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ABSTRACT

Non-small cell lung cancer (NSCLC) remains a leading cause of cancer-related deaths worldwide, despite
recent advancements in treatment options. Immune checkpoint inhibitors (ICIs) have shown promise in
improving patient outcomes, but their efficacy varies widely among individuals. Predicting patient
responses to ICIs is crucial for optimizing treatment strategies and improving overall survival. However,
current predictive biomarkers, such as PD-L1 expression and tumor mutational burden (TMB), have
limitations in terms of accuracy and invasiveness.

This dissertation aims to advance the field of personalized medicine in non-small cell lung cancer
(NSCLC) treatment by developing innovative strategies for predicting patient responses to immune
checkpoint inhibitors (ICIs). Through a series of interconnected studies, we leverage the potential of
transcriptomics, machine learning, and non-invasive biomarkers to create more accurate and precise
predictive models.

Our research begins with the development of a robust 11-gene signature derived from the largest dataset
of pre-treatment tumor tissue samples compiled for this purpose. This signature demonstrates strong
predictive performance, distinguishing responders from non-responders with an AUC of 0.85 in discovery
datasets and 0.84 in validation datasets. We then apply advanced machine learning techniques and address
class imbalance issues to further enhance the performance and reliability of our predictive models,
showing their superiority over established biomarkers.

Recognizing the limitations of invasive tissue-based approaches, we develop a novel 11-gene signature
derived from peripheral blood mononuclear cells (PBMCs) and buffy coat samples. This non-invasive
biomarker proves effective in predicting ICI responses, with AUCs of 0.87 and 0.84 in PBMC and buffy
coat cohorts, respectively. By offering a less invasive approach to monitoring treatment efficacy, this
signature has the potential to improve NSCLC management, particularly for the people of Hawaii who
face challenges in accessing specialized care.

The findings of this dissertation contribute to the growing body of tools for tailoring immunotherapy to
individual patient needs and optimizing healthcare resource allocation. As we continue to validate and
refine these predictive biomarkers and machine learning models, we move closer to a future where
precision medicine becomes the standard of care for NSCLC treatment, offering improved outcomes for
patients in Hawaii and beyond. This dissertation represents a significant step forward in the quest for
personalized medicine, laying the foundation for a new era of targeted, effective, and patient-centric care
in the face of a major health challenge.
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CHAPTER 1- INTRODUCTION FOR ADVANCING NSCLC TREATMENT THROUGH
PREDICTIVE BIOMARKER DISCOVERY

1.1 Lung Cancer and Non-Small Cell Lung Cancer (NSCLC)

Lung cancer is a devastating disease that stands as the leading cause of cancer-related deaths worldwide.
In 2023, lung cancer accounted for an estimated 238,340 new cases and 127,070 million deaths in
USA[1]. The mortality rates are equally alarming, with lung cancer claiming more lives than colorectal,
breast, and prostate cancers combined in many regions[1]. Lung cancer is broadly classified into two
main types: small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). NSCLC is the more
common type, accounting for approximately 85% of all lung cancer cases[2]. Within the NSCLC
category, there are three main subtypes: adenocarcinoma (40-50%), squamous cell carcinoma (25-30%),
and large cell carcinoma (10-15%)[2]. Adenocarcinoma is the most prevalent subtype of NSCLC,
typically originating in the peripheral lung tissue and showing a glandular histology. It is the most
common type of lung cancer among never-smokers and is more frequently diagnosed in younger
individuals and women[2]. In the United States, adenocarcinoma accounts for approximately 40% of all
lung cancer cases. Squamous cell carcinoma, the second most common NSCLC subtype, arises from the
squamous cells lining the bronchial tubes. It is strongly associated with a history of smoking and tends to

occur more frequently in men and older individuals[1].

The incidence of NSCLC varies significantly across different regions and populations. In the United
States, the age-adjusted incidence rate of NSCLC is estimated to be 42.6 per 100,000 individuals, with
higher rates observed in men (49.3 per 100,000) compared to women (37.2 per 100,000)[1]. Smoking
remains the most significant risk factor for NSCLC, accounting for approximately 80-90% of all cases.
The risk of developing NSCLC increases with the duration and intensity of smoking, with current
smokers having a 15 to 30 times higher risk compared to never-smokers[3]. However, it is important to
note that NSCLC can also occur in never-smokers, particularly in the case of adenocarcinoma, which is
more frequently associated with genetic mutations such as EGFR and ALK alterations. The prognosis for
NSCLC patients is heavily dependent on the stage at diagnosis. The five-year survival rate for localized
NSCLC (stage I-1I) is approximately 60%, while it drops to 33% for regional disease (stage I1I) and a
dismal 6% for metastatic disease (stage [V) [16]. Unfortunately, the majority of NSCLC cases (57%) are

diagnosed at an advanced stage, contributing to the overall poor prognosis of the disease[3].
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1.2 Treatment Modalities for NSCLC

The treatment landscape for NSCLC is complex and multifaceted, encompassing a range of modalities
that are often used in combination to optimize patient outcomes. The choice of treatment depends on
various factors, including the stage and subtype of the disease, the patient's overall health, and the
presence of specific molecular markers. In this section, we will explore the main treatment options for

NSCLC, excluding immunotherapy, which will be discussed in detail in the next section.

1.2.1 Surgery

Surgical resection remains the mainstay of treatment for early-stage NSCLC (stages I-1I) and is the only
potentially curative option. The goal of surgery is to remove the entire tumor along with a margin of
healthy tissue to ensure complete resection. The type of surgical procedure depends on the size and
location of the tumor, as well as the patient's lung function. Lobectomy, which involves the removal of an
entire lobe of the lung, is the preferred surgical approach for most patients with early-stage NSCLC, with
a five-year survival rate of approximately 60-80%. In some cases, a smaller resection, such as a
segmentectomy or wedge resection, may be performed if the patient has limited lung function or if the

tumor is very small[4].

1.2.2 Radiation Therapy

Radiation therapy uses high-energy beams to target and destroy cancer cells. It can be used as a primary
treatment modality for early-stage NSCLC patients who are not candidates for surgery due to medical
comorbidities or personal preferences. Stereotactic body radiation therapy (SBRT), which delivers high
doses of radiation precisely to the tumor over a shorter period, has emerged as an effective alternative to
surgery for these patients, with local control rates exceeding 90%. Radiation therapy is also commonly
used in combination with chemotherapy (chemoradiation) for locally advanced NSCLC (stage III) to
improve local control and survival outcomes. In a meta-analysis of 12 randomized controlled trials,
concurrent chemoradiation was associated with a significant improvement in overall survival compared to

sequential chemoradiation (hazard ratio [HR] 0.84; 95% CI, 0.74-0.95)[4].

1.2.3 Chemotherapy
Chemotherapy uses cytotoxic drugs to kill rapidly dividing cancer cells. It has been the backbone of
treatment for advanced NSCLC (stage IV) for many decades, with platinum-based doublet regimens (e.g.,

cisplatin or carboplatin combined with gemcitabine, paclitaxel, or pemetrexed) being the standard of care.
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Chemotherapy can also be used as an adjuvant treatment after surgery for early-stage NSCLC to reduce
the risk of recurrence. In a meta-analysis of 5 randomized controlled trials, adjuvant chemotherapy was
associated with a significant improvement in overall survival compared to surgery alone (HR 0.86; 95%
CI, 0.81-0.92)[5]. For patients with advanced NSCLC, chemotherapy has been shown to improve survival
and quality of life compared to best supportive care alone. In a meta-analysis of 16 randomized controlled
trials, chemotherapy was associated with a significant improvement in overall survival compared to best

supportive care (HR 0.77; 95% CI, 0.71-0.83)[6].

1.2.4 Targeted Therapy

Targeted therapy involves the use of drugs that specifically inhibit molecular pathways that are essential
for tumor growth and survival. The development of targeted therapies has revolutionized the treatment of
NSCLC, particularly for patients with specific driver mutations such as EGFR, ALK, ROS1, and BRAF.
EGFR tyrosine kinase inhibitors (TKIs), such as gefitinib, erlotinib, and afatinib, have become the
standard first-line treatment for patients with EGFR-mutated NSCLC, with response rates ranging from
56-83% and median progression-free survival (PFS) of 9-13 months[7]. Similarly, ALK TKIs, such as
crizotinib, ceritinib, and alectinib, have shown remarkable efficacy in patients with ALK-rearranged

NSCLC, with response rates of 57-83% and median PFS of 8-34 months[§8].

1.2.5 Palliative Care

Palliative care is an essential component of NSCLC management, particularly for patients with advanced-
stage disease. The goal of palliative care is to improve quality of life by addressing physical, emotional,
and spiritual needs of patients and their families. Palliative care interventions can include symptom
management (e.g., pain control, dyspnea relief), psychological support, and end-of-life care planning.
Early integration of palliative care with standard oncology care has been shown to improve quality of life,
reduce depression, and even prolong survival in patients with advanced NSCLC. In a landmark
randomized controlled trial, early palliative care was associated with a significant improvement in quality
of life (mean score on the Functional Assessment of Cancer Therapy-Lung [FACT-L] scale, 98.0 vs. 91.5;
P =10.03) and a 2.7-month improvement in median survival (11.6 vs. 8.9 months; P = 0.02) compared to

standard oncology care alone[9].
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1.2.6 Immunotherapy

Immunotherapy has emerged as a groundbreaking treatment modality for NSCLC, harnessing the power
of the patient's own immune system to fight cancer cells. By targeting the complex interactions between
tumors and the immune system, immunotherapy has the potential to induce durable responses and
improve survival outcomes in a subset of NSCLC patients. In this section, we will explore the various

types of immunotherapy that have been developed for NSCLC treatment(Figure 1).
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Figure 1. The multifaceted strategies of cancer therapy and their impact on the tumor
microenvironment. Central to the illustration are cancer cells experiencing stress and activating stress
mitigation pathways to ensure cell survival. Surrounding them, immune cells secrete inflammatory
cytokines like STING or interferon, aimed at inducing tumor cell death. In parallel, stromal cells
contribute to the tumor's structural integrity and can influence both protumor and antitumor paracrine
signaling. The therapies depicted include targeted drugs like BRAFi, PBKL, anti-HER2, or PARPi, which
directly inhibit cancer cell growth; immunotherapies such as anti-PD1, anti-PDL1, and anti-CSF1R,
which enhance the body's immune response against the tumor; and angiogenesis inhibitors like anti-
VEGF, which block blood vessel formation to cut off nutrient supply to the tumor. Additionally, the figure
references strategies to disrupt the cancer-supporting stroma using angiotensin blockers. Collectively,
these interventions aim to remodel the extracellular matrix (ECM), mitigate cellular stress responses, and
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shift the balance towards tumor cell death over survival. The complex interplay of these elements is vital
for understanding the dynamic battlefield of cancer therapy.

1.2.6.1 Immune Checkpoint Inhibitors (ICls)

ICls are the most widely used and successful form of immunotherapy in NSCLC. These drugs work by
blocking inhibitory signals that prevent T cells from recognizing and attacking tumor cells. The two main
targets of ICIs are programmed cell death protein 1 (PD-1) and its ligand (PD-L1), as well as cytotoxic T-
lymphocyte-associated protein 4 (CTLA-4). PD-1 inhibitors, such as nivolumab and pembrolizumab,
have shown remarkable efficacy in both previously treated and untreated NSCLC patients. In the
KEYNOTE-024 trial, pembrolizumab demonstrated a significant improvement in median overall survival

(OS) compared to platinum-based chemotherapy in untreated patients with PD-L1 expression =50%

(30.0 vs. 14.2 months; HR 0.63; 95% CI, 0.47-0.86). Similarly, nivolumab has shown superior OS
compared to docetaxel in previously treated patients, regardless of PD-L1 expression (9.2 vs. 6.0 months;
HR 0.59; 95% CI, 0.44-0.79)[10]. CTLA-4 inhibitors, such as ipilimumab, have also been studied in
NSCLC, although with less pronounced efficacy compared to PD-1 inhibitors. The combination of
ipilimumab and nivolumab has shown promising results in a subset of NSCLC patients, particularly those

with high tumor mutational burden (TMB)[11].

1.2.6.2 Adoptive Cell Therapy (ACT)

ACT involves the extraction, modification, and reinfusion of a patient's own immune cells to enhance
their anti-tumor activity. The most advanced form of ACT is chimeric antigen receptor (CAR) T-cell
therapy, which has revolutionized the treatment of hematologic malignancies. In NSCLC, CAR T-cell
therapy is still in early stages of development, with ongoing clinical trials targeting various tumor-
associated antigens, such as mesothelin, EGFRVIII, and HER2[4]. Another form of ACT is tumor-
infiltrating lymphocyte (TIL) therapy, which involves the isolation, expansion, and reinfusion of T cells
that have naturally infiltrated the tumor. TIL therapy has shown promising results in a small study of

NSCLC patients, with an objective response rate (ORR) of 25% and a median OS of 11.9 months[12].

1.2.6.3 Cancer Vaccines

Cancer vaccines aim to stimulate the immune system to recognize and attack tumor cells by exposing it to
tumor-associated antigens (TAAs). Vaccines can be based on whole tumor cells, peptides, proteins, or

nucleic acids encoding TAAs. In NSCLC, several cancer vaccines have been studied, with mixed results.
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The most advanced vaccine is tecemotide (L-BLP25), a liposomal vaccine targeting the MUCI antigen.
In the START trial, tecemotide failed to improve OS compared to placebo in patients with unresectable
stage III NSCLC after chemoradiation (25.6 vs. 22.3 months; HR 0.88; 95% CI, 0.75-1.03). However, a
subgroup analysis suggested a potential benefit for patients who received concurrent chemoradiation prior
to vaccination. Other vaccines, such as TG4010 (targeting MUC1) and racotumomab (targeting GM3
ganglioside), have shown promising results in phase II trials but require further validation in larger

studies[13].

1.2.6.4 Oncolytic Viruses

Oncolytic viruses are genetically modified viruses that selectively replicate in and kill tumor cells while
sparing normal tissues. In addition to their direct cytolytic effect, oncolytic viruses can also stimulate anti-
tumor immune responses by releasing tumor antigens and creating an inflammatory tumor
microenvironment. In NSCLC, several oncolytic viruses have been studied, including adenovirus, herpes
simplex virus, and measles virusS. The most advanced oncolytic virus is coxsackievirus A21 (CVA21),
which has shown promising activity in combination with ICIs in a phase Ib trial of advanced NSCLC

patients[14].

1.2.6.5 Combination Immunotherapy

Given the complex nature of the immune response to cancer, combining different immunotherapy
modalities or immunotherapy with other treatment modalities (e.g., chemotherapy, targeted therapy,
radiation therapy) is an active area of research in NSCLC. The rationale behind combination
immunotherapy is to exploit potential synergies and overcome resistance mechanisms. Several
combination strategies have shown promising results in clinical trials, such as the combination of PD-1
and CTLA-4 inhibitors, the combination of ICIs with chemotherapy, and the combination of ICIs with
targeted therapies[15]. However, the increased efficacy of combination immunotherapy often comes at the

cost of higher toxicity, underscoring the need for careful patient selection and management.

1.3 Limitations of Immunotherapy in NSCLC

Despite the remarkable success of immunotherapy in revolutionizing the treatment landscape of NSCLC,
it is crucial to acknowledge the significant limitations and challenges that currently hinder its widespread
efficacy. In this section, we will delve into the major limitations of immunotherapy in NSCLC, supported

by detailed data and evidence from the literature.
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1.3.1 Limited Response Rates

One of the most prominent limitations of immunotherapy in NSCLC is the relatively low response rates
observed in clinical trials and real-world settings. While ICIs have demonstrated superior efficacy
compared to traditional chemotherapy in selected patient populations, the overall response rates remain
suboptimal. In the KEYNOTE-024 trial, which compared pembrolizumab to platinum-based

chemotherapy in untreated NSCLC patients with PD-L1 expression = 50%, the objective response rate

(ORR) was 44.8% in the pembrolizumab group[10]. Similarly, in the CheckMate 017 and CheckMate 057
trials, which evaluated nivolumab in previously treated squamous and non-squamous NSCLC,
respectively, the ORRs were 20% and 19%][16]. These response rates, while clinically meaningful,

underscore the fact that a majority of patients do not derive benefit from immunotherapy.

1.3.2 Lack of Reliable Predictive Biomarkers

Another major limitation of immunotherapy in NSCLC is the lack of reliable predictive biomarkers to
guide patient selection. While PD-L1 expression has emerged as a widely used biomarker for ICI
response, its utility is limited by several factors. First, PD-L1 expression is a continuous variable, and the
optimal cutoff for defining positivity varies across different assays and clinical trials. Second, PD-L1
expression is dynamic and can be influenced by prior therapies, making it challenging to interpret in
previously treated patients. Third, PD-L1 expression alone does not fully capture the complexity of the
tumor-immune interaction, and other factors, such as tumor mutational burden (TMB), tumor-infiltrating
lymphocytes (TILs), and immune gene signatures, may also play important roles in predicting ICI

responsc.

1.3.3 Immune-Related Adverse Events (irAEs)

Immunotherapy, by virtue of its mechanism of action, can lead to a unique spectrum of side effects known
as immune-related adverse events (irAEs). These irAEs can affect multiple organ systems, including the
skin, gastrointestinal tract, endocrine glands, liver, lungs, and nervous system. The incidence of irAEs
varies across different ICI agents and trials, but meta-analyses have estimated that grade 3-4 irAEs occur
in approximately 10-15% of patients treated with single-agent ICIS. The most common irAEs include
skin rash, colitis, hepatitis, pneumonitis, and endocrinopathies such as thyroiditis and hypophysitis. While
most irAEs are manageable with corticosteroids and supportive care, they can be severe and even life-

threatening in some cases. The risk of irAEs poses a significant challenge for the management of NSCLC
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patients receiving immunotherapy, requiring close monitoring, early recognition, and prompt

intervention[17].

1.3.4 Resistance Mechanisms

Another limitation of immunotherapy in NSCLC is the development of resistance mechanisms that can
lead to disease progression despite initial response. Resistance to ICIs can be primary (i.e., lack of
response from the outset) or acquired (i.e., disease progression after initial response). Several mechanisms
of resistance have been proposed, including loss of tumor antigen expression, impaired antigen
presentation, upregulation of alternative immune checkpoints (e.g., TIM-3, LAG-3), increased presence
of immunosuppressive cells (e.g., regulatory T cells, myeloid-derived suppressor cells), and alterations in
oncogenic signaling pathways (e.g., MAPK, PI3K/AKT). The complex and multifaceted nature of
resistance mechanisms poses a significant challenge for the long-term efficacy of immunotherapy in

NSCLC, highlighting the need for novel strategies to overcome or prevent resistance[18].

