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Abstract

The humoral immune system plays a significant role in the immune response to cancer
but is challenging to study at scale. We used programmable phage immunoprecipitation
sequencing (PhIP-Seq) to profile the autoantibody repertoire in non-small cell lung
cancer (NSCLC) patients for the purpose of training a machine learning-based classifier
to distinguish NSCLC patients from healthy controls using 301 primarily early-stage,
asymptomatic NSCLC patients and 352 healthy controls. The classifier performed well
in cross-validation (average ROC-AUC = 0.94) and in an independently analyzed
clinical validation cohort of 134 NSCLC patients and 96 healthy controls (ROC-AUC =
0.84). Classification performance can be maintained with only a few hundred target
peptides, provided a sufficiently large cohort is used for optimal training. Our findings
suggest the existence of a measurable autoreactive humoral profile in NSCLC and
demonstrate the potential for serum-based early detection of cancer independent of

nucleic acids.

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.
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Introduction

Non-small cell lung cancer (NSCLC) is the leading cause of cancer deaths in the United
States, accounting for an estimated 238,340 new cases and 127,070 deaths in 2023 .
Although the prognosis of NSCLC improves significantly when diagnosed at an earlier
stage (5-year survival of 61% at Stage | vs. 6% at Stage V), up to half of NSCLC
patients have stage IV disease at the time of diagnosis 2. While low-dose chest CT
(LDCT) scans are effective in screening for lung cancer in patients with a significant
smoking history 3, fewer than 5% of eligible patients undergo LDCT screening, with cost
and convenience serving as barriers to widespread adoption 4-6. Additionally, the
current LDCT recommendation does not extend to patients who have never smoked,
even though the incidence of never-smoker lung cancer continues to increase in the
United States, particularly in women 78, with these patients now accounting for up to
one in four new NSCLC diagnoses °1°. Widespread adoption of LDCT amongst broader
groups presents its own challenges, given the rate and burden of false positives and
incidental findings '"-'2. These hazards would undoubtedly increase as prospective
diagnostic screening methodologies such as LDCT continue to gain traction in lower-
risk populations 3. These considerations, taken together, highlight the need for
complementary novel screening approaches that can identify patients at-risk for NSCLC
and be deployed at scale across the population. Typical liquid biopsy tests detect
cancer by measuring analytes in the blood, such as circulating tumor DNA, RNA, and
circulating tumor cells. Recent examples include whole-genome sequencing of cell-free
DNA 415 and multi-cancer methylation markers 6. While these tests can identify
actionable mutations in late-stage disease, issues of sensitivity have limited their use in

the de novo detection of early-stage cancers 7.

The adaptive immune system plays a significant role in the earliest immune responses
to cancer, from the removal of aberrant cells before they become cancerous
(immunosurveillance) to the equilibrium-like maintenance of more advanced lesions

(immunoediting) 8. The presence of an immune response to cancer at its earliest
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stages presents a unique opportunity to detect the presence of a tumor. Indeed, the
understanding and co-opting of these mechanisms has been foundational to the field of
cancer immunotherapies. Most scientific and clinical efforts have been focused on the
T-cell (cell-mediated) response rather than the B-cell (antibody-mediated) response,
despite evidence that both play important roles in the immune response to cancer. The
majority of previous attempts at profiling the antibody response to cancer-specific
antigens or self-antigens have relied on a candidate approach to build antibody panels
for cancer screening and prognosis °-2'. While many of these approaches have shown
early promise, validation on larger cohorts has faced challenges 22, with large-scale

clinical utility yet to be determined.

