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Guanglong Jiang

PREDICTIVE MOLECULAR BIOMARKERS FOR HUMAN HEALTH RISK

Molecular biomarkers play vital roles in disease risk assessment, personalized
treatment selection and therapy response monitoring. This thesis explores the use of diverse
molecular biomarkers for the assessment of human health risks, primarily in cancers.
MiRNAs and their isoforms (isomiR) are promising biomarker candidates due to their
comprehensive regulation of gene expression and involvement in physiology and
pathological processes. The first study demonstrates that genetic variations in miRNA
precursor regions influence the biogenesis of isomiRs in 95 SNP-isomiR pairs. Notably,
we identified a SNP (rs6505162) impacting hsa-miR-423 isomiRs, potentially linked to
breast cancer pathogenesis, suggesting their potential as biomarkers in disease assessment.
The findings also highlight the mechanism of genetic regulation of isomiR generation and
advance our understanding of miRNA mediated post-transcriptional regulation. Secondly,
we explored the predictive capacity of aberrant intron-retention neoantigen burden (INB)
in predicting the response to immune checkpoint inhibitors (ICI) in metastatic cancers.
Both INB and tumor mutation burden (TMB) were strong predictors of ICI therapy
duration (p = 0.019 and 0.038, respectively), with patients exhibiting elevated levels
demonstrating exceptional treatment duration. Patients with high INB or TMB had
improved overall survival (OS) (p = 1.1x10™%). Importantly, INB and TMB were
uncorrelated, indicating that they capture distinct aspects of tumor neoantigen. Together,
the combined assessment of INB and TMB offers improved accuracy in predicting clinical

response to ICI therapies. Finally, we extend the application of molecular biomarkers to
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the assessment of minimal residual disease for risk stratification in triple negative breast
cancer (TNBC) with residual disease after neoadjuvant chemotherapy. Detection of
circulating tumor DNA (ctDNA) was a significant predictor of inferior distant disease-free
survival (DDFS) (p = 0.006), disease-free survival (DFS) (p = 0.009) and OS (p = 0.002).
The combination of circulating tumor cell (CTC) and ctDNA markers provided superior
sensitivity and prognostic value. In conclusion, the studies provide compelling evidence
for the utility of diverse molecular biomarkers — including miRNA isoforms, abnormal
splicing-based neoantigen metrics and circulating tumor DNA in disease prediction and
treatment efficacy assessment. By elucidating the roles of diverse biomarkers in predicting
cancer pathogenesis and therapeutic response, we pave the way towards more personalized

and effective approaches to managing human health risks.
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Jun Wan, Ph.D.
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Chapter One: Introduction

Biomarkers are invaluable tools used in clinical practice and medical research
which allow for the accurate and reproducible measurement of substances or characteristics
in living organisms. They serve as indicators of the status, progression, or risk of
developing certain medical or physiological conditions or disorders. Existing biomarkers
contribute significantly to clinical practice and medical research for the purpose of early
medical diagnosis, disease severity evaluation, therapeutic selection and treatment
effectiveness monitoring, and acceleration of drug development.

The ongoing development and refinement of biomarkers represents a dynamic area
of investigation, with the hunting for more precise and reliable ones remaining paramount.
This pursuit is particularly fueled by revolutionary innovations in technologies like next-
generation sequencing (NGS) technology, which offer high-throughput quantification
capabilities at decreasing costs. Progress in NGS opens new avenues for the integration of
omics data (genomics, transcriptomics, epigenomics, and proteomics, etc.) into biomedical
research, providing unprecedented opportunities and insights for biomarker discovery, and
driving the demand for more accurate and reliable biomarkers that can guide clinical
decision-making. Omics data integration has the potential to revolutionize personalized
medicine, by the identification of patient-specific biomarkers that aides in development of
more targeted and effective treatment plans, ultimately improving patient outcomes. As the
research in this field continues to advance, the development of novel biomarkers holds
great promise for transforming the future of healthcare.

MicroRNAs (miRNAs) are prime candidates for biomarker development due to

their critical role in regulating gene expression. Variations in their mature sequence, known



as 1somiRs, exhibit altered target specificity compared to canonical miRNAs, leading to
diverse regulatory effects on target gene expression. Elucidating factors that govern isomiR
biogenesis, such as genetic variants, can provide valuable insights into miRNA-mediated
gene regulation and its implications for disease pathogenesis.

