pan-histology 
(IMpower11021) studies selected for analysis (online 
supplemental figure 1). To our knowledge, these data 
represent the largest tumor antigen dataset generated 
with chemotherapy or chemoimmunotherapy treat-
ment in NSCLC to date, with over 2,300 patients with 
NSCLC analyzed at both baseline and on-treatment 
time points.

METHODS
ctA testing
Tumor antigens (CA125, CEA, Cyfra21-1 (or CYFRA), 
NSE, ProGRP, SCC), and CRP levels were quantified 
from serum samples from IMpower110, IMpower130, 
IMpower131, and IMpower132 at baseline and cycle 3 
day 1 (C3D1) of treatment using the Roche cobas® e 
platform. ctA data from IMpower150 were previously 
reported using the same testing platform.22 CA125 
values are in U/mL; CEA, Cyfra21-1, NSE, and SCC 
values are in ng/mL, ProGRP is in pg/mL, and CRP is 
in mg/mL.

Feature selection and engineering
For model training, ctA concentration values less than 
the 2% quantile (q2), or greater than the 98% quan-
tile (q98) within each of the training or test datasets 
were censored and replaced with the corresponding 
q2 or q98 value, respectively, to minimize the effect of 
outliers. Derived features with log2(fold change) and 
percent change for each ctA at C3D1 relative to base-
line were then added. Percent change was defined as 
((ctA value at C3D1) − (ctA value at baseline)) / (ctA 
value at baseline) × 100%. All features were normal-
ized using IQR normalization in R. For pan-histology 
models, histology was one-hot encoded.

Data imputation
Missing ctDNA values were imputed based on the popu-
lation mean within the training or test datasets as previ-
ously described.23 For ctA data, missing values were not 
imputed (patients missing either baseline or C3D1 ctA 
values were excluded from subsequent analysis), with 
the exception of the 192 patients within the IMpower150 
hold-back ctDNA test set. Missing ctA values for these 
patients were imputed using missForest (V.1.5) in R, with 
default parameters. These imputed ctA data were used 
only for the operational characteristic (OC) simulation to 
enable direct comparison with ctDNA.

Elastic net model
Model training, feature selection, and 10-fold leave-
one-out cross-validation were performed as previously 
described.23

ROC plots
ROC (receiver operating characteristic) curves for 3, 
6, 9 and 12 month survival with associated AUC (area 
under the curve) values were plotted using the timeROC 
package (V.0.4) in R.

Survival plots
Kaplan-Meier survival plots were generated in R (V.4.3.3) 
using survminer (V.0.4.9) and survival (V.3.8–3). For strat-
ification by ctA median, a global median was calculated 
for each ctA at each baseline or C3D1 time point within 
the training or test dataset. ctA values greater than or 
equal to the corresponding median value were classified 
as “high” and values below the median were classified as 
“low”.

XGBoost and cross-validation
Models were trained using XGBoost24 (V.2.1.1) and 
Python (V.3.10.13) using a Cox proportional hazards 
(coxph) model for survival data. Model fit was evaluated 
by minimizing the Cox negative log-likelihood (cox-
nloglik) in XGBoost. Hyperparameter optimization was 
performed using a grid-search approach with five-fold 
cross-validation using GridSearchCV (scikit-learn V.1.4.2). 
Parameter optimization and final model training were 
GPU (graphics processing unit)-accelerated using CUDA 
(compute unified device architecture) (NVIDIA P6000) 
on a private HPC (high performance computing). The 
optimal number of boosting rounds was determined 
with the number of early stopping rounds set to 5 (ie, 
the optimal number of boosting rounds equals 1+ the 
number of boosting rounds corresponding to when the 
cox-nloglik did not decrease after five rounds). Model 
training and code are available at https://github.com/​
cwtran/tran_ctA_2025 Feature importance in XGBoost 
models was determined using SHAP (Shapley additive 
explanations)(V.0.45.1).25