Programmable phage display and phage immunoprecipitation sequencing (PhIP-Seq) is
a powerful tool for comprehensively profiling the humoral immune repertoire with
proteome-wide resolution 2324, As opposed to classical phage display, wherein short
random peptides are displayed, programmable phage display leverages large-scale
oligonucleotide synthesis to create libraries of long (40+ amino acid) overlapping
peptides spanning a given proteome of protein-coding sequences, encoded and
displayed by T7 bacteriophage. These phage libraries are applied to iterative cycles of
immunoprecipitation pull-downs with patient immunoglobins, followed by next-
generation sequencing to quantify individual peptide enrichments relative to the pre-
selected library, thereby generating an antibody “autoreactome” signature from each
patient sample 25. PhIP-Seq has successfully identified autoimmune targets associated
with a wide range of diseases, including, but not limited to, genetic immune
dysregulation 26, paraneoplastic diseases 24?7, rare childhood disorders (Mandel-Brehm
et al., 2022), and cancer immunotherapy-related adverse events 2. Outside of cancer
associated with paraneoplastic disease, however, this technique has not yet been
applied to identify a broader antibody signature associated with cancer for detection and

classification purposes.


https://doi.org/10.1101/2025.01.09.24315050
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.01.09.24315050; this version posted January 10, 2025. The copyright holder for this preprint

92

93

94

95

96

97

98

99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121

(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

4

Several PhIP-Seq analysis approaches have been described, generally relying on
various statistical techniques to determine a set of differentially enriched peptides or
proteins 2426.29-31_ Basic machine learning approaches have been previously applied to
PhIP-Seq data 32, classifying patients with a known monogenic autoimmune disorder,
autoimmune polyendocrine syndrome type 1 (APS-1), versus healthy controls solely
based on PhIP-Seq signatures. These models identified previously known and novel
antigens that were subsequently validated through orthogonal assays. While diseases
such as APS1 represent dramatic shifts in the immune repertoire, early cancers may
present comparatively fewer and perhaps more subtle changes. Therefore, more
advanced machine learning models may be necessary to interrogate such phenotypes
thoroughly. Indeed, machine learning, particularly deep learning, has been successfully
applied in other contexts of cancer immunology, including HLA-specific neoantigen
mass-spectrometry 33 and T-cell receptor sequencing 34. Machine learning with VirScan,
PhIP-Seq on viral epitopes, has been used to highlight at-risk patients for hepatocellular
carcinoma through a signature primarily driven by hepatitis C infection 3. Here, we
applied and evaluated machine learning techniques to derive cancer-specific signatures
following PhIP-Seq profiling of plasma from patients with non-small cell lung cancer
(NSCLC) as well as healthy individuals, developing a highly predictive classifier of
NSCLC. Our results suggest a novel and robust alternative to existing nucleic acid-

based liquid biopsy techniques for early cancer detection.

Results

Classification of NSCLC versus healthy control

To ascertain the potential of autoantibody profiling for cancer classification, we
performed PhIP-Seq immunological profiling on a cohort of plasma samples previously
collected from 301 patients with NSCLC at the University of California, San Francisco
(UCSF) Thoracic Oncology Laboratory and plasma from 352 healthy volunteers (Table
1, Figure 1). An important feature of this NSCLC cohort is its early-stage composition,
with more than 90 percent of patients having Stage | or Il disease. Similarly, over two-

thirds of patients in this training cohort were asymptomatic at the time of diagnosis.
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Following our previously described high-throughput PhIP-Seq protocol 3236, autoreactive
serological profiles of the entire cohort were captured. A detailed protocol is available at

protocols.io (<http://dx.doi.org/10.17504/ protocols.io.ewov1459kvr2/v>). Briefly, plasma

from patients and controls were randomly arrayed in 96-well plates, then incubated with
a previously validated custom library of 730,000+ unique phage species spanning the
entire annotated “healthy” human proteome, including known isoforms, tiled across 49
amino acid fragments with a 25 amino acid overlap 2. Following three rounds of
enrichment through immunoprecipitation of patient or healthy control antibodies bound
by protein A/G beads, the resultant enriched phage species were sequenced using the
lllumina NovaSeq platform (median read depth of 1,276,108 reads per sample) and
aligned to the reference with RAPSearch2 37. To ensure consistency and to check for
potential batch effects, a subset of the samples was run in duplicate on separate plates.
Duplicates on separate plates demonstrated a sample-wise correlation (average
Pearson coefficient > 0.80) to its corresponding replicate as well as to a separate PhlP-
Seq run on an earlier date with limited correlation to other samples in the set
(Supplemental Figure 1). The complete PhIP-Seq data is available on Dryad at
<https://doi.org/10.5061/dryad.08kprr5bk>.