Additionally, understanding immune system's response to cancer therapy,
particularly immune checkpoint inhibitors (ICls), is crucial in clinics. While ICIs have
significantly improved cancer treatment outcomes, patient responses vary greatly.
Traditional biomarkers like tumor mutational burden (TMB) and programmed death-ligand
1 (PD-L1) expression have limitations in predicting responses to ICIs.

Lastly, triple-negative breast cancer (TNBC) represents a particularly aggressive
form of breast cancer, and many patients have residual disease after initial therapy, which
places them at high risk for recurrence. Accurately identifying individuals most likely to
experience recurrence is essential for personalizing treatment strategies and optimizing
patient outcomes, which allows minimizing unnecessary toxicities for patients with low
risk of recurrence. However, existing tools for risk stratification have limitations. The
presence of circulating tumor DNA (ctDNA) and circulating tumor cells (CTCs) may be
employed to detect minimal residual disease and assess the likelihood of disease
recurrence.

To address these challenges, this research focuses on three promising areas with the
potential to identify biomarkers that predict human health risks. This research aspires to
enrich the growing body of knowledge in the field of biomarker discovery. Ultimately, this
endeavor seeks to empower clinicians with more accurate tools for personalized medicine

and enhanced healthcare outcomes.



Theme One: Genetic Regulation of IsomiR Biogenesis

1.1 Background: Dysregulation of miRNAs is a hallmark of various human diseases
including cancer, Alzheimer’s disease, diabetes, and immune disorders. MiRNAs exert
their influence by binding to the 3’-untranslated regions (3'-UTR) of target mRNA
molecules and play a pivotal role in the regulation of cellular processes such as cell
communication, proliferation, differentiation, and apoptosis. As a single miRNA molecule
is capable of regulating hundreds to thousands of genes, miRNAs are promising biomarkers
for disease diagnosis or prognosis, and provide options for medical intervention against
diverse pathogenic conditions. Throughout miRNA maturation, various enzymes including
the ribonucleases Drosha and Dicer, introduce variations in the mature miRNA sequence,
which are known as isomiRs. These miRNA isoforms enriched the sequence variations
within miRNAs, expanding the spectrum of post-transcriptional regulation of target
mRNAs, yet the mechanism underlying their biogenesis remains largely unknown.

1.2 Objective: I hypothesize that a single nucleotide polymorphism (SNP) in the precursor
miRNA sequence may affect the cleavage behaviors of enzymes such as Drosha and Dicer,
leading to variations in the composition of isomiRs. By investigating the relationship
between genetic variants and the prevalence of 5’-end isomiRs, this research aims to
elucidate the isomiR variation through genetic regulation and uncover the impacts of cis-
acting genetic variants on 5’-end isomiR variation. These genetic associations may shed
light on the mechanisms underlying isomiR biogenesis and provide new clues for
developing targeted therapy, by introducing genetic variants to modify in vivo isomiR

composition. Specifically, my investigation aims to,



1) Characterize isomiR expression profiles in human lymphoblastoid cell lines.

By meticulously studying the expression profiles of isomiRs, I aim to decode the
diverse and dynamic repertoire of miRNA isoforms within human lymphoblastoid cell
lines. This exploration aims to provide a comprehensive understanding of isomiR diversity,
pinpoint the prevalence of distinct isomiR subtypes, and shed light on allelic-specific
expression of miRNAs.

2) Elucidate how cis-acting genetic variants regulate isomiR biogenesis.

This research aims to untangle the intricate network of cis-acting genetic variants that
influence the biogenesis of isomiRs. By deciphering the regulatory mechanisms that
govern this process, I seek to shed light on the interplay between genetic variations and the
production of functionally distinct isomiRs in lymphoblastoid cells.

3) Identify SNPs and isomiRs as potential biomarkers for complex diseases.

Based on results from the previous steps, this part of the investigation aims to determine
the potential of both genetic variants and isomiRs as biomarkers for intricate human
diseases. By investigating the association of genetic variants and isomiR expression with
human diseases using datasets from public domain, we aim to identify elements as potential
biomarkers for complex human diseases.

4) Developing of tools for unbiased isomiRs identification and classification.