Model performance
Performance of elastic net or XGBoost models was 
assessed using Harrell’s Concordance index (c-index).
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OC simulations
OC simulations were performed as previously described.23 
In brief, 30 patients from each of the treatment and 
control arms (ie, active vs control) were chosen at random 
and compared using the criteria of interest (ctDNA or 
ctA model prediction, objective response rate (ORR), or 
PFS) using a one-sided Fisher’s test for ORR and a one-
sided Wilcoxon test for all other continuous variables. 
The null hypothesis was that the active arm had a higher 
average model prediction score or lower ORR frequency 
or PFS than the control arm, with the alternate hypoth-
esis being the opposite. The comparison was repeated a 
total of 2,000 times, and the resulting p value from the 
statistical test for each iteration was recorded.

A “false-go” rate was then established by determining 
the p value corresponding to the 15% quantile of p values 
obtained by comparing two groups of 30 patients, each 
selected from the control arm (ie, control vs control), 
2,000 times as above. Finally, the fraction of p values in 
the active versus control arm comparisons with values 
lower than the “false-go” p value corresponding to the 
15% cut-off was recorded as the frequency of making a 
“true-go” decision.

Role of the funding source
Study design, data collection, data analysis, and manu-
script writing were performed by the authors. The funders 
did not have any direct role in these aspects, manuscript 
preparation, or in the decision to submit for publication. 
Manuscript preparation and the decision to submit for 
publication were undertaken collectively by all authors 
in alignment with ICMJE (International Committee of 
Medical Journal Editors) criteria.

RESULTS
Individual ctA levels and their prognostic value
Individual ctA levels were first analyzed by histology 
at baseline and at C3D1 of treatment. Consistent with 
another study, we noted histology-specific differences in 
baseline levels of ctA.26 CYFRA and SCC levels were found 
to be higher at baseline in patients with squamous NSCLC, 
while CEA, CA125, and CA19-9 (cancer antigen 19-9) 
levels were higher at baseline in non-squamous NSCLC 
(online supplemental figure 2a, online supplemental 
table 1). Some individual ctA were weakly correlated at 
baseline, including CYFRA and CRP in both squamous 
and non-squamous (Spearman correlation coefficient, 
ρ=0.4), while Cyfra21-1 was more strongly correlated with 
CA125 in non-squamous or with SCC in squamous at both 
baseline (ρ=0.5 and ρ=0.4, respectively) and C3D1 time 
points (ρ=0.3 and ρ=0.4, respectively) (online supple-
mental figure 2b–e).

Next, we investigated whether individual ctA are prog-
nostic for OS. Consistent with previous studies,22 27–29 
patients with high baseline (greater than or equal to 
median expression) of CYFRA, CA125, and CRP (online 
supplemental table 1) had a significantly higher risk of 

death compared with those with low ctA (less than median 
expression), and with either squamous or non-squamous 
histology (online supplemental figures 3a, 4a). At C3D1, 
CYFRA by median split (median of 2.5 and 3.0 ng/mL 
for non-squamous and squamous, respectively) showed 
a greater OS separation between risk groups compared 
with baseline, particularly in squamous NSCLC (online 
supplemental figures 3b,4b).

Combining ctA in ML models
We then asked whether combining ctA using ML models 
could improve their prognostic performance for OS. 
We investigated both elastic net and extreme-gradient 
boosted (XGBoost) regression ML models because of 
their overall performance, relative insensitivity to multi-
collinearity, and resistance to overfitting.24 30

Due to differences in both baseline and on-treatment 
levels and dynamics of ctA between non-squamous and 
squamous NSCLC (online supplemental figure 2a), we 
trained and tested histology-specific ML models on the 
corresponding squamous or non-squamous IMpower 
dataset(s) (figure 2a,b). XGBoost models were found to 
have slightly improved c-indices compared with elastic 
net models (online supplemental table 2, online supple-
mental figures 5 and 6).