1.3.5 Cost and Access Barriers

Finally, the high cost and limited access to immunotherapy pose significant barriers to its widespread
utilization in NSCLC. The average wholesale price of ICI agents can exceed $150,000 per year, placing a
substantial financial burden on patients, healthcare systems, and society. In a cost-effectiveness analysis

of pembrolizumab versus chemotherapy for untreated NSCLC with PD-L1 expression =50%, the

incremental cost-effectiveness ratio (ICER) was $168,619 per quality-adjusted life-year (QALY) gained,
exceeding the commonly accepted willingness-to-pay threshold of $100,000 per QALY[16]. Moreover,
the availability of immunotherapy varies widely across different regions and healthcare settings, with
access being particularly limited in low- and middle-income countries[19]. The high cost and limited
access to immunotherapy raise important questions about equity, resource allocation, and the

sustainability of cancer care in the era of precision medicine.

1.4 Predictive Biomarkers for Immunotherapy Response in NSCLC
Given the limitations of immunotherapy in NSCLC, particularly the suboptimal response rates and risk of
adverse events, there is a pressing need for reliable predictive biomarkers to guide patient selection and

optimize treatment outcomes. In this section, we will review the various predictive biomarkers that have
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been investigated for immunotherapy response in NSCLC, culminating in the FDA-approved framework

for guiding ICI treatment based on PD-L1 expression and tumor mutational burden (TMB).

1.4.1 PD-L1 Expression

PD-L1 expression, as assessed by immunohistochemistry (IHC), has emerged as the most widely used
biomarker for predicting ICI response in NSCLC. PD-L1 is a ligand that binds to the PD-1 receptor on T
cells, leading to T-cell exhaustion and immune evasion. The rationale behind using PD-L1 expression as a
biomarker is that tumors with higher PD-L1 expression are more likely to respond to PD-1/PD-L1
inhibitors. In the KEYNOTE-024 trial, which compared pembrolizumab to platinum-based chemotherapy
in untreated NSCLC patients with PD-L1 expression =50%, the median overall survival (OS) was 30.0

months in the pembrolizumab group versus 14.2 months in the chemotherapy group (HR 0.63; 95% CI,
0.47-0.86). Similarly, in the CheckMate 057 trial, which evaluated nivolumab in previously treated non-
squamous NSCLC, patients with PD-L1 expression = 1% had a higher ORR (31% vs. 9%) and longer

median OS (17.7 vs. 9.0 months) compared to those with PD-L.1 expression <1%.

However, the use of PD-L1 expression as a predictive biomarker has several limitations. First, there is no
standardized assay or cutoff for defining PD-L1 positivity, leading to variability across different trials and
clinical settings. Second, PD-L1 expression is dynamic and can be influenced by prior therapies, tumor
heterogeneity, and specimen handling. Third, PD-L1 expression alone does not fully capture the
complexity of the tumor-immune interaction, and some patients with low or negative PD-L1 expression

can still respond to ICls.

1.4.2 Tumor Mutational Burden (TMB)

TMB, defined as the total number of somatic mutations per megabase of coding regions in the tumor
genome, has emerged as another promising biomarker for ICI response in NSCLC. The rationale behind
using TMB as a biomarker is that tumors with higher TMB are more likely to generate neoantigens that
can be recognized by the immune system, leading to enhanced ICI response. In the CheckMate 227 trial,
which evaluated nivolumab plus ipilimumab versus chemotherapy in untreated NSCLC patients, those

with high TMB (= 10 mutations/megabase) had a significantly higher ORR (45.3% vs. 26.9%) and longer

median progression-free survival (PFS) (7.2 vs. 5.5 months) compared to those with low TMB (<10

mutations/megabase)[20].
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However, the use of TMB as a predictive biomarker also has several limitations. First, there is no
standardized assay or cutoff for defining high TMB, leading to variability across different studies and
platforms. Second, TMB is a continuous variable, and the optimal cutoff for predicting ICI response may
vary depending on the specific cancer type and clinical context. Third, TMB does not take into account

the clonality and immunogenicity of the mutations, which may also influence ICI response[20].

1.4.3 Other Potential Biomarkers
In addition to PD-L1 expression and TMB, several other potential biomarkers have been investigated for

predicting ICI response in NSCLC, including:

Tumor-infiltrating lymphocytes (TILs): The presence of TILs, particularly CD8+ T cells, in the tumor
microenvironment has been associated with better ICI response in NSCLC[8]. In a meta-analysis of 22
studies, high TIL density was associated with a higher ORR (odds ratio [OR] 2.91; 95% CI, 1.99-4.26)
and longer OS (HR 0.52; 95% CI, 0.42-0.63) in NSCLC patients treated with ICIs[21].

Immune gene signatures: The expression of certain immune-related genes, such as those involved in T-
cell activation, antigen presentation, and interferon signaling, has been associated with better ICI response
in NSCLC. In a study of 21 NSCLC patients treated with nivolumab, a 25-gene interferon-y signature was
associated with a higher ORR (60% vs. 0%) and longer median PFS (5.1 vs. 1.4 months) compared to
those without the signature[22].

Gut microbiome: The composition of the gut microbiome has been shown to influence ICI response in
NSCLC and other cancer types. In a study of 37 NSCLC patients treated with nivolumab, those with
higher diversity and abundance of certain bacterial species (e.g., Akkermansia muciniphila,
Ruminococcaceae family) had a higher ORR (60% vs. 17%) and longer median PFS (7.6 vs. 2.3 months)

compared to those with lower diversity and abundance[23].

1.4.4 FDA-Approved Framework for Guiding ICI Treatment

Based on the accumulated evidence on PD-L1 expression and TMB as predictive biomarkers, the FDA
has approved a framework for guiding ICI treatment in NSCLC. The framework, known as the "PD-L1
and TMB algorithm," integrates both biomarkers to stratify patients into different risk categories and

guide treatment decisions. According to the algorithm, patients with PD-L1 expression =50% (as

determined by the 22C3 pharmDx assay) are considered to have high PD-L1 expression and are eligible

for first-line pembrolizumab monotherapy, regardless of TMB status. For patients with PD-L1 expression
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<50%, TMB is assessed using a validated assay (e.g., FoundationOne CDx). Patients with high TMB (=

10 mutations/megabase) are eligible for first-line nivolumab plus ipilimumab, regardless of PD-L1 status.
Patients with low TMB (<10 mutations/megabase) and PD-L1 expression <1% are eligible for

chemotherapy alone, while those with low TMB and PD-L1 expression = 1% may be considered for

chemotherapy plus pembrolizumab[24].

1.5 Limitations of PD-L1 Expression and TMB in Predicting ICI Treatment Outcomes and the Importance
of Identifying Novel Predictive Markers

Despite the FDA-approved framework for guiding ICI treatment in NSCLC based on PD-L1 expression
and TMB, these biomarkers have several limitations that hinder their ability to accurately predict
treatment outcomes in all patients. In this section, we will discuss the limitations of PD-L1 expression and
TMB in predicting ICI treatment outcomes and emphasize the importance of identifying novel predictive

markers to enhance precision medicine in NSCLC.

1.5.1 Limitations of PD-L1 Expression

PD-L1 expression, while being the most widely used biomarker for ICI response in NSCLC, has several
limitations that impact its predictive value. First, PD-L1 expression is a continuous variable, and the
optimal cutoff for defining positivity varies across different assays and clinical trials. The lack of
standardization in PD-L1 testing can lead to discordant results and inconsistencies in patient selection.
Second, PD-L1 expression is dynamic and can be influenced by prior therapies, tumor heterogeneity, and
specimen handling. The spatial and temporal heterogeneity of PD-L1 expression within and between
tumors can lead to sampling bias and false-negative results. Third, PD-L1 expression alone does not fully
capture the complexity of the tumor-immune interaction, and some patients with low or negative PD-L1

expression can still respond to ICIs[25].

1.5.2 Limitations of TMB

TMB, while being a promising biomarker for ICI response in NSCLC, also has several limitations that
impact its predictive value. First, there is no standardized assay or cutoff for defining high TMB, leading
to variability across different studies and platforms. The lack of harmonization in TMB testing can lead to
discordant results and challenges in comparing data across different trials and clinical settings. Second,

TMB is a continuous variable, and the optimal cutoff for predicting ICI response may vary depending on
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the specific cancer type and clinical context. The use of arbitrary cutoffs, such as 10 mutations/megabase,
may not capture the full spectrum of TMB and its association with ICI response. Third, TMB does not
take into account the clonality and immunogenicity of the mutations, which may also influence ICI
response[26]. The presence of subclonal mutations or mutations in non-coding regions may not contribute

to the generation of neoantigens and may not be relevant for ICI response.

1.5.3 Importance of Identifying Novel Predictive Markers
Given the limitations of PD-L1 expression and TMB in predicting ICI treatment outcomes, there is a
pressing need to identify novel predictive markers that can enhance the precision and accuracy of patient

selection. Novel predictive markers can help to:

1. Capture the complexity of the tumor-immune interaction: The tumor-immune interaction is a complex
and dynamic process that involves multiple cell types, signaling pathways, and regulatory mechanisms.
Novel predictive markers that capture the functional state of the immune system, such as TILs, immune
gene signatures, and the gut microbiome, can provide a more comprehensive and biologically relevant

assessment of ICI response potential.

2. Identify additional patient subgroups that may benefit from ICIs: PD-L1 expression and TMB, while
being useful for identifying patients who are likely to respond to ICIs, may miss additional patient
subgroups that could benefit from these therapies. Novel predictive markers, such as those based on
tumor neoantigens, immune escape mechanisms, and host immune status, can help to identify additional

patient subgroups that may be responsive to IClIs, even in the absence of high PD-L1 expression or TMB.

3. Guide the development of novel immunotherapy combinations: The identification of novel predictive
markers can also guide the development of rational immunotherapy combinations that target multiple
aspects of the tumor-immune interaction. For example, the combination of ICIs with therapies that
enhance T-cell infiltration, modulate immunosuppressive cells, or stimulate innate immunity may be

particularly effective in patients with specific immune profiles or biomarker signatures.

4. Enable non-invasive and dynamic monitoring of ICI response: Finally, the identification of novel
predictive markers that can be assessed non-invasively and dynamically, such as through liquid biopsies
or imaging techniques, can enable the real-time monitoring of ICI response and the early detection of
resistance mechanisms. Such markers can help to guide treatment decisions, such as the need for
combination therapies or the timing of treatment discontinuation and can improve the overall

management of NSCLC patients receiving ICls.
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1.6 The Role of Machine Learning in Predicting ICI Response in NSCLC

Machine learning (ML) has emerged as a powerful tool for predicting ICI response in NSCLC, offering
the potential to integrate multiple layers of data, identify novel predictive markers, and develop more
accurate and personalized prediction models. In this section, we will discuss the role of machine learning
in predicting ICI response in NSCLC and introduce various ML algorithms that have been applied in this
context, with a focus on random forests (RF), support vector machines (SVM), neural networks (NN),

logistic regression (LR), and extreme gradient boosting (XGBoost).

1.6.1 The Promise of Machine Learning in Predicting ICI Response

Machine learning, a subfield of artificial intelligence, involves the development of algorithms that can
learn from data and make predictions or decisions without being explicitly programmed. In the context of
predicting ICI response in NSCLC, machine learning offers several advantages over traditional statistical

methods:

1. Integration of multiple data types: Machine learning algorithms can integrate multiple types of data,
such as clinical variables, genomic features, transcriptomic profiles, and imaging data, to develop more
comprehensive and accurate prediction models. This ability to handle high-dimensional and
heterogeneous data is particularly relevant for capturing the complexity of the tumor-immune interaction

and identifying novel predictive markers.

2. Detection of non-linear relationships: Machine learning algorithms can detect non-linear and complex
relationships between variables, which may be missed by traditional linear models. This is important for
capturing the intricate interactions between different biomarkers and clinical factors that may influence

ICI response.

3. Improved predictive performance: Machine learning algorithms have been shown to outperform
traditional statistical methods in terms of predictive accuracy, sensitivity, and specificity in various cancer
prediction tasks. This improved performance can lead to more reliable and clinically useful prediction

models for guiding ICI treatment decisions.

4. Identification of novel predictive markers: Machine learning algorithms can be used for feature
selection and importance ranking, allowing for the identification of novel predictive markers that may not
be apparent from prior knowledge or hypothesis-driven approaches. This can lead to the discovery of new

biomarkers and the development of more personalized prediction models.
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1.6.2 Machine Learning Algorithms for Predicting ICI Response

Several machine learning algorithms have been applied for predicting ICI response in NSCLC, each with

its own strengths and limitations. Here, we will introduce five commonly used algorithms: random

forests, support vector machines, neural networks, logistic regression, and extreme gradient boosting.

1. Random Forests (RF): Random forests are an ensemble learning method that combines multiple
decision trees to make predictions. Each decision tree is trained on a random subset of the data and

features, and the final prediction is made by aggregating the predictions of all the trees.

2. Support Vector Machines (SVM): Support vector machines are a class of algorithms that learn a

hyperplane to separate different classes of data in a high-dimensional space.

3. Neural Networks (NN): Neural networks are a class of algorithms inspired by the structure and

function of the human brain, consisting of interconnected nodes (neurons) organized in layers.

4. Logistic Regression (LR): Logistic regression is a statistical method that models the probability of a

binary outcome (e.g., response vs. non-response) as a linear combination of predictor variables.

5. Extreme Gradient Boosting (XGBoost): XGBoost is an ensemble learning method that combines
multiple weak learners (decision trees) to make predictions, using a gradient boosting framework to

optimize the model.

1.6.3 Challenges and Future Directions

Despite the promise of machine learning in predicting ICI response in NSCLC, several challenges need to

be addressed to translate these approaches into clinical practice. First, the development of machine

learning models requires large and well-annotated datasets, which may be limited in the context of

immunotherapy trials. Second, machine learning models can be complex and difficult to interpret, raising

concerns about their transparency and explainability. Third, the performance of machine learning models

may vary across different patient populations and clinical settings, requiring external validation and
prospective evaluation. Future directions in the application of machine learning for predicting ICI

response in NSCLC include the integration of multi-omics data, the development of interpretable and

explainable models, and the incorporation of machine learning predictions into clinical decision support

systems. In addition, the use of transfer learning and federated learning approaches may help to leverage

data from multiple sources and institutions while preserving patient privacy and data security.
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1.7 Metalntegrator: A Multi-Cohort Gene Expression Analysis Pipeline

Metalntegrator is an R package that automates and streamlines the multi-cohort gene expression analysis
process, from data download to statistical analysis and visualization of results. The package guides users
through the entire workflow, implementing rigorous meta-analysis best practices and providing a
comprehensive set of tools for integrating and analyzing gene expression data from multiple

heterogeneous datasets[27].

1.7.1 Data Processing

Metalntegrator begins by automatically downloading and processing gene expression data from the
NCBI's Gene Expression Omnibus (GEO). The package retrieves the expression data, sample annotations,
and relevant metadata, performs quality control checks, and compiles the data into a standardized format

for downstream analysis.

1.7.2 Multi-Cohort Analysis

1.7.2.1 Combining Effect Sizes

Metalntegrator employs a random-effects model to combine the effect sizes (Hedges' g) of each gene
across multiple datasets. The Hedges' g statistic is calculated for each gene in each dataset, taking into
account the mean expression values, standard deviations, and sample sizes of the case and control groups.
The package then computes a summary effect size (gs) for each gene using a weighted average of the
individual effect sizes, where the weights are inversely proportional to the variance of each study's effect
size estimate. The standard error of the summary effect size is also calculated, allowing for the
computation of p-values and false discovery rate (FDR) correction using the Benjamini-Hochberg

method.

1.7.2.2 Heterogeneity of Effect Size

To assess the heterogeneity of effect sizes across studies, Metalntegrator calculates Cochran's Q statistic
for each gene. A statistically significant Cochrane's Q value indicates significant heterogeneity in the

effect sizes between studies, which may warrant further investigation into the sources of variability.
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1.7.2.3 Combining P-Values

In addition to combining effect sizes, Metalntegrator also provides the option to combine p-values across
studies using Fisher's method. The package calculates the log sum of p-values for each gene, separately
for up-regulation and down-regulation, and computes the corresponding p-values under a chi-squared
distribution. These p-values are then adjusted for multiple testing using the Benjamini-Hochberg FDR

correction.

1.7.3 Signature Selection
Metalntegrator enables users to identify disease signatures by filtering genes based on various criteria,

such as effect size, FDR, heterogeneity, and the number of studies in which the gene was present. The
package also allows users to ensure the robustness of the selected signature by requiring that genes remain
significant across all leave-one-dataset-out analyses. Additionally, Metalntegrator provides options for
forward and backward search strategies to optimize the gene set size for maximum classification

performance.

1.7.4 Score Calculation

For a given set of signature genes, Metalntegrator calculates a signature score for each sample by
summing the standardized expression values of the positive genes and subtracting the standardized
expression values of the negative genes. This score is then normalized to a z-score within each study to

facilitate comparisons across datasets.

1.8 Comparing Machine Learning Methods for Predicting ICI Response

To identify the most effective machine learning approaches for predicting immune checkpoint inhibitor
(ICI) response in NSCLC, it is essential to compare the performance of different algorithms using
appropriate evaluation metrics. In this section, we will discuss the use of accuracy, F1 score, and receiver
operating characteristic (ROC) curves to assess and compare the predictive performance of various

machine learning methods, with a particular emphasis on ROC curve analysis.
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1.8.1 Accuracy

Accuracy is a simple and intuitive metric that measures the proportion of correct predictions made by a
machine learning model. It is calculated as the sum of true positives (TP) and true negatives (TN) divided
by the total number of instances (TP + TN + false positives (FP) + false negatives (FN)). While accuracy
provides an overall assessment of model performance, it may not be the most appropriate metric when

dealing with imbalanced datasets, as it can be skewed by the majority class.

1.8.2 F1 Score

The F1 score is a balanced measure of a model's performance, combining both precision and recall into a
single metric. Precision (also known as positive predictive value) is the proportion of true positive
predictions among all positive predictions, while recall (also known as sensitivity) is the proportion of
true positive predictions among all actual positive instances. The F1 score is the harmonic mean of

precision and recall, calculated as:
F1 =2 x (precision x recall) / (precision + recall)

The F1 score ranges from 0 to 1, with higher values indicating better performance. This metric is
particularly useful when dealing with imbalanced datasets, as it gives equal importance to both precision
and recall, thus providing a more comprehensive evaluation of the model's ability to correctly identify

positive instances.

1.8.3 ROC Curves

Receiver operating characteristic (ROC) curves are a powerful tool for evaluating and comparing the
performance of binary classification models, such as those predicting ICI response in NSCLC. An ROC
curve plots the true positive rate (TPR, also known as sensitivity or recall) against the false positive rate
(FPR, also known as 1 - specificity) at various classification thresholds. The TPR is the proportion of
actual positive instances that are correctly classified as positive, while the FPR is the proportion of actual
negative instances that are incorrectly classified as positive. The area under the ROC curve (AUC) is a
single scalar value that summarizes the overall performance of a classifier. AUC values range from 0 to 1,
with 0.5 indicating a random classifier and 1 representing a perfect classifier. A higher AUC value
indicates better overall classification performance, as it means that the model can achieve higher TPRs at
lower FPRs. Comparing ROC curves and AUC values is a robust and effective way to assess the relative
performance of different machine learning algorithms for predicting ICI response. By plotting the ROC

curves of multiple models on the same graph, researchers can visually compare their performance across
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various classification thresholds. Additionally, statistical tests such as DeLong's test can be used to

determine whether the difference in AUC values between two models is statistically significant[28].

1.9 Blood-based Biomarkers for Predicting ICI Response in NSCLC

While tissue-based biomarkers, such as PD-L1 expression and tumor mutational burden (TMB), have
been the primary focus of efforts to predict immune checkpoint inhibitor (ICI) response in NSCLC, there
is growing interest in developing non-invasive, blood-based biomarkers. Blood-based biomarkers offer
several advantages over tissue-based approaches, including easier accessibility, the ability to monitor
treatment response longitudinally, and a more comprehensive representation of the systemic immune
response. In this section, we will discuss the potential of blood-based biomarkers for predicting ICI
response in NSCLC and introduce three key hypotheses that will guide our research (Figure 2).

A Blood Drive F Clinical outcomes E
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Figure 2. The workflow for predicting and assessing the clinical outcomes of Immune Checkpoint
Inhibitor (ICI) treatment. Beginning with 'A’, a blood draw is performed on the patient, followed by 'B',
where gene profiling of the blood samples is conducted to determine the expression levels of various
genes. Next, 'C' depicts the prediction of the patient's response to ICI treatment, categorized into response,
no response, or mild response, which is likely based on the gene expression data. This prognostic
information is used in 'D' to administer the appropriate ICI treatment to the patient. Following the
treatment, 'E' shows the reassessment stage, where further gene profiling is performed to gauge the
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effectiveness of the therapy. Lastly, 'F' illustrates the goal of the process, which is the improvement of
clinical outcomes, as determined by various health metrics that track the patient's progress.

1.9.1 Advantages of Blood-based Biomarkers
1. Minimally invasive: Blood-based biomarkers can be obtained through a simple blood draw, which is
less invasive and more convenient than tissue biopsies. This minimally invasive nature enables more

frequent sampling and monitoring of treatment response over time.

2. Dynamic assessment of immune response: Blood-based biomarkers can provide a real-time snapshot of
the systemic immune response to cancer and immunotherapy. By measuring changes in circulating
immune cells, cytokines, and other soluble factors, researchers can gain insights into the dynamic

interplay between the tumor and the immune system.

3. Potential for early detection of treatment response: Blood-based biomarkers may be able to detect early
signs of ICI response or resistance before radiographic changes become apparent. This early detection
could allow for timely adjustments to treatment plans, potentially improving patient outcomes and

reducing exposure to ineffective therapies.

1.9.2 Overall Hypothesis and Sub-hypotheses
Building upon the advantages of blood-based biomarkers and the promise of integrating transcriptomic

analysis and machine learning, we propose the following overall hypothesis and three sub-hypotheses:

Overall Hypothesis: By integrating transcriptomic analysis, machine learning, and non-invasive blood-
based biomarkers, we can develop accurate and clinically relevant predictive models for NSCLC immune
checkpoint therapy outcomes, ultimately advancing personalized treatment strategies and improving

patient outcomes.

Sub-hypothesis 1 (Chapter 2): A comprehensive analysis of the largest dataset of pre-treatment tumor
tissue samples from NSCLC patients receiving immunotherapy will yield a robust gene signature with

unparalleled predictive accuracy for patient responsiveness to immune checkpoint inhibitors.

Sub-hypothesis 2 (Chapter 3): The application of machine learning techniques, coupled with strategies to
address class imbalance, will significantly enhance the performance and reliability of predictive models

for NSCLC immunotherapy outcomes, outperforming established biomarkers.
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Sub-hypothesis 3 (Chapter 4): Transcriptomic profiling of peripheral blood mononuclear cells (PBMCs)
and buffy coat samples can effectively predict responses to immune checkpoint inhibitors in NSCLC

patients, offering a non-invasive approach for real-time monitoring of treatment efficacy.

These hypotheses collectively represent a comprehensive and innovative approach to developing
predictive models for ICI response in NSCLC. By leveraging the power of transcriptomic analysis,
machine learning, and blood-based biomarkers, we aim to create accurate and clinically relevant tools that
can guide personalized treatment decisions and improve patient outcomes. In Chapter 2, we will focus on
analyzing the largest available dataset of pre-treatment tumor tissue samples from NSCLC patients
receiving immunotherapy. Through this analysis, we expect to identify a robust gene signature that can
predict patient responsiveness to ICIs with unprecedented accuracy. Chapter 3 will explore the application
of various machine learning techniques to enhance the performance and reliability of predictive models
for NSCLC immunotherapy outcomes. We will also investigate strategies to address class imbalance, a
common challenge in biomedical datasets. We hypothesize that these approaches will result in models that

outperform established biomarkers.

Finally, in Chapter 4, we will investigate the potential of transcriptomic profiling of peripheral blood
mononuclear cells (PBMCs) and buffy coat samples as a non-invasive approach for predicting ICI
response in NSCLC patients. We anticipate that this approach will enable real-time monitoring of
treatment efficacy and provide valuable insights into the systemic immune response to immunotherapy.
By testing these hypotheses and integrating the findings from each chapter, we aim to develop a
comprehensive and practical framework for predicting ICI response in NSCLC. This framework will
contribute to the advancement of personalized medicine in cancer immunotherapy and ultimately improve

outcomes for NSCLC patients.

In conclusion, blood-based biomarkers hold immense promise for predicting ICI response in NSCLC,
offering a non-invasive and dynamic approach to assess the immune response to immunotherapy. By
integrating transcriptomic analysis, machine learning, and blood-based biomarkers, as outlined in our
overall hypothesis and sub-hypotheses, we aim to develop accurate and clinically relevant predictive
models that can guide personalized treatment strategies and improve patient outcomes. The subsequent
chapters will explore each of these aspects in detail, building towards a comprehensive framework for

precision immunotherapy in NSCLC.
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CHAPTER 2 — CRAFTING A ROBUST TRANSCRIPTOMICS SIGNATURE WITH
UNPRECEDENTED SCALE AND PRECISION FOR PREDICTIVE ANALYSIS OF NSCLC IMMUNE
CHECKPOINT THERAPY OUTCOMES

2.1 Abstract

Non-small cell lung cancer (NSCLC) is a leading cause of cancer-related deaths worldwide, and immune
therapy has emerged as a promising treatment. However, identifying patients likely to respond to Immune
checkpoint therapy remains a challenge. To address this challenge, our study endeavored to unearth a
gene signature that decisively predicts NSCLC patient responsiveness to Anti-PD(L)-1 immune therapy.
With an unmatched scale of 654 samples sourced from five distinct cohorts: POPLAR (N=144), OAK
(N=425), GSE111414 (N=35), WHTJ (N=23), and GSE135222 (N=27), our study utilizes the largest
dataset ever assembled in this field of research. This unparalleled breadth and depth enable a robust and
rigorous analysis of publicly available whole-genome expression datasets from pre-treatment tumor
tissues. This extensive exploration led to the discernment of 3,235 differentially expressed genes between
responders and non-responders. This ultimately yielded a robust 11-gene signature by an iterative greedy
forward search. It’s crucial to highlight that our unique 11-gene signature surpasses all existing markers,
distinguishing responders from non-responders with an unmatched area under the ROC curve (AUC) of
0.85 in discovery datasets (N=171) and 0.84 in validation datasets (N=353), setting a new benchmark for
precision. Further validation in our in-house cohort (WHTJ N=23) reaffirms its superior accuracy with an
impressive AUC of 0.85. This provides significant and clear stratification of patient responses
unparalleled in the current landscape. This signature notably delineates response curves with significant
distinction when forecasting patient reactions, demonstrating its eminent efficacy and precision in the
prediction landscape. Our study unveils a powerful gene signature that advances patient stratification in

Anti-PD(L)-1 therapy and pioneers personalized NSCLC treatment paradigms.

Keyword: Non-small cell lung cancer (NSCLC); Immune Checkpoint; PD-1/PD-L1; Predictive signature;

Personalized treatment.
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2.2 Introduction

Non-small cell lung cancer (NSCLC) stands as a primary contributor to cancer-related fatalities globally,
encompassing approximately 85% of all lung cancer cases[29]. Despite progress in chemotherapy and
radiation therapy, the prognosis for NSCLC remains unfavorable, particularly in advanced stages[30].
Immunotherapy has demonstrated considerable progress in enhancing patient outcomes. For instance, in
the KEYNOTE-024 phase 3 clinical trial, pembrolizumab achieved a median progression-free survival of
10.3 months, in contrast to the 6.0 months observed with platinum-based chemotherapy[31]. The
fundamental concept of immunotherapy involves leveraging the body's innate immune system to combat
cancer cells, deviating from conventional treatments like chemotherapy and radiation therapy, which
predominantly target cancer cells directly[32]. Several immunotherapy modalities exist, including
checkpoint inhibitors, cancer vaccines, and adoptive cell therapy[33]. While each method operates
through distinct mechanisms, they collectively aim to invigorate the immune system to identify and

eradicate cancer cells.

Among the most promising advancements in this area are checkpoint inhibitors targeting the PD-1/PD-
L1, CTLA-4, and novel inhibitory receptors’ ligand pathways[34]. The PD-1/PD-L1 pathway serves as a
crucial regulatory mechanism for the immune system by safeguarding against autoimmune diseases.
Cancer cells can manipulate this pathway by displaying PD-L1 on their surface, which binds PD-1 on
immune cells, consequently impairing their ability to target the cancer. PD-1/PD-L1 checkpoint inhibitors
hinder this interaction, thereby enabling the immune system to combat cancer cells[35]. Similarly, CTLA-
4 represents another checkpoint molecule governing the immune system, which can be targeted through
immunotherapy. CTLA-4 checkpoint inhibitors function by obstructing the association between CTLA-4
and its ligands, thereby augmenting immune cell activity and bolstering their capacity to attack cancer
cells[36]. Both PD-1/PD-L1 and CTLA-4 checkpoint inhibitors have exhibited encouraging outcomes in
NSCLC treatment, especially for patients unresponsive to conventional chemotherapy or targeted
treatments. In some instances, these immune checkpoint inhibitors have delivered long-lasting and
durable responses, providing a beacon of hope for those with advanced NSCLC who have exhausted other
treatment avenues[37]. Despite the potential of immunotherapy, several challenges persist.
Immunotherapy is associated with various side effects and toxicities that may negatively impact patients'
quality of life. According to the KEYNOTE-024 clinical trial, treatment-related adverse events of any
grade occurred in 73.4% of patients receiving pembrolizumab, while grade 3, 4, or 5 events were reported
in 26.6% of patients[10]. This highlights the importance of vigilant monitoring and management for

patients undergoing immunotherapy. Furthermore, immunotherapy is effective in only a subset of
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patients, with response rates varying from around 14.8% to 44.8% depending on the specific agent and
trial setting[31; 38; 39]. Predicting a patient’s response to PD-1/PD-L1 immunotherapy remains a
formidable challenge within the oncology field. While Immune checkpoint Inhibitors exhibit considerable
efficacy in a subset of patients, their effectiveness varies across the population, with immunotherapy

resistance presenting a significant challenge in understanding the underlying factors.

A critical factor influencing the response to PD-1/PD-L1 immunotherapy involves both the expression of
PD-L1 on cancer cell surfaces and the presence of PD-1 on the surfaces of CD8+ T cells. Research
indicates that patients with a PD-L1 expression of at least 50% had a response rate of 45.2% to
pembrolizumab, an anti-PD-1 agent, compared to a 16.5% response rate in the overall study
population[40]. Although Tumor Mutational Burden (TMB) has emerged as a noteworthy biomarker
predicting immunotherapy responses across diverse cancers, its universal applicability is called into
question by recent studies. In Hellmann et al.'s 2017 research, high TMB (=20 mutations/mb) correlated
with a 58% immunotherapy response rate, juxtaposed with a 20% rate in low to intermediate TMB
counterparts. This indicated a positive association between elevated TMB levels and improved
immunotherapy outcomes[41]. Nevertheless, TMB's predictive reliability is inconsistent across different
cancer types, with complexities in its measurement, variable cutoff values, and uncertain predictive
accuracy posing significant challenges. In 2021, McGrail et al. conducted a study involving over 10,000
patient tumors to question the effectiveness of high TMB (TMB-H) as a universal predictor for responses
to immune checkpoint blockade (ICB) across various cancer types. While TMB-H significantly enhanced
response rates in melanoma, lung, and bladder cancers, its predictive power faltered in cancers like breast,
prostate, and glioma. These findings underscore the need for cancer-specific investigations into TMB’s

predictive role for ICB responses[42].

Transcriptomics, which encompasses the study of the transcriptome, has surfaced as a promising approach
for predicting immunotherapy responses in non-small cell lung cancer (NSCLC) patients. This method
entails analyzing the entire range of RNA transcripts generated by a cell, offering valuable insights into
cancer cell biology. Research suggests that specific transcriptomic signatures, including immune-related
gene expression, may serve as indicators for immunotherapy responsiveness in NSCLC patients[43].

Such signatures signify an active immune response within the tumor and are considered a robust predictor
for immunotherapy outcomes. Although employing transcriptomics to forecast responses to immune

checkpoint therapy in NSCLC presents considerable potential, it faces significant hurdles, including low
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accuracy and insufficient validation across multiple datasets[44].However, there is an imperative demand
for a highly efficient and stable transcriptomics-based predictive model capable of effectively determining
responses to immune checkpoint therapy in NSCLC. In this study, we endeavor to tackle the complexities

associated with predicting immunotherapy outcomes in non-small cell lung cancer (NSCLC) patients.

Our hypothesis that a comprehensive analysis of the largest dataset of pre-treatment tumor tissue samples
from NSCLC patients receiving immunotherapy will yield a robust gene signature with unparalleled
predictive accuracy for patient responsiveness to immune checkpoint inhibitors, we embark on this
groundbreaking study. By harnessing the power of transcriptomics and leveraging the most extensive
dataset to date, we aim to uncover a molecular blueprint that can guide treatment decisions and optimize
outcomes for NSCLC patients, particularly those in Hawaii who bear a disproportionate burden of this

disease.

2.3 Methods

2.3.1 Data and Software Availability

In this study, we collected and analyzed data from five lung cancer patient cohorts who underwent
immunotherapy treatment[45; 46; 47; 48]. The demographic and clinical characteristics of the patients are
summarized in Supplementary Table 1. The cohorts include POPLAR (N=144), OAK (N=425),
GSE111414 (N=35), WHTJ (N=23), and GSE135222 (N=27). All the samples were tumor tissues, except
for GSE111414, which were peripheral blood mononuclear cells (PBMCs) from CD8+ T cells. The
median age of the patients ranged from 62 to 63 years, with a slightly higher percentage of male patients
across all cohorts. The cohorts varied in terms of race, tobacco use, EGFR and KRAS mutation status,
and histology. The response rate to immunotherapy was also diverse among the cohorts. To analyze the
data, we employed various software tools and algorithms. The key resources used in this study are listed
in Supplementary Table 2. The Metalntegrator R package was used for meta-analysis, while the
Deconvolution Analysis R package was employed for deconvoluting bulk gene expression data into cell
type-specific gene expression profiles. The data sources for the study included clinical trials (OAK:
NCT02008227 and POPLAR: NCT01903993) as well as the Gene Expression Omnibus (GEO) datasets
GSE111414 and GSE135222. In addition to the publicly available datasets, we also included an
independently collected dataset from Wuhan Tongji Hospital (WHTJ). The WHTJ cohort (N=23) was
gathered between March 2021 and May 2023.
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Table 1. Demographic and clinical characteristics of lung cancer patients before immunotherapy

treatment.

[») POPLAR OAK GSE111414 WHTJ) GSE135222
Patients, n 144 425 35 23 27
Sample type Tumor Tumor PBMCs (CD8+ T cell) Tumor Tumor
Age

Median (min, max) 62 (42-82) 63-0 (33-82) 62.0 (35-83) 62(51-81)
Sex, male, n (%) 93 (65) 261 (61) 20 (57) 22(81)
Race, n (%)

White 110 (76) 302 (71)

Black or African American 3(2) 5(1)

Asian 23(16) 85 (20) 23

Other or unknown 6(4) 33(8)
Tobacco use, n (%)

Never 27 (19) 84 (20) 7 (20)

Current 25(17) 59 (14) 14 (40)

Previous 92 (64) 282 (66) 14 (40)
EGFR mutation, n (%)

Positive 10 (12)t 42 (10) 1(3)

Negative 72 (87)t 318 (75)

Unknown 1Mt 65 (15) 34(97)
KRAS mutation, n (%)

Positive 14 (33)& 26 (6) 9(26)

Negative 28 (67)& 99 (23)

Unknown 300 (71) 26(74)
Histology, n (%)

Nonsquamous 95 (66) 313 (74) 5(14)

Squamous 49 (34) 112 (26) 30 (86)
response *

Responder 12 48 15 12 8

Non-responder 74 270 20 11 19

& Of 42 patients in the atezolizumab group and 30 in the docetaxel group with known KRAS mutation status.tOf 83
patients in each group with known EGFR mutation status. * Of RNA-seq files in the dataset

2.3.2 RNA extraction

Total RNA was extracted from NSCLC tissue samples using the TRIzol reagent (Invitrogen, Carlsbad,
CA, USA) according to the manufacturer's instructions. The RNA-containing aqueous phase was
collected and mixed with an equal volume of isopropanol to precipitate the RNA. The RNA pellet was
washed with 75% ethanol and re-suspended in RNase-free water. RNA quality and quantity were assessed
using agarose gel electrophoresis. Briefly, a small amount of RNA sample was mixed with RNA loading
buffer, denatured, and then loaded onto a 1% agarose gel. The gel was run at a constant voltage until the
RNA bands were separated. The gel was then stained with ethidium bromide and visualized under UV
light. The quantity of RNA was estimated by comparing the intensity of the RNA bands to a known
standard, and the quality was assessed by the presence of distinct 28S and 18S ribosomal RNA bands and

absence of smearing or degradation.
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Table 2. Key resources tables.

Study source Purposes or identifier
i Rittmeyer et Atezolizumab vs. docetaxel in patientswith
L SENCIVAL 22 al. 2017 previously treated NSCLC
POPLAR: Fehrenbacher doé::?;)?éllzﬁ)l?gzt\i,esﬁts
NCT01903993 etal. 2016 :
who progressed on postplatinum chemotherapy
Trefny et al. .. .
GSEl111414 2019 NSCLC receiving nivolumab monotherapy
GSE135222 Jung H et al. DNA mgthylatlon loss cqupled with m.1t0tlc cell
2019 division promotes immune evasion
GSE207422 Hu et al 2023 Transcriptomic dynamics of NSCLC during anti-
PD-1 + chemotherapy
Software and
Algorithms
https://cran.r-
Metalntegrator X [prl Y project.org/web/packages/Metalntegrator/index.html
Deconvolution e . .
Analysis R package https://github.com/omnideconv/immunedeconv
XGBoost R package https://xgboost.readthedocs.io/
Enrichment Analysis Hiplot https://hiplot.com.cn/

2.3.3 Clinical Outcomes

The primary clinical outcomes used the Response Evaluation Criteria in Solid Tumors (RECIST) version

1.1 for all cohorts[49]. Based on the response status, patients were classified into two groups: responders,

comprising individuals with a complete response (CR) or partial response (PR), and non-responders,

consisting of those with stable disease (SD) or progressive disease (PD).
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2.3.4 Quantification of gene transcripts

The quantification of gene expression was performed using paired-end fastq raw data generated from
RNA-seq analysis of tissue[50]. The data was analyzed using the Nextflow RNA-seq pipeline, which
includes adapter trimming, quality control, read mapping to the reference genome, and gene expression
quantification using featureCounts software. Briefly, the pipeline first used Trimmomatic to remove low-
quality bases and adapter sequences from the raw reads. The high-quality reads were then mapped to the
GRCh38 using HISAT?2 software. Afterward, the resulting BAM files were sorted and indexed using
SAMtools. Gene expression levels were quantified using featureCounts, which assigned reads to
annotated gene models based on their genomic locations. The gene expression data were then normalized
using the trimmed mean of M-values (TPM) method in edgeR software. The differential expression
analysis was performed using edgeR, which calculated the log2 fold change and adjusted p-value for each

gene.

2.3.5 Development of Immune Therapy Prediction Model

To identify a gene set with maximal diagnostic power for immune therapy prediction, we utilized a
forward search algorithm implemented in the R package Metalntegrator. The algorithm begins with a
single gene having the highest discriminatory power, followed by the inclusion of a gene with the highest
possible increase in performance metric to the gene set. This process continues until no further genes can
improve the performance metric by a certain threshold. In this study, we set the threshold as a level in
which the inclusion of additional genes would not substantially improve the performance metric. The
performance metric used in this study was the immune therapy score, which was chosen based on its
suitability for immune therapy prediction. The gene set identified by the algorithm was further optimized
using forward and backward search to improve the performance of the selected gene set. We evaluated the
diagnostic power of the final gene set using receiver operating characteristic (ROC), and the area under

the curve (AUC) was calculated to assess the diagnostic performance of the gene set.

2.3.6 Validation of Immune Therapy Prediction model

We validated the predictive ability of the Immune Therapy Prediction model in two public datasets and
one independent clinical dataset of non-small cell lung cancer (NSCLC) patients receiving
immunotherapy, comparing their ability to differentiate responders from non-responders. The between-
group comparisons of the NSCLC score were performed using the Wilcoxon rank sum test. Significance

levels were set at a two-tailed p-value < 0.05, unless otherwise specified. All statistical analysis and
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calculations were conducted using the R software. To evaluate the enrichment of immune-related genes in
immune therapy response, we calculated the standardized enrichment scores using the same method as the
z score. The enrichment scores were used to identify the immune cell types that were associated with

immunotherapy response in NSCLC patients.

2.3.7 Statistical Analysis

All statistical analyses were performed using R software. The gene expression data were normalized
using the TPM method implemented in the edgeR package[51]. Differential expression analysis was
performed using the edgeR package, which uses a negative binomial model to model the count data and

estimate the dispersion parameter.

2.4 Results

2.4.1 Discovery and Validation of the 11-Gene Signature Predictive of NSCLC Immune Checkpoint
Therapy Outcome in Existing Cohorts

We collected whole-genome expression datasets from publicly available sources, including the European
Genome-phenome Archive (EGA), the database of Genotypes and Phenotypes (dbGaP), and the Gene
Expression Omnibus (GEO) databases, which examined tumor tissue samples from non-small cell lung
cancer (NSCLC) patients receiving immune therapy prior to treatment initiation. We identified four
datasets and divided them into two 'training' and two 'validation' datasets using samples obtained at the

baseline prior to immune therapy (Figure 3).
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Collection of Public Dataset RNA-seq Data from NSCLC Independent Collection of NSCLC

Immune Checkpoint Therapy Cohorts totaling 1574 Immune Checkpoint Therapy Patient
patients across four cohorts Samples, with Treatment Outcomes

Assessed According to RECIST Version
1.1 Criteria

Exclusion of 943 samples not
treated with immune therapy or
lacking response information

Y

Y

Inclusion of Four Cohorts for Further Analysis:
POPLAR (N=144), OAK (N=425), GSE111414
(N=35), and GSE135222 (N=27)

Training Set: OAK (N=425), GSE135222 Validation Set: POPLAR (N=144),
(N=27) GSE111414 (N=35)

Y
| | In-house Validation: WHTJ(N=23) |

Y

Identification of 11 Genes from Training Set
Transcriptomic Data and Establishment of —>| Validation of the Immune Score Prediction Model for the 11 Identified Genes
an Immune Predictive Score Model. l
Comparison of the predictive ability of 11-Gene Comparative Assessment of 11-Gene Signature Combined
signature and classical predictive markers in < and Individually Against PD-L1 Expression/TMB for
NSCLC Immune Checkpoint Therapy Outcomes Predicting NSCLC Immune Checkpoint Therapy Outcomes
Identification of NEO1 as the Gene with the Analysis of Pre-Treatment NSCLC Samples Using
Highest Weight from the 11 Genes and > Single-Cell Sequencing to Identify Differences
Investigation of the NEO1-PD-1 Association. Between Responders and Non-Responders.

Figure 3. Workflow of developing and validating an 11-gene signature for predicting NSCLC
immune checkpoint therapy outcomes. An 11-gene immune predictive score model was established
using transcriptomic data from the training set (OAK and GSE135222 cohorts) after filtering out samples
not treated with immunotherapy or lacking response information. The model was then validated in the
validation set (POPLAR and GSE111414 cohorts) and an independent in-house cohort (WHTJ). The
predictive performance of the 11-gene signature was compared with classical predictive markers such as
PD-L1 expression and tumor mutation burden (TMB). NEO1, the gene with the highest weight in the 11-
gene signature, was further investigated for its association with PD-1. Single cell sequencing analysis was
performed on pre-treatment NSCLC samples to identify differences between therapy responders and non-
responders.

Using our analytical approach, we identified 3235 significantly differentially expressed genes between
patients who responded to immune therapy versus those who did not respond in the discovery datasets (N
=171, POPLAR, GSE135222). We employed an iterative greedy forward search approach to analyze the
3235 genes, identifying an optimized set of 11 differentially expressed genes in the response group (4

over-expressed, 7 under-expressed) with enhanced predictive power (Figure 4A-K, Supplementary Table
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3). Then, we calculated an immune therapy prediction score for each sample in both training sets by
subtracting the geometric mean expression of the 7 under-expressed genes from the geometric mean
expression of the 4 over-expressed genes (Figure 1L, M). The 11-gene immune therapy prediction scores
distinguished responders from non-responders with a summary area under the receiver operating
characteristic (ROC) curve (AUC) = 0.85 [95% confidence interval (CI) [0.68 -0.95]] in the discovery
datasets (Figure 4N). To provide a comprehensive illustration of the 11-gene set's predictive ability in the
validation datasets (N = 353, OAK, GSE111414), we followed a similar approach as in the training sets.
We first depicted the individual performance of the genes in the validation datasets (Figure SA-K).
Secondly, we calculated the immune therapy prediction score for each sample in both validation sets
(Figure 5L, M). Finally, we demonstrated the combined predictive ability of the 11-gene set in Figure SN
by presenting the receiver operating characteristic (ROC) curve, which resulted in an AUC value of 0.84

[95% CI [0.74-0.917].

Table 3. Annotations of the Functions of 11 Genes.

Gene Symbol Full Name Function

CD274 Programmed cell death 1 ligand 1 Involved in the immune response, suppressing the immune system, target for cancer immunotherapy

TMEMG60 Transmembrane protein 60 Believed to encode a transmembrane protein, specific function not well understood

SLC31A1 Solute Carrier Family 31 Member 1 Involved in copper transport into cells, critical for uptake of copper essential for various biological processes

ERII Exoribonuclease 1 Involved in the processing of small RNA molecules, Plays arole in RNA interference and microRNA
degradation

NEO1 Negatial Involved in axon guidance and cell migration during development, also plays a role in acute inflammatory
responses.

PMVK Phosphomevalonate kinase Involved in the biosynthesis of isoprenoids, important for various cellular processes

IGFIR Insulin-like growth factor 1 receptor Binds insulin-like growth factor 1, plays a crucial role in growth and development, implicated in cancer

FUBP1 Far Upstream Element Binding Protein 1 Regulates the expression of various genes, including c-myc, involved in cell growth and proliferation

LOC100996717 Uncharacterized gene Novel or uncharacterized gene, limited information available

RPAIN RPA Interacting Protein Interacts with Replication Protein A, plays a role in DNA replication and repair

FAH Fumarylacetoacetate hydrolase Involved in the breakdown of tyrosine, deficiencies can lead to hereditary tyrosinemia type I

2.4.2 Validation of the 11-Gene Signature Predictive of NSCLC Immune Checkpoint Therapy
Outcome in the WHTJ Cohort

To further validate the predictive model, we collected a new cohort (WHTJ) of 23 non-small cell lung
cancer (NSCLC) patients' pre-treatment tissue samples, including 10 non-responders and 13 responders.

We performed RNA-seq on these 23 patients to obtain their gene expression profiles and validated the

40



expression levels of the 11 significantly expressed genes. Figure 6A presents the boxplot of these 11
genes, where only Neogenin 1(NEO1) and Transmembrane Protein 60 (TMEM60) exhibited significant
differences (P < 0.05) between the non-response and response group. Based on the expression levels of
these 11 genes, we calculated the immune therapy prediction score (Figure 6B), which showed significant
differences between the non-response and response group. Concurrently, we computed the receiver
operating characteristic (ROC) curve to distinguish responders from non-responders. The resulting area

under the curve (AUC) was 0.85 (95% CI[0.71 - 0.99]), as shown in Figure 6C.

2.4.3 Comparative Assessment of 11-Gene Signature Combined and Individually Against PD-L1
Expression/TMB for Predicting NSCLC Immune Checkpoint Therapy Outcomes

Aiming to validate and compare our 11-gene signature with established clinical biomarkers, our study
depicted in Figure 6 investigates the effectiveness of this signature in predicting NSCLC immune
checkpoint therapy outcomes. The analysis considers the 11-gene signature both in conjunction with, and
in individual comparison to, PD-L1 expression and TMB. Initially, the 11-gene signature was evaluated
across five cleaned datasets, excluding samples lacking essential data such as age, gender, PD-L1, and
TMB expression. The ROC curve for this signature (Figure 7A) yielded a Summary AUC of 0.84 (95%
CI 0.74-0.90), indicating a robust predictive capability. Further refinement involved integrating the 11-
gene signature with clinical factors like gender and age, forming a new signature. This approach,
however, slightly reduced the Summary AUC to 0.79 (95% CI 0.64-0.89) as shown in Figure 7B. The
study then progressed to compare the 11-gene signature with traditional clinical biomarkers, specifically
PD-L1 expression and TMB. By combining these biomarkers with the 11 genes, two new models were
established (Figures 5C and 5D), both demonstrating improved Summary AUCs of 0.86 (95% CI 0.73-
0.94) and 0.86 (95% CI 0.78-0.92), respectively. In an intriguing turn, combining PD-L1 expression and
TMB (Figure 4E) slightly enhanced the model's predictive accuracy, achieving a Summary AUC of 0.87
(95% CI 0.78-0.93). The study also independently assessed the ROC of PD-L1 expression, TMB, and the
NEOI1 gene (the most significant in the 11-gene signature). The results for the OAK and POPLAR
datasets showed varying degrees of predictive accuracy: PD-L1 expression (Figure 7F) had an AUC of
0.68 and 0.57; TMB (Figure 7G) recorded AUCs of 0.57 and 0.62; and NEO1 expression (Figure 7H)
exhibited higher AUCs of 0.80 and 0.76. We also conducted a Multivariate Analysis of Clinical Factors,
revealing that only our 11-gene signature was significantly predictive of ICI response, while other clinical

factors did not show statistical significance (Table 6).
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Figure 4: Discovery of the 11-Gene Signature Predictive of NSCLC Immune Checkpoint Therapy
Outcome in Existing Cohorts. A-K: Forest plots representing the standardized mean difference (log2
scale) of individual genes in the 11-gene signature across multiple NSCLC cohorts. These plots reveal
significant variations in the expression of genes such as CD274, TMEM60, SLC31A1, ERI1, NEOI,
PMVK, IGFIR, FUBP1, LOC100996717, RPAIN, and FAH, each contributing uniquely to the overall
predictive model. L-M: Depicts a violin plot of the 11-gene signature meta scores in the GSE135222 and
POPLAR cohort. This plot compares the meta scores between the response and non-response groups,
revealing the differences in their distribution. The visualization underscores the distinct predictive power
of the 11-gene signature in identifying responders vs. non-responders in the context of NSCLC immune
checkpoint therapy within the GSE135222 and POPLAR cohort. N: Presents the Receiver Operating
Characteristic (ROC) curve for the 11-gene signature, illustrating its efficacy in predicting NSCLC
immune checkpoint therapy outcomes with a summarized Summary AUC of 0.85 (95% CI 0.68-0.95),

indicating robust predictive capability.
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Figure 5: Validation of the 11-Gene Signature Predictive of NSCLC Immune Checkpoint Therapy
Outcome in Existing Cohorts. A-K: Forest plots representing the standardized mean difference (log2
scale) of individual genes in the 11-gene signature across the GSE111414 and OAK NSCLC cohorts.
These plots highlight the expression variability of genes such as CD274, TMEMG60, SLC31A1, ERI1,
NEOI1, PMVK, IGFIR, FUBP1, LOC100996717, RPAIN, and FAH, underlining their significant
contributions to the predictive model. L-M: Violin plots illustrating the meta scores of the 11-gene
signature in the GSE111414 and OAK cohorts, respectively. These plots compare the scores between
response and non-response groups, showcasing the discriminative power of the signature in categorizing
treatment responses. N: Presents the Receiver Operating Characteristic (ROC) curve for the 11-gene
signature across the cohorts, with a summarized Summary AUC of 0.84 (95% CI1 0.74 — 0.91),

demonstrating its robust predictive capability in forecasting NSCLC immune checkpoint therapy

outcomes.
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Figure 6: Validation of the 11-Gene Signature Predictive of NSCLC Immune Checkpoint Therapy
Outcome in the WHTJ Cohort. A: Displays the boxplot of 11 genes in a new cohort (WHTJ) of 23
NSCLC patients, including 10 non-responders and 13 responders. Notably, Neogenin 1 (NEO1) and
Transmembrane Protein 60 (TMEM60) exhibited significant differences (P < 0.05) between the non-
response and response groups. B: [llustrates the immune therapy prediction score based on the expression
levels of these 11 genes, showing significant differences between the non-response and response groups
in the WHT]J cohort. C: Presents the Receiver Operating Characteristic (ROC) curve for distinguishing
responders from non-responders in the WHTJ cohort, with an area under the curve (AUC) of 0.85 (95%

CI[0.71 - 0.99]), confirming the signature's predictive accuracy.
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ROC plot of 11-gene signature with PD-L1 and TMB.

Figure 7: Comparative Assessment of 11-Gene Signature Combined and Individually Against PD-
L1 Expression/TMB in Predicting NSCLC Immune Checkpoint Therapy Outcomes. A: ROC curve
analysis of the 11-gene signature across five datasets, revealing a Summary AUC of 0.84 (95% CI 0.74-
0.90), highlighting its predictive strength. B: Depicts the ROC curve for the combined 11-gene signature
with clinical factors such as age and gender, indicating a Summary AUC of 0.79 (95% CI 0.64-0.89). C&
4: Showcase ROC curves for the 11-gene signature in conjunction with PD-L1 expression and TMB,
respectively, both achieving a Summary AUC of 0.86 (95% CI 0.73-0.94 for Figure 4C and 0.78-0.92 for
Figure 4D). E: Illustrates the ROC curve combining PD-L1 expression and TMB, achieving an enhanced
Summary AUC of 0.87 (95% CI 0.78-0.93). F, G, & H: Present ROC curves for PD-L1 expression, TMB,
and NEO1 gene expression individually, with varied AUCs indicating their respective predictive

capabilities in the OAK and POPLAR datasets.
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2.4.4 Comparison of the predictive ability of 11-Gene signature and classical predictive markers in
NSCLC Immune Checkpoint Therapy Outcomes

The immune therapy prediction score was also evaluated for its ability to predict overall survival and
progression-free survival in NSCLC patients receiving immune therapy. To compare the predictive ability
of the 11-gene signature with that of classical predictive markers, we performed survival analysis using
the model's scores to classify NSCLC patients into responders or non-responders. Our analysis revealed
that NSCLC patients classified as responders by the predictive model showed significantly better overall
survival (OS) and progression-free survival (PFS) compared to non-responders in the OAK dataset (P <
0.05, Figure 8A, B). Moreover, we compared the predictive power of tumor mutational burden (TMB) for
survival analysis and found that TMB had no significant predictive value for NSCLC patients' survival
outcome in the OAK dataset (Figure 8C, D). These results suggest that the 11-gene signature has a
stronger predictive ability for the response to immune therapy in NSCLC patients than classical predictive
markers and TMB. We also validated the predictive model in the POPLAR and WHT]J datasets. The
results showed that in the POPLAR dataset, the overall survival (OS) of patients predicted as responders
or non-responders had a p-value of 0.17, while the progression-free survival (PFS) had a significant
difference with a p-value of 0.0016 (Figure 8E, F). We further assessed the predictive ability of TMB in
the POPLAR dataset. The findings indicated that TMB, when used alone, did not significantly predict
overall survival (OS) or progression-free survival (PFS) outcomes in NSCLC patients. This was
evidenced by the non-significant p-values of 0.64 and 0.36 in the OS and PFS survival plots, respectively
(Figures 6G and 6H). In addition to the POPLAR dataset, the predictive model's effectiveness was also
tested in the WHT]J dataset. Here, the overall survival and progression-free survival analyses yielded p-
values of 0.2 and 0.1, respectively (Figures 8J and 8K). Despite the lack of significant differences in the
p-values for OS and PFS in the WHTJ dataset, the graphs clearly illustrate a distinct separation between
the two groups. In conjunction with our prior analyses, we incorporated age, gender, and other clinical
factors into the survival analysis framework, engaging in a more comprehensive examination of their
collaborative impact on survival curves. The introduction of age and gender marginally enhanced the
discriminative ability of the 11-gene signature for survival curves. Similarly, a marginal improvement was
observed in the survival curve separation with the inclusion of tumor mutational burden (TMB).
Although, it is crucial to note that TMB still fell short of effectively distinguishing between the Response
and Non-Response groups in terms of survival. We also compared the predictive ability of our model with
other published predictive markers for immune therapy outcomes. Detailed information on these
comparisons can be found in Supplementary Table 4. The results from the receiver operating
characteristic (ROC) curves indicated that our model demonstrated the most stable predictive

performance and achieved the highest area under the curve (AUC) in the validation datasets.
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Figure 8: Comparison of the Predictive Ability of 11-Gene Signature and Classical Predictive
Markers in NSCLC Immune Checkpoint Therapy Outcomes. A & B: Survival analysis in the OAK
dataset illustrating that NSCLC patients classified as responders by the 11-gene predictive model
exhibited significantly better overall survival (OS) and progression-free survival (PFS) compared to non-
responders (P < 0.05). C & D: Analysis of tumor mutational burden (TMB) in the same dataset, showing
no significant predictive value for NSCLC patients' survival outcomes. E & F: In the POPLAR dataset,
the overall survival (OS) of patients predicted as responders or non-responders had a p-value of 0.17,
while the progression-free survival (PFS) showed a significant difference with a p-value of 0.0016. G &
H: Assessment of TMB in the POPLAR dataset indicating its limited predictive ability for overall survival
(OS) and progression-free survival (PFS) in NSCLC patients, with non-significant p-values of 0.64 and
0.36, respectively. J & K: In the WHTJ dataset, the overall survival and progression-free survival analyses
yielded p-values of 0.2 and 0.1, respectively, suggesting the predictive model's effectiveness in this

cohort.
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Table 4. Summary of 11 transcriptomic predictive signatures collected for ICB response prediction.

ID GSE111414 OKA GSE135222 POPLAR WHTIJ
IFN_gamma 0.56 0.69 0.72 0.63 0.67
T cell inflamed GEP 0.59 0.73 1 0.61 0.56
Inflammatory.Sig 0.63 0.77 0.99 0.67 0.6
EMT.Sig 0.58 0.68 0.68 0.56 0.66
Blood.Sig 0.61 0.75 0.93 0.53 0.62
LRRC15.CAF 0.61 0.71 0.88 0.56 0.66
TIDE 0.55 0.65 0.72 0.63 0.56
PD-L2 0.45 0.48 0.79 0.65 0.65
gene.CD8 0.46 0.64 0.73 0.63 0.53
AMP 0.65 0.61 0.81 0.6 0.74
Pan F TBRS 0.54 0.72 0.86 0.57 0.48
CECM up 0.76 0.74 0.98 0.56 0.55
11-gene signature 0.84 0.85 0.88 0.91 0.85
Anontation Validation  Validation Training Training  Validation

Table 5. The list of biomarkers for response to immune checkpoint therapy that were compared in this

study.

Correlation to ICB
Signature Definition Orreiation 1o ICB type Tumor Type

Response

Multiple Cancer

IFN- IFN-y 6- ion[68 Positi ti-PD-1
gamma v 6-gene expression[68] ositive anti Types
; . .. . Multiple C
T cell-inflamed  [FN-y—responsive genes expression[68] Positive anti-PD-1 uitiple Lancer
GEP(gene Types
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expression
profiles)

Inflammatory.Sig

EMT.Sig

Blood.Sig

LRRC15.CAF

TIDE(Tumor
Immune
Dysfunction And
Exclusion)

PD-L2

gene.CD8

AMP(Antigen
Presenting
Machinery)

Pan_F TBRS
(pan-fibroblast
TGF-P response
signature)

A gene expression signature of 27
inflammation related genes that
predicted response to immune
checkpoint blockade in lung cancer[69]

A gene expression signature of 12
epithelial-to-mesenchymal transition
(EMT) related genes that predicted
response to immune checkpoint
blockade in lung cancer[69]

A blood sample based 15-gene
expression signature that can predict
response to anti-CTLA4
immunotherapy[70]

A signature of 14 marker genes of a
specific type of carcinoma-associated
fibroblasts (CAF) — “LRRCI15+ CAFs”
that correlated with poor response to
anti-PD-L1 therapy[71]

A computational method to model two
primary mechanisms of tumor immune
evasion[72]

PD-L2 mRNA expression[73]

The mean expression of CDSA and
CD8B genes/the CD8 gene
expression|74]

Seven antigen presenting machinery
(APM)

genes expression[75]

Pan-fibroblast TGF-B response
signature[76]

Positive

Positive

Positive

Negative

Negative

Positive

Positive

Positive

Negative

anti-
PD1/PD-L1

anti-
PD1/PD-L1

anti-CTLA-
4

anti-PD-L1

anti-PD1/
anti-
CTLA4

anti-PD-1

anti-PD-1

anti-PD-1

anti-PD-L1

Lung Cancer

Lung Cancer

Melanoma

pancreatic
ductal
adenocarcinoma

Melanoma-+
NSCLC

Multiple Cancer
Types

Multiple Cancer
Types

Multiple Cancer
Types

Multiple Cancer
Types
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C-ECM-

up(cancer-
iated C - iated ECM lated Multiple C
associate ancer: assom?l © upregulate Negative Anti-PD-1 ultiple Cancer
extracellular genes enrichment score[77] Types

matrix genes
upregulated)

Table 6 Multivariate Analysis of Clinical Factors and the 11-Gene Signature Predicting ICI Response.

(0] Cl_lower Cl_upper p_value
(Intercept) 0.07 0.03 0.13 0.00
Age 0.98 0.92 1.21 0.08
gender male 1.26 0.63 2.51 0.51
Pathological_type SQUAMOUS 1.55 0.76 3.16 0.23
EGFR mutation 1.50 0.95 2.40 0.15
Karas mutation 1.70 0.85 3.40 0.13
Race 1.10 0.90 1.30 0.50
History of smoking yes 0.38 0.15 1.63 0.07
stages |IIIC 0.59 0.02 12.30 0.79
stages IV 0.27 0.07 3.15 0.31
stages IVA 2.16 0.13 35.47 0.78
11-gene signature 4.95 3.29 7.46 0.00

2.4.5 NEO1-PD-1 association and the Potential of NEO1 as a Novel Target for Immune Checkpoint
Therapy in NSCLC

The Figure 9, partitioned into left and right panels, showcases an in-depth examination of Neogeninl
(NEOL1) expression gathered from The Cancer Genome Atlas (TCGA) datasets, specifically focusing on
Lung Adenocarcinoma (LUAD) and Lung Squamous Cell Carcinoma (LUSC). This analysis underscores
the distinct expression patterns of NEOI in different lung cancer subtypes. In the TCGA-LUAD cohort,
NEO1 shows a significant downregulation in cancer tissues compared to normal counterparts, suggesting
its involvement in cancer development. In contrast, the TCGA-LUSC data does not exhibit a significant
differential expression of NEO1 between cancerous and normal tissues, hinting at a possible subtype-
specific function of NEO1 in lung cancer pathogenesis. The survival analysis included in the figure

indicates that NEO1 expression does not significantly influence overall survival in either TCGA-LUAD
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or TCGA-LUSC patient groups. The diagnostic relevance of NEO1 in TCGA-LUAD is evidenced by a
Receiver Operating Characteristic (ROC) Area Under Curve (AUC) of 0.759 (95% Confidence Interval
[CI]: 0.705-0.813), denoting moderate diagnostic accuracy. However, in TCGA-LUSC, the diagnostic
efficacy is considerably lower, with an ROC AUC of 0.546 (95% CI: 0.483-0.609). Regarding prognostic
capabilities, NEO1 demonstrates limited utility with a 5-year ROC AUC of 0.526 in TCGA-LUAD and
0.501 in TCGA-LUSC. Significantly, the figure presents a correlation analysis between NEO1 and
PDCD1 (Programmed Cell Death Protein 1), revealing a statistically significant negative correlation.
Additionally, the data indicates a significant negative correlation between NEO1 expression and T cell
infiltration. In addition to earlier analyses, our research extends to the expression of Neogeninl (NEO1)
in various cell types, utilizing data from The Human Protein Atlas. Supplementary Figure 10 and Figure
11 specifically focus on NEO1 expression in unique cellular contexts. They reveal a predominant
expression of NEO1 in Alveolar Cell Types 1 and 2. These alveolar cells are not just components of the
lung's alveoli, responsible for gas exchange, but are also a specialized form of epithelial cells. Alveolar
Type 1 cells, also known as squamous alveolar cells, are thin and cover most of the alveolar surface,
facilitating gas exchange. Alveolar Type 2 cells, or great alveolar cells, besides their role in secreting
surfactant to maintain lung function and prevent alveolar collapse, also serve as progenitors for Type 1

cells, underlining their epithelial nature.
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Figure 9: NEO1-PD-1 Association and the Potential of NEO1 as a Novel Target for Immune
Checkpoint Therapy in NSCLC. (Left Panel): Examines Neogeninl (NEO1) expression in the TCGA
Lung Adenocarcinoma (LUAD) cohort, showing significant downregulation in cancer tissues compared to
normal tissues, suggesting NEO1's involvement in cancer development. A (Right Panel): Analyzes NEO1
expression in the TCGA Lung Squamous Cell Carcinoma (LUSC) cohort, indicating no significant
differential expression between cancerous and normal tissues, hinting at a possible subtype-specific
function in lung cancer pathogenesis. The included survival analysis shows NEO1's limited impact on
overall survival in both LUAD and LUSC groups. The diagnostic relevance of NEO1 in LUAD is
evidenced by a ROC AUC of 0.759 (95% CI: 0.705-0.813), while in LUSC, the diagnostic efficacy is
lower with a ROC AUC of 0.546 (95% CI: 0.483-0.609). Prognostically, NEO1 shows limited utility with
5-year ROC AUCs 0f 0.526 in LUAD and 0.501 in LUSC. The figure also presents a significant negative
correlation between NEO1 expression and PDCD1 (Programmed Cell Death Protein 1), as well as NEO1

expression and T cell infiltration.
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Figure 10: NEO1 protein expression in normal human lung tissues based on The Human Protein
Atlas. Immunohistochemistry staining images from The Human Protein Atlas database demonstrate the
presence and cellular localization of NEO1 protein in normal lung tissues. The staining intensity suggests

a moderate expression level of NEO1 in lung tissues under physiological conditions.
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Figure 11: Cell type-specific expression of NEO1 in human lung alveolar cells. The
immunohistochemistry staining image from The Human Protein Atlas database reveals that NEO1 protein
is specifically expressed in the alveolar cells of the lung. The localization of NEO1 in alveolar cells
suggests its potential role in the function and homeostasis of these specialized lung cells, which are

critical for gas exchange and may be involved in the response to immune checkpoint therapy.
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2.5 Discussion

Our study aimed to identify a gene signature that could predict the response to immune therapy in
NSCLC patients. Our results demonstrate that the 11-gene signature has a strong predictive ability for the
response to immune therapy in NSCLC patients, as shown by the high AUC value in both the discovery
and validation cohorts. Our study further validated the model's predictive power in a new cohort of
NSCLC patients, indicating its potential clinical utility. Notably, we observed that the 11-gene signature

outperformed classical predictive markers and TMB in predicting the response to immune therapy.

One of the most interesting findings of our study is the identification of the NEO1 gene as a key
component of the 11-gene signature. NEO1 is a transmembrane protein that plays an essential role in the
regulation of cell differentiation, migration, and survival. Previous studies have suggested that NEOL1 is
involved in the regulation of immune cell function, which may explain its potential role in predicting the
response to immune therapy. In NSCLC single-cell sequencing data, we observed a significant gradient-
like negative correlation between NEO1 and PD-1, whereas a positive correlation was found in peripheral
blood effector memory T cells of healthy individuals and the GSE111414 dataset. We believe that this
discrepancy may be related to the activation or suppression of T cells in the tumor microenvironment.
Cell-based experiments have shown that NEO1 and PD-1 proteins can interact. In non-responding
patients undergoing immune therapy, we hypothesize that high expression of NEO1 in CD8+ cells
suppress PD-1 expression, which in turn impairs the activation of these cells during subsequent anti-PD-
1/anti-PD-L1 treatments. This is due to the inherently low expression levels of PD-1 in CD8+ T cells,
making activation challenging. Inhibiting NEO1 could increase PD-1 expression in CD8+ cells, providing

greater opportunities for activation during anti-PD-1 treatments.

The results of our study provide compelling evidence in support of our sub-hypothesis, demonstrating that
a comprehensive analysis of the largest dataset of pre-treatment tumor tissue samples from NSCLC
patients receiving immunotherapy can indeed yield a robust gene signature with unparalleled predictive
accuracy for patient responsiveness to immune checkpoint inhibitors. The identification of our 11-gene
signature, which outperforms existing biomarkers in predicting treatment outcomes, underscores the

power of leveraging large-scale, high-quality datasets in the pursuit of precision medicine.

The implications of our findings are far-reaching, holding promise for the advancement of personalized
treatment strategies in NSCLC. By providing a molecular framework for predicting patient
responsiveness to immunotherapy, our 11-gene signature has the potential to guide clinical decision-
making, optimize treatment allocation, and ultimately improve outcomes for NSCLC patients, particularly

those in Hawaii who face a disproportionate burden of this disease.
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Moreover, the robustness and reproducibility of our signature across multiple datasets highlight the
generalizability of our approach and its potential for widespread clinical application. As we move
forward, it will be crucial to validate our findings in prospective clinical trials and assess the feasibility of

integrating this signature into routine clinical practice.

However, we must also acknowledge the limitations of our study, including its retrospective nature and
the potential for confounding factors that may influence treatment responses. Additionally, while our 11-
gene signature demonstrates unparalleled predictive accuracy, it is important to recognize that the
complexity of the tumor-immune interaction likely involves a broader network of molecular pathways

and cellular interactions that warrant further investigation.

Despite these limitations, our study represents a significant stride towards the realization of precision
medicine in NSCLC, offering a promising tool for predicting immunotherapy responses and guiding
personalized treatment strategies. As we continue to refine and validate our approach, we remain
committed to our goal of improving outcomes and quality of life for NSCLC patients in Hawaii and

beyond.

In conclusion, our sub-hypothesis that a comprehensive analysis of the largest dataset of pre-treatment
tumor tissue samples from NSCLC patients receiving immunotherapy will yield a robust gene signature
with unparalleled predictive accuracy for patient responsiveness to immune checkpoint inhibitors has
been strongly supported by the results of our study. The identification of our 11-gene signature represents
a significant breakthrough in the field of NSCLC precision medicine, paving the way for more
personalized and effective treatment strategies that can transform the lives of patients battling this

devastating disease.

Building upon the foundation of our 11-gene signature, the next chapter will delve into a comparative
analysis of our developed model with existing predictive biomarkers. By juxtaposing the performance of
our signature against established markers, we aim to assess its relative strength and identify areas for
further refinement. Moreover, recognizing the potential of machine learning approaches to enhance the
accuracy and robustness of predictive models, we will explore the application of various computational
techniques to our dataset. This exploration will not only provide valuable insights into the optimal
strategies for leveraging machine learning in the context of NSCLC immunotherapy but also offer a

framework for integrating these advanced analytical methods with our transcriptomic signature.

As we embark on this comparative analysis and machine learning exploration, we remain committed to
our overarching goal of advancing precision medicine in NSCLC and improving outcomes for patients in

Hawaii and beyond. By integrating cutting-edge computational approaches with our robust transcriptomic
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signature, we seek to develop a comprehensive and powerful predictive model that can guide personalized

treatment decisions and ultimately transform the landscape of NSCLC care.
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CHAPTER 3-COMPARATIVE ANALYSIS OF THE DEVELOPED MODEL WITH EXISTING
PREDICTIVE BIOMARKERS AND EXPLORATION OF DIFFERENT MACHINE LEARNING
APPROACHES

3.1 Abstract

In this study, we aimed to enhance the predictive accuracy of machine learning (ML) models for non-
small cell lung cancer (NSCLC) immune therapy outcomes. Initial results highlighted the challenge of
class imbalance within our dataset, which led to suboptimal performance of various ML models including
Random Forest (RF), Support Vector Machine (SVM), Neural Network (NN), Logistic Regression
(LOGIT), and XGBoost (XGB). To address this, we implemented a sampling strategy to balance the
dataset, significantly improving model performance across all metrics: Area Under the Curve (AUC), F1
score, and accuracy. The LOGIT model emerged as the top performer, achieving the highest AUC of
0.789 and accuracy of 0.714 in the training set, and maintaining robust performance in the validation set.
This study underscores the critical role of addressing class imbalance in training datasets and
demonstrates the efficacy of balanced sampling in enhancing the predictive accuracy of ML models for
NSCLC immune therapy outcomes. Our findings contribute valuable insights into the application of
machine learning in oncology, emphasizing the importance of dataset preprocessing and the selection of

appropriate ML algorithms tailored to the specifics of the data.

Keywords: Machine learning; class imbalance; sampling strategy; predictive accuracy; Random Forest;

Support Vector Machine; Neural Network; Logistic Regression; XGBoost; F1 score;

3.2 Introduction

The journey to conquer non-small cell lung cancer (NSCLC) has entered a promising yet challenging
phase with the advent of immune therapy. As we chart the course for this therapeutic voyage, the need for
precise predictive tools is paramount. Our dissertation delves into this need by putting our newly
developed machine learning model to the test against the backdrop of established predictive biomarkers.
Current biomarkers, such as PD-L1 expression and tumor mutational burden (TMB), have paved the way
for tailored treatments in NSCLC, guiding clinicians in their therapeutic decisions[52; 53]. Despite their
value, these biomarkers fall short in predicting outcomes for all patients due to the complex nature of

NSCLC. Our hypothesis is that a machine learning-based model, informed by rich transcriptomic data,
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will provide a more detailed map of the terrain, leading to better prediction of how patients will respond

to immune therapy.

To validate our hypothesis, we will conduct a comparative analysis, meticulously measuring our model's
performance against that of existing biomarkers. Our investigation encompasses a diverse array of
machine learning algorithms, each with its unique strengths and potential to unravel the intricacies of
NSCLC immunotherapy response prediction. We begin with the Random Forest (RF) model, an ensemble
learning method renowned for its ability to handle high-dimensional data and capture complex
interactions among features[54]. By constructing multiple decision trees and aggregating their

predictions, RF offers a robust and interpretable framework for classification tasks.

Next, we delve into the realm of Support Vector Machines (SVM) with Radial Basis Function (RBF)
kernel. SVM is a powerful algorithm that excels in finding optimal decision boundaries in high-
dimensional spaces[55]. By mapping data points into a higher-dimensional feature space, SVM with RBF

kernel can effectively capture non-linear relationships and provide accurate predictions.

Our exploration also ventures into the domain of deep learning with the application of Neural Networks
(NN). NN models, inspired by the structure and function of biological neural networks, have
demonstrated remarkable success in various machine learning tasks. By leveraging multiple layers of
interconnected nodes, NN can learn hierarchical representations of data and uncover intricate patterns that

may elude traditional algorithms[56].

To provide a comprehensive perspective, we also include Logistic Regression (LR), a fundamental and
widely used algorithm in binary classification problems. LR models the probability of an outcome based
on a linear combination of input features, offering a straightforward and interpretable approach to

prediction.

Finally, we employ the cutting-edge XGBoost (XGB) algorithm, an optimized gradient boosting
framework that has gained significant attention in recent year. XGB combines multiple weak learners to
create a strong predictive model, effectively handling complex data structures and delivering state-of-the-

art performance in various domains[57].

By comparing these diverse machine learning approaches, we aim to identify the most promising
strategies for predicting NSCLC immunotherapy outcomes. However, we recognize that the effectiveness
of these algorithms can be significantly influenced by the presence of class imbalance in the dataset,

where one class (e.g., non-responders) may significantly outnumber the other (e.g., responders). To
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address this challenge, we will investigate techniques such as oversampling, undersampling, and class

weighting to ensure that our models can learn from balanced representations of the data.

Through this comprehensive analysis, we seek to not only identify the most accurate and reliable machine
learning approaches for NSCLC immunotherapy response prediction but also to provide valuable insights
into the impact of class imbalance on model performance. By developing strategies to mitigate the effects
of imbalanced data, we aim to enhance the generalizability and clinical applicability of our predictive

models.

Ultimately, our goal is to leverage the power of machine learning to advance personalized medicine in
NSCLC treatment, particularly for the people of Hawaii who bear a disproportionate burden of this
disease. By comparing our developed model with existing predictive biomarkers and exploring various
computational approaches, we strive to identify the most effective strategies for guiding treatment
decisions and improving patient outcomes. The insights gained from this comparative analysis will not
only inform the refinement of our predictive model but also contribute to the broader understanding of

machine learning applications in precision oncology.

3.3 Methods

3.3.1 Data Acquisition and Preprocessing

In this phase of the study, we have utilized two distinct datasets for training and validation purposes. The
training dataset consists of patient samples from the OAK cohort (N=425) and GSE135222 cohort
(N=27), amounting to a total of 452 samples. For validation, we have employed the POPLAR cohort
(N=144), GSE111414 cohort (N=35), and WHTJ(N=23) totaling 202 samples. The preprocessing of the
data involved normalization and variance stabilization to ensure consistency across the datasets. This step
is crucial to minimize batch effects and technical noise that could influence the performance of machine

learning models.
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3.3.2 Machine Learning Model Development
To construct a predictive model for NSCLC immune therapy outcomes, we have implemented several
machine learning algorithms, each with specific parameters tailored to the characteristics of the gene

expression data:

1.Random Forest (RF):

R code:

rf_model <- randomForest(
X = train_X,
y = as.factor(train_y),
ntree = 500,

importance = TRUE

Explanation:

randomForest(...): This function from R is used to construct a random forest model which is an ensemble

of decision trees usually used for classification and regression tasks.

x = train_x: Specifies the predictor variables. Here, train_x contains the input features from the training

data.

y = as.factor(train_y): Sets the response variable as a factor, essential for classification. The train_y data

are the observed categories or classes for the training examples.

ntree = 500: Defines the number of trees to grow in the forest, set to 500. This number is a balance
between computing efficiency and model accuracy. More trees generally improve model performance but

increase computational load.

importance = TRUE: Indicates that the model should calculate the importance of each variable in the
training set. This is useful for feature selection and to understand which variables are influencing the

model the most.

2. Support Vector Machine (SVM) with RBF Kernel:
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R code:

svm_model <- svm(
X = train_Xx,
y = as.factor(train_y),
kernel = "radial",
cost = 30,
probability = TRUE

)

Explanation:

svm(...): This function is used to train a Support Vector Machine model, which is a powerful and versatile

method of machine learning for classification.

kernel = "radial": Specifies the use of the Radial Basis Function (RBF) kernel. The RBF kernel is a

popular choice for SVM as it can model complex regions within the feature space.

cost = 30: The cost parameter controls the penalty for misclassifying training examples and helps in

finding the correct hyperplane. A higher cost can lead to better accuracy on the training set but can cause

overfitting. The value 30 was found to be optimal through cross-validation.

probability = TRUE: Allows the model to provide probability estimates for predictions, which is helpful

in many applications like risk assessment.

3. Neural Network (NN):

R code:

nn_model <- neuralnet(
formula = response ~ .,
data = train_data,
hidden = c(3, 3),

linear.output = FALSE
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)

Explanation:

neuralnet(...): Constructs a neural network for modeling complex functions by learning the correct

weights through the data provided.

formula = response ~ .: A symbolic description of the model to be fitted. Here, response is the dependent

variable, and . indicates all other variables in train_data are independent variables.

hidden = c(5, 3): Specifies that the neural network will have two hidden layers; the first with 5 neurons

and the second with 3 neurons. Multiple layers can model complex relationships.

linear.output = FALSE: Indicates the output function should be non-linear, which is typical for

classification tasks.

4. Logistic Regression (LR):

R code:

logit model <- glm(
formula = response ~ .,
data = train_data,
family = binomial()

)

Explanation:

glm(...): Generalized linear model function. Logistic regression is a type of GLM used for binary

classification.

family = binomial(): Specifies that the model should use the binomial family, appropriate for binary

response variables, which are modeled using a logistic function.

4. XGBoost (XGB):

R code:
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xgb_model <- xgboost(
data = xgb_train,
nrounds = 10,
params = list(
objective = "binary:logistic",
scale pos weight = scale pos weight,

eta =0.1

)

Explanation:

xgboost(...): This is the function call that initiates the training of the XGBoost model. XGBoost is known

for its performance and efficiency in applied machine learning.

data =xgb_train: This parameter specifies the training dataset to be used by the model. xgb_train should

be prepared in a specific format typically a matrix of predictors along with a vector of target variables.

nrounds = 10: This argument defines the number of boosting rounds or trees to build. Each round adds a
new tree to correct the residuals (errors) from the previous rounds. The choice of 10 rounds is a balance

between model complexity, overfitting risk, and computational efficiency.
params = list(...): This parameter takes a list of other settings that control various aspects of the model:

objective = "binary:logistic": Specifies the learning task and the corresponding learning objective. A
binary:logistic objective means the model will output probabilities for a binary classification problem

(two classes), using the logistic regression function.

scale pos weight = scale pos weight: Addresses class imbalance by weighting the positive class more if
it is underrepresented. The value for scale pos weight should be chosen based on the ratio of negative to
positive samples. For example, if the training set contains 20 times more negative examples than positive
ones, scale_pos_weight should be set close to 20. This helps the model pay more attention to the

underrepresented class during training.
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eta = 0.1: Also known as the learning rate, this parameter scales the contribution of each tree by a factor
of 0.1. It helps to prevent overfitting by making the boosting process more conservative. Lower values
make the model robust but slow to learn, requiring more rounds (trees) to achieve similar performance to

a model with a higher learning rate.

3.3.3 Performance Evaluation

The performance of each model will be evaluated using the receiver operating characteristic (ROC) curve
and the area under the ROC curve (AUC) to assess the models' diagnostic ability. Additionally, metrics
such as accuracy, precision, recall, and the F1 score will be computed to provide a comprehensive view of
the models' performance. The ‘pROC" package in R will be used for ROC analysis, and a custom function

“calculate_performance” will compute the additional metrics.

3.3.4 Comparative Analysis with Established Biomarkers

Upon completion of the model training and validation phases, we will undertake a comparative analysis to
evaluate the effectiveness of various machine learning approaches in predicting NSCLC immune therapy
outcomes. This analysis will juxtapose the performance of distinct algorithms, namely Random Forest
(RF), Support Vector Machine (SVM) with Radial Basis Function (RBF) kernel, Neural Networks (NN),
Logistic Regression (LR), and XGBoost. Our aim is to identify which machine learning strategy offers
the most accurate predictions, considering the complex nature of the data and the underlying biological
processes. The assessment will hinge on several key performance metrics that reflect the accuracy and
reliability of each model. The primary metric will be the area under the Receiver Operating Characteristic
(ROC) curve (AUC), which provides an aggregate measure of performance across all possible
classification thresholds. The AUC is particularly valuable as it combines two critical aspects of a model's
performance: sensitivity (true positive rate) and specificity (true negative rate). Additionally, we will
calculate the accuracy, which quantifies the proportion of total correct predictions, and the F1 score, a
harmonic mean of precision and recall that is especially useful when the class distribution is imbalanced.
The F1 score is crucial as it balances the trade-off between precision and recall, providing a single score
that reflects both the model's ability to correctly identify positive cases and its precision in not

misclassifying negative cases as positive.
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3.4 Results

3.4.1 Model Performance on Training and Validation Sets

In the training set, the machine learning models exhibited varying degrees of predictive accuracy for
NSCLC immune therapy outcomes. The Random Forest (RF) model achieved an AUC of 0.809 (95% CI
0.727 — 0.809), while the Support Vector Machine (SVM) with an RBF kernel closely followed with an
AUC of 0.804 (95% CI 0.72 — 0.804). The Neural Network (NN) model lagged, demonstrating an AUC
0f 0.576 (95% CI 0.494 — 0.576), suggesting challenges in capturing the complex patterns within the
dataset. The Logistic Regression (LOGIT) model fared better with an AUC of 0.751 (95% CI 0.655 —
0.751), and the XGBoost (XGB) model presented a competitive AUC of 0.797 (95% CI1 0.719 — 0.797).
When evaluating the F1 score, which considers both the precision and recall of the model, Logistic
Regression emerged as the top performer with an F1 score of 0.588, indicating a balanced prediction of
both positive and negative classes. XGBoost also showed a commendable F1 score of 0.32. However, the
F1 scores for RF and SVM were at the lower end, both scoring 0.0606, and NN at 0.1111. The accuracy
metric, which reflects the overall correctness of predictions, had Logistic Regression leading with an
accuracy of 0.777, followed closely by RF and SVM, each with an accuracy of 0.753, XGBoost with
0.73, and Neural Network with 0.746.The validation set results were somewhat different, with the Neural
Network model showing a significant increase in performance, boasting an F1 score of 0.8 and the highest
accuracy of 0.741. Logistic Regression maintained strong performance with an F1 score of 0.522 and
accuracy of 0.645. XGBoost had a moderate F1 score of 0.4 and accuracy of 0.612, while the RF model
had lower F1 scores and accuracy, with the SVM model not producing a calculable F1 score. The ROC
curves for the validation set reflected these findings, with Neural Networks leading with an AUC of 0.767
(95% CI1 0.618 — 0.767) and Logistic Regression closely following with an AUC of 0.775 (95% CI 0.603
—0.775). The RF model had an AUC of 0.721 (95% CI 0.53 — 0.721), and XGBoost had an AUC of 0.704
(95% CI 0.511 — 0.704). The SVM model's performance was lower with an AUC of 0.521 (95% CI 0.308
—0.521), indicating a need for further refinement(Figure 12).

3.4.2 Model Performance After Addressing Class Imbalance

The initial outcomes from the machine learning models revealed constraints in their predictive
capabilities, likely due to an imbalance in the dataset where the 'response' class was underrepresented. To
rectify this, we employed a sampling approach during training, where an equal number of 'non-response'
cases were randomly selected to match the number of 'response’ cases, creating a balanced dataset. Upon
implementing the sampling strategy, the machine learning models showed improved performance on the
balanced training set. The Random Forest (RF) model exhibited an AUC of 0.731 (95% CI 0.64 — 0.731),
indicating a fair predictive capability. The Support Vector Machine (SVM) with RBF kernel achieved a

67



higher AUC of 0.781 (95% CI 0.701 — 0.781), while the Neural Network (NN) model demonstrated an
AUC 0f 0.763 (95% CI 0.665 — 0.763).
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Figure 12: ROC Curves and Model Performance Metrics. A: Comparison of Receiver Operating
Characteristic (ROC) Curves between training and validation datasets, illustrating the sensitivity and 1-
specificity of various machine learning models. B: Detailed ROC Curves for the validation dataset,
presenting the Area Under the Curve (AUC) for each model. C: Bar graph depicting F1 Scores and
Accuracies for different models based on the training dataset, evaluating the balance between precision
and recall. D: Bar graph showing the F1 Scores and Accuracies for models validated on an independent

dataset, highlighting their performance in predicting outcomes.



The Logistic Regression (LOGIT) model presented an AUC of 0.789 (95% CI 0.707 — 0.789), and the
XGBoost (XGB) model achieved the highest AUC among the models, at 0.797 (95% CI 0.719 — 0.797).
In terms of the F1 score, which evaluates the balance between precision and recall, the LOGIT model led
with a score of 0.625, followed by the SVM at 0.563. The NN model also showed a commendable F1
score of 0.493. The XGB model, despite its high AUC, had a lower F1 score of 0.32, and the RF model
scored 0.435. The accuracy metric, reflecting overall prediction correctness, was highest for the LOGIT
model at 0.714, closely followed by XGB at 0.730, NN at 0.706, RF at 0.690, and SVM at 0.643. The
validation set results post-sampling were as follows: RF with an AUC of 0.731, SVM with an AUC of
0.781, NN with an AUC of 0.763, LOGIT with an AUC of 0.789, and XGB with an AUC of 0.797. These
AUC values were consistent with the training set, indicating that the models were robust to overfitting
and could generalize well to unseen data. In the F1 score analysis, the LOGIT model remained the
standout performer with a score of 0.765, suggesting its strong ability to balance precision and recall. The
SVM model demonstrated a high F1 score of 0.684, and the NN model also performed well with a score
0f 0.615. The XGB model had an F1 score of 0.455, while the RF model scored 0.381. For accuracy, the
LOGIT model was again the leader with 0.742, followed by SVM at 0.613, XGB at 0.613, NN at 0.516,
and RF at 0.581(Figure 13).

3.4.3 Statistical Comparison of Model Differences via the DeLong Test

Our analysis was meticulously conducted to discern the performance disparities among several machine
learning models, including Random Forest (RF), Support Vector Machine (SVM), Neural Network (NN),
Logistic Regression (Logit), XGBoost (XGB), and an 11-gene signature model. The assessment was
rooted in comparing the Area Under the Receiver Operating Characteristic Curve (AUC) values,
leveraging the DeLong test for statistical validation of observed differences (Table 7). This method
allowed us to evaluate the models in terms of their predictive accuracy on both training and validation
datasets. On the training set, the analysis indicated no significant differences in AUC values among the
traditional machine learning models (RF, SVM, NN, Logit, and XGB), with p-values ranging from 0.09 to
0.89. These results suggest that, within the confines of the training data, the models exhibited comparable
performance levels. Notably, however, comparisons between each of these models and the 11-gene
signature model yielded p-values of 0.00, denoting statistically significant superior performance by the
11-gene signature model. The validation set comparisons painted a more nuanced picture. While some
model pairs like RF and NN (p-value: 0.00) and NN and Logit (p-value: 0.00) exhibited statistically
significant differences in predictive accuracy, others, such as RF and XGB (p-value: 0.30) and Logit and

XGB (p-value: 0.27), did not. This variance underscores the importance of model selection based on
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specific dataset characteristics and desired performance metrics. Remarkably, every comparison between

the traditional machine learning models and the 11-gene signature model again resulted in p-values of

0.00, reaffirming the exceptional performance of the 11-gene signature model across both datasets.
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Figure 13: ROC Curves and Model Performance Metrics After Sampling. A: Comparison of

Receiver Operating Characteristic (ROC) Curves after Sampling for the Training Set. This panel displays

the ROC curves, highlighting the performance of various machine learning models in distinguishing
between responders and non-responders to NSCLC immune checkpoint therapy. B: ROC Curves after
Sampling for the Validation Set. Like Panel A, but focusing on the validation dataset, illustrating the

predictive accuracy of each model in a separate cohort. C: F1 Scores and Accuracies of Models after
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Sampling for the Training Set. This chart visualizes the F1 scores and accuracy percentages, providing a
concise overview of each model's performance based on a balanced sampling approach. D: F1 Scores and
Accuracies for the Validation Set after Sampling. Mirroring Panel C, yet dedicated to the validation set,
this graph offers insight into the models' efficacy in predicting therapy outcomes after implementing a

sampling strategy to address class imbalance.

Table 7 Model AUC Comparisons Delong Test Results

NumberModel name1 Model name2 P value Dataset
1rf svm 0.20Training
2rf nn 0.63Training
3rf logit 0.31Training
4rf xgb 0.09Training
5svm nn 0.78Training
6svm logit 0.89Training
7svm xgb 0.74Training
8nn logit 0.55Training
9nn xgb 0.59Training

10 logit xgb 0.88Training

11 rf 11-gene signature 0.00Training

12svm 11-gene signature 0.00Training

13nn 11-gene signature 0.00Training

14 logit 11-gene signature 0.00Training

15xgb 11-gene signature 0.00Training

16rf svm 0.14Validation
17 rf nn 0.00Validation
18rf logit 0.84Validation
19+f xgb 0.30Validation
20svm nn 0.09Validation
21svm logit 0.09Validation
22svm xgb 0.57Validation
23nn logit 0.00Validation
24nn xgb 0.01 Validation
25logit xgb 0.27Validation
26rf 11-gene signature 0.00Validation
27 svm 11-gene signature 0.00Validation
28nn 11-gene signature 0.00Validation
29logit 11-gene signature 0.00Validation
30xgb 11-gene signature 0.00Validation

3.5 Discussion

Our study's second phase tackled the challenge presented by the imbalance in our dataset, a common issue
in medical datasets where one class (in this case, 'response') is underrepresented. This imbalance can skew

the performance of machine learning models, as observed in the initial results, leading to suboptimal
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predictive accuracy. To address this, we implemented a sampling strategy to balance the dataset by
randomly selecting an equal number of 'non-response' cases to match the number of 'response’ cases

during training.

The incorporation of the sampling technique significantly improved the performance of all machine
learning models tested. The Random Forest (RF) model showed a modest improvement with an AUC of
0.731, while the Support Vector Machine (SVM) and Neural Network (NN) models displayed more
substantial gains, with AUCs of 0.781 and 0.763, respectively. Notably, the Logistic Regression (LOGIT)
model achieved an AUC of 0.789, and the XGBoost (XGB) model attained the highest AUC of 0.797,
suggesting that these models are particularly well-suited to this balanced dataset approach.In terms of the
F1 score, which is critical in evaluating the balance between precision and recall, especially in the context
of a balanced class distribution, the LOGIT model outperformed the others with an F1 score of 0.625.
This was followed by the SVM model with an F1 score of 0.563 and the NN model with a score of 0.493.
The accuracy metric revealed a similar trend, with the LOGIT model achieving the highest accuracy of

0.714, indicative of its overall robustness.

The improved model performance after sampling highlights the importance of addressing class imbalance
in training datasets. It underscores the need for appropriate preprocessing techniques to ensure that
predictive models can learn from the data effectively, thereby increasing their utility in clinical settings.
As we examined the nuances of model performance further, it became evident that the chosen machine
learning algorithm plays a crucial role in the outcome. Each algorithm has inherent characteristics that
make it suitable for different types of data. For instance, the XGB model's performance indicates its
capability to handle complex patterns, while the LOGIT model's success points to the effectiveness of
simpler models in certain situations. The results obtained from the balanced dataset are promising and
pave the way for further research. The next steps would involve exploring additional algorithms, feature
selection techniques, and other forms of data augmentation to further enhance model performance.
Additionally, it would be prudent to investigate the underlying reasons why certain models performed
better than others on the balanced dataset to inform the development of more sophisticated algorithms that

could potentially provide even greater predictive accuracy.

The results of our comparative analysis provide compelling evidence in support of our sub-hypothesis,
demonstrating that the application of machine learning techniques, coupled with strategies to address
class imbalance, can significantly enhance the performance and reliability of predictive models for

NSCLC immunotherapy outcomes, outperforming established biomarkers.
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Among the machine learning algorithms explored, the Logistic Regression (LR) model emerged as a top
performer, achieving the highest AUC and accuracy in the balanced training set. The success of LR
highlights the potential of simple yet powerful algorithms in capturing the complex relationships between
molecular features and treatment responses. Moreover, the consistent performance of LR across both
training and validation sets underscores its robustness and generalizability, making it a promising

candidate for clinical application.

The XGBoost (XGB) algorithm also demonstrated remarkable performance, particularly in terms of AUC,
emphasizing its ability to handle intricate data structures and capture non-linear relationships. The success
of XGB in our study aligns with its growing recognition as a state-of-the-art algorithm in various machine

learning domains.

Notably, the Neural Network (NN) model exhibited a significant improvement in performance after
addressing class imbalance, underscoring the importance of considering data distribution when applying
deep learning techniques. The ability of NN to learn hierarchical representations of data and uncover
intricate patterns positions it as a valuable tool for future investigations in NSCLC immunotherapy

response prediction.

The Random Forest (RF) and Support Vector Machine (SVM) models, while not outperforming LR and
XGB in our analysis, still demonstrated competitive performance and provided valuable insights into the
interplay between algorithm selection and data characteristics. The success of RF in capturing complex
interactions among features and the ability of SVM to find optimal decision boundaries in high-

dimensional spaces highlight their potential utility in specific contexts.

Despite the impressive performance of the various machine learning methods explored in Chapter 3,
including Random Forest (RF), Support Vector Machine (SVM), Neural Network (NN), Logistic
Regression (LR), and XGBoost (XGB), their predictive accuracy and reliability still fall short of the 11-

gene signature model we developed based on transcriptomic features in Chapter 2.

This result underscores the unique advantages and robustness of our 11-gene signature model. By
comprehensively analyzing the largest dataset of pre-treatment tumor tissue samples from NSCLC
patients receiving immunotherapy to date, our model successfully captures the key gene expression
patterns that reflect the complexity of the tumor-immune microenvironment and predict responses to
immunotherapy. This biologically informed approach not only provides unparalleled predictive accuracy
but also reveals potential therapeutic targets and mechanisms, laying the foundation for the development

of novel treatment strategies.
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In contrast, while machine learning methods have unique strengths in handling complex data structures
and modeling nonlinear relationships, they primarily rely on data-driven pattern recognition without
directly incorporating or interpreting the underlying biological mechanisms. Moreover, the performance
and generalizability of machine learning models heavily depend on the quality and quantity of the training
data, as well as the selection and fine-tuning of algorithms. These factors may limit their applicability

across different populations and clinical settings.

Nevertheless, the comparative analysis in Chapter 3 remains significant as it reveals the potential and
limitations of machine learning in the field of NSCLC precision medicine. By systematically evaluating
the performance of different algorithms and exploring strategies to address class imbalance issues, we
provide valuable insights and directions for future research. Combining machine learning with our
transcriptomic feature model holds promise for further enhancing the performance and clinical utility of

predictive models.

In conclusion, our comparative analysis of machine learning approaches and strategies to address class
imbalance provides a solid foundation for advancing personalized medicine in NSCLC treatment. The
identification of LR and XGB as top-performing algorithms, coupled with the success of techniques to
mitigate the effects of imbalanced data, offers valuable insights for refining our predictive model and
guiding future research in this field. As we continue to explore the potential of machine learning in
precision oncology, we remain committed to our goal of improving outcomes and quality of life for

NSCLC patients, particularly those in Hawaii who face a disproportionate burden of this disease.

Building upon the insights gained from our comparative analysis of machine learning approaches, the
next chapter will delve into the realm of non-invasive biomarkers for predicting NSCLC immunotherapy
responses. While our transcriptomic signature derived from tumor tissue samples has demonstrated
remarkable predictive accuracy, we recognize the limitations and challenges associated with invasive
biopsies. To address these concerns and expand the clinical applicability of our predictive model, we will
explore the potential of peripheral blood components, such as peripheral blood mononuclear cells

(PBMCs) and buffy coat samples, as sources of predictive biomarkers.

By investigating the transcriptomic profiles of these easily accessible blood components, we aim to
identify a non-invasive gene signature that can effectively predict patient responsiveness to immune
checkpoint inhibitors. This approach holds promise for enabling real-time monitoring of treatment
efficacy, facilitating personalized treatment planning, and overcoming the limitations of tissue-based

biomarkers.
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As we embark on this exploration of blood-based predictive biomarkers, we will leverage the knowledge
and techniques acquired from our machine learning analysis to develop robust and reliable predictive
models. By integrating advanced computational approaches with our non-invasive transcriptomic
signature, we seek to create a comprehensive and clinically applicable framework for guiding NSCLC

immunotherapy treatment decisions.

The insights gained from this investigation will not only contribute to the advancement of precision
medicine in NSCLC but also have the potential to transform the landscape of cancer care in Hawaii and
beyond. By developing non-invasive predictive tools that can be easily implemented in clinical settings,
we aim to improve access to personalized treatment strategies and optimize outcomes for patients battling

this devastating disease.
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CHAPTER 4- TRANSCRIPTOMIC SIGNATURES FROM PERIPHERAL BLOOD COMPONENTS AS
PREDICTIVE BIOMARKERS FOR NSCLC IMMUNE CHECKPOINT THERAPY RESPONSE

4.1 Abstract

Importance In the realm of NSCLC treatment, the quest for non-invasive, predictive biomarkers to guide
immune checkpoint therapy selection remains critical, setting the stage for this study's groundbreaking

approach.

Objective To evaluate the efficacy of transcriptomic profiling from PBMCs and buffy coat samples in
predicting outcomes of NSCLC immune checkpoint therapy.

Design, Setting, and Participants A retrospective analysis was conducted on two distinct cohorts:
peripheral blood mononuclear cells (PBMCs, N=103) from Wuhan Tongji Hospital and buffy coat (BC,
N=44) samples from Rush University Medical Center, encompassing a total of 147 NSCLC patients

treated with Pembrolizumab, alone or in combination with chemotherapy.

Main Outcomes and Measures The study focused on the identification of a 11-gene signature through
transcriptomic profiling, assessing its ability to predict responses to immune checkpoint inhibitors (IClIs)

and its correlation with progression-free survival (PFS) in NSCLC patients.

Results The 11-gene signature demonstrated significant predictive power for ICI therapy outcomes, with
an AUC of 0.87(95% CI 0.8 - 0.94) in the PBMC cohort and 0.84(95% CI 0.67 - 1.00) in the buffy coat
cohort for distinguishing between responders and non-responders. Multivariate analysis confirmed the
signature's predictive relevance as independent of traditional clinical factors, and survival analysis

highlighted its potential in prognosticating PFS.

Conclusion and Relevance This study establishes a novel, non-invasive 11-gene signature as a potent
predictor of response to immune checkpoint therapy in NSCLC, offering a valuable tool for personalized
treatment planning. The findings underscore the importance of transcriptomic insights in enhancing the
precision of NSCLC management, advocating for further validation to integrate this signature into clinical

practice.

4.2 Introduction

The initiation of immunotherapeutic strategies, especially the deployment of Anti-PD(L)-1 and CTLA-4

checkpoint blockade, has precipitated a paradigm shift in the therapeutic landscape of non-small cell lung
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cancer (NSCLC), which constitutes approximately 85% of lung cancer incidences[58]. Emblematic of this
advancement, Pembrolizumab markedly prolonged median progression-free survival to 10.3 months over
the 6.0 months observed with traditional chemotherapy, as delineated in the landmark KEYNOTE-024
trial[31]. Though immunotherapy heralds a new era in NSCLC treatment with response rates spanning
from 14.8% to 44.8%, its efficacy is not uniform across all patients. This variability, coupled with
potential adverse effects and toxicities, accentuates the imperative for identifying precise and reliable
predictive biomarkers[31; 38; 39]. While PD-L1 expression and tumor mutational burden (TMB) have
been explored as predictive biomarkers for immune checkpoint inhibitor (ICI) efficacy, their reliability is
notably inconsistent. The KEYNOTE-010 trial underscored this, revealing that high PD-L1 expression
(=50%) correlated with a 44.8% response rate to Pembrolizumab, yet lower expression significantly
reduced effectiveness[40]. Critically, McGrail et al.'s 2021 study highlighted the limitations of TMB as a
universal predictor, demonstrating that high TMB does not uniformly forecast ICI response across various

cancer types[42].

The limitations of current predictive markers stem from their reliance on invasive tumor biopsies, which
are not only challenging to obtain repeatedly but also fail to capture the tumor's spatial and temporal
heterogeneity[59]. This has led researchers to explore non-invasive alternatives that can provide a holistic
view of the tumor-immune interaction. Peripheral blood, as a mirror to the body's systemic response,

offers an unparalleled opportunity to monitor the dynamic changes associated with therapy response[60].

Guided by our sub-hypothesis that transcriptomic profiling of peripheral blood mononuclear cells
(PBMCs) and buffy coat samples can effectively predict responses to immune checkpoint inhibitors in
NSCLC patients, offering a non-invasive approach for real-time monitoring of treatment efficacy, we

embark on this groundbreaking exploration of blood-based predictive biomarkers.

The potential of peripheral blood components as a source of predictive biomarkers has garnered
significant attention in recent years. PBMCs, which include lymphocytes and monocytes, play a crucial
role in the immune response and have been shown to reflect the systemic effects of cancer and its
treatment. Similarly, buffy coat samples, which are enriched in leukocytes, have emerged as a promising

substrate for transcriptomic analysis in various disease contexts.

By investigating the transcriptomic profiles of these peripheral blood components, we aim to identify a
gene signature that can serve as a non-invasive predictor of NSCLC immunotherapy responses. This
approach offers several advantages over tissue-based biomarkers, including the ease of sample collection,
the ability to capture the dynamic nature of the immune response, and the potential for repeated

assessments throughout the course of treatment.
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Moreover, the development of a blood-based predictive biomarker has significant implications for clinical
practice, particularly in the context of NSCLC management in Hawaii. Given the geographic isolation and
cultural diversity of the Hawaiian population, access to specialized care and tissue biopsy procedures can
be limited. A non-invasive biomarker that can be easily obtained through a simple blood draw would not
only improve the accessibility of personalized treatment strategies but also reduce the burden on patients

and healthcare systems.

In this chapter, we will leverage state-of-the-art transcriptomic profiling techniques, including RNA
sequencing (RNA-seq), to interrogate the gene expression patterns of PBMCs and buffy coat samples
from NSCLC patients undergoing immune checkpoint inhibitor therapy. By comparing the transcriptomic
profiles of responders and non-responders, we aim to identify a robust gene signature that can

discriminate between these groups and predict treatment outcomes.

To ensure the clinical relevance and generalizability of our findings, we will validate our predictive gene
signature in independent patient cohorts and assess its performance against established clinical
biomarkers, such as PD-L1 expression. The successful development of a non-invasive, blood-based
predictive biomarker for NSCLC immunotherapy would represent a significant advance in the field of
precision oncology. By enabling real-time monitoring of treatment efficacy and facilitating personalized
treatment planning, this biomarker could transform the landscape of NSCLC management, particularly for

the people of Hawaii who face unique challenges in accessing specialized care.

As we embark on this investigation, we remain committed to our overarching goal of improving
outcomes and quality of life for NSCLC patients through the advancement of precision medicine. The
insights gained from this study will not only inform the development of targeted treatment strategies but

also contribute to the broader understanding of the immune response to cancer and its treatment.

4.3 Methods

4.3.1 Patients

We meticulously curated peripheral blood mononuclear cell (PBMC) samples from two rigorously
defined cohorts to explore the landscape of transcriptomic predictors for outcomes of NSCLC treated with
immune checkpoint inhibitors. The inaugural cohort, derived from Wuhan Tongji Hospital (WHT]J,
China), encompassed 103 individuals, meticulously compiled between March 2021 and May 2023. This
endeavor received the endorsement of the Wuhan Tongji Hospital Ethics Committee, under the approval

TJ-IRB20200731, ensuring adherence to the highest ethical standards. Simultaneously, our analysis
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extended to a secondary cohort from Rush University Medical Center (RUMC, USA), where 136
participants were enrolled between 2004 and 2010[61]. Upon detailed review and subsequent exclusion of
cases not treated with immune therapy or lacking comprehensive clinical data, our analysis was refined to

a cohort of 44 patients.

The inclusion criteria were stringently set to individuals aged 50 and above, or those with a substantial
smoking history of over 20 pack-years, all of whom underwent annual surveillance via low-dose
computed tomography (LDCT) and maintained a cancer-free status for a minimum duration of two years
following their initial evaluation. All participants were required to have undergone treatment with anti-
PD(L)-1 therapy, aligning our study cohort with the current therapeutic standards for NSCLC
management. Clinical outcomes across all cohorts were rigorously assessed utilizing the Response
Evaluation Criteria in Solid Tumors (RECIST) version 1.1[49]. Patients were dichotomized into two
distinct categories based on their response to treatment: responders, who achieved either a complete
response (CR) or a partial response (PR), and non-responders, encompassing individuals with either

stable disease (SD) or progressive disease (PD).

4.3.2 RNA Sequencing and Statistical Analysis

For the transcriptional profiling of NSCLC responses to immune checkpoint inhibitors, our study
employed RNA sequencing (RNA-seq) techniques on peripheral blood mononuclear cells (PBMCs) and
buffy coat samples, meticulously preserved at -80°C. For comprehensive details on the experimental

procedures.

Statistical analyses were rigorously conducted in R software, focusing on the normalization and
differential expression of gene data. Normalization was performed using the Trimmed Mean of M-values
(TPM) method within the edgeR package, ensuring comparability across samples by adjusting for varying
sequencing depths and gene length[51]. The glm and glmnet packages for multiple regression to identify
significant predictors of immune therapy outcomes[62]. Significance was assessed with p-values, adjusted
for multiple testing via the Benjamini-Hochberg method to control the false discovery rate, setting

significance at an adjusted p-value < 0.05.
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4.4 Results

4.4 .1 Patient Characteristics

Our study evaluated 147 NSCLC patients undergoing treatment with Pembrolizumab, either alone or in
combination with adjunct chemotherapy, detailed in Table 8. The cohorts comprised 103 patients from
PBMC (WHTJ) and 44 from BC (RUMC), with median ages of 61 (range 33-77) and 68 (range 53-87)
years, respectively, reflecting a predominance of male participants (81.5% in PBMC and 68.2% in BC).
Divergence was observed in median progression-free survival (PFS)—163 days for PBMC and 213 days
for BC—and follow-up durations, averaging 345 days for PBMC and 520.5 days for BC. Smoking history
was notably higher in the BC cohort (95.5%) compared to PBMC (56.5%). Adenocarcinoma was the most
common pathological type, alongside other subtypes. Stage IV diagnoses were prevalent in both groups,
affecting 62.1% of the PBMC cohort and all BC patients. The response to treatment varied significantly,
with a 55.3% response rate in the PBMC cohort versus 22.7% in the BC cohort, highlighting the

variability in treatment outcomes and underscoring the complexity of NSCLC management.

Table 8 Summary of Patient Demographics.

Characteristic/Attribute PBMC (WHTJ) BC(RUMC)
Total Patients 103 44
Teatment Pembrolizumab/Carboplatin/Pemetrexed Pembrolizumab/Carboplatin/Pemetrexed
Age (years)
Median 61 68
Range (33-77) (53-87)
Gender
Female 19 14
Male 84 30
Progression Free Survival Time (days)
Median 163 213
Follow Up Time (days)
Median 338 520.5
Smoking History
YES 58 42
NO 45 2
Pathological type
Adenocarcinoma 72 35
Squamous cell carcinoma 29 4
Large_cell_carcinoma 1 1
NSCLC NOS 1 4
Stage
1B 8 0
nc 6 0
\2 64 44
IVA 8 0
VB 17 0
Response
YES 57 10
NO 46 34
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4.4 .2 11-Gene Signature as a Non-Invasive Predictor of NSCLC Immune Checkpoint Inhibitor

Outcomes

Our investigation delineated a comprehensive study flow, illustrated in Figure 14A, charting the

progression from sample collection to analytical outcomes. Employing the Metalntegrator algorithm

across our datasets—PBMC (WHT]J) as the training set and BC (RUMC) as the validation set—we

discerned a pivotal set of 11 genes that markedly contributed to differentiating responses to immune

checkpoint inhibitors in NSCLC (Figurel6 and Table 11). In the training phase within the PBMC dataset,

this 11-gene signature was meticulously developed, calculating immune scores for responders and non-

responders (Figure 14B). This signature demonstrated exceptional predictive capability, as evidenced by

the receiver operating characteristic (ROC) curve, achieving an AUC of 0.87(95% CI 0.8 - 0.94) (Figure

14C). This high level of accuracy underscores the signature’s robustness in forecasting treatment

outcomes. Transitioning to the validation phase with the BC dataset, we applied the same rigorous

analysis, recalculating immune scores for both responders and non-responders within this cohort (Figure

14D). Validation through the ROC curve further affirmed the signature's predictive precision, reflected in
an outstanding AUC of 0.84(95% CI1 0.67 - 1.00)
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Figure 14: Study Design and Transcriptomic Analysis Outcomes. A: Schematic representation of the

study workflow, illustrating the process from sample collection through to data analysis and biomarker

identification. B: Immune score calculation in the PBMC (WHT]J) training set, showcasing the

distribution of scores between responders and non-responders. C: ROC curve analysis of the 11-gene
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signature in the PBMC cohort. D: Calculation of immune scores in the BC (RUMC) validation set,
highlighting differences in scores between responders and non-responders. E: ROC curve validation of

the 11-gene signature in the BC cohort.

Further analysis juxtaposed our 11-gene signature with previously published biomarkers, as detailed in
Table 9. This comparative evaluation unequivocally demonstrated that our signature outperformed
existing markers in predictive accuracy for NSCLC immune checkpoint inhibitor (ICI) therapy outcomes.
To rigorously assess whether the predictive efficacy of the 11-gene signature for ICI treatment responses
was independent of clinical factors, we conducted a multivariate linear regression analysis. This analysis
incorporated key clinical variables such as age, gender, stage, and smoking history in relation to ICI
response. The findings, elaborated in Table 10, revealed that among the variables tested, only the 11-gene
signature attained statistical significance (P<0.05). This result underscores the unique and compelling
predictive power of our signature, affirming its value as an independent and robust marker for forecasting

ICI therapy outcomes in NSCLC patients.

Table 9 Comparative Analysis of the 11-Gene Signature with Existing NSCLC Biomarkers.

ID PBMC BC
IFN_gamma 0.73 0.54
EMT.Sig 0.71 0.71
Blood.Sig 0.76 0.74
LRRC15.CAF 0.66 0.51
TIDE 0.55 0.62
PD-L2 0.57 0.64
gene.CD8 0.55 0.53
AMP 0.66 0.73
PD-L1 0.56 0.56
13-gene signature 0.87 0.84
Anontation Training Validation

In the refined stage of our investigation, we employed an innovative approach by calculating an immune
score based on an 11-gene signature. This calculated score was instrumental in predicting patient
responses to Immune Checkpoint Inhibitor (ICI) therapy. Subsequently, utilizing this predictive
framework, we performed survival analyses, categorizing patients into predicted response and non-

response groups based on their immune scores. Specifically, within the PBMC cohort, survival curves for
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progression-free survival (PFS) highlighted a significantly prolonged survival in the predicted responder
group compared to non-responders (P < 0.05), thus reinforcing the utility of our immune score in
identifying patients likely to benefit from ICI therapy (Figure 15A). Similarly, in the BC cohort, overall
survival (OS) and PFS analyses affirmed a markedly superior survival outcome for the predicted response
group over the non-response group (P < 0.05, Figures 15B, C), validating our methodological pivot to

leverage a gene-based score for therapeutic response prediction.

A B C

PBMC Predict PFS Survival Plot BC Predict OS Survival Plot BC Predict PFS Survival Plot
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Figure 15: Survival Analysis Reflecting Predictive Efficacy of 11-Gene Immune Score. A: Kaplan-
Meier curves for progression-free survival (PFS) in the PBMC cohort, highlighting a statistically
significant survival advantage for individuals predicted as responders over non-responders based on the
11-gene immune score (P < 0.05). B: Overall survival (OS) Kaplan-Meier curves for the BC cohort,
demonstrating a significant survival benefit for individuals predicted as responders, underscoring the
predictive power of the 11-gene immune score (P < 0.05). C: PFS Kaplan-Meier curves for the BC cohort,
revealing a significant survival benefit for predicted responders, further validating the 11-gene immune

score as a robust predictive tool for treatment response (P < 0.05).
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Figure 16: Detailed Visualization of the 11-Gene Signature. Forest plot of the 11 genes identified as
critical predictors of ICI response in NSCLC, detailing the gene expression patterns across the training

and validation cohorts and their contribution to the predictive model.

4.5 Discussion

In our investigation, the differential predictive efficacy observed between the PBMC and BC cohorts’
sheds light on the nuanced interplay between sample type and biomarker reliability in forecasting

responses to immune checkpoint inhibitors (ICIs) in NSCLC. Bufty coat samples, rich in leukocytes,
arguably offer a closer reflection of the immune environment modulated by IClIs, thereby providing a

more targeted and relevant biological basis for predicting therapeutic outcomes[63].
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Table 10 Multivariate Analysis of Clinical Factors and the 11-Gene Signature Predicting ICI Response.

Term OR Cl_lower Cl_upper p_value
(Intercept) 28.95 0.78 1072.50 0.07
Sex Male 2.26 0.58 8.74 0.24
Age 0.96 0.91 1.01 0.09
History of smoking yes 0.51 0.17 1.52 0.23
Pathological_type
Large_cell_carcinoma 2.31749706178991e-07 0.00Inf 0.99
Pathological_type NSCLC_NOS 0.16 0.01 3.57 0.25
Pathological_type
Squamous_cell_carcinoma 1.38 0.45 4.22 0.57
stages IlIC 0.64 0.03 13.20 0.78
stages IV 0.32 0.04 2.22 0.25
stages IVA 2.16 0.13 35.47 0.59
stages IVB 0.27 0.02 3.17 0.30
2.0909822412701e-
13-gene signature 34.95 10.08 121.1208
Table 11 NSCLC Immune Response Gene Signature Overview
Gene Full Name Function
Regulates glucose levels by affecting glucose
SLC2A1-DT SLC2A1 Divergent Transcript metabolism
Involved in the modulation of actin cytoskeleton in
MACIR Macrophage Capping Protein macrophages
UDP-Glucose Ceramide Catalyzes the conversion of ceramide to
UGCG Glucosyltransferase glucosylceramide
Ribosomal Protein L26 May be involved in ribosomal processes
RPL26P9 Pseudogene 9 (pseudogene)
Plays a role in chromatin modification and
PHF21B PHD Finger Protein 21B transcriptional regulation
Long Non-Coding RNA Function not well characterized due to lack of

ENSG00000236308 (specific annotation needed) specific annotation
Adhesion G Protein-Coupled Involved in cell adhesion and receptor signaling

ADGRD2 Receptor D2 pathways

Long Non-Coding RNA Function not well characterized due to lack of
ENSG00000264188 (specific annotation needed) specific annotation

T Cell Receptor Gamma J Possibly related to T cell receptor signaling
TRGJP2 Pseudogene 2 (pseudogene)

Long Non-Coding RNA Function not well characterized due to lack of

ENSG00000226012 (specific annotation needed) specific annotation

Immunoglobulin Kappa

IGKV10R2-6 Variable 1/0R2-6 Part of the immune response, encoding antibodies
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Focusing on the 11-gene signature, its composition reveals critical insights into the molecular
underpinnings of NSCLC and its interaction with immune checkpoint therapy. Notably, genes such as
SLC2A1-DT, MACIR, and UGCG, alongside ADGRD?2 have emerged as pivotal in delineating the
complex relationship between tumor biology and the immune system's response to ICIs. For instance,
MACIR, implicated in macrophage activation, and UGCG, a key enzyme in sphingolipid metabolism,
highlight pathways that could influence the tumor microenvironment and, consequently, the effectiveness
of immune therapy[64; 65]. The interplay of SLC2A1-DT, and ADGRD2 with immunotherapy in NSCLC
underscores a multifaceted influence on the tumor-immune microenvironment. SLC2A1-DT mediates
metabolic reprogramming, enabling tumor evasion of immune surveillance[66]. ADGRD?2 regulates

cellular adhesion and signaling, pivotal for modulating immune cell recruitment and activity[67].

The results of our study provide compelling evidence in support of our sub-hypothesis, demonstrating that
transcriptomic profiling of peripheral blood mononuclear cells (PBMCs) and buffy coat samples can
indeed effectively predict responses to immune checkpoint inhibitors in NSCLC patients, offering a non-

invasive approach for real-time monitoring of treatment efficacy.

The identification of a robust 11-gene signature from PBMCs and buffy coat samples that can
discriminate between responders and non-responders to immunotherapy represents a significant
breakthrough in the field of precision oncology. The high predictive accuracy of this signature, as
evidenced by the AUC values of 0.87 and 0.84 in the PBMC and buffy coat cohorts, respectively,

highlights its potential clinical utility in guiding treatment decisions and monitoring treatment responses.

Moreover, the validation of our signature in independent patient cohorts and its superior performance
compared to established clinical biomarkers, such as PD-L1 expression, underscore its robustness and
generalizability. The ability of our blood-based biomarker to outperform these widely used predictive
markers suggests that it captures unique aspects of the immune response to NSCLC and its treatment that

are not fully reflected by tissue-based assessments.

The non-invasive nature of our predictive biomarker is a key strength of this study, as it overcomes the
limitations and challenges associated with tissue biopsies. The ease of sample collection through a simple
blood draw not only improves the accessibility of personalized treatment strategies but also allows for
repeated assessments throughout the course of treatment. This enables real-time monitoring of treatment
efficacy and facilitates the early detection of non-responders, allowing for timely adjustments to treatment
plans. The successful development of a non-invasive, blood-based predictive biomarker has significant
implications for NSCLC management, particularly in the context of Hawaii. Given the geographic

isolation and cultural diversity of the Hawaiian population, access to specialized care and tissue biopsy
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procedures can be limited. A blood-based biomarker that can be easily obtained and analyzed locally
would greatly improve the accessibility of personalized treatment strategies and reduce the burden on
patients and healthcare systems. This is especially relevant for the Native Hawaiian population, who face

significant disparities in cancer incidence and mortality rates.

Furthermore, the insights gained from our transcriptomic analysis of PBMCs and buffy coat samples
contribute to the broader understanding of the immune response to cancer and its treatment. The
identification of key genes and pathways involved in the response to immune checkpoint inhibitors may
inform the development of novel therapeutic strategies and combination approaches that can enhance the

efficacy of immunotherapy in NSCLC.

4.6 Limitations

This study, while illuminating, is not without its limitations. The reliance on retrospective cohorts and the
inherent differences in sample types (PBMC vs. BC) may influence the generalizability of our findings.
Furthermore, due to the extensive duration over which samples were collected, complete data on overall
survival (OS) times for the PBMC cohort have not yet been fully gathered. Additionally, the external
validity of the 11-gene signature as a predictive tool across diverse NSCLC populations and treatment
regimens warrants further investigation in larger, prospectively collected datasets to fully ascertain its

clinical applicability.

4.7 Conclusions

Our study introduces a robust 11-gene signature as a non-invasive marker with significant potential to
predict NSCLC patient responses to immune checkpoint inhibitors. Demonstrating marked efficacy in
both PBMC and BC cohorts, this signature promises to refine patient stratification, guiding more
personalized and effective treatment approaches. Despite its limitations, the study represents a pivotal
step towards integrating comprehensive genomic insights into the clinical management of NSCLC,

paving the way for advancements in personalized oncology care.
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CHAPTER 5 - OVERALL DISCUSSION AND CONCLUSION

5.1 Synthesis of Key Findings

The overarching aim of this dissertation was to advance the field of personalized medicine in non-small
cell lung cancer (NSCLC) by developing innovative strategies for predicting patient responses to immune
checkpoint inhibitors (ICIs). Through a series of interconnected studies, we have made significant strides
towards this goal, yielding insights that hold the potential to transform the landscape of NSCLC

treatment.

Our first study, detailed in Chapter 2, leveraged the power of transcriptomics to craft a robust 11-gene
signature capable of predicting NSCLC patient responsiveness to ICIs with unprecedented accuracy. By
analyzing the largest dataset of pre-treatment tumor tissue samples ever compiled for this purpose, we
established a new benchmark for predictive precision, paving the way for more targeted and effective

treatment strategies.

Building on this foundation, Chapter 3 explored the application of machine learning techniques to refine
and validate predictive models for NSCLC immunotherapy outcomes. Through a rigorous comparative
analysis of various algorithms and preprocessing techniques, we highlighted the critical role of balanced
datasets in enhancing model performance and reliability. This study not only demonstrated the superiority
of our 11-gene signature over existing biomarkers but also provided a roadmap for optimizing machine

learning approaches in the context of NSCLC data.

Finally, recognizing the limitations and invasiveness of tissue-based biomarkers, Chapter 4 investigated
the potential of peripheral blood components as non-invasive predictors of ICI responses in NSCLC
patients. By establishing a novel 11-gene signature derived from transcriptomic profiling of peripheral
blood mononuclear cells (PBMCs) and buffy coat samples, we offered a scalable and less invasive
method for real-time monitoring of treatment efficacy, thereby facilitating personalized treatment

planning.

5.2 Implications for the Field and Future Directions

The findings presented in this dissertation have far-reaching implications for the field of NSCLC
treatment and personalized medicine. By developing robust predictive biomarkers and optimizing
machine learning strategies, our research contributes to the growing arsenal of tools available for tailoring

immunotherapy to individual patient needs. The integration of these innovative approaches into clinical
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practice holds the promise of improving patient outcomes, reducing exposure to ineffective treatments,

and optimizing healthcare resource allocation.

Moreover, our focus on non-invasive biomarkers derived from peripheral blood components opens new
avenues for real-time monitoring of treatment efficacy and early detection of disease progression. This
paradigm shifts towards less invasive; smore patient-friendly diagnostic and prognostic tools has the

potential to revolutionize the management of NSCLC, enabling more timely and targeted interventions.

However, it is important to acknowledge that our findings represent a starting point rather than an
endpoint. Further validation of our predictive signatures in larger, prospective cohorts is necessary to
establish their clinical utility and generalizability. Additionally, the integration of multi-omics data,
including genomics, proteomics, and metabolomics, could provide a more comprehensive understanding
of the complex interplay between tumor biology, immune system dynamics, and treatment responses. By
painting a more holistic picture of the NSCLC landscape, such integrative approaches could unlock new
opportunities for personalized interventions and combination therapies.

5.3 Impact on the People of Hawaii

The burden of lung cancer in Hawaii is substantial, with the state ranking among the highest in the nation
for lung cancer incidence and mortality. This disproportionate impact underscores the urgent need for
more effective and targeted treatment strategies that can improve outcomes and quality of life for affected

individuals and their families.

The predictive biomarkers and machine learning models developed in this dissertation hold promise for
the people of Hawaii, as they offer a means of optimizing immunotherapy allocation and efficacy in the
face of limited healthcare resources. By enabling the early identification of likely responders, these tools
could help ensure that patients most likely to benefit from immunotherapy receive timely access to these

potentially life-saving treatments.

Moreover, the emphasis on non-invasive biomarkers derived from peripheral blood components is
especially relevant for Hawaii's geographically dispersed and culturally diverse population. By offering a
more patient-friendly and accessible approach to monitoring treatment efficacy, these tools could help

mitigate disparities in access to care and improve patient engagement and adherence to treatment plans.

Beyond the immediate clinical implications, our findings also contribute to the growing body of
knowledge on the molecular underpinnings of lung cancer, paving the way for the development of new
therapeutic targets and strategies. By shedding light on the complex interplay between tumor biology,
immune system dynamics, and treatment responses, our research lays the groundwork for future

innovations that could transform the landscape of lung cancer care in Hawaii and beyond.
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5.4 Conclusion

In conclusion, this dissertation represents a significant step forward in the quest for personalized medicine
in NSCLC treatment. By harnessing the power of transcriptomics, machine learning, and non-invasive
biomarkers, we have developed innovative strategies for predicting patient responses to immune

checkpoint inhibitors, setting the stage for more targeted and effective treatment paradigms.

Our findings underscore the potential of integrative, data-driven approaches to revolutionize the
management of NSCLC, offering new hope for patients in Hawaii and around the world. As we continue
to refine and validate these tools, we move ever closer to a future in which precision medicine is not just a

promise, but a reality for all those facing the challenges of lung cancer.
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