There are various public tools designed for isomiR identification from NGS data with
similar algorithms. However, most of these tools are unable to accommodate genetic
variants in DNA sequence, resulting in a biased estimate of the isomiR expression profiles.

During my research, I will develop an integrated tool that can identify, quantify, and



classify allelic-specific expression of isomiRs from small-RNA sequencing data in an
unbiased manner.

1.3 Significance: This research delves deep into the intricate mechanisms governing
miRNA biogenesis and function. By elucidating the influence of genetic variants on isomiR
generation, we can gain a better understanding of how these potent regulators impact gene
expression and disease development. This knowledge has the potential to revolutionize our
understanding of miRNA biology and pave the way for the development of novel
therapeutic strategies that target specific isomiRs or their regulatory pathways.

The associations between SNPs and isomiRs, particularly within cancer contexts,
could potentially lead to novel diagnostic and therapeutic strategies. With the
understanding how genetic variations influence isomiR biogenesis, we can potentially
develop novel therapeutic strategies that manipulate isomiR expression or function to
combat disease. This could involve leveraging specific isomiRs as therapeutic agents or
targeting genetic variants to influence the production of beneficial isomiRs.

This study explores the previously understudied realm of isomiRs and their
potential contribution to disease pathology. By comprehensively analyzing isomiR
diversity and its genetic determinants, we can significantly broaden our understanding of
miRNA regulation and its role in human health and disease. The prevalence of non-
canonical miRNAs and allele-specific expressions will contribute to the broader
understanding of miRNA regulation and its genetic modulation.

1.4 Innovation: This study employs a customized reference method to comprehensively
identify isomiRs across the genome. This method goes beyond traditional approaches and

has the potential to reveal a wider range of isomiRs unbiasedly, offering a more complete



picture of isomiR diversity within cells. This study takes a comprehensive approach to
investigate the genetic regulation of isomiR biogenesis, combining bioinformatics analysis,
genetic associations, and expression profiling. The investigation of isomiR composition

and its genetic determinants represents a novel angle in miRNA research.

Theme Two: Intron-retention Neoantigen Burden and Response to ICI Therapies

2.1 Background: Cancer immunotherapy has drastically changed the treatment of cancers
and significantly improved patient survival and quality of life. However, the majority of
patients do not benefit from immune checkpoint inhibitors, and some develop diverse
levels of toxicities. It is in urgent need to develop biomarkers to predict which patient will
benefit from the immunotherapies to optimize treatment strategies and reduce toxicities.

Tumor-specific neoantigens generated by genetic alteration in tumor cells and
presented by major histocompatibility complex class I on the cell surface may be
recognized by T cells and trigger an anti-cancer immune response in the host. High tumor
mutation burden (TMB) is associated with ICI response in melanoma and solid tumors,
and correlated to neoantigen load. Neoantigen presentation and recognition substantially
affect the efficacy of immune checkpoint blockade treatment, and potentially serve as a
predictive biomarker for identifying patients benefit most from immunotherapies.

Source of tumor neoantigens includes tumor somatic mutations, viral infection,
gene rearrangement and alternative splicing. Intron-retention arose from splicing errors
leads to retaining of introns in the mature mRNAs and may produce neoepitopes that never
expressed in normal cells. Our group has reported high retention-induced neoantigen load

correlated with unfavorable prognosis in multiple myeloma, and favorable prognosis in



pancreatic cancer. It is not clear how aberrant intron-retention neoantigen will affect
immune response in cancer patients.

2.2 Objective: This research investigates the relationship between aberrant intron
retention-derived neoantigen burden (INB) and the efficacy of ICI therapies across
metastatic tumor types. The study seeks to assess whether INB, independently and in
combination with TMB, can predict ICI therapeutic efficacy and overall survival in
patients.