Using a histology-specific XGBoost model, ctA prog-
nostic performance in training was improved in both 
non-squamous (OS HR: 4.01 (95% CI 3.39 to 4.73)) and 
squamous models (OS HR: 7.30 (95% CI 5.11 to 10.32)) 
between high versus low prediction scores by median split 
compared with CYFRA alone (non-squamous OS HR: 
2.35 (95% CI 2.01 to 2.75) and squamous OS HR: 3.11 
(95% CI 2.28 to 4.24)) (figures 3a and 4a, online supple-
mental table 2). Concordance (by Harrell’s c-index; c) 
between model prediction and OS was c=0.75 in training 
and c=0.71 in test for the non-squamous model and 
c=0.81 and c=0.73 for training and test, respectively, in the 
squamous model, with model prediction scores inversely 
correlated with OS time, as expected (figures  3b,d and 
4b,d). The top features contributing to overall model 
output include C3D1 CYFRA, baseline CRP, C3D1 CA125, 
and baseline CYFRA (figure 3e,f) for the non-squamous 
model and C3D1 CYFRA, CA125, CEA, and SCC for the 
squamous model (figure 4e f).

1-year OS risk stratification
In the metastatic NSCLC setting, over 50% of patients do 
not survive beyond 1 year. From the ML model predic-
tions, we further investigated if non-squamous patients 
could be effectively stratified for 1-year OS (ie, predicted 
as <1 year OS or ≥1 year OS). In the training dataset, we 
found that ORR is a poor predictor of OS. The majority of 
responders in this training dataset had a partial response 
(PR) recorded as their best confirmed overall response 
(BCOR), but a significant fraction of these PR patients 
had an OS of less than 1 year (figure  5a). Similarly, a 
significant fraction of stable disease (SD) patients survive 
longer than 1 year.
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We next examined the overall sensitivity and specificity 
of the XGBoost model for predicting 1-year OS in non-
squamous patients. In the training dataset, the model had 
an AUC of 0.79 (95% CI 0.75 to 0.82) but reduced AUC 
of 0.67 (95% CI 0.61 to 0.72) in the test (figure  5b,c), 
potentially reflective of differences in treatment regi-
mens (ie, specific chemotherapy combination) and/or 
patient (sub)populations between training and test. AUC 
values were comparable for OS at shorter intervals (6 or 9 
months), demonstrating the robustness of the model for 
identifying high-risk patients.

A threshold cut-off was established from the XGBoost 
model prediction to best classify patients for 1-year OS. 
The cut-off value was varied, and the resulting positive 
predictive value (PPV) and negative predictive value 
(NPV) were determined at each corresponding prediction 
cut-off value. The final prediction cut-off was selected by 
maximizing both the PPV and NPV (figure 5d). Using this 
optimized cut-off value, the PPV and NPV were 69.6% and 
70.2%, respectively, with a sensitivity of 60.9% and a spec-
ificity of 77.7% (online supplemental table 3). Applying 
this cut-off value, patients could be effectively stratified 
for OS risk by their week 6 radiographic response in both 
the training (figure  5e) and test (figure  5f) datasets or 
by their best confirmed overall response (online supple-
mental figure 7a,b). Importantly, these results show that 
high-risk and low-risk subgroups exist for both week 6 
and BCOR SD and PR patients, which is consistent with 
previous findings,22 31 demonstrating that ctA can offer 
significant prognostic value above radiographic imaging 
or ECOG status (online supplemental figure 8).

Comparing ctA to ctDNA as an early OS surrogate in an OC 
simulation
To explore whether ctA could also provide value as an 
early surrogate for OS and as an accelerated endpoint 
for drug development, we compared ctA with previous 

results from ctDNA and other traditional criteria such 
as ORR and PFS from IMpower150 in an OC simulation 
(figure 6a; see also Methods23 32). IMpower150 showed a 
statistically significant OS benefit in patients with meta-
static NSCLC receiving atezolizumab+bevacizumab+che-
motherapy (ABCP) or atezolizumab+chemotherapy 
(ACP) compared with patients receiving bevacizum-
ab+chemotherapy (BCP; control) in the ctA or ctDNA 
biomarker-evaluable populations (figure  6b), similar to 
the intent-to-treat population.17

