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BACKGROUND. Current clinical management of patients with pulmonary nodules involves either repeated LDCT/CT
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identify malignant nodules and reduce unnecessary invasive tests.

METHOD. We developed a diagnostic model based on targeted DNA methylation sequencing of 389 pulmonary nodule
patients’ plasma samples, and then validated in 140 plasma samples independently. We tested the model in different
stages and subtypes of pulmonary nodules.

RESULTS. A 100-feature model was developed and validated for pulmonary nodule diagnosis: the model achieved a
ROC-AUC of 0.843 on 140 independent validation samples with an accuracy of 0.800. The performance was well
maintained in, 1) 6-20 mm size subgroup (N=100), with a sensitivity of 1.000 and adjusted NPV of 1.000 at 10%
prevalence; 2) stage I malignancy (N=90), with a sensitivity of 0.971; 3) different nodule types - solid nodules (N=78) with
a sensitivity of 1.000 and adjusted NPV of 1.000, part-solid nodules (N=75) with a sensitivity of 0.947 and adjusted NPV
of 0.983, and ground-glass nodules (N=67) with a sensitivity of 0.964 and adjusted NPV of 0.989 at 10% prevalence. This
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Abstract 52 

Background. Current clinical management of patients with pulmonary nodules 53 

involves either repeated LDCT/CT scans or invasive procedures yet causes 54 

significant patient misclassification. An accurate non-invasive test is needed to 55 

identify malignant nodules and reduce unnecessary invasive tests. 56 

 57 

Method. We developed a diagnostic model based on targeted DNA methylation 58 

sequencing of 389 pulmonary nodule patients’ plasma samples, and then validated 59 

in 140 plasma samples independently. We tested the model in different stages and 60 

subtypes of pulmonary nodules. 61 

 62 

Results. A 100-feature model was developed and validated for pulmonary nodule 63 

diagnosis: the model achieved a ROC-AUC of 0.843 on 140 independent validation 64 

samples with an accuracy of 0.800. The performance was well maintained in, 1) 6-65 
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20 mm size subgroup (N=100), with a sensitivity of 1.000 and adjusted NPV of 66 

1.000 at 10% prevalence; 2) stage I malignancy (N=90), with a sensitivity of 0.971; 67 

3) different nodule types - solid nodules (N=78) with a sensitivity of 1.000 and 68 

adjusted NPV of 1.000, part-solid nodules (N=75) with a sensitivity of 0.947 and 69 

adjusted NPV of 0.983, and ground-glass nodules (N=67) with a sensitivity of 0.964 70 

and adjusted NPV of 0.989 at 10% prevalence. This methylation test, called 71 

PulmoSeek, outperformed PET-CT and two clinical prediction models (Mayo and 72 

Veterans Affairs) in discriminating malignant pulmonary nodules from benign ones. 73 

 74 

Conclusion. This study suggests that the blood-based DNA methylation model may 75 

provide a better test for classifying pulmonary nodules, which could help facilitate 76 

the accurate diagnosis of early-stage lung cancer from pulmonary nodule patients 77 

and guide clinical decisions. 78 

 79 

Funding The National Key Research and Development Program of China; Science 80 

and Technology Planning Project of Guangdong Province; The National Natural 81 

Science Foundation of China National. 82 

 83 

Introduction 84 
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Lung cancer is the leading cause of cancer-related mortality globally (1). It has been 85 

shown that the prognosis of lung cancer is highly correlated with the stage of the 86 

disease at diagnosis, with a 5-year overall survival rate decreasing dramatically from 87 

85% for stage IA to 6% for stage IV disease (2). This makes lung cancer screening 88 

a highly favorable strategy to save lives and related-medical costs. 89 

 90 

The National Lung Screening Trial (NLST) has demonstrated that lung cancer 91 

screening by low-dose CT (LDCT) reduces 20% mortality among current and former 92 

smokers of high lung cancer risk (>55 years old, >30 packs per year) which has led 93 

to a quick adoption of LDCT screening worldwide (3). Although LDCT does 94 

identify small nodules more effectively than conventional X-rays, this advantage 95 

comes with the challenge of distinguishing the small percentage of malignant 96 

nodules (~10-20%) from the majority of the detected nodules that are deemed benign 97 

(4). Clinical nodule assessment tools, such as Mayo Clinic and Veterans Affairs 98 

models, based on imaging parameters as well as other risk factors are widely used 99 

(5). However, the sensitivity of these tools are largely affected by nodule size and 100 

location. Suspected lung cancer lesions identified by LDCT can be further diagnosed 101 

via invasive approaches (e.g. bronchoscopy, transthoracic needle aspiration, and 102 

surgery); however, complications may emerge, including hemorrhage, infection, 103 

pneumothorax, and even death. To avoid high false-positive rate, the new Lung-104 
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RADS classification and guidelines set the detection of nodules of 6 mm as the 105 

threshold for positivity. Nevertheless, positive CT scans can still be indecisive 106 

clinically, particularly for the class of intermediate-risk nodules (usually range from 107 

6 to 20 mm in size, with a 5-65% probability of malignance as calculated by the 108 

clinical assessment tools) (6). 109 

 110 

Liquid biopsy has been considered as an easier and safer, more cost effective, and 111 

less invasive method for cancer diagnosis and monitoring. Most noninvasive early 112 

detection approaches depend on identification of tumor-derived nucleic acids or 113 

proteins present in blood. For example, a blood test of proteomic biomarkers - 114 

PANOPTIC has been developed (7). ctDNA is exquisitely specific for an 115 

individual’s tumor, therefore it can bypass the issue of false positivity encountered 116 

with other circulating biomarkers. Advancement in digital PCR and next-generation 117 

sequencing (NGS)-based technologies have drastically improved accuracy and 118 

sensitivity of ctDNA analysis in the detection of early-stage cancers (8). This fast-119 

developing field has drawn attention from international societies such as IASLC 120 

which advocats using liquid biopsy in the management of non-small cell lung cancer 121 

(NSCLC). 122 

 123 
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Results 129 

Clinical cohort. A total of 585 LDCT positive patients were enrolled from thoracic 130 

surgery departments of 14 clinical sites across 8 different provinces in China. The 131 

percentage of  malignancy based on pathological diagnosis from each province 132 

ranged from 75% to 88% (Supplemental Figure S1). Of which, 56 samples were 133 

excluded from analysis due to failed experimental QC, e.g. inadequate cfDNA 134 

amount extracted from plasmas. The remaining 529 patients’ plasma samples (116 135 

benign and 413 malignant) were used for DNA methylation profiling, model 136 

development and validation. An overview of the study design is shown in Figure 1 137 

and the demographic characteristics for the 529 patients are shown in Table 1.  138 

 139 

The 529 plasma samples were first split into a model development set and an 140 

independent validation set at 3:1 ratio. Furthermore, the model development set was 141 

divided into a training set (56 benign + 253 malignant) and a test set (20 benign + 142 

60 malignant) in a way that the distribution of malignancy, age and gender of the 143 

In this study, we conducted ctDNA methylation profiling, instead of somatic 

mutation detection, to develop and validate a blood-based pulmonary nodule 

diagnosis test. When combined with standard care, it provides a more accurate 

clinical measurement for pulmonary nodule management.
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test set matched to the training set, as shown in Figure 1C. The percentage of 144 

malignancy was 82% and 75% in the training and test set, respectively. The samples 145 

used for model development were primarily early-stage non–small cell lung cancer. 146 

Specifically, stage I + II cancers comprised of 94% or 98% from the total cancer 147 

patients in the training set and the test set, respectively. Benign and malignant 148 

samples were matched with respect to gender and smoking status (p>0.05). The 149 

average size of the nodules in the benign group is 15.8 mm [9.6-22.0 mm], which is 150 

statistically smaller (p<0.05) than that of the malignant group which is 16.4 mm [9.9-151 

22.9 mm]. A summary of nodule types and AJCC stage information is shown in 152 

Supplemental Table S2 and S3. 153 

 154 

Development and validation of the diagnosis model “PulmoSeek” for 155 

pulmonary nodule diagnosis. Methylation profiles of 309 plasma samples 156 

(Supplemental Table S1, training set) were analyzed using AnchorDx’s proprietary 157 

targeted methylation sequencing platform with a panel of 12,899 pre-selected lung 158 

cancer-specific methylation regions, corresponding to 105,844 CpG sites (9). A 159 

specific methylation signature was selected based on its performace of 160 

differentiating malignant from benign nodules. 161 

 162 
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The derived classification model, comprised of 500 methylation target regions 163 

(features) achieved an ROC-AUC of 0.823 [0.771-0.884] in the test set. Compared 164 

to the 500-feature model, the top 10 features within the model showed AUC values 165 

between 0.561-0.754 in the training set and 0.525-0.720 in the test set, demonstrating 166 

the necessity for building a multiple feature-based model (Supplemental Figure S2). 167 

For further downstream analysis, we annotated the selected 500 CpG features and 168 

performed a gene enrichment analysis. A total of 89 Gene Ontology (GO) categories 169 

were significantly enriched (Table S4). The enriched categories include tissue 170 

proliferation and differentiation such as “embryonic morphogenesis” (q-171 

value=10−9.3), cell fate commitment (q-value=10−4.7), stem cell proliferation (q-172 

value=10−4.6), and “epithelial tube morphogenesis” (q-value=10−3.0). In addition, 173 

transcriptional factor activity, such as “RNA polymerase II-specific DNA-binding 174 

transcription activator activity”, were also significantly enriched (q-value=10−7.5). 175 

This result suggested that specific epigenetic signaling responsible for cell 176 

differentiation/reprogramming might be essential for pulmonary nodule 177 

development.  178 

 179 

The performance of the model remained stable during a recursive feature elimination 180 

process: the smallest number of features that maintained an AUC within 1% of the 181 

0.829 was 20, with an AUC of 0.810 [0.783-0.850] in the test set (Supplemental 182 
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Figure S3). This indicates that a robust signature is maintained across different 183 

numbers of features selected.  184 

�185 

We then subsequent analyzed on a 100-feature model, named PulmoSeek, which had 186 

a high overall AUC of 0.829 [0.719-0.942], that yielded the highest sensitivity of 187 

0.933 [0.533-0.983] at a specificity of 0.600 [0.500-1.000] in the test set, 188 

corresponding to an accuracy of 0.850 [0.625-0.912] (Figure 2A and 2C, Table 2). 189 

The detailed information for each methylation feature of PulmoSeek was listed in 190 

Supplemental Table S5. Given excessive false-positives and over-diagnosis in 191 

LDCT screening, it is most desireable to prevent patients with benign nodules from 192 

unnecessary invasive procedures that can be achieved under the premise of a high 193 

true-positive rate. We assessed PulmoSeek’s performance with regard to its negative 194 

predictive value (NPV) and positive predictive value (PPV). In the current study 195 

cohort of 78% prevalence, the NPV was 0.750 [0.396-0.929] and the PPV was 0.875 196 

[0.852-1.000] in the test set (Table 2). The sensitivities of the top 20-, 50- and 500-197 

feature models were 0.800 [0.675-0.912], 0.800 [0.713-0.912] and 0.900 [0.517-198 

0.967] respectively, as shown in Supplemental Table S6.  199 

 200 

We then used an independent cohort of 140 patient plasma samples (40 benign and 201 

100 malignant, Supplemental Table S2, validation set) to further evaluate the 202 
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performance of PulmoSeek. PulmoSeek achieved an AUC of 0.843 [0.769–0.918] 203 

(Figure 2A and 2D) with sensitivity of 0.990 [0.610-1.000] at specificity of 0.325 204 

[0.200-0.875], and an overall accuracy of 0.800 [0.657-0.871]. The NPV was 0.929 205 

[0.444-1.000] and the PPV was 0.786 [0.758-0.938]. In an intended-use population 206 

with a prevalence of malignanat nodule at 10% (10), the NPV was calculated as 207 

0.997 [0.947-1.000] (Table 2). We further splitted the validation cohort into three 208 

sub-cohorts from high to low prevalences. We found that the NPV increased from 209 

0.790 [0.370-1.000] to 1.000 [1.000-1.000] when the sub-cohort prevalence 210 

decreased from 79% to 23%  (Supplemental Table S7).  211 

 212 

The performance of PulmoSeek in patients with nodules of different histological 213 

types was further explored. Robust sensitivity for different subtypes, including 214 

minimally invasive adenocarcinoma (MIA, 95.2%), invasive adenocarcinoma (IA, 215 

98.2%) and squamous cell carcinoma (SCC, 90.0%) were observed (Supplemental 216 

Table S8). 217 

 218 

We also compared the performance of PulmoSeek to two clinical assessment models  219 

- the Mayo Clinic and Veterans Affairs models that are based on clinical information 220 

and radiological characteristics, including nodule size and location among others. In 221 

the validation set, PulmoSeek outperformed both of the clinical models with an AUC 222 
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of 0.843 [0.769-0.918] vs. AUC of 0.591 [0.482-0.688] for the Mayo Clinic model 223 

and 0.544 [0.442-0.640] for the VA model (Figure 2B) 224 

 225 

Classification accuracy of the model in very early-stage lung cancers. Very 226 

early-stage cancer (TNM Stage I) poses the greatest challenge for cancer diagnosis 227 

using a liquid biopsy (11). We tested PulmoSeek in different Stage I sub-stages in 228 

the validation cohort: it achieved sensitivities of 0.941 and 1.00 in Stage IA (N=85) 229 

and Stage IB (N=5), more specifically,  0.864, 0.950 and 1.000 in Stage IA1 (N=22), 230 

IA2 (N=40) and IA3 (N=23), respectively (Figure 3A and B). In the combined test 231 

and validation set, PulmoSeek detected malignancies with sensitivity of 0.971 232 

[0.942-0.993] for Stage 0-I and 0.875 [0.625-1.000] for later stage cancers 233 

(Supplemental Figure S4A). The decreased sensitivity in late stage cancers could be 234 

due to the limited number of late-stage samples (N=8) which is not statistically 235 

significant (P=0.248). Besides, the differences in performance for PumoSeek in 236 

different groups were also calculated and we observed no significant difference 237 

between each group (Supplemental Figure S4B and S4C). Taken together, these 238 

results validated the accuracy of PulmoSeek, especially in detecting very early-stage 239 

lung cancers. 240 

 241 
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PulmoSeek outperformed clinical prediction models and conventional cancer 242 

biomarkers tests in indeterminate nodules. Diagnosis of indeterminate pulmonary 243 

nodules (IPN, nodules ranging between 6-20 mm in size) is challenging for 244 

clinicians due to the lack of well-specified optimal action strategies (12). The 6-20 245 

mm size nodules comprised about 70% of the test set (56 of 80) and the independent 246 

validation set (100 of 140) in this study (Supplemental Table S9). PulmoSeek 247 

achieved an AUC of 0.762 [0.610-0.913],  sensitivity of 0.905 [0.429-0.976] and  248 

specificity of 0.500 [0.286-1.000] in the test set (Figure 4A and 4B, Table 2). In the 249 

independent validation set, PulmoSeek achieved an AUC of 0.844 [0.759-0.932],  250 

sensitivity of 1.000 [0.577-1.000],  specificity of 0.300 [0.172-0.931] (Figure 4A 251 

and 4D, Table 2 and Supplemental Table S10). For nodules above 20 mm (N=59), 252 

PulmoSeek had an AUC of 0.860 [0.740-0.964] with  sensitivity of 0.977 [0.628-253 

1.000] and specificity of 0.562 [0.375-0.938] (Supplemental Figures S5). 254 

 255 

When compared to the Mayo Clinic and Veterans Affairs models, PulmoSeek 256 

outperformed both clinical models in the validation set in which an AUC of 0.602 257 

[0.482-0.719] was obtained with the Mayo Clinic model and an AUC of 0.512 258 

[0.402-0.633] was obtained with the Veterans Affairs model (Figure 4C).  259 

 260 
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Consistent with previous studies, conventional cancer biomarkers like 261 

carcinoembryonic antigen (CEA), cancer antigen 125 (CA-125) and cancer antigen 262 

135 (CA-135) alone failed to effectively identify malignant nodules in our cohort 263 

(13). The corresponding sensitivity of CEA, CA-125 and CA-135 was only 0.010, 264 

0.030 and 0.030, respectively, as compared to sensitivity of 0.950 by using 265 

PulmoSeek (Supplemental Figure S6).  266 

 267 

PulmoSeek outperformed PET-CT in different nodule types, including ground-268 

glass nodule (GGN). Positron emission tomography/computed tomography (PET-269 

CT) is known to be more accurate than CT alone for characterizing solid-type 270 

pulmonary nodules, resulting in fewer equivocal findings (14). Thus, low to 271 

intermediate risk nodules are usually recommended to be further evaluated by PET-272 

CT. However, PET-CT performance drops significantly for sub-solid nodules (part-273 

solid and GGN). We assessed the performance of PulmoSeek in comparison to PET-274 

CT on the participants with established PET-CT records in our independent 275 

validation set. The accuracy of te PulmoSeek was significantly higher than PET-CT: 276 

It correctly classified 8 out of 10 patients in the solid nodule subgroup, 9 out of 11 277 

in the part-solid nodule subgroup and 5 out of 5 in the ground-glass nodule subgroup; 278 

while PET-CT correctly classified 6 out of 10 patients in the solid nodule subgroup, 279 

7 out of 11 in the part-solid nodule subgroup and 0 out of 5 in the ground-glass 280 
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nodule subgroup (Figure 5). This performance was maintained across all nodule 281 

types in the combined test and independent validation sets: the model demonstrated 282 

a sensitivity of 1.000 [0.702-1.000]  in the solid subgroup (N=78), 0.947 [0.509-283 

1.000] in the part-solid subgroup (N=75) and 0.964 [0.518-1.000] in the GGN 284 

subgroup (N=67) (Supplemental Figure S7). 285 

 286 

A strategy of integrating liquid biopsy-based ctDNA and protein marker analysis 287 

followed by PET-CT imaging for cancer screening has been proposed (15). We tried 288 

to assess this strategy in our cohort by testing the performance of PET-CT on the 289 

malignant nodules identified by our methylation model. In both solid and part-solid 290 

nodule groups, integration of PET-CT did not reduce false-positive rate.  Rather, it 291 

introduced a significant number of false-negatives: in solid nodules, PulmoSeek had 292 

a false-positive rate of 14.2% (2 out of 14 misclassified) while integration of PET-293 

CT resulted in a false-positive rate of 16.2% (2 out of 12) and a false-negative rate 294 

of 100% (2 out of 2); In all nodules, PulmoSeek had a false-positive rate of 14.8% 295 

(4 out of 27 misclassified) while integration of PET-CT had a false-positive rate of 296 

11.7% (2 out of 17) and a false-negative rate of 80% (8 out of 10) (Supplemental 297 

Table S11).  298 

 299 

Discussion 300 
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In this study, we analyzed ctDNA methylation profiles in 529 pulmonary nodule 301 

patients from 14 hospitals in China, and developed and validated a model called 302 

PulmoSeek for pulmonary nodule diagnosis. Notably, PulmoSeek demonstrated 303 

high sensitivity and NPV at a moderate specificity across different lesion locations, 304 

nodule types and stages of lung cancer. To the best of our knowledge, this is the 305 

largest retrospective study so far to validate a blood-based methylation model for 306 

lung nodule diagnosis. 307 

 308 

Most recently, a prospective, interventional study of more than 10,000 women using 309 

a multi-omics blood test coupled with PET-CT imaging demonstrated its clinical 310 

potential for early cancer screening (15). However, this strategy may not apply to 311 

lung cancer screening efficiently� 1) using a sequencing-based method for initial 312 

screening can be costly and throughput-limited; 2) a ctDNA somatic mutation assay 313 

may yield high number of false positives that would need a PET-CT to filter out; 314 

however, it is reported that PET-CT performs sub-optimally in characterizing sub-315 

solid nodules.  316 

 317 

Our study demonstrated a potential new diagnosis work-up of LDCT followed by a 318 

blood-based test as a less invasive and cost-effective strategy to identify early-stage 319 

lung cancer. The cost-effectiveness advantage is significant: chest LDCT costs less 320 
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than $50 (in China) and the process only takes a few minutes (16). This is clinically 321 

critical because in the United States, there is a well-documented high rate of 322 

pulmonary nodules (17). Similarly, in China, it is estimated that over 100M people 323 

live with lung nodules and the number is growing quickly each year (18). LDCT 324 

screening has already been widely adopted as a major tool for lung cancer screening. 325 

We believe that a strategy of coupling LDCT with PulmoSeek is more practical and 326 

suited for population-based lung cancer screening. 327 

 328 

It has been shown that in the National Lung Screening Trial (NLST) study, all 329 

enrolled patients had pulmonary nodules ≥4 mm in diameter and the false positive 330 

rate was over 96.4% after 3 rounds of LDCT screening (6). This is particularly 331 

impactful for nodules between 6-20 mm, i.e. indeterminate nodules (pCA 5-65%), 332 

which account for the majority of the nodules identified by LDCT (50-76%) and 333 

where the risk of malignancy is hard to determine with current clinical risk 334 

assessment models (19). Current guidelines suggest further evaluation with PET-CT 335 

scan, endobronchial ultrasound guided transbronchial forceps biopsy (EBUS-TBB) 336 

or transthoracic needle aspiration (TTNA). Integrated PET-CT imaging shows good 337 

sensitivity (~88%) and specificity (~75%). However, this performance is limited to 338 

solid nodules and there are still possibilities of false-positives (e.g. granulomatous 339 

disease) and false-negatives (e.g. carcinoid). It has been reported that the sensitivity 340 
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of PET-CT dropped to 50% in part-solid nodules and even lower than 20% in GGN 341 

nodules (20); the performance of EBUS-TBB on peripheral pulmonary nodules is 342 

largely dependent on nodule size: the diagnostic sensitivity is significantly higher 343 

for nodules of >20 mm than for those ≤20 mm (~50% sensitivity), with only 35% 344 

sensitivity for nodules between 5-10 mm in diameter (21). The EBUS-TBB 345 

procedure is also expertise dependent. TTNA has a 1% risk of hemorrhage and less 346 

patient compliance (22). Despite of the high medical costs associated with those 347 

three approaches, clinicians can still be left uncertain in management decisions, 348 

leading to potentially overdiagnosis and/or overtreatment. To fulfill the unmet 349 

clinical and economical needs, it calls for an alternative/complementary, 350 

noninvasive approach for nodule management: at one end, prompt necessary 351 

treatment when the nodule is in the early stages of lung cancer and at another end, 352 

minimize testing when the nodule is deemed benign.�353 

 354 

PulmoSeek provides a potential solution to meet all of the above needs: this blood-355 

based assay was developed on a group of pathology confirmed nodules mostly at 356 

early stages (Stage I+II, 92%) from thoracic departments and with a high prevalence 357 

of lung cancer (78%). In the current study, PulmoSeek achieved an AUC of 0.843,  358 

high sensitivity of 0.990 and  NPV of 0.929 in the independent validation set. It 359 

outperformed current clinical assessment models (23). Ultimately, a rule-out test is 360 
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likely to be most clinically beneficial in the group of a lower prevalence of lung 361 

cancer: doctors would have a reliable test to rule out the “true negatives” and 362 

effectively reduce the “uncertain cases” so to avoid over-treatment. When adjusted 363 

to an average prevalence of 10%, the model had a very high NPV of 0.997 with  364 

specificity over 40%. This suggests that PulmoSeek alone could reduce more than 365 

40% of unnecessary invasive procedures on benign nodules with less than 0.3% false 366 

negative rate. The superior NPV and sensitivity of PulmoSeek compare favorably to 367 

other published rule-out models to date, of which the NPV range between 85-98% 368 

(depending on the prevalence) and sensitivity between 85-97% (24-27). Those 369 

models are usually used in combination with clinical parameters like age, smoking 370 

status, nodule size/location and classic cancer biomarkers (e.g. CEA).  371 

 372 

PulmoSeek demonstrated a robust performance in very early stages of lung cancer 373 

(Stage 0 and I). The slightly lower sensitivity observed in the later stage cancers 374 

(87.5%) was due to misclassification of 1 out of the 8 late-stage samples. This 375 

misclassified sample is a part-solid nodule of smaller nodule size (11mm), the 376 

subgroup PulmoSeek showed a relatively lower performance in the current study. 377 

We further tested with another independent cohort (N=12) of late stage nodule 378 

samples and PulmoSeek correctly identified all of them (Liang et al., unpublished 379 
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observations). Nevertheless, a larger number of cohort is required to further validate 380 

performane of PulmoSeek in late stage cancers.  381 

 382 

In addition, PulmoSeek is accurate in diagnosing 6-20 mm indeterminate pulmonary 383 

nodules and sub-solid nodules (part-solid and GGN nodules), unlike other tests that 384 

are limited to solid nodules. We are currently combining PulmoSeek with LDCT 385 

image AI to further augment the overall diagnostic performance (Liang et al., 386 

unpublished observations). 387 

 388 

To gauge the potential clinical utility, a trade-off value was calculated as following: 389 

specificity/(1 - sensitivity) ≥ (prevalence/1 - prevalence) × harm/benefit, where the 390 

harm/benefit ratio is the net harm of a false-negative test to the net benefit of a true- 391 

negative test (28)); PulmoSeek produced a harm/benefit value of 292.5 (e.g. 292.5 392 

true-negative results accompanied with one false-negative result) in the intended-393 

use population (10% prevalence). These results suggest that the trade-off is 394 

acceptable and warrant a future clinical utility study. As a matter of fact, a large 395 

prospective clinical validation study - The Thunder Project – has started in 2018 396 

aiming to enroll more than 10,000 patients across 23 top hospitals in China 397 

(NCT03651986) (29). As of January, 2021, over 9,500 patients have already been 398 

enrolled (Zhong et al., unpublished observations).  399 
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 400 

In summary, we have developed and validated a ctDNA methylation assay for 401 

diagnosis of malignant and benign pulmonary nodules. It showed superior 402 

performance as compared to existing clinical procedures. Coupled with LDCT, it 403 

could become a robust tool for pulmonary nodule management and lung cancer 404 

screening.   405 

 406 

Methods 407 

Study design and participants. We performed a multicenter, retrospective diagnostic 408 

study using plasma samples collected from 14 hospitals’ thoracic departments in 409 

China. 585 patients with malignant and benign pulmonary nodules were enrolled 410 

from May 2017 to Feburary 2019. The participating hospitals were the First 411 

Affiliated Hospital of Guangzhou Medical University, Xiangya Second Hospital of 412 

Central South University, The First Affiliated Hospital of Sun Yat-sen University, 413 

Shenzhen People's Hospital, Southern Hospital of Southern Medical University, 414 

Jiangsu Provincial People's Hospital, West China Hospital of Sichuan University, 415 

Xuanwu Hospital of Capital Medical University, Beijing Cancer Hospital, Qilu 416 

Hospital of Shandong University, The Second Affiliated Hospital of Nanhua 417 

University, Thoracic hospital of Anhui Province, Xiangya Hospital of Central South 418 

University, The Fourth Affiliated Hospital of Harbin Medical University.  419 
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 420 

Adult patients of 18 years old or older were included with the following criteria: 421 

either sex, single pulmonary nodules detected by standard- or low-dose CT screening 422 

with nodule size between 5 to 30 mm, nodule types of solid nodules (SN), part-solid 423 

nodules (mixed ground-glass nodules, mGGN) and pure ground-glass nodules 424 

(pGGN). Exclusion criteria included pregnant or lactating females, patients with 2 425 

or more nodules with lesion size  ≥5 mm, patients with metastasis symptoms like 426 

pleural effusion or mediastinal lymph node’s shorter diameter >10 mm, patients 427 

without confirmed pathological diagnosis after surgery, or patients with cancer 428 

confirmed pathologically within 2 years prior to enrollment (except for 429 

nonmelanoma skin cancer). All patients underwent pathological examination and the 430 

detailed deidentified clinical information including demographics, LDCT imaging 431 

reports and pathology reports were transferred to the investigators.  432 

 433 

Procedures. All blood samples were collected in Streck cell-free DNA BCT tubes 434 

(Streck, Inc. Cat# 218962) according to manufacturer’s instructions and shipped to 435 

AnchorDx’s certified molecular diagnosis laboratory. Plasma was separated 436 

immediatedly from the whole blood samples upon receiving, using standard protocol 437 

described previously (9) and stored at -80 degree until use. Repeated freezing and 438 

thawing of plasma was avoided to prevent cfDNA degradation and genomic DNA 439 
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contamination from white blood cells (WBC). cfDNA was isolated by the Thermo 440 

MagMAX™ Cell‑Free DNA Kit (Thermo Fisher Scientific, Cat# A29319) 441 

according to the manufacturer’s protocol. The concentration of cfDNA was 442 

measured by Qubit™ dsDNA HS Assay Kit (Thermo Fisher Scientific, Cat# Q32854) 443 

and the quality was examined using the Agilent High Sensitivity DNA Kit (Cat# 444 

5067-4626).  445 

 446 

Full details of sample preparation and targeted cfDNA methylation sequencing were 447 

described previously (9). In brief, bisulfite conversion was performed using the EZ 448 

DNA Methylation-Lightning Kit (Cat# D5031, Zymo Research) according to the 449 

manufacturer’s protocol. Targeted genome methylation analysis was conducted 450 

using a proprietary AnchorIRIS technology on 10 ng input cfDNA. AnchorIRISTM 451 

pre-library construction was carried out using AnchorDx EpiVisioTM Methylation 452 

Library Prep Kit (AnchorDx, Cat# A0UX00019) and AnchorDx EpiVisioTM 453 

Indexing PCR Kit (AnchorDx, Cat# A2DX00025). The amplified pre-hybridization 454 

libraries were subsequently purified using the IPB1 Magnetic Beads and the 455 

concentration was determined using the Qubit™ dsDNA HS Assay Kit. Pre-456 

hybridization libraries containing more than 400 ng DNA were considered qualified 457 

for target enrichment. Next, target enrichment was performed using AnchorDx 458 

EpiVisioTM Target Enrichment Kit (AnchorDx, Cat# A0UX00031). A custom-made 459 
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lung cancer methylation panel (see below), which consists of 12,899 pre-selected 460 

regions enriched for lung cancer specific methylations was used for this study.  461 

 462 

After probe hybridization, specific portions of the DNA libraries bound with 463 

biotinylated probes were pulled down using the Dynabeads M270 streptavidin beads 464 

(Thermo Fisher Scientific, Cat# 65306). These enriched libraries were further 465 

amplified with P5 and P7 primers by the KAPA HiFi HotStart Ready Mix (KAPA 466 

Biosystems, Cat# KK2602) and PCR product was then purified with Agencourt 467 

AMPure XP Magnetic Beads (Beckman Coulter, Cat# A63882). The resulted 468 

libraries were sequenced on the NovaSeq 6000 system (Illumina Inc.). 469 

 470 

Lung cancer-specific methylation panel development. Early stage lung cancer 471 

methylation profiles were generated by targeted bisulfite sequencing - DNA 472 

extracted from a total of 232 tissue samples, including 133 benign pulmonary nodule 473 

samples (inflammation, granulomas, tuberculosis, fungal infection, hamartomas and 474 

sclerosing hemangioma) and 99 malignant pulmonary nodules (invasive 475 

adenocarcinoma, minimal invasisve adenocarcinoma, adenocarcinoma in situ, 476 

squamous cell lung cancer), were analyzed by the TruSeq Methyl Capture EPIC 477 

Library Kit (Illumina, Cat# FC-151-1002). Differentially methylated CpG sites were 478 

discovered using R package DSS version 2.14.0 (30). By using a filtering criteria of 479 
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p<0.001 and delta (i.e. group difference) >0.02, hypermethylated and 480 

hypomethylated sites were identified. Together with the lung cancer-specific DNA 481 

methylation markers discovered from The Cancer Genome Atlas (TCGA) database, 482 

we developed a targeted methylation panel consisting of 12,899 lung cancer 483 

associated informative methylation regions, covering 105,844 CpG sites. 484 

 485 

Sequencing data analysis. Sequencing data were processed as previously reported  486 

[9]. Briefly, the sequencing quality was evaluated by the Illumina Sequencing 487 

Analysis Viewer and the FastQC software (Babraham Bioinformatics, Cambridge, 488 

UK). Sequencing adapters and 3’-low quality bases were trimmed from raw 489 

sequencing reads using a custom algorithm and then aligned to C->T in silico 490 

converted hg19 reference genome, using Bismark version 0.17.0 (Bowtie2 as the 491 

default aligner behind Bismark).  Aligned reads were then evaluated by Picard 492 

version 2.5.0 for metrics that measured the performance of target-capture based 493 

bisulfite sequencing assays (http://broadinstitute.github.io/picard).The biases of 494 

specific motifs or GC enriched regions were excluded. After the preliminary analysis, 495 

we calculated the average coverage as well as the missing rate for each CpG site. 496 

The CpG sites with coverage less than 30X and/or with missing rate >0.20 were 497 

filtered out.  498 

 499 
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Differential methylation signature analysis. Differential methylation (DM) analysis 500 

was performed on the training cohort of lung cancer patients and controls using R 501 

package DSS version 2.14.0 (30). Differentially methylated CpG sites were 502 

identified by comparing malignant to benign samples (p<0.001, delta>0.02), and 503 

further assembled into differentially methylated regions (DMRs). Targeted regions 504 

of the capture panel covered by DMRs (at least 50% bases of a target region covered) 505 

were selected as candidate features to build classification models of 506 

malignant/benign state.  507 

 508 

Deep learning based benign-malignant prediction modeling. Methylation features 509 

were selected by calculating the co-methylated reads (reads having at least 3 510 

methylated CpGs within a sliding window of 5 CpGs or at least 2 methylated CpGs 511 

within a sliding window of 3 CpGs) ratios within the DMRs (9). Then, in light of 512 

the heuristic nature of various methylation metrics such as co-methylation and 513 

epiallele (31), an autoencoder (AE) neural network (32) was applied to further 514 

construct the representative methylation features. The AE is a type of unsupervised 515 

neural network with wide applications particularly in image processing. A general 516 

autoencoder architecture was shown in Supplemental Figure S8. We took advantage 517 

of it when analyzing methylation sequencing data to convert intractable high 518 
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dimensional sequencing reads into lower dimensional numerical representative 519 

features (31).  520 

 521 

In our model, the input matrix X represented each DMR and the hidden vector h was 522 

the low dimensional representative feature of the DMR methylation status after 523 

training. The encoder was implemented by ResNet model based convolutional 524 

neural network model (33). For the decoder, to reconstruct the region from h, 525 

deconvolutional layers, composing of the reverse operations of the convolutional 526 

layers in the encoder, were implemented (34). The whole model was further 527 

optimized by the Adam algorithm (35).  528 

 529 

We then built a gradient boosted trees-based classifier with Scikit-Learn LightGBM 530 

using the AE-based methylation features. During the training process, we tuned the 531 

number of trees, maximum tree depth and the number of leaves used by the 532 

lightGBM model, as these were major parameters to overcome the overfitting 533 

problem. The learning rate and other parameters were kept at its default values. The 534 

number of leaves was set up between 3-20, depth of trees between 3-10 and up to 535 

1,000 for each model.  536 

 537 
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Comparison to Mayo Clinic and Veterans Affairs models. The Mayo Clinic model 538 

for malignancy in pulmonary nodules calculated the malignancy probability as a 539 

function of 3 clinical and 3 radiographic variables (36): 540 

Probability of malignancy = ex/(1+ex) 541 

x = -6.8272 + (0.0391 × age) + (0.7917 × smoking) + (1.3388 × cancer) + (0.1274 × Nodule diameter) + 542 
(1.0407 × spiculation) + (0.7838 × upper lobe) 543 

 544 

The Veterans Affairs model for malignancy in pulmonary nodules calculated the 545 

malignancy probability as a function of 3 clinical and 1 radiographic variable (37): 546 

Probability of malignancy = 100 * [e(Logx) / (1 + e(Logx))] 547 

x = −8.404 +2.061 * Smoke + 0.779 * Age / 10 + 0.112 * Diameter + 0.567 * Yearsquit/10, where smoke is 1 if a 548 

current or former smoker (otherwise 0), Age/10 is age in years divided by 10, Diameter is the largest diameter of the 549 

nodule in millimeters, and yearsquit/10 is the number of years since quitting smoking divided by 10. 550 

 551 

Gene set enrichment analysis. We performed gene set enrichment analysis using the 552 

R-package Metascape (38). 553 

 554 

Statistics. Statistical analysis was performed as described in each corresponding 555 

figure legend, and sample sizes are given in each corresponding figure legend. 556 

Categorical variables including gender, nodule subtypes etc., were compared using 557 

Fisher’s exact test. Sensitivities of different AJCC stages for malignant nodules were 558 

also compared with Fisher’s exact test. Continuous variables like age were compared 559 
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using Student’s T test. 95% confidence intervals were calculated based on 2,000 560 

bootstrap resamplings of the classification results. The sensitivity, specificity, 561 

accuracy, PPV, and NPV of PulmoSeek and other models in detecting malignant 562 

nodules were obtained by comparison to pathological outcomes. The receiver 563 

operating characteristic curves (ROCs) were obtained using the pROC R package 564 

(version 1.15.3). The positive and negative classifications of PulmoSeek were 565 

determined by the cutoff value (0.960) using the Youden’s Index, while positive and 566 

negative values for CEA, CA-125 and CA-135 were determined by the clinical 567 

report. Unless otherwise specified, all statistical tests were two-sided. False 568 

discovery rate (FDR, Benjamini-Hochberg method) correction was used for multiple 569 

test correction. All statistical analysis was performed with R software, version 3.32. 570 

 571 

Study approval. This study was approved by the institutional review boards (IRB) at 572 

the hospitals involved. Written consent has been obtained from each participant. 573 
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685 

Figure Legends 686 

Figure 1 Study flow of participants in the study. Total 585 enrolled; 30 excluded 687 

due to limited cfDNA extracted (<5ng) and 26 excluded due to failing sequencing 688 

QC; The model was developed, tested on 389 samples and validated independently 689 

on 140 samples; The model was further validated on 100 indeterminate nodules (6-690 

20 mm sizes) in the validation set. 691 

692 

Figure 2 PulmoSeek performance compared to Mayo Clinic/VA model in all 693 

nodule sizes. A representative receiver operating curve (ROC) displays the 694 

classification performance of PulmoSeek (A) In the test set, the area under the curve 695 

(AUC) was 0.83 [0.72-0.94]; In the validation set, the AUC was 0.84 [0.77–0.92] 696 

(B) In the validation set, the AUC of Mayo Clinic classifier was 0.59 [0.48-0.69]697 

and the AUC of Veteran’s Affairs(VA) classifier was 0.54 [0.44-0.64]. (C) 698 

Confusion matrices for PulmoSeek comparing the true class with the predicted class 699 

for benign (n=20) and malignant (n=60) nodule samples, and distribution of 700 

PulmoSeek scores (range, 0 to 1) in the test set. (D) Confusion matrices for 701 
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PulmoSeek comparing the true class with the predicted class for benign (n=40) and 702 

malignant (n=100) nodule samples, and distribution of PulmoSeek scores (range, 0 703 

to 1) in the validation set. 704 

 705 

Figure 3 PulmoSeek performance in early-stage lung cancer. In the independent 706 

validation set (A) PulmoSeek performance in early-stage cancer: sensitivity is 100% 707 

in Stage 0 (n=2), 94.1% in Stage IA (n=85) and 100% in Stage 1B (n=5) (B) 708 

PulmoSeek performance in Stage IA sub-stages: sensitivity is 86.4% in Stage IA1 709 

(n=22), 95.0% in Stage IA2 (n=40) and 100% in Stage 1A3 (n=23). 710 

 711 

Figure 4 PulmoSeek performance compared to Mayo Clinic/VA model in 6-712 

20mm nodule sizes. A representative receiver operating curve (ROC) displays the 713 

classification performance of PulmoSeek (A) In the test set, the AUC was 0.76 714 

[0.61–0.91]; In the validation set, the AUC was 0.84 [0.76-0.93] (B) In the validation 715 

set, the AUC of Mayo Clinic classifier was 0.60 [0.48-0.72] and the AUC of VA 716 

classifier was 0.51 [0.40-0.63] (C) Confusion matrices for PulmoSeek comparing 717 

the true class with the predicted class for benign (n=14) and malignant (n=43) nodule 718 

samples, and distribution of PulmoSeek scores (range, 0 to 1) in the test set. (D) 719 

Confusion matrices for PulmoSeek comparing the true class with the predicted class 720 
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for benign (n=30) and malignant (n=73) nodule samples, and distribution of 721 

PulmoSeek scores (range, 0 to 1) in the validation set. 722 

 723 

Figure 5 PulmoSeek performance in different nodule types and comparison to 724 

PET-CT. In the independent validation set samples with PET-CT records, the 725 

diagnosis result for each patient using PulmoSeek (box shape) and PET-CT 726 

(diamond shape) was shown. The green color indicated the sample was diagnosed 727 

correctly and the red color incorrectly. The PulmoSeek correctly identified 8 out 10 728 

patients in the solid nodule subgroup, 9 out of 11 in the part-solid nodule subgroup 729 

and 5 out of 5 in the ground-glass nodule subgroup. The PET-CT correctly identified 730 

6 out 10 patients in the solid nodule subgroup, 7 out of 11 in the part-solid nodule 731 

subgroup and 0 out of 5 in the ground-glass nodule subgroup. 732 

 733 



Figure 1 Study flow of participants in the study. Total 585 enrolled; 30 excluded due to limited cfDNA extracted (<5ng) and 26 excluded due to failing
sequencing QC; The model was developed, tested on 389 samples and validated independently on 140 samples; The model was further validated on 100
indeterminate nodules (6-20 mm sizes) in the validation set.
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Figure 2 PulmoSeek performance compared to Mayo clinic/VA model in all nodule sizes. A representative receiver
operating curve (ROC) displays the classification performance of PulmoSeek (A) In the test set, the area under the curve (AUC)
was 0.83 [0.72-0.94]; In the validation set, the AUC was 0.84 [0.77–0.92] (B) In the validation set, the AUC of Mayo Clinic
classifier was 0.59 [0.48-0.69] and the AUC of Veteran’s Affairs(VA) classifier was 0.54 [0.44-0.64]. (C) Confusion matrices for
PulmoSeek comparing the true class with the predicted class for benign (n=20) and malignant (n=60) nodule samples, and
distribution of PulmoSeek scores (range, 0 to 1) in the test set. (D) Confusion matrices for PulmoSeek comparing the true class
with the predicted class for benign (n=40) and malignant (n=100) nodule samples, and distribution of PulmoSeek scores (range, 0
to 1) in the validation set.
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Figure 3 PulmoSeek performance in early-stage lung cancer. In the independent validation set (A) PulmoSeek performance
in early-stage cancer: sensitivity is 100% in Stage 0 (n=2), 94.1% in Stage IA (n=85) and 100% in Stage 1B (n=5) (B)
PulmoSeek performance in Stage IA sub-stages: sensitivity is 86.4% in Stage IA1 (n=22), 95.0% in Stage IA2 (n=40) and 100%
in Stage 1A3 (n=23).
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Figure 4 PulmoSeek performance compared to Mayo clinic/VA model in 6-20mm nodule sizes. A representative receiver
operating curve (ROC) displays the classification performance of PulmoSeek (A) In the test set, the AUC was 0.76 [0.61–0.91];
In the validation set, the AUC was 0.84 [0.76-0.93] (B) In the validation set, the AUC of Mayo Clinic classifier was 0.60 [0.48-
0.72] and the AUC of VA classifier was 0.51 [0.40-0.63] (C) Confusion matrices for PulmoSeek comparing the true class with the
predicted class for benign (n=14) and malignant (n=43) nodule samples, and distribution of PulmoSeek scores (range, 0 to 1) in
the test set. (D) Confusion matrices for PulmoSeek comparing the true class with the predicted class for benign (n=30) and
malignant (n=73) nodule samples, and distribution of PulmoSeek scores (range, 0 to 1) in the validation set.
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Figure 5 PulmoSeek performance in different nodule types and comparison to PET-CT. In the independent validation set
samples with PET-CT records, the diagnosis result for each patient using PulmoSeek (box shape) and PET-CT (diamond shape)
was shown. The green color indicated the sample was diagnosed correctly and the red color incorrectly. The PulmoSeek correctly
identified 8 out 10 patients in the solid nodule subgroup, 9 out of 11 in the part-solid nodule subgroup and 5 out of 5 in the ground-
glass nodule subgroup. The PET-CT correctly identified 6 out 10 patients in the solid nodule subgroup, 7 out of 11 in the part-solid
nodule subgroup and 0 out of 5 in the ground-glass nodule subgroup.
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Table 1 Demographic and clinical characteristics of study participants

Characteristics
Subjects
Age - yr 55.8 (23 - 85)
Gender – no.

Male 249
Female 280

Smoking history Status – no.
Never 387
Former 67
Current 75
No data 0

Pack-year 7.69 (0–200)
Nodules
Size – no.

< 5 mm 0
5 – 20 mm 365
20 – 30 mm 157
>30 mm 0
No data 7

Location – no.
Upper lobe 322
Lower lobe 207

Histopathology
Benign diagnosis – no.

Granuloma 56
Hamartoma 12
Other 48

Cancer diagnosis – no.
Small-cell 1
Non-small cell 412

Adenocarcinoma 381
Squamous cell 17
Large cell 0
Others 14
Unknown 0



Table 2 PulmoSeek performance metrics
All Nodule Sizes

PulmoSeek Mayo Clinical Model
Test Set
(N=80)

Validation Set
(N=140)

Test and Validation Set
(N=220)

Validation Set
(N=140)

Accuracy (95%CI) 0.850 (0.625-0.912) 0.800 (0.657-0.871) 0.818 (0.664-0.868) 0.357 (0.307-0.407)

Sensitivity (95%CI) 0.933 (0.533-0.983) 0.990 (0.610-1.000) 0.969 (0.594-0.994) 0.130 (0.070-0.200)

Specificity (95%CI) 0.600 (0.500-1.000) 0.325 (0.200-0.875) 0.417 (0.350-0.900) 0.925 (0.850-1.000)

Positive predictive value (95%CI)* 0.875 (0.852-1.000) 0.786 (0.758-0.938) 0.816 (0.799-0.947) 0.812 (0.600-1.000)

Negative predictive value (95%CI)* 0.750 (0.396-0.929) 0.929 (0.444-1.000) 0.833 (0.437-0.944) 0.298 (0.273-0.322)

Positive predictive value (95%CI)
&

0.206 (0.176-1.000) 0.140 (0.122-0.403) 0.156 (0.142-0.425) 0.161 (0.063-1.000)

Negative predictive value (95%CI)
&

0.988 (0.946-0.997) 0.997 (0.947-1.000) 0.992 (0.949-0.998) 0.905 (0.894-0.915)

* Cancer prevalence = 78%, in the current cohort
& Cancer prevalence = 10%, reported in an intended-use population

6-20mm Nodule Sizes
PulmoSeek Mayo Clinical Model

Test Set
(N=56)

Validation Set
(N=100)

Test and Validation Set
(N=156)

Validation Set
(N=100)

Accuracy (95%CI) 0.804 (0.536-0.875) 0.800 (0.640-0.870) 0.801 (0.628-0.840) 0.300 (0.290-0.320)

Sensitivity (95%CI) 0.905 (0.429-0.976) 1.000 (0.577-1.000) 0.965 (0.540-0.991) 0.014 (0.000-0.042)

Specificity (95%CI) 0.500 (0.286-1.000) 0.300 (0.172-0.931) 0.372 (0.256-0.930) 1.000 (1.000-1.000)

Positive predictive value (95%CI)* 0.844 (0.783-1.000) 0.780 (0.747-0.954) 0.801 (0.773-0.955) 1.000 (1.000-1.000)

Negative predictive value (95%CI)* 0.636 (0.318-0.857) 1.000 (0.436-1.000) 0.800 (0.411-0.923) 0.293 (0.290-0.299) 

Positive predictive value (95%CI)
&

0.167 (0.118-1.000) 0.139 (0.118-0.484) 0.146 (0.126-0.474) 1.000 (1.000-1.000)

Negative predictive value (95%CI)
&

0.979 (0.926-0.994) 1.000 (0.945-1.000) 0.990 (0.943-0.996) 0.901 (0.900-0.904)