2.3 Significance: Predicting which patients will benefit from ICI therapy remains a
challenge due to the limitations of currently used biomarkers. This research aims to address
this challenge by identifying intron-retention neoantigen burden as a valuable novel
biomarker for patient stratification. Combining INB with established biomarkers like TMB
could provide clinicians with a more comprehensive estimation of a patient's overall
neoantigen burden. This, in turn, could lead to more accurate predictions of ICI treatment
response, ultimately enabling better patient selection for suitable life-saving therapy. This
study expands the understanding of neoantigen presentation by exploring a novel resource
beyond traditional somatic mutations. By investigating INB, we can gain valuable insights
into how alternative splicing errors contribute to the neoantigen landscape. This knowledge
can shed light on the intricate mechanisms by which tumors evade immune detection and
potentially pave the way for the development of novel therapeutic strategies that target
intron retention-derived neoantigens or enhance their presentation to the immune system.
2.4 Innovation: This study breaks new ground by investigating intron retention as a source
of neoantigens for predicting ICI response in tumor panel. Traditionally, research has

focused on TMB as the primary source of neoantigens. By exploring INB, we delve into a



previously understudied area with the potential to significantly improve our understanding

of neoantigen generation and its impact on ICI efficacy.

Theme Three: ctDNA/CTC and Disease Recurrence in TNBC with Residual.

3.1 Background: Triple-negative breast cancer (TNBC) is an aggressive disease
characterized by higher probability of relapse and poorer survival outcome following
neoadjuvant therapy. Studies indicate that TNBC is a heterogeneous disease with distinct
histological and molecular subtypes and varying therapeutic responses. Unfortunately,
around two-thirds of patients with TNBC treated with neoadjuvant therapy have residual
disease, placing them at high risk of relapse. Therefore, stratifying TNBC patients to guide
personalized treatment decisions holds immense clinical importance.

ctDNA and CTC, detectable through liquid biopsies, can be used to detect the
presence of minimal residual disease. These biomarkers could facilitate personalized
therapy approaches, individualizing therapy with the best response and minimum toxicity
for patients with TNBC.
3.2 Objective: My research seeks to decipher the significance of plasma ctDNA and CTC
in accurately predicting recurrence and survival outcomes for triple-negative breast cancer
patients with residual disease.
3.3 Significance: The identification of reliable markers for disease recurrence in TNBC
patients’ post-neoadjuvant chemotherapy has significant clinical implications. If ctDNA
and CTC prove to be robust predictors of recurrence risk, it enables major improvements
in patient care. By accurately identifying patients at low risk of recurrence, clinicians can

personalize treatment plans, allowing low-risk patients to potentially avoid additional



rounds of chemotherapy. This translates to a significant improvement in quality of life by
avoiding unnecessary harmful side effects, and reduces in the treatment burden on the
healthcare system.
3.4 Innovation: This study builds upon previous research by conducting a
comprehensively analyzing ctDNA (and potentially CTCs) in a relatively large, well-
characterized cohort of TNBC patients. The large sample size enhances the generalizability
of findings. Examining the predictive power of both c¢tDNA and CTCs offers a
comprehensive evaluation of a patient’s minimal residual disease and the risk of
recurrence. The combined approach has the potential to refine current risk stratification
models and lead to the development of new, more precise precision medicine tools.
Chapter 2 will delve into the intricate processes governing the biogenesis of
isomiRs, a class of microRNAs with slight variations from their canonical sequences. We
will explore the genetic underpinnings that influence the production of isomiRs, focusing
on how cis-acting genetic variants may alter miRNA processing and lead to the formation
of these unique molecules. Chapter 3 will examine the role of aberrant intron-retention
neoantigen burden, investigating how the neoantigen production from both retention of
introns and tumor somatic mutations affect the immune response to cancer ICI therapies.
Chapter 4 will discuss the use of ctDNA and CTC as biomarkers for predicting disease
recurrence in triple-negative breast cancer after neoadjuvant chemotherapy with residual
disease. Each chapter will begin with a detailed literature review, providing a solid
theoretical foundation and context for the studies. This will be followed by a description
of the methods and materials used in that research, ensuring a comprehensive

understanding of the experimental designs and analytical techniques. Results from the



studies will be illustrated clearly, providing both quantitative and qualitative data.
Discussions in each chapter will interpret the results, drawing connections to existing
research and potential clinical applications.