Previous work showed that an ML model developed on 
ctDNA data at 6 weeks could improve the frequency of 
making a correct “true-go” decision to proceed from a 
phase 2 to phase 3 study using a subset of patients from 
IMpower150 to simulate a phase 2 trial.23

To improve the performance of ctDNA in the OC simu-
lation, we applied ML model predictions as a continuous 
variable rather than the previous approach of binary cate-
gorization of patients by high or intermediate/low molec-
ular risk. Using this modified approach, ctDNA achieved 
a 52.6% true-go rate in the ABCP arm compared with 
the BCP control arm, and a 62.4% true-go rate in the 
ACP arm compared with the BCP arm (figure 6d) in the 
OC simulation. Consistent with previous results, ctDNA 
significantly outperformed week 6 radiographic imaging 
(ORR_6wk: 17.1% and 3.2% true-go for ABCP vs BCP and 
ACP vs BCP, respectively) and PFS at 6 weeks (PFS_6wk: 
15.5% and 14.3% true-go, ABCP vs BCP, and ACP vs BCP, 
respectively).

Next, we tested the ctA ML model predictions for patients 
with matched ctDNA data from IMpower150 in the OC 
simulation. Using the larger available ctA non-squamous 
biomarker evaluable population, we applied the ML model to 
the OC simulation and compared it with ctDNA (figure 6c). 
We found that ctA significantly underperformed ctDNA in 
the OC simulation (5.7% and 3.0% true-go rate for ABCP 

Figure 2  Overview of ctA training and test datasets for ML model development. (a) IMp132 and IMp150 datasets were used to 
train a non-squamous model with patients from IMp130, IMp110 and IMp150 hold-back serving as the test dataset. (b) IMp131 
was selected as the training dataset for a squamous model with squamous patients from IMp110 as the test dataset. ctA, 
circulating tumor antigen; IMp, IMpower; ML, machine learning; NSq, non-squamous; Sq, squamous.
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Figure 3  A XGBoost model trained on IMpower132–150 (non-squamous) data selects CYFRA, CRP and CA125 as top 
features. Kaplan-Meier plot of OS in the (a) training dataset by median split for low/high risk or (c) test (pooled IMpower130, 
IMpower110 non-squamous and IMp150 hold-back) dataset using the training median value for low/high risk. OS HR and 
95% CI are indicated. XGBoost model prediction scores and OS time in (b) training or (d) test. Each point represents one 
patient, colored by BCOR. Not all patients with OS data have recorded BCOR data. Filled points represent patients with an OS 
event (death). (e) Distribution of SHAP values for each feature and relative impact to model output. (f) Global feature importance 
with mean absolute SHAP values plotted. BCOR, best confirmed overall response; CA125, cancer antigen 125; CR, complete 
response; CRP, C-reactive protein; ctA, circulating tumor antigen; CYFRA, cytokeratin 19 fragment 21-1 (Cyfra21-1); IMp, 
IMpower; OS, overall survival; PD, progressive disease; PR, partial response; SD, stable disease; SHAP, Shapley additive 
explanations.
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Figure 4  A XGBoost model trained on IMpower131 squamous data selects CYFRA, CA125 and CEA as top features. Kaplan-
Meier plot of OS in the (a) training dataset by median split for low/high risk or (c) test (IMpower110 squamous) dataset using 
the training median value for low/high risk. OS HR and 95% CI are indicated. XGBoost model prediction scores and OS time in 
(b) training or (d) test. Each point represents one patient, colored by BCOR. Not all patients with OS data have recorded BCOR 
data. Filled points represent patients with an OS event (death). (e) Distribution of SHAP values for each feature and relative 
impact to model output. (f) Global feature importance with mean absolute SHAP values plotted. BCOR, best confirmed overall 
response; CA125, cancer antigen 125; CEA, carcinoembryonic antigen; CR, complete response; ctA, circulating tumor antigen; 
CYFRA, cytokeratin 19 fragment 21-1 (Cyfra21-1); OS, overall survival; PD, progressive disease; PR, partial response; SD, 
stable disease; SHAP, Shapley additive explanations.
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Figure 5  1-year OS predictions in the non-squamous dataset using a XGBoost model and risk stratification by radiographic 
response. (a) Histogram of BCOR and OS time in the training dataset for patients with an OS event (n=624). (b, c) ROC plots 
of 3, 6, 9, and 12 month OS as a function of XGBoost model predictions in the (b) training or (c) test dataset. AUC values are 
indicated for each dataset. (d) PPV and NPV as the threshold cut-off for predicting 1-year OS was adjusted. The vertical dashed 
line indicates the optimized cut-off value that equally maximizes both PPV and NPV. Using the optimized cut-off for 1-year 
OS, patients with PR, SD or PD at week 6 in the (e) training or (f) test dataset were risk-stratified and OS plotted. Radiographic 
response assessed by RECIST and OS HR (95% CI) are indicated on each plot. AUC, area under the curve; BCOR, best 
confirmed overall response; CR, complete response; NPV, negative predictive value; OS, overall survival; PD, progressive 
disease; PPV, positive predictive value; PR, partial response; RECIST, response evaluation criteria in solid tumors; ROC, receiver 
operating characteristic; SD, stable disease.

Journal for Im
m

unoT
herapy of C

ancer: first published as 10.1136/jitc-2025-014710 on 30 July 2026. D
ow

nloaded from
 https://jitc.bm

j.com
 on 9 A

ugust 2026 by guest.
P

rotected by copyright, including for uses related to text and data m
ining, A

I training, and sim
ilar technologies.



9Tran CW, et al. J Immunother Cancer 2026;14:e014710. doi:10.1136/jitc-2025-014710

Open access

Figure 6  OC simulation with IMp150 ctDNA and ctA. (a) Overview of OC simulation. (b) OS time by treatment arm in 
IMpower150 hold-back test patients with ctDNA and ctA data. (c) IMpower150 ctA and ctDNA BEP for ML model development. 
Missing ctA data in the IMpower150 ctDNA hold-back test set was imputed specifically for the OC simulation. (d) Frequency 
of true-go decision in an OC simulation using various assessment criteria and separated by treatment arm. (e) OC simulation 
results using the ctA XGBoost model trained on IMpower132–150 and applied to the IMpower150 hold-back test set. 
(f) OC simulation results using a modified XGBoost model trained only on C3D1 features and relative change features at 
C3D1 relative to baseline (log2(fold change) or percent change). ABCP, atezolizumab+bevacizumab+chemotherapy; ACP, 
atezolizumab+chemotherapy; BCP, bevacizumab+chemotherapy; BEP, biomarker evaluable population; C3D1, cycle 3 day 
1; ctA, circulating tumor antigen; ctDNA, circulating tumor DNA; IMp, IMpower; ML, machine learning; OC, operational 
characteristic; ORR, objective response rate (responders defined as CR/PR and non-responders as SD/PD); OS, overall survival; 
PD, progressive disease; PFS, progression-free survival; PR, partial response; SD, stable disease; wk, week.
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vs BCP and ACP vs BCP, respectively), and that combining 
ctA with traditional response criteria, such as ORR or PFS, 
reduced, rather than improved, their performance in the 
simulation (figure  6e). Because the ctA ML model was 
trained on both baseline and C3D1 ctA features, baseline 
prognostic features that are prognostic for OS but do not 
reflect any treatment effect may contribute to underperfor-
mance in the OC simulation. Therefore, we re-trained a ctA 
ML model with only features that capture changes in ctA at 
C3D1 relative to baseline. The revised ctA ML model had 
similar performance for ABCP versus BCP and ACP versus 
BCP (3.5% and 3.1% true-go rate, respectively) (figure 6f). 
Consistent with these results, analysis of individual ctA at 
baseline and C3D1 in the IMpower150 training or hold-
back test data revealed no significant differences between 
treatment arms in mean levels of CRP or any of the ctA 
tested (online supplemental figure 9). Overall, these data 
show that while ctA are strongly prognostic for OS, they are 
unable to capture differences in treatment effects compared 
with ctDNA in the OC simulation.

DISCUSSION
Our data support previous findings that individual ctA, 
particularly Cyfra21-1, offers strong prognostic value in 
addition to radiographic imaging. These results are consis-
tent with multiple meta-analyses which revealed that high 
baseline levels of Cyfra21-1 are negatively associated with 
both OS and PFS across NSCLC disease stages and treat-
ment regimens.33–35 Our findings also confirm previous 
work showing histology-specific differences in baseline levels 
of ctA including Cyfra21-1 and SCC.26 While ML models 
combining the ctA tested improved prognostic performance 
in training, they offered similar performance to Cyfra21-1 
alone in the test datasets. These results suggest that Cyfra21-1 
levels at 6 weeks post therapy are a sufficient, pan-histology 
prognostic marker for patients with NSCLC and can add 
value to radiographic imaging and help inform clinical 
decision making. For example, SD patients by radiographic 
imaging who are prognostically high-risk by the ctA model 
or Cyfra21-1 could potentially benefit from treatment esca-
lation and increased monitoring, while SD patients who are 
prognostically low-risk may have treatment de-escalation. 
While multiple prospective studies would be needed for 
implementation into clinical guidelines, our results suggest 
that ctA like Cyfra21-1 can be valuable tools to support treat-
ment decisions.

In the OC simulation, we subsampled patients from a 
positive phase 3 study with a known, statistically significant 
benefit in OS in experimental treatment arms compared 
with the control to simulate a phase 2 clinical trial. At 6 
weeks, a correct “go decision” to proceed from phase 2 
to phase 3 was observed in over 50% of the simulations 
using either traditional response criteria, such as ORR, or 
molecular criteria, such as ctDNA. However, ctA signifi-
cantly underperformed ctDNA, with the frequency of 
true-go decisions made in less than 5% of the total simu-
lations. The OC simulation results suggest that while ctA 

levels at both baseline and 6 weeks into treatment have a 
strong association with OS, ctA are less able to distinguish 
treatment arms (at least with ABCP against BCP) and less 
able to capture treatment modulatory effects at week 6 
compared with ctDNA or traditional criteria such as PFS 
used for clinical development of drug candidates.

Interestingly, a previous report suggested that baseline 
ctDNA positivity was associated with elevated Cyfra21-1 
levels.36 We observed some modest associations between 
baseline Cyfra21-1 and ctDNA levels in our limited 
IMpower150 dataset (⍴ = 0.4; online supplemental figure 
10), and further validation in additional studies is needed 
to support this finding.

For the comparisons between ctDNA and ctA, these data 
are also limited by the number of patients from IMpower150 
with both ctDNA and ctA data. Since available, clinical grade 
(IVD-CE (in vitro diagnostic conformité européenne)) 
assays were prioritized in the selection of ctA assays to maxi-
mize immediate translatability of these findings, the number 
of ctA tested is also limited in this study, and ctA that were 
not tested here may potentially better capture on-treatment 
effects and/or offer superior prognostic value.

Further work will focus on the continued investigation 
of blood-based biomarkers, including the use of unbi-
ased discovery approaches to identify pharmacodynamic 
biomarkers that best reflect treatment effect to support 
gating decisions in drug development and to further 
improve prognostic risk stratification to help inform clinical 
decision-making (treatment escalation/diversion or de-esca-
lation). Baseline ctA levels may also be an important patient 
stratification factor in future clinical trials; however, further 
investigation is required. Overall, this work will help support 
efforts to shorten development timelines and reduce costs 
for new therapies, bringing potentially transformative medi-
cines to patients faster.
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