Enriched peptide counts, scaled for sequencing depth to reads-per-100,000 (RP100K),
were used as input into a range of machine learning classifier models, both on the
individual peptide level (731,724 unique features), as well as collapsed by associated
protein to account for tiling and isoform redundancy (19,998 unique features), similar to
previous analyses with the same library 6. Classifiers, described below, were initially
evaluated using 10-fold cross-validation - systematically withholding 10% of the
samples (both case or control), training on the remainder of the set, and then predicting

the status of the withheld samples (Figure 1).

A range of machine learning classifiers, implemented using the popular scikit-learn and

PyTorch python packages, were evaluated, including logistic regression, neural
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152  networks, support vector machines, and random forests. At a range of specificity

153  thresholds, logistic regression and neural networks consistently outperformed random
154  forest, both for peptides and proteins (Figure 2A). After hyperparameter optimization on
155 individual levels, we found that an ensemble model incorporating predictions from

156  multiple models yielded the best classification performance, with an average area under
157  the receiver operator curve (AUC-ROC) of 0.94 after 1000 bootstrapped iterations

158 (Figure 2B). Ensemble models have previously been successfully implemented in other
159  biological classification tasks 38-41. The three components of the ensemble model were
160 logistic regression on the peptide level, logistic regression on the protein level, and a
161  fully connected feed-forward neural network on the peptide level (see Methods and

162  GitHub repository <github.com/afkung/nsclc-classify> for model details and specific

163  packages used). Although not necessarily optimal, an ensemble model provided the
164  biological comprehensibility of the linear components and latent benefits captured by
165 the non-linear components. Indeed, performance was superior to that of the individual
166 models in isolation, with a sensitivity of 70% at a specificity of 95% (Supplemental Table
167 1). Given this proof-of-concept, it is likely that more sophisticated models have the

168  potential to further increase performance.

169

170 Model parameterization suggests a robust and specific signal

171  The best-performing ensemble model was further characterized through

172 parameterization. While the full model utilized all values in the dataset, we evaluated the
173  model training and cross-validation performance by progressively limiting the number of
174  peptide-level input features from 100 to 100,000 features relative to the complete

175 dataset. (Figure 2C). As expected for zero-inflated data structures like PhIP-Seq

176  peptide/protein counts, removing low-level and zero counts did not affect the model's
177  performance. Indeed, removing more than 99% of available features (leaving 5,000

178 features remaining) still yielded a comparable AUC (0.92 average). However, model

179  performance suffered progressively more degradation when restricting input features to
180 1,000 or less (~0.1% of the possible features). At 100 features, the average AUC had

181 decreased to 0.72. This suggests that the underlying information content separating
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case and healthy control is distributed across a plurality of autoreactive protein targets.
This is in contrast to cancer-related autoimmune disorders, such as seminoma-
associated paraneoplastic encephalitis, where a single autoreactive target (KLHL11) is

sufficiently diagnostic 27

To further characterize the specificity of the classifier, the train-test split sizes of the
model were systematically varied, training on 90%, 80%, 50%, 20%, and 10% of the
samples (both NSCLC and healthy, cross-validated) and testing on the remainder
(Figure 2D). As expected, model performance progressively degraded as the training
split size decreased. However, the model maintained reasonable classification ability
(AUC > 0.80) with as little as 20% of the samples (Figure 2C). These data suggest the
presence of a shared humoral autoreactive signal across multiple individuals among
cases and not controls while simultaneously reinforcing the need for sufficiently large

cohorts for optimal training.

Top features identified by model are orthogonally validated and indicate potential
tissue and cancer specificity

Although the logistic regression model alone did not have the best classification
performance among the models tested here, it has the distinct advantage of being a
linear model that can extract and quantify the contributions of the input features. Four
peptides associated with top coefficients from the model (PRRC2A, QTRT1, NRAC,
LAX1) were chosen for separate experimental validation via a previously described
split-luciferase binding assay (SLBA) 2. Overall, plasma from NSCLC patients yielded
significantly higher binding to peptides encoded by these four genes than plasma from
non-cancer controls (Figure 3A), although there was a wide range of values reinforcing
the notion that a small number of features would likely have inadequate predictive value
alone. Similarly, RNA expression profiles from paired cancer-normal samples within The
Cancer Genome Atlas (TCGA-LUAD) for these genes (PRRC2A, QTRT1, and LAX1;
NRAC was not available) all indicate a statistically significant increase in expression of

these genes in the tumor compared to the paired normal lung tissue from the same
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patients (Figure 2B). When mapped to normal gene expression in the genotype-tissue
expression atlas (GTEX), the Z-scores across all available tissue types of the top 25
features (NRAC not available) suggest lung-specific enrichment compared to other
relevant tissue types (Figure 3C). When considering the average Z-score in broader
sets of top features (25 to 100+ genes) the enrichment is inversely proportional to the
number of features, suggesting that most tissue-specific signal resides in the top ranked

coefficients.

Independent cohort validation

Overfitting is a major concern for classification tasks. To test the robustness of the
cancer signature, the model was trained with the entire discovery cohort (301 NSCLC
samples and 352 healthy samples) and then subsequently used to evaluate a blinded
cohort consisting of 134 NSCLC and 96 healthy samples (Table 1), all previously
unseen by the model. Samples were processed in the same manner as before, and
sequencing data was then transmitted, completely blinded with no pre-processing or
evaluation, to an independent validator from an outside institution well-versed in PhlP-
Seq data and analysis but otherwise previously uninvolved in the project. Using a web
server, the independent validator could submit anonymous files containing peptide
counts from the blinded samples for classification by our model. Our validator reported
robust classification (ROC-AUC = 0.84, Figure 4A) and predictive value at various
prespecified classifier thresholds in our independent validation cohort (Figure 4B). As
expected, the performance of the model on this independent cohort was less than the
training cohort. Various test manipulations performed by the independent validator
produced predictable results from the model that were in line with expectations,
underlying the validity of the independent evaluation. Shuffling samples and count
orders had no effect. Introducing a uniform background distribution by adding 50 to all
counts did not significantly alter the result, while addition of random peptide values
completely ablated the signal (Figure 4C). This blinded independent third-party
evaluation on separate samples, never used in training, suggests the model is

reproducible for early-stage cancer.
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Correlation to relevant clinical features

Certain clinical features in NSCLC are linked to disease development, progression, and
outcome. When sub-setting the training cohort and validation cohorts by these features,
the distribution of prediction values from the classifier (0 as healthy, 1 as NSCLC) offers
insights into the captured signal. Consistent with the ROC curves, there were robust
and significant differences between NSCLC and healthy for both the cross-validated
training and independent clinical validation cohorts (Figure 5A). Tobacco use is a well-
established risk factor for NSCLC, and smoking history (self-reported current or former)
was indeed correlated with higher prediction scores, significantly so in the validation
cohort (0.678 vs. 0.799, p=0.011) (Figure 5B). Tumor stage represents the size and
invasiveness of the disease, with later stages representing a larger global tumor
footprint. Interestingly, we did not observe significant differences in classifier
performance in patients with early versus late-stage disease in either cohort (Figure
5C). This starkly contrasts with most nucleic acid-based early-detection modalities,
which typically see an absence of signal in earlier-stage disease due to the naturally
lower amount of circulating tumor DNA (ctDNA) present in early-stage disease.
Similarly, there were no significant differences in classifier performance among patients
who were symptomatic (defined as any of the following: chest pain, cough, hemoptysis,
dyspnea, fatigue, weight loss) versus asymptomatic patients at the time of diagnosis in

either the training or validation cohorts (Figure 5D).

Discussion

We used PhIP-Seq to systematically profile the proteome-wide humoral response to
NSCLC with the specific intent of testing whether autoreactome profiles could be used
as the basis for a machine learning-based classifier for early-stage lung cancer. We find
that these autoreactive profiles distinguish NSCLC patients from healthy controls with
favorable performance characteristics. Furthermore, classifier performance was
maintained in a blinded independent clinical validation cohort analyzed at a separate

institution, thus highlighting the robustness of this approach.
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Overexpression and tissue-aberrant expression of normal proteins is a known hallmark
of cancer. In support of this, analysis of top autoantibody targets driving our classifier
revealed that these proteins are preferentially enriched in tumor tissue when compared
to normal lung tissue within the same patients, and may have greater lung-specific
expression compared to other tissue types. Increased expression of the genes
corresponding to the validated peptides have been previously implicated in poor
prognosis in lung cancer for QTRT1 43 and immune infiltration for PRRC2A 44. The lung-
specific nature of the autoantibody targets driving the classifier underscores the
biological significance of this approach and suggests it can be successfully applied to

other tumor types, with expanded tumor-specific training sets.

A known issue among nucleic acid-based early detection approaches for cancer is a
significant decrease in test performance in early-stage and asymptomatic patients when
compared to late-stage, symptomatic patients 4547, In contrast, our classifier
performance was not significantly different in patients with Stage | disease when
compared to patients with Stage II-1V disease and in patients who were asymptomatic
at the time of sample collection. Interrogating the humoral response has the advantage
of leveraging the natural signal amplification that occurs during the immune response to
cancer cells, unlike technologies that test for cancer-cell derived molecules, which will
always be dependent on the quantity of those cells present. Coupled with iterative
rounds of enrichment using PhIP-Seq, autoantibody profiling offers a unique way to
capitalize on the immune response to cancer, a response present in the earliest stages,
and thus a means to identify patients with occult cancers. This has important
implications for future cancer screening modalities, as earlier diagnosis is associated

with markedly improved outcomes.

Using conventional machine learning techniques, this study is a proof-of-concept for
cancer detection via analysis of PhIP-Seq data. Moving from a hit-calling analytical

paradigm to a signature-based one offers tremendous promise for diagnostic serological
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302 profiling beyond the classification tasks shown here. Whereas a single linear model on
303 the protein level was sufficient for the classification of APS1 versus healthy controls 32,
304 the improved performance of an ensemble model indicates that the component models
305 provide complementary and nonredundant information. Given the tiling and isoform
306 redundancy built into our peptide library 24, collapsing by protein may boost the signal
307 from lower-abundance single peptides with shared sequences (both exact matches and
308 biochemical similarities). Similarly, neural networks may recognize meaningful

309 interactions between seemingly unrelated peptides, potentially indicative of amino acid
310 sequence similarity and biological relationships (such as shared pathways) undetected
311 by linear models. Although the model type and hyperparameter spaces were not fully
312  explored in this study, the robust performance of an ensemble model with relatively
313  standard machine learning components serves as an encouraging proof-of-concept.
314 The use of linear model components allowed the extraction of features that were

315 experimentally validated and biologically meaningful, while the non-linear components
316 appear to add latent value. More advanced models, such as attention-based neural
317 networks or multi-modal models incorporating features beyond numerical autoantibody
318 enrichment, have been successfully applied to other biological contexts and may

319 improve classification performance 4851,

320

321 This study has several limitations. The study was performed with a peptide library

322 spanning the entire human proteome and, therefore, does not contain sequences

323  encoded by tumor-specific neoantigens. Autoantibodies to neoantigens have been

324  previously described 52 and represent promising theoretical targets but would likely not
325 be detected in this assay. Furthermore, the phage-encoded peptide library in this work
326 cannot display protein folds that exceed 47 amino acids or post-translational

327 modifications, such as glycosylation. Humoral responses to purely conformational or
328 modified epitopes, which have been previously characterized %3, are unlikely to

329 contribute to the signatures detected here. Incorporation of additional cancer-specific
330 features has the potential to further improve training and model performance.

331
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Another limitation of this study is the sourcing of NSCLC samples and available healthy
controls. As the NSCLC samples were collected from a single center, future studies are
needed to ensure the classifier is generalizable to a broader population of NSCLC
patients. The healthy controls used in this study were collected from numerous sources
(New York Blood Center, UCSF community blood drive, SeraCare, BiolVT) raising the
possibility of batch effects at the time of blood collection contributing to the performance
of the classifier. Finally, limited clinical information was available for the healthy control
samples beyond basic demographics (age, sex, race). Clinical characteristics with
known cancer associations (such as smoking status, familial history, and long-term
health outcomes) were unavailable for the presumed healthy controls. Therefore, we
are not able to ascertain cancer risk factors or the development of future cancers within
the healthy control cohort. The mean ages of the healthy and NSCLC samples used
here were also different (38.7 vs. 68.7 for the training cohort). Although separation
between NSCLC and healthy remained robust, we observed lower prediction values in
younger (<50 years) NSCLC patients and higher prediction values in older (>50 years)
healthy individuals (Supplemental Figure 2), potentially related to the accumulation of
immunosurveillance-associated autoantibodies, latent disease, or smaller sample sizes.
Future age-matched training sets with long-term outcomes data will be required to

further disambiguate the contributions of age and cancer.

Taken together, these proof-of-concept results strongly suggest the presence of a
distinct humoral autoreactive signal in patients with NSCLC that can be used to
distinguish them from healthy controls using machine learning applied to PhIP-Seq
autoantibody profiles. The ability to detect tumors using a serological autoantibody-
based signature before the development of overt disease holds tremendous promise for
improving the early detection of cancer and may be highly complementary to existing

liquid-biopsy approaches.
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Materials and Methods

Sample acquisition

The primary (n = 301) and validation (n = 134) cohorts of primarily early-stage NSCLC
plasma samples were collected from the UCSF Thoracic Oncology Program (San
Francisco, CA). All patients gave informed consent for sample collection. Samples were
collected in accordance with UCSF ethical guidelines and regulations for the conduct of
responsible research. The study was approved by the UCSF Institutional Review Board
(IRB# 11-06107). Deidentified healthy control plasma was collected from four sources:
courtesy of New York Blood Center (New York, NY), purchased from SeraCare (Milford,
MA), purchased from BiolVT (Westbury, NY), and donors from a UCSF community drive
(UCSF IRB# 22-3611; San Francisco, CA).

Phage immunoprecipitation sequencing (PhIP-Seq) assay

PhIP-Seq was run on the vacuum-based high-throughput assay described in Vazquez
et al., 2022. Full protocol available here:
<http://dx.doi.org/10.17504/protocols.io.ewov1459kvr2/v>

Briefly, plasma samples across all patient cohorts were randomly arrayed across 96-
well plates. In each well, 1 uL of patient plasma was incubated with 500 uL of our
custom T7 phage display library of 731,724 unique species spanning the "normal"
human proteome from NCBI RefSeq (Agilent Technologies, previously described in
O’Donovan et al., 2020). After overnight incubation, antibodies were pulled down with
Protein A/G beads (DynaMax). After three washes, the remaining bound-phage were
then inoculated into a bacteria culture (BLT5403) and allowed to lyse. The process was
then repeated with the resultant phage culture and fresh patient plasma twice more for a
total of three iterative rounds. The final phage DNA was extracted and sequenced on

the NovaSeq platform (lllumina).
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PhIP-Seq data analysis

Raw sequence reads were aligned and processed as previously described 3236,
Analysis was performed in Python with the following packages: pandas, numpy, scipy,
PyTorch, and scikit-learn. Figures were made with matplotlib, seaborn, Adobe
lllustrator, Affinity Designer, and Morpheus <https://software.broadinstitute.org/

morpheus>.

Machine learning implementation and evaluation

Various machine learning models were implemented in Python with scikit-learn and
PyTorch, and then evaluated through 10-fold cross-validation on the training set (352
NSCLC, 301 healthy), varying model parameters to maximize classification ability using
ROC-AUC (scikit-learn) as the output metric. The following models and parameters
were evaluated: Logistic regression (regularization, solver, iterations), Random forests
(number of trees, depth, criterion, iterations), Support vector machine (regularization,
kernel, iterations), and Neural network (activation function, loss function, number of
hidden layers, layer size, iterations). The final ensemble model consists of logistic
regression (L2 regularization, liblinear solver) on peptide and protein level and a fully-
connected feed-forward neural network (RELU activation function on 2 hidden layers of
sizes 100 and 50). The model details and implementation are available on github:

<github.com/afkung/nsclc-classify>

Split luciferase binding assay (SLBA)
SLBA was run as described in Rackaityte et al., 2023. Full protocol available here:
<https://doi.org/10.17504/protocols.io.4r3127b9pg1y/v1>

Protein Amino Acid Sequence

PRRC2A FPASLGRAELHPVELKPFQDYQKLSSNLGGPGSSRTPPTGRSFSGLNS

LAX1 GFAGLLAILLVVAVFCILWNWNKRKKRQVPYLRVTVMPLLTLPQTRQRAKNIYDILPWRQEDLGRHESRSMR

QTRTH1 RSRARAGELWLPHGTVATPVFMPVGTQATMKGITTEQLDALGCRICLGNTYHLGLRPGPELIQKANGLHGFM

NRAC KRSRPEHHRPEAKPQRTSRRVWFREPPAVTVHYIADKNATATVRVPGR
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Data Availability

All PhIP-Seq data is available on Dryad at < https://doi.org/10.5061/dryad.08kprr5bk>.
Code associated with analysis is available on github <https://github.com/afkung/nsclc-
classify>. Normal expression data from the Genotype-Tissue Expression Project (GTEXx)
used in the analyses described were downloaded from the GTEx Portal and dbGaP
accession number phs000424.vN.pN. Lung adenocarcinoma data from The Cancer
Genome Atlas Program (TCGA-LUAD) used in the analyses described in this
manuscript were downloaded through the UCSC Xena Data Portal (University of

California, Santa Cruz).
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Table 1. Summary of Patient Clinical and Pathological Characteristics

Training Cohort  Validation Cohort

NSCLC Patients 301 134
Age 68.7 (9.8)° 68.8 (10.3)°
Females 189 (62.8) 81 (60.4)
Males 112 (38.2) 53 (39.6)
Smoking History
Yes 191 (63.5) 80 (58.4)
No 110 (36.5) 57 (41.6)
Symptomatic
Yes 101 (33.6) 54 (40.3)
No 200 (66.4) 80 (59.7)
Stage
0 1(0.3) 3(2.2)
| 231 (76.7) 70 (52.2)
1A1 67 (22.3) 12 (9.0)
1A2 67 (22.3) 22 (16.4)
1A3 22 (7.3) 16 (11.9)
1B 75 (24.9) 19 (14.2)
Il 43 (14.3) 38 (28.4)
1A 12 (4.0) 9(6.7)
IIB 31 (10.3) 29 (21.6)
I 25 (8.3) 20 (14.9)
A 23 (7.6) 15(11.2)
1B 2(0.7) 5(3.7)
lnc 0 (0.0) 0
\Y, 1(0.3) 2(1.5)
Healthy Controls 352 96
Age 38.7 (12.6)° 29.3 (9.0)°
Females 176 (50.0) 54 (56.2)
Males 176 (50.0) 42 (45.8)

Numbers in parentheses represent the percentage of patients except where stated.

SCohort Mean (Standard Deviation)
537

538 Table 1: Cohort information
539  Clinical cohort demographics of the primary and validation cohorts of non-small cell lung
540 cancer patients from UCSF Thoracic Oncology, as well as available information from

541 the cohorts of healthy controls.
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Model Evaluation

Serum Samples PhIP-Seq Ensemble Model Validation Cohort
RoC
;';‘60?,%‘?04.«.

s N

RS
Healthy NSCLC Autoreactivity Training & Cross Healthy NSCLC Sensitivity and
N=352 N=301 Immunoprofiling Validation N=96 N=134 Specificity

542
543 Figure 1: Schematic of PhIP-Seq signature-based NSCLC classification

544  Workflow of a potential cancer diagnostic pipeline based on humoral signature. A

545 patient’s serum is run on the PhIP-Seq assay, and the results are fed into our bagged

546  machine learning model (chosen after evaluation with 10-fold cross-validation), which

547  outputs a probability of tumor presence. Performance was maintained when testing on

548 an independent validation cohort.
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A. Comparison of individual component model sensitivity at various specificity

thresholds (0.50, 0.80, 0.90, 0.95) for various models on both gene-level and peptide

level, with asterisks denoting component models.

B. Receiver-operator-characteristic (ROC) curve for the classification of NSCLC vs.

21

healthy controls based on a bagged model, the best performing classifier (bootstrapped

across 1000 iterations, with an average ROC-AUC = 0.94).

C. ROC curves of varying feature space sizes, determined by maximum RP100K

threshold across all samples, NSCLC and healthy control.

D. ROC curves of varying train-test split sizes, across NSCLC and healthy control,

cross-validated.
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561
562 Figure 3: Interrogation of top features identified by linear models

563  A. Split-luciferase binding assay of four top features identified by the model’s linear
564 components (PRRC2A, QTRT1, LAX1, NRAC) shows significantly enriched binding in
565 NSCLC samples compared to healthy controls (Mann-Whitney U test: *** p = 0.0005,
566 ****p <0.0001).
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567 B. Three of the identified features have significantly enriched gene expression in The
568 Cancer Genome Atlas for lung adenocarcinoma (TCGA-LUAD) compared to healthy
569 lung tissue from the same patient (Wilcoxon signed-rank test: ** p < 0.002, *** p < 1e-5).
570 NRAC was not available in TCGA.

571 C. Gene expression in various healthy tissues from the Genotype-Tissue Expression
572 (GTEx) indicates potential lung-specificity, when comparing Z-score across all available
573 tissue types in the top 25 features, as well as the average of top feature sets (25, 50,

574 75, and 100) compared to relevant comparative tissue types.
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576  Figure 4: Validating classifier performance with independent NSCLC cohort

577  A. ROC curve of classification of independent blinded validation cohort (137 NSCLC
578 and 96 healthy, all previously unseen) with model trained on entire initial discovery
579  cohort (301 NSCLC and 352 healthy). Predictive power decreased compared to cross-
580 validation, as expected, but remained quite robust (ROC-AUC = 0.84).

581 B. Sensitivity and specificity for validation cohort at various classification thresholds.
582 C. Manipulated input testing performed as expected - no effect with input re-ordering
583 (ROC-AUC =0.84), a small decrease when a constant input of 50 reads was

584  systematically added to all samples (ROC-AUC = 0.83), and complete signal ablation
585  with random inputs (ROC-AUC = 0.44).
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Figure 5: Subsetting cohort by relevant clinical features

25

A. Distributions of classifier predictions (0 representing healthy, 1 representing NSCLC)

for all samples in both training and validation cohorts. Significant differences were seen
in both cohorts (Mann-Whitney U-test).

B. Distributions of classifier predictions split by smoking status. Predictions for smokers

were consistently higher, significantly so in the validation cohort.

C. Distributions of classifier predictions split by cancer stage (Stage | vs. Stages II-1V).

No significant difference was observed.

D. Distributions of classifier predictions split by symptomatic status at time of diagnosis.

As in 5C, no significant differences were observed.
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Supplemental Figure 1: stability / reproducibility of signal
Hierarchical clustering of Pearson correlations between PhIP-Seq samples shows that
the autoantibody “signature” is consistent across replicates from a single run (in

separate 96-well plates) as well as across previous runs on different dates.
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603 Supplemental Figure 2: classification ability by age

604  Prediction score of samples divided by age (under or over 50 years old). Although
605 predictive power is worse for younger NSCLC patients and older healthy controls,
606 potentially due to immunosurveillance theory or latent neoplasms, general separation

607 remains robust in both groups.
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