By addressing these intricate questions, my research aspires to contribute to the
growing body of knowledge in the field of biomarker discovery. Ultimately, this pursuit
seeks to empower clinicians with more precise tools for personalized medicine, thereby

improving health outcomes for individuals and communities.
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Chapter Two: Cis-Acting Genetic Variants and IsomiRs Biogenesis
2.1 Literature Review

MicroRNAs (miRNAs) are a class of endogenous small noncoding RNAs
(sncRNAs) found in most eukaryotes and have been linked to almost every aspect of
physiological processes. MiRNAs regulate approximately 60% of human protein-coding
genes (Friedman et al., 2009), and their dysregulation is a hallmark of various human
diseases, including cancer, Alzheimer’s disease, diabetes, and immune disorders (Ardekani
& Naeini, 2010; Li & Kowdley, 2012). MiRNAs bind to the 3’-untranslated regions (3’-
UTR) of target mRNA molecules, leading to the repression of gene transcription in most
cases and activation in some rare instances (Dweep et al., 2011). As a result, miRNAs play
a pivotal role in the regulation of cellular processes, such as cell communication,
proliferation, differentiation, and apoptosis (Hwang & Mendell, 2006). Since a single
miRNA molecule can regulate hundreds to thousands of genes, miRNAs are promising
new biomarkers for disease diagnosis and prognosis, offering ample options for medical
intervention against diverse pathogenic conditions (Hanna et al., 2019). Since their first
discovery in 1993 (Lee et al., 1993), 38,589 miRNA entries have been recorded in miRBase
(v22.1), including 1881 pre-miRNAs and 2588 mature miRNAs for Homo sapiens
(Kozomara et al., 2019).

MiRNAs exist in the genome within intergenic regions with their own promoters,
as well as in the introns or exons of host protein-coding genes. The expression of isomiRs
is regulated dynamically and displays tissue-specific patterns (Telonis et al., 2017). During
miRNA maturation, various enzymes, including the ribonucleases Drosha and Dicer, can

introduce variations in mature miRNA sequences, resulting in what are known as isomiRs.
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Initially considered sequencing artifacts (Lee et al., 2010), isomiRs are now recognized to
be produced by shifts in the cleavage sites at the 3’- or 5’-terminus, nucleotide substitutions
along the entire molecule, or nucleotide additions at either end that deviate from the
reference sequence (Tomasello et al., 2021). In addition, isomiRs derived from the same
precursor can possess different seed sequences (two to seven bases at the 5’-end), which
enables them to target different mRNAs or potentially interact with canonical miRNA in a
cooperative or competitive manner (Desvignes et al., 2015; van der Kwast et al., 2020),
thereby expanding their scope of post-transcriptional gene regulation.

Proposed explanations for isomiR heterogeneity are based on the structure of
miRNA precursors (Starega-Roslan et al., 2011), precursor processing (Humphreys et al.,
2012), and the AGO2 protein (Juvvuna et al., 2012). In addition, studies on genetic
variants, especially those in the promoter regions of precursor transcripts, have identified
miRNA expression quantitative trait loci (miR-QTLs) that regulate canonical miRNA
expression (Borel et al., 2011; Budach et al., 2016; Huan et al., 2015; Lappalainen et al.,
2013). However, the mechanism underlying the biogenesis of isomiRs remains largely
unknown. In this study, we hypothesize that a single-nucleotide polymorphism (SNP) in
the pre-miRNA sequence may affect the cleavage behaviors of enzymes like Drosha and
Dicer, leading to variations in the composition of isomiRs. By investigating the relationship
between genetic variants and the prevalence of 5’-end isomiRs, we aim to explain the
isomiR variations through genetic regulation and uncover the impacts of cis-acting genetic
variants on 5’-end isomiR variations. These genetic associations may shed light on the
mechanisms overseeing isomiR biogenesis and provide new clues for developing targeted

therapy by introducing genetic variants to modify in vivo isomiR composition.
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2.2 Materials and Methods
2.2.1 Datasets

The small RNA sequencing (sSRNA-seq) data and corresponding metadata for 452
unrelated human lymphoblastoid cell lines were obtained from the Geuvadis project, and
downloaded from ArrayExpress in fastq format (https://www.ebi.ac.uk/arrayexpress/). The
phase 3 genetic variants data (release 20130502, GRCh38) for 1000 Genomes samples
were downloaded from the European Bioinformatics Institute (EBI) FTP website
(ftp://ftp.1000genomes.ebi.ac.uk/). The reference sequences for precursor and mature
miRNAs were downloaded from miRBase (version 22, GRCh38) and filtered to retain
human sequences only. The mature miRