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A B S T R A C T   

Objectives: Predicting the outcome of immunotherapy-treated non-small cell lung cancer (NSCLC) patients is 
challenging. Measuring circulating tumor DNA (ctDNA) in plasma is promising, but its application for outcome 
delineation needs further refinement. Since most information from the next-generation sequencing (NGS) panel 
is typically left unused, we aim to integrate more information. 
Materials and Methods: Patient and ctDNA data were compiled from five published studies involving advanced 
NSCLC. Plasma samples collected prior (t0) and early during (t1) immunotherapy were selected, tracking the 
changes of the highest t0 variant per gene. Durable benefit (DB, defined as progression free survival ≥ ½ year) 
was predicted. Performance was quantified using the integrated receiver operating characteristic curve (ROC 
AUC) and compared with the traditional molecular response (MR). 
Results: A total of 365 patients were pooled. Seven recurrently mutated genes were selected which optimally 
predicted DB (ROC AUC: 0.77+0.10

− 0.11), outperforming the MR predictor (with a ROC AUC: 0.64+0.11
− 0.11). Inclusion of 

patient characteristics led to a slight further improvement (ROC AUC: 0.80+0.09
− 0.10). The model performed satis-

factory across all ctDNA platforms despite differences in panel size and content. 
Conclusion: Relative to a non-informative classifier (ROC AUC: 0.5), a twofold improvement in predictive value 
was achieved compared to MR by an integration of changes across seven selected genes in immunotherapy- 
treated NSCLC patients, whilst being broadly applicable across ctDNA NGS panels.   

1. Introduction 

In the past decade, immune checkpoints inhibitors (ICIs) have 
emerged as a powerful therapeutic option for patients with advanced 
stage non-small cell lung cancer (NSCLC) although in only about 20% of 
patients long-term results can be achieved. Currently, expression of the 
programmed death-ligand 1 (PD-L1) receptor in tumor tissue and tumor 
mutational burden emerged as tools to predict outcome in patients 
receiving ICI [1]. However, despite initial promising data, both are not 
strong predictive markers for response to ICI [2,3]. 

Efficacy of ICI is traditionally assessed using computed and/or 
positron emission tomography (CT/PET) imaging by measuring changes 
in tumor size and metabolic activity [4,5]. As demonstrated recently by 
several groups, longitudinal measurements of circulating tumor DNA 
(ctDNA) might represent an alternate approach to determine the efficacy 
of ICI in advanced stage NSCLC in terms of radiographic response, 
progression-free survival (PFS) and overall survival (OS) [6–18]. 

Liquid biopsies as non-invasive surrogates for tissue biopsies, may 
help to monitor the efficacy of cancer treatment [19,20]. The rationale is 
that tumors release various components – such as circulating tumor 

Abbreviations: αPD-1, programmed death-1 inhibitor; αPD-L1, programmed death-ligand 1 inhibitor; αCTLA-4, cytotoxic T lymphocyte-associated antigen-4 in-
hibitor; CR, complete response; ctDNA, circulating tumor DNA; DB, durable benefit; ICI, immune checkpoints inhibitors; MR, molecular response; NE, not evaluable; 
NGS, next generation sequencing; NSCLC, non-small cell lung cancer; OS, overall survival; PD, progressive disease; PD-L1, programmed death-ligand 1; PFS, pro-
gression free survival; PR, partial response; ROC AUC, area under the receiver operating characteristic curve; SD, stable disease; TPPT, two-sided paired permutation 
test; TUPT, two-sided unpaired permutation test; VAF, variant allele frequency. 
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cells, extracellular vesicles, RNA and DNA – that can be traced back and 
quantified in a blood sample. A major advantage of liquid over tissue 
biopsies is that blood can (potentially) capture both the primary tumor 
and metastases jointly [19,20]. In addition, blood samples can be easily 
taken longitudinally during treatment from the patient to follow the 
tumor development both microscopically (i.e., at the molecular level) 
and macroscopically (e.g., total tumor volume [21]), without recourse 
to surgically invasive intervention [19]. 

Extremely sensitive methods were used to measure ctDNA-derived 
variants at the molecular level. However, in most studies either single 
variants with the highest variant allele frequency (VAF) or the average 
of all detected variants was used to calculate a molecular response, 
which is mostly defined as a > 50% decrease from t0 to t1. Although most 
studies showed that a reduction in ctDNA associates with better long- 
term outcome, it did not reflect the immediate tumor response 
[11,12,14–16]. Moreover, this univariate approach fails to capture the 
salient heterogeneous nature of the tumor, which is superposed, but 
nevertheless present, in ctDNA. Therefore, we used machine learning to 
investigate whether the trajectories of individual variants would help to 
select advanced stage patients who have (long-term) benefit from ICI. To 
this end, we first identified the most informative mutated genes from 
five independent studies [11,12,14–16], and then integrated individual 
changes from t0 to t1 of multiple variant calls partitioned per gene. We 
compared this approach, developed with cross next-generation 
sequencing (NGS) ctDNA panel applicability in mind, with the tradi-
tional molecular response to assess the utility of ctDNA to predict re-
sponses to ICI. 

2. Methods 

2.1. Patients 

We set out to compile a dataset of NSCLC patients with advanced 
disease, who were treated with ICI and for whom ctDNA was measured 
both at baseline (t0, before treatment) and early during treatment 
(1 ≤ t1 ≤ 10 weeks). We included five cohorts for which NGS was used 
(irrespective of panel size and content) to assess molecular ctDNA re-
sponses with various panels that differed in size and content 
[11,12,14–16]. 

In total, we compiled individual-level data including clinical records 
and ctDNA variant calls from 365 patients. These datasets included:  

- All patients (n = 14) from the metastatic subcohort of Anagnostou 
et al. [11] for which both baseline (t0) and on treatment samples (t1) 
were analyzed using TEC-Seq [a 58 genes, 81 kilobase (kb) panel] 
[22]. The first on-treatment sample was collected 4–8 weeks [11] 
after the baseline sample.  

- A subset of Nabet et al. [12] (n = 72 patients) with stage IV NSCLC. 
Blood was taken before treatment and at a median of 2.4 weeks after 
treatment initiation [12]. Molecular response were assessed using an 
improved CAPP-seq method [23,24] consisting of 270 genes span-
ning a total of 355 kb [12].  

- All patients from the study of Weber et al. [14] (n = 167) in which 
blood was sampled before and, on average, 4 weeks after ICI initia-
tion. Variants were detected using the AVENIO Expanded kit – a 
commercial variation of the CAPP-seq method [23] – consisting of a 
77 genes, 192 kb, panel.  

- Patients recruited to the atezolizumab arm of Zou et al. [16] (n = 46 
patients) with blood taken before and after every treatment cycle 
(3 weeks). The AVENIO Surveillance kit, spanning 197 genes 
(198 kb), was used for monitoring variants.  

- Finally, patients of a study conducted by Thomson et al. [15] were 
included (n = 66). In this study, the Guardant 360 assay, comprising 

74 genes and approximately 150 kb1, was used to detect variants 
before and after 9 weeks of pembrolizumab-based therapy. 

Earlier work suggests that on-treatment samples timed at t1 = 6 and 
t1 = 9 weeks are typically better predictors for OS than the t1 = 3 week 
sample [16]. Therefore, whenever more than one on-treatment sample 
was measured, we selected the first t1 > 3 weeks on-treatment sample. 

2.2. Clinical characteristics 

Available clinical records included age (< 65 versus ≥ 65 years), 
gender, smoking status (current and former versus never smoker), the 
presence of radiologically detected metastases (regardless of its origin), 
therapy line (first versus second or subsequent line), stage of the disease 
(III versus IV), histology (squamous versus non-squamous), and the 
Eastern Cooperative Oncology Group performance score (< 2 
versus ≥ 2). Patients were classified as durable beneficiaries (DB) 
defined as PFS ≥ ½ year, or non-DB (PFS < ½ year). 

2.3. Circulating tumor DNA-derived molecular response and tracks 

Although no consensus definition of molecular response (MR) exists, a 
≥50 % reduction from t0 to t1 of the tumor fraction (on a per subject 
basis)—assessed as either the highest or the average VAF—is most 
commonly used [8,9,14,16] and the former was also applied in this 
study. In contrast to previous studies, in which only a single value de-
notes the MR, we integrated individual changes from t0 to t1 of multiple 
variant calls partitioned per gene. If one gene carried more than one 
mutation, only the mutation with the highest VAF was considered. To 
negate inter-assay variability in the VAF distribution, the ratio between 
treatment (t1) and baseline (t0) was computed per gene g (Supplemen-
tary Material). This ratio accounts for (i) the presence of variants, (ii) the 
absence of variants (no detection at gene g at t0 and t1, but g is covered 
by the panel), (iii) the appearance of variants (detected only at t1), and 
(iv) the disappearance of variants (detected only at t0) (Supplementary 
Material). 

2.4. Statistical analysis 

The pooled dataset was stratified by cohort and DB, and randomly 
split in a 3:1:1 ratio: (1) training, (2) development, and (3) test set 
(Table S1, Supplementary Material). The training set was used to rank 
genes by the number of detected variants at t0 (across all patients) in 
descending order. We arbitrarily selected the top 20 mutated genes, 
ensuring that at least 15 variants were detected for each gene at base-
line. It is noteworthy that this gene selection is biased by the panel 
content of the various studies, which could be corrected by selecting less 
frequently mutated genes (< 15) instead. We, however, prioritised 
reliable summary statistics, with more observations reducing its vari-
ance, over panel content bias. 

The development set was reserved for feature2 selection, hyper-
parameter optimisation, and determining the classification probability 
threshold Λ (to dichotomise the predicted probability to a label) at 
Youden’s J. Finally, metrics reported hereafter are obtained from the 
test set, unless specified otherwise. 

2.4.1. Model 
A naive Bayes classifier [25] was used to predict outcome (DB, c = 1 

versus non-DB c = 0), where the features xi (i = 1, ⋯, n) were condi-
tionally independent given its class c, i.e., p(c|x) =

p(c)
p(x)

∏n
i=1p(xi|c). The 

model allows for missing features, both during training and inference 

1 According to manufacturer, exact number of bases unknown.  
2 Features are pre-processed model input variables. 
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time. Genes not covered by a specific panel, as well as missing clinical 
characteristics, can therefore by modelled as “missing” (i.e., not 
observed) without the need for imputation. Dichotomised features were 
modelled using the Bernoulli distribution, while an inflated log-normal 
distribution was used for the ratios to quantitatively capture the pres-
ence, absence, appearance, and disappearance of variants (see Supple-
mentary Material). To negate cohort bias, training samples were 
weighted inversely proportional to the size of its cohort. For example, 
say that six mutations were detected: two in TP53, one in BRCA, one in 
KIT, an APC variant only at t0, and one PDGFRA variant only at t1 
(Fig. 1A). As shown in Fig. 1C, we would only follow the highest TP53 
and BRCA2 variant, discard the KIT mutation, and set the ratio of 
PDGFRA and APC to 0 and ∞, respectively [by taking the limit, Eq. (1), 
Supplementary Material]. All other ratios covered by the panel are set to 
one, while genes not covered by the panel are marked as not observed. 

2.4.2. Feature selection (pruning) and hyperparameter optimisation 
(tuning) 

Both clinical characteristics and the 20 genes selected from the 
training set were backward eliminated to greedily optimize the area 
under the receiver operating characteristic curve (ROC AUC) on the 
development set (Supplementary Material). Specifically, leave-one-out 
selection was carried out on the top 20 recurrently mutated genes to 
prune the model until the ROC AUC degraded. A similar procedure was 
carried out on the clinical characteristics. After feature selection, the 
number of pseudo counts were tuned to maximise the ROC AUC (Sup-
plementary Material). A schematic overview of the pruned model is 
shown in Fig. 1. 

2.4.3. Metrics 
The confusion matrix, accuracy, sensitivity, and specificity were 

obtained by dichotomising predicted probabilities at Λ (i.e., c = 1 for 
p(c = 1|x) > Λ). Ninety-five percent confidence intervals (CI) for the 
ROC AUC, average precision, accuracy, sensitivity, and specificity were 
computed by bootstrapping for 1000 iteration. Unless specified other-
wise, models were compared using a two-sided paired permutation test 
(TPPT) by resampling 1000 times, where a p-value of 0.05 is considered 
statistically significant. We denote estimate a with corresponding 95 % 
CI [a − b, a + c] as a+c

− b throughout this work. 

3. Results 

A total of 365 patients were included in this study, see Table 1 for 
patient and tumor characteristics. Tumor responses were observed in 
18.6 % (68/365). 

3.1. Multitracking circulating tumor DNA outperforms molecular 
response 

First, we tested which of the clinical parameters is most informative 
for DB. Using recursive feature elimination with the ROC AUC on the 
development set (n = 73) removed all clinical parameters from the 
model except for smoking status, histology, and therapy line. In the test 
set, these clinical characteristics predicted DB with a ROC AUC of 
0.61+0.13

− 0.12 (Fig. 2A). The same procedure was used for the top 20 recur-
rently mutated genes at baseline (Table S2, Supplementary Material) 
and identified APC, BRCA2, EGFR, NFE2L2, PDGFRA, PIK3CA, TP53 as 
the most predictive genes from ctDNA. This multitrack representation – 
either with clinical attributes (ROC AUC: 0.80+0.09

− 0.10) or without (ROC 
AUC: 0.77+0.10

− 0.11) – significantly outperformed the MR marker with a ROC 
AUC of 0.64+0.11

− 0.11 (p = 0.005 and p = 0.029 TPPT, respectively) 
(Fig. 2A). 

Since the best performance was achieved by a combined evaluation 
of the multitrack and clinical attributes classifier, we further tested this 
model. The model attained a good sensitivity over a range of specificities 
(Fig. 2B). Durable benefit could be predicted with an accuracy of 
0.67+0.10

− 0.11, at a 0.84+0.13
− 0.14 sensitivity and 0.55+0.15

− 0.15 specificity (Table S3, 
Supplementary Material) at a classification threshold of Λ = 0.40. The 
average precision of the precision-recall curve was 0.74+0.13

− 0.14 (Fig. S1, 
Supplementary Material). The model’s satisfactory calibration (Fig. S2, 
Supplementary Material) suggests that (i) all features are independent 
contributors and (ii) the predicted probability can be interpreted as a 
level of confidence. While the model as a predictor is not perfect, the 
inherent inspectable nature of the model can be used to help guide the 
interpretation of the mutation dynamics on treatment outcome (Fig. S3, 
Supplementary Material, illustrating the two best and two worst pre-
dictions). Finally, to determine if the model captures ctDNA phenome-
nology intrinsic to ICI treatment, or applies more broadly to different 

Fig. 1. (A) A liquid biopsy-based model predicts outcome for patients with advanced non-small cell lung cancer (NSCLC) on immune checkpoint inhibitors. 
Circulating tumor DNA (ctDNA) is measured before (t0) and during (1 ≤ t1 ≤ 10 weeks) treatment. (B) Molecular ctDNA response is traditionally determined by the 
change of a single, or the average of multiple, detected mutations. (C) Durable tumor beneficiaries (progression free survival ≥ ½ year) are identified by integrating 
the most predictive: (i) clinical characteristics (histology, smoking status, and therapy line) and (ii) the highest baseline variant of the most predictive recurrently 
mutated genes. The multitrack representation incorporates not only the change, but also the detection of a new mutation (indicated by a *), clearance of existing 
mutations (‡), or the absence of a detection (not shown) within the set of seven genes. A † marks an exemplary gene (KIT) not covered by this set. Genes indicated by a 
§ are not covered by all considered panels. 
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Table 1 
Patient, tumor, and circulating tumor DNA panel characteristics from five cohorts of patients with advanced NSCLC who have been treated with immune checkpoint 
inhibitors.    

Anagnostou et al., 
2019* 

Nabet et al., 
2020†

Weber et al., 2021 Thompson et al., 
2021* 

Zou et al., 2021† Total 

n  14 72 167 66 46 365 
Age ≥65 6 27 74 — 26 133  

<65 8 45 93 — 20 166  
unknown — — — 66 — 66 

Gender‡ male 6 33 96 30 36 201  
female 8 39 71 36 10 164 

Histology squamous 6 7 51 9 13 86  
adeno/other 8 65 116 57 33 279 

Smoker current/ 
previous 

12 56 162 59 40 329  

never 2 16 5 7 6 36 
Stage III — — 22 — — 22  

IV 14 72 145 66 — 297  
unknown — — — — 46 46 

Performance 
score 

<2 — — 158 56 46 260  

≥2 — — 9 6 — 15  
unknown 14 72 — 4 — 90 

RECIST 1.1 PD 3 — 70 13 — 86  
SD 9 — 39 28 — 76  
PR 2 — 36 21 — 59  
CR — — 8 1 — 9  
NE — — 14 — — 14  
unknown — 72 — 3 46 121 

Therapy αPD-1 14 45 155 66 — 280  
αPD-1 þ Chemo — 12 — — — 12  
αPD-1 þ αCTLA- 
4 

— 13 3 — — 16  

αPD-L1 — 2 9 — 46 57 
Therapy line > 1 — 43 154 3 46 246  

1 — 29 13 63 — 105  
unknown 14 — — — — 14 

PFS < ½ year 7 35 110 22 31 205  
≥ ½ year 7 37 57 44 15 160 

Panel name TEC-Seq Improved CAPP- 
seq 

AVENIO Expanded 
kit 

Guardant 360 AVENIO Surveillance 
kit   

coverage 58 genes (81 KB) 270 genes 
(355 KB) 

77 genes (192 KB) 74 genes (~150 KB) 197 genes (198 KB)  

Abbreviations: PD, progressive disease; SD, stable disease; PR, partial response; CR, complete response; NE, not evaluable; αPD-1, programmed death-1 inhibitor; αPD- 
L1, programmed death-ligand 1 inhibitor; αCTLA-4, cytotoxic T lymphocyte-associated antigen-4 inhibitor; PFS, progression free survival. Em-dash (—), zero or 
unknown patients. 

* Clinical characteristics and circulating tumor DNA data extracted from the publication. 
† Clinical characteristics and/or circulating tumor DNA measurements obtained from authors. 
‡ We use gender as an overarching term to pool characteristics labelled as either sex or gender in individual datasets. 

Fig. 2. Tracking multiple liquid biopsy- 
derived mutants outperforms molecular 
response to identify durable beneficiaries 
[progression free survival (PFS) ≥ ½ year]. 
(A) Predictiveness [as area under the 
receiver operating characteristic curve (ROC 
AUC)] of selected clinical attributes, circu-
lating tumor DNA (ctDNA)-derived molecu-
lar response (MR), and a multitrack ctDNA 
representation (with or without clinical at-
tributes). Connected dots indicate 95 % 
confidence intervals. (B) Receiver operating 
characteristic curve and the confusion matrix 
(inset) of the model with both clinical and 
multitrack features. Accuracy and the 
confusion matrix are computed at threshold 
Λ corresponding to Youden’s J. Values, sub-, 
and superscripts indicate the test set point- 
estimate and corresponding 95 % confi-

dence interval around it. Acc.: accuracy; AUC: area under the curve; yr: year.   
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treatment plans, we tested the model on the chemotherapy arm of Zou et 
al. (n = 48) [16]. Models trained without clinical attributes [0.58+0.18

− 0.18 

chemotherapy vs. 0.77+0.10
− 0.11 ICI test set, p = 0.06 two-sided unpaired 

permutation test (TUPT)] and with clinical attributes (0.59+0.18
− 0.17 

chemotherapy vs. 0.80+0.09
− 0.10 ICI test set, p = 0.03, TUPT) both performed 

worse on the chemotherapy set, indicating that our findings are rather 
specific for ICI. 

3.2. Cross platform applicability 

Not all seven genes are covered by all ctDNA platforms (Table S4, 
Supplementary Material). We therefore performed a breakdown of 
performance per panel. Slight, but no significant, performance differ-
ences were observed across the subpopulations (Fig. S4, Supplementary 
Material), with an ROC AUC ranging from 0.66+0.27

− 0.33 (p = 0.23, TPPT) on 
the Nabet et al. [12] dataset to 0.92+0.08

− 0.22 (p = 0.25, TPPT) on the 
Thompson et al. [15]cohort. 

In addition, we analysed the relationship between model perfor-
mance and how many of the seven genes harbored at least one mutation 
(Fig. S6, Supplementary Material). Even when no mutation covered the 
seven gene set, the model scored a ROC AUC of 0.71+0.19

− 0.24 which was no 
worse than with at least one covered mutation (p = 0.24, TUPT). These 
findings suggest that the model adequately leverages the information 
derived from an absence of detection, as it was designed to do. 

4. Discussion 

Changes in ctDNA measurements can help to identify NSCLC pa-
tients, who benefit from ICI [6–18]. Previously, only single mutations or 
the average of all detected mutations were used to correlate MR with the 
immediate tumor response of DB. The mutational fingerprint of a tumor 
as well as the dynamics of individual variants is, however, essentially 
unique. As a result, relating individual mutants and outcome is chal-
lenging. One must therefore resort to ctDNA representations that codify, 
to a certain extent, the overall (or, aggregate) description of the variants 
in order to reduce the dimensionality of the input space. In this study, we 
set out to refine the ctDNA representation by simultaneously tracking 
mutants across several genes. Heuristically speaking, our multitrack 
strategy weights the ctDNA changes across seven genes to predict 
outcome on a per patient basis. To this end, data from five studies 
consisting of patients with advanced lung cancer were selected and 
pooled [11,12,14–16]. The present approach markedly outperforms the 
traditional MR. 

One strength of our multivariate approach is the inherent inspectable 
nature of the model, facilitating the interpretation of multiple mutations 
in terms of outcome. Indeed, while current assessments of a molecular 
ctDNA response truncate information of individual mutations to a single 
value, we integrate changes across the highest variants of seven genes 
that most optimally predict durable benefit. Moreover, we significantly 
outperform molecular response based on ctDNA alone (ROC AUC of 
0.77+0.10

− 0.11 versus 0.64+0.11
− 0.11) for predicting durable benefit and achieve a 

twofold improvement in additional predictive value when offset against 
a non-informative random predictor (with a ROC AUC of 0.5). Our 
model was shown to work well across different ctDNA platforms despite 
differences in panel size and content (with Refs.[11,12] covering only 
five out of the seven selected genes), in part, because our generative 
model can directly incorporate “missing” (i.e., not observed) values. A 
major limitation of our work is the differences in ctDNA assay gene 
coverage ranging from 270 genes and 355 kb in the Nabet et al. [12] 
dataset to 58 genes and 81 kb in the Anagnostou et al. [11] cohort. Panel 
bias towards specific regions of the genome is, in turn, reflected in the 
seven backward selected genes. At the same time, an advantage of our 
approach is, that it is applicable to multiple datasets coming from 
different gene panels. However, although our model appeared to be 

robust across various platforms, the subpopulations were small. Another 
limitation of the present analysis is that ctDNA was quantified using 
changes in VAF instead of the number of mutant molecules per mL, 
owing to its availability across the datasets considered here. Earlier 
work, however, suggested that VAFs are more sensitive to background 
wild-type DNA arising from inflammation, infection, trauma, or physical 
activity [9]. Apart from biological derived variation, the observed VAF is 
also affected by differences within technical procedures such as blood 
collection (differences in blood collection and time to processing), 
plasma processing procedures, and cell free DNA extraction method 
[26,27]. 

Our work calls for large scale, independent, longitudinal plasma- 
based NGS studies. Not only to validate our results, but also to counter 
the combinatorial explosion of mutation profiles that can be tracked 
using ctDNA. Confronting both the curse of dimensionality3 (where 
measurements span ~ 105 nucleotides) and molecular sparsity (with a 
handful of variants per 100 kb) will be imperative to train the next 
generation of plasma-based anti-cancer efficacy predictors. Finally, this 
work exemplifies that the information content from ctDNA is far from 
exhausted and suggests that there is still unmet potential that can be 
further distilled by increasing the positional resolution (e.g., expanding 
the number of genes) with the help of larger datasets. In conclusion, 
traditional circulating tumor DNA (ctDNA)-derived molecular response 
does not exhaust the panel’s information content to identify advanced 
non-small cell lung cancer patients who show durable benefit (DB) from 
immune checkpoint inhibition treatment. Relative to a non-informative 
random classifier (area under the receiver operating characteristic 
curve: 0.5) we demonstrate a twofold improvement in predicting DB 
compared to molecular ctDNA response. This was accomplished by 
tracking the most abundant baseline mutants of seven selected genes, 
while being generally applicable across all tested ctDNA panels. 
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3 Where, in high dimensions, volumes become empty (given a fixed number 
of samples) and samples turn orthogonal. 
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