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ARTICLE INFO ABSTRACT
Key words: Lung cancer is the main cause of cancer-related deaths worldwide. Due to lack of obvious clinical symptoms in
Lung cancer the early stage of the lung cancer, it is hard to distinguish between malignancy and pulmonary nodules. Un-

Early diagnosis

Backpropagation neural network
TCRp repertoire

Characteristic TCR clone

derstanding the immune responses in the early stage of malignant lung cancer patients may provide new insights
for diagnosis. Here, using high-through-put sequencing, we obtained the TCRp repertoires in the peripheral blood
of 100 patients with Stage I lung cancer and 99 patients with benign pulmonary nodules. Our analysis revealed
that the usage frequencies of TRBV, TRBJ genes, and V-J pairs and TCR diversities indicated by D50s, Shannon
indexes, Simpson indexes, and the frequencies of the largest TCR clone in the malignant samples were signifi-
cantly different from those in the benign samples. Furthermore, reduced TCR diversities were correlated with the
size of pulmonary nodules. Moreover, we built a backpropagation neural network model with no clinical in-
formation to identify lung cancer cases from patients with pulmonary nodules using 15 characteristic TCR clones.
Based on the model, we have created a web server named “Lung Cancer Prediction” (LCP), which can be accessed
at http://i.uestc.edu.cn/LCP/index.html.

1. Introduction deaths in 2020 [2]. Due to its high incidence and mortality, lung cancer
is leading cause of cancer deaths globally [3,4]. Lack of early obvious

Lung cancer is the most common type of cancer worldwide, with 5- clinical symptoms contribute greatly to the high mortality [5]. Thus,
year survival rate lower than 14% [1]. According to GLOBOCAN early diagnosis and treatment are crucial [6]. Pulmonary nodules are
2020, there were 19.3 million new lung cancer cases and 9.96 million common manifestations of lung diseases. If a pulmonary nodule is
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greater than 6 mm, there is a high risk of lung cancer [7]. In recent years,
CT has been widely used in high-risk populations for lung cancer diag-
nosis, reducing lung cancer mortality by up to 20% [8,9]. However, in
the diagnostic results of CT, most positive results were false positives
[10]. In addition, CT may increase the risk of radiation-induced cancer,
accounting for approximately 0.5-5.5% of screened population [11-13].
Currently, there is no feasible approach for accurate and non-invasive
lung cancer diagnosis at early stages. Therefore, an accurate and
non-invasive diagnostic method is urgently needed for early detection of
lung cancer.

In recent years, we have a deeper understanding of tumor immu-
nology and the interactions between tumors and the immune system.
The immune system is divided into two different subsystems: the innate
immune system and the adaptive immune system. The adaptive immune
system defends the body against different foreign antigens using two
main types of antigen receptors: T-cell receptors (TCRs) and antibodies
[14]. TCRs can recognize different epitopes presented by major histo-
compatibility (MHC) class I or II proteins on the cell surface [15]. In
humans, TCRs consist of « and p chains. TCRp chain is produced by the
random recombination of variable (V), diversity (D) and joining (J) gene
segments named ‘VDJ recombination’. VDJ recombination generates the
highly variable complementary determining region 3 (CDR3) which is
the key to recognizing the antigenic peptide specifically [16]. This
process can produce an incredible diversity of TCRs with a theoretical
bound on the numbers of unique variants of ~10'3 for TCRB chain
[17-19]. CDR3 polymorphisms of TCRf is the major component of TCR
diversity, hence T cells could target any endogenous or exogenous an-
tigen [20]. After recognizing disease-associated antigens, T cells could
be specifically activated and expand, yielding a unique TCR repertoire.
Lung cancer is an immune-related disease involving the whole immune
system, especially adaptive immune system [21-23]. Thus, the analysis
of TCR repertoire can be used for the study of immune response to lung
cancers.

High-throughput sequencing has been increasingly developed and
applied to disease and oncology research in recent years [24-26]. Recent
studies showed that the adaptive immune response to tumor cells could
serve as a postoperative prognostic marker and have been used for
cancer diagnosis [27,28].

In this study, TCRB CDR3 sequencing was performed on the pe-
ripheral blood of 99 patients with benign pulmonary nodules and 100
stage I lung cancer patients. Analyzing TCRp CDR3 sequencing results
revealed significant changes in the immune repertoire between lung
cancers and benign pulmonary nodules. We further trained a back-
propagation neural network model for the diagnosis of early-stage lung
cancer in patients with pulmonary nodules.

2. Materials and methods
2.1. Sample collection

This study was approved by the medical ethical committee of
Sichuan Cancer Hospital (SCCHEC-02-2021-037). Patients with a sus-
pected lung cancer nodule diagnosed in the Thoracic Surgery depart-
ment at Sichuan Cancer Hospital were enrolled. All patients met the
following criteria: [1] pathologically and immunohistochemically
confirmed diagnosis by expert pathologists; [2] a lack of acute infection
or chronic active inflammatory disease. Clinical information (age,
gender), CT scan information (nodule size), and pathology information
(pathological stage) recorded. After obtaining pathological results, the
subjects with benign lung nodule and malignant lung cancers were
enrolled for TCR sequencing. Peripheral blood was collected before
surgery and stored at — 80 °C until use.

In Sichuan Cancer Hospital, the pulmonary nodules were detected by
SIEMENS Definition Flash CT (SIEMENS Healthineers Co., Ltd, Erlangen,
GER) and PHILIPS Brilliance iCT (Koninklijke Philips N.V., Amsterdam,
NED). Clinical information was collected from the hospital management
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system.

2.2. TCR sequencing

High-throughput sequencing of TCRf genes was performed using
previously described methods [29]. In brief, we extracted total genome
DNA from peripheral blood. The TCRp DNA was amplified using
multiplex PCR. Sequencing libraries were loaded onto the Illumina
NavaSeq6000 System.

2.3. TCR sequence analyses

Sequence quality was monitored by cross analyses of potential
contamination. Potential TCR Vf, DB, and JB germline gene assignment
was conducted using a locally operating IgBLAST program from NCBI.
TCRp CDR3 amino acid sequences between 6 and 28 aa in length were
retained while non-functional sequences were removed. For each sam-
ple, 30,000 random TCR gene sequences were selected for subsequent
analyses.

2.4. TCR repertoire diversity analyses

We analyzed the diversity index D50, Shannon index, Simpson index,
and the frequency of the largest clone in each sample to reflect TCR
repertoire diversity. Better diversity corresponds to higher D50, Shan-
non and Simpson indices, and lower frequency of the largest clone. D50
is defined as the ratio of the numbers TCR clones that account of half of
the total TCR sequences in one sample [29]. The formulas of Shannon
index and Simpson index were as follows (i.e., eq. [1] and eq. [2]):

n

Shannon index = — Z pi x Inpi

i=1

@

Simpson index =1 — Z;pi? (2)

2.5. Statistical analyses

Statistical analysis and graph drawing were performed using R pro-
gramming language (R 4.0.3). Mann-Whitney U test was used to
compare differences between two groups. A p-value < 0.05 was
considered statistically significant. The receiver operating characteristic
(ROC) curve was used to illustrate the diagnostic ability of a binary
system. A higher area under the curve (AUC) indicates better diagnostic
ability. PPV (Positive Predictive Value) represents the proportion of true
positive results among all the positive results obtained from the test. A
higher PPV value suggests a higher likelihood of a positive result being
accurate. NPV (Negative Predictive Value), on the other hand, repre-
sents the proportion of true negative results among all the negative re-
sults obtained from the test. A higher NPV value suggests a higher
likelihood of a negative result being accurate.

2.6. Backpropagation neural network

A backpropagation neural network was trained using the nnet R
package. The initial random weights were set to 0.1, weight decay to 5Se-
4, the maximum iterations (i.e., epochs) to 100, the maximum allowable
number of weights to 100,000, and 4 units were utilized in the single
hidden layer. We used default values for all other parameters.

In the preliminary stage, we selected 99 samples (i.e., 50 MG pa-
tients, 49 BG patients) for neural network model construction. 70% of
the 99 samples were randomly selected as the training set (i.e., 35 BG
patients, 35 MG patients) and the rest (i.e.,14 BG patients, 15 MG pa-
tients) as the validation set. Subsequently, we collected an additional set
of 100 samples as an independent validation set to evaluate the model’s
performance. Importantly, these 100 samples were not involved in the
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model’s construction and fine-tuning process.
2.7. Characteristic TCR clones

The 99 samples (i.e., 50 MG patients, 49 BG patients) were used for
TCR feature identification, and the same set of samples was used for
constructing the neural network model. First, we compared the expan-
sion value of each TCR CDRS3 sequence in both groups (i.e., 50 MG pa-
tients, 49 BG patients), retaining TCRs with significant expansion
differences. We then calculated the sharing rate of each clone and
retained clones that were expressed in more than 20% of the samples in
both groups. Next, we calculated the average expansion value of these
TCRs in both groups.

In the MG (i.e.,50 patients), if the average expansion value was more
than 3 times higher than in the BG (i.e.,49 patients), the corresponding
TCR CDR3 sequence was defined as a characteristic TCR clone of the
MG. The same applies to the BG. The TCRMatch tool was employed for
predicting antigen epitopes [30].

2.8. Implementation of the web server

LCP (Lung Cancer Prediction) is a web service that utilizes HTML on
the frontend to create the structure and content of web pages, CSS to
define the style and layout, and JavaScript for webpage interactivity and
dynamic effects. On the backend, it employs the PHP language to handle
data submitted through web forms and obtains results through backend
programs written in R language. Ultimately, the website is hosted on
Apache, enabling users to access the website over the internet.

3. Results

The different usages patterns of V and Jf genes in the benign and the
malignant samples.

To investigate the T cell immune response in patients with benign
pulmonary nodule or stage I lung cancer, we used high-throughput
sequencing approach to characterize TCRp repertoires in the periph-
eral blood of benign and malignant samples (Fig. S1). In total, we ob-
tained almost 1.4 x 108 TCRB sequences from 49 benign pulmonary
nodule patients and 50 stage I lung cancer patients (Table S1).

In our study, among the 47 functional human TRBV and the 13
functional human TRBJ genes, 6 distinct Vf and 2 distinct Jp genes were
identified (Table S2-53). We found that the usage frequency of 1 distinct
VP gene (TRBV20-1) was significantly elevated in the malignant sam-
ples compared with that in the benign samples; In contrast, the usage
frequencies of 5 distinct VB genes (TRBV7-7, TRBV10-2, TRBV11-1,
TRBV11-2, TRBV24-1) were significantly reduced in the malignant
samples compared to those in the benign samples (Fig. 1a, p < 0.05). In
addition, the usage frequencies of 2 distinct JB genes (TRBJ1-6,
TRBJ2-2) were significantly reduced in the malignant samples
compared with those in the benign samples (Fig. 1b, p < 0.05).
Furthermore, nearly half of the MG were clustered together in the
expansion of 6 distinct Vp genes (Fig. 1c).

Similarly, we compared the usage frequencies of 611 V-J pairs in the
benign and the malignant samples, and the result showed that there
were 75 V-J pairs with significant differences, among which 13 pairs
(TRBV3-1/TRBJ1-1, TRBV3-1/TRBJ1-5, TRBV5-8/TRBJ1-5,
TRBV6-4/TRBJ2-5, TRBV6-8/TRBJ1-3, TRBV7-9/TRBJ1-5, TRBV9/
TRBJ2-1, TRBV10-2/TRBJ1-6, TRBV11-2/TRBJ2-2, TRBV18/
TRBJ1-4, TRBV20-1/TRBJ2-6, TRBV27/TRBJ2-6) had significantly
increased frequency in the malignant samples compared with the benign
ones; The frequencies of left 62 pairs were significantly decreased in the
malignant samples (Fig. 1d; Table S4). In addition, most of the MG were
clustered together in the expansion of 75 distinct V-J pairs (Fig. 1le).

Next, we compared the V-J combinations of the benign and the
malignant samples using 3-D V-J plots. These V-J combination plots
showed high single columns in both samples, indicating imbalanced TCR
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repertories. However, such status was more severe in the malignant
samples (Fig. 1f-j) than that in benign ones (Fig. 1k-o0).

The TCR diversities were significantly reduced in the malignant
samples compared with those in the benign ones.

When lung cancer emerges, relevant antigens may stimulate prolif-
eration of some T cells with unique TCRp. In this study, we calculated
D50, Shannon index, Simpson index, and the frequency of the largest
TCR clone in each peripheral blood sample. Significant differences were
found between the benign and the malignant samples.

The results showed that D50s, Shannon indexes, and Simpson in-
dexes in the malignant samples (mean + standard error of the mean
[SEM]; D50s: 0.1125 + 0.066, Shannon indexes: 7.8827 + 0.8898,
Simpson indexes: 0.9839 + 0.0269) were significantly lower than those
in the benign ones (D50s: 0.1466 + 0.0562, p = 0.0162; Fig. 2a; Shan-
non indexes: 8.3405 + 0.577, p = 0.0156; Fig. 2b; Simpson indexes:
0.9932 + 0.0052, p = 0.0051; Fig. 2c). In the BG, 3 individuals (6%) had
the largest clones comprising more than 10% of total CDR3 sequences.
However, 14 individuals (28%) had the largest clones comprising more
than 10% of total CDR3 sequences in the MG. TCRf genes obtained from
the malignant samples (8.66% =+ 6.62%) showed significantly higher
frequencies of the largest TCR clone compared with the benign ones
(5.73% + 2.45%, p = 0.0164; Fig. 2d). These results suggested that the
T cell repertoire diversity had greatly reduced after lung cancer
occurred.

3.1. Larger pulmonary nodules, lower TCR repertoire diversity

T cell repertoire diversity was lower in the MG versus the BG. In
clinical practice, the size of pulmonary nodules is a more important and
more frequently used factor in the diagnosis of lung cancer. We analyzed
the correlation between TCR repertoire diversity and the size of pul-
monary nodules.

Although no significant linear negative correlation was observed
between nodule size and D50s (r = —0.0637, p = 0.531; Fig. 3a) or
Shannon indexes (r = —0.1724, p = 0.088; Fig. 3b), we found that
Simpson indexes negatively correlated with nodule size (r = —0.3193,
p =0.0013; Fig. 3c) as did the frequencies of the largest clone
(r = 0.2566, p = 0.0103; Fig. 3d). These results revealed that larger
nodule sizes correlated with lower TCR diversity.

15 characteristic TCR clones were identified and applied for the
training of backpropagation neural network.

Here, we obtained 1160974 unique TCR CDR3 clones, including
625916 unique clones in the BG and 579489 unique clones in the MG. Of
these, 44431 unique clones were shared between groups (Fig. S2). 5 and
10 TCR CDR3 clones were identified as the BG and MG characteristic
sequences, respectively. All MG and BG were clustered together sepa-
rately based on the expansion of these 15 characteristic TCR clones
(Fig. 4a).

Neoantigens play a key role in the recognition of tumor cells by T
cells. Using the TCRMatch tool, we identified the specific epitopes tar-
geted by these 15 characteristic TCR clones. In 11 of 15 characteristic
TCR clones, their corresponding binding epitopes belong to SARS CoV-2;
In other 3 characteristic TCR clones, their corresponding binding epi-
topes belong to influenza A virus, human herpesvirus 5, and yellow fever
virus 17D. The sequence (i.e., PHQDSSPAAPLHPGAAGGRSQP) was the
only one without any annotation information (Table S5).

Above 15 TCR CDR3 clones were used to build a neural network
model (Fig. 4b). The results showed that validation-AUCs (AUC: 0.7314
=+ 0.0851) ranged from 0.35 to 0.98 in 1000 repetitions of building the
backpropagation neural network model indicating fair model perfor-
mance (Fig. 4c). The model with the mean value of validation-AUCs was
chosen as the final model (training set: AUC = 0.99; Fig. 4d; validation
set: AUC = 0.74; Fig. 4e). In the final model, the positive predictive
value (PPV) was 80%, and the negative predictive value (NPV) was
71.4%. Notably, the independent validation set exhibits an AUC level
similar to that of the validation set (independent validation set: AUC =
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Fig. 1. The different usages patterns of VB and Jp genes in the benign and the malignant samples The usage frequencies of (a) 6 significantly different TRBV and (b) 2
407

significantly different TRBJ genes in the benign (n = 49) and the malignant pulmonary nodule patients (n = 50). The error bars indicate the standard deviation. (c)
significantly different V-J pairs in the benign and the malignant patients. (e) The heatmap of expansion frequencies of the 75 significantly different V-J pairs in the

benign and the malignant patients. (f-0) The V-J combinations were analyzed using the 3D plots, f to j, representative examples of the benign patients, k to o,
representative examples of the malignant patients. X and Y axes depict functional human TRBV and TRBJ alleles, respectively. Z-axis indicates the counts of sequence

The heatmap of expansion frequencies of the 6 significantly different TRBV genes in the benign and the malignant patients. (d) The usage frequencies of 75
reads. *, p < 0.05, * *, p < 0.01, * ** , p < 0.001, Mann-Whitney U test.
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Fig. 2. The TCR diversities were significantly reduced in the malignant samples compared with those in the benign ones Comparison of (a) D50, (b) Shannon index,
(c) Simpson index, and (d) the frequency of the largest clone in the malignant patients versus the benign patients. * , p < 0.05, * *, p < 0.01, * ** , p < 0.001, Mann-

Whitney U test.
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Fig. 3. Larger pulmonary nodules, lower TCR repertoire diversity The correlation between the size of pulmonary nodule and TCR diversity indexes (a: D50, b:
Shannon index, c¢: Simpson index, d: the frequency of the largest clone), Pearson correlation test.

0.72; Fig. 4f).

Based on the model, a web server, called "Lung Cancer Prediction"
(LCP), has been developed to provide public access to the back-
propagation neural network model. You can access it at http://i.uestc.ed
u.cn/LCP/index.html.

4. Discussion

To explore the T cell immune responses in the transition from benign
pulmonary nodules to stage I lung cancer, we analyzed the peripheral
TCR repertoires of benign and malignant samples. Our results showed
significantly changed usage frequencies of specific TRBV, TRBJ genes
and V-J pairs, and significantly reduced TCR repertoire diversities in the
MG compared with those in the BG. We built a backpropagation neural
network model without any clinical information to identify potential
lung cancer patients from patients with pulmonary nodules using 15
characteristic TCR clones. The model showed a fair performance.

Low-dose computed tomography (LDCT) is commonly regarded as
the current standard screening method for lung cancer, proved to benefit
the diagnosis of lung cancer through multiple large randomized clinical
trials. However, a significant false positive rate is observed, leading to
unnecessary invasive biopsies being performed [31]. Adaptive immu-
nity, mainly relying on antigen-specific T/B cells, plays an important
role in fighting against cancer. According to Burnet’s clonal selection
theory, when a disease occurred, the neoantigens could stimulate the
corresponding unique T cell to proliferate [32]. Specific TCR repertoire
is related to unique disease. Using high-throughput sequencing to
characterize T cell repertoires may provide a suitable approach to
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analyze T cell responses to different diseases [33-35].

In our study, comparing TCR repertoires between the benign and the
malignant groups showed significantly different usage frequencies of
multiple TRBV, TRBJ genes and V-J pairs, indicating these genes may
involve in anti-viral or anti-tumor immune responses in the malignant
patients.

Typically, The V and J genes are the major constituent of TCR
repertoire. Diversity of T-cell repertoire ensures that the level of cellular
immunity in the body can adequately respond to a complex antigen
environment. Recently, the Lung CT Screening Reporting and Data
System (Lung-RADS) is widely used to evaluate and manage pulmonary
nodules depending on nodule size [36,37], as the risk of lung cancer
increases with the size of pulmonary nodule [38]. For D50s and Shannon
indexes, no significant linear negative correlation with nodule size was
observed, which may be due to their sensitivities to changes in evenness
and richness. However, we found that the TCR repertoire diversities in
pulmonary nodule patients declined with size of the pulmonary nodule,
which indicated that there was production of large clones during the
immune process of pulmonary nodule enlargement. Furthermore, our
results showed that the TCR repertoire diversities in the malignant
samples were significantly reduced compared with those in the benign
samples, such as the diversity indexes including D50s, Shannon indexes,
Simpson indexes, and the frequencies of the largest clone. Such finding
revealed that there was a reduction of TCR variety and increase of large
clone in malignant patients.

In clinical practice, the initial manifestations of lung cancer are
complex, diverse and lack of specific symptoms, making diagnosis even
more difficult. In recent research, it has been proved that cell-free DNA
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Fig. 4. 15 characteristic TCR clones were identified and applied for the training of backpropagation neural network (a) The heatmap of expansion frequencies of the
15 characteristic TCR clones in the benign and the malignant patients. (b) The experimental design of the backpropagation neural network. (¢) The Scatter plot
showed validation-AUCs in 1000 repetitions of building the neural network model and their mean value. The black points present the AUC values greater than 0.75 or
less than 0.73, while the highlight points present the AUC values greater than 0.73 and less than 0.75. In the final backpropagation neural network model, the AUC of
(d) the training set, (e) the validation set and (f) the independent validation set.
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(i.e., cfDNA) methylation was the most promising genomic feature for
cancer signal detection through comparing ten different classifiers.
Unfortunately, analyzable tumor tissue comprised only 17.14% of the
total analyzable stage I lung cancer cases in the research. Furthermore,
using whole-genome methylation, the sensitivity of cancer signal
detection classifier was bellowed 10% when evaluated at 98% speci-
ficity [39]. However, another study has demonstrated that the elevated
levels of cfDNA detected in cancer patients did not originate from
neoplastic cells or adjacent normal epithelial cells derived from the tu-
mor’s tissue of origin [40]. This may be the reason for the inaccuracy of
cfDNA as a biomarker. In our previous research, using three vital fea-
tures (Ground glass nodule, Shannon index, and evenness index), we
developed a TCR-based model named TCRnodseek to distinguish ma-
lignant nodules from benign ones, which performed well in validation
group (AUC = 0.80) [41]. However, clinical imaging features such as
ground glass nodules require CT imaging. In recent research, a
meta-analysis was conducted using data from 111.6 million adult par-
ticipants across three continents (Asia, Europe, and America). The
findings of the meta-analysis revealed a significant increase in cancer
risks associated with CT scans in adults. Thus, there is a clinical demand
for the development of equally effective or slightly less effective but
non-CT-based approaches for the monitoring and management of pul-
monary nodules.

In our study, by comparing the expansion of TCR clone in the benign
and the malignant groups, 15 characteristic TCR clones (5 benign
characteristic TCR clones and 10 malignant characteristic TCR clones)
were identified, suggesting that there were skewed TCR repertoires in
groups. Moreover, our investigation revealed that the majority of these
15 characteristic TCR clones possess binding epitopes that are associated
with SARS-CoV-2, indicating many lung nodules were induced by SARS-
CoV-2 infection in current years. More importantly, we created a
clinical-information-free method for early diagnosis of lung cancer from
the pulmonary nodule patients based on backpropagation neural
network model using 15 characteristic TCR clones. Notably, our method
involves the use of peripheral blood for detection, which falls under the
category of non-invasive testing without the need for CT scans. In this
model, the AUC of validation patients, the PPV, and the NPV were 0.74,
80%, and 71.4%, respectively. Additionally, the independent validation
set exhibits an AUC level similar to that of the validation set, indicating a
fair performance.

In conclusion, analyzing the TCR repertoire diversities in the pe-
ripheral blood of pulmonary nodule patients is beneficial to early
diagnosis of lung cancer. The significantly changed usage frequencies of
TRBYV genes and reduced TCR diversities, as indicated by D50s, Shannon
indexes, Simpson indexes, and the frequencies of the largest TCR clone
reflected active T cell immune responses during the progression of viral
infection leading to early stage lung cancer. The reduced TCR diversities
were correlated with the size of pulmonary nodules. Importantly, we
build a backpropagation neural network model without clinical infor-
mation to identify the potential lung cancer from pulmonary nodules
patients using only 15 characteristic TCR clones. Based on the model, we
have created a web server named “Lung Cancer Prediction” (LCP),
which can be accessed at http://i.uestc.edu.cn/LCP/index.html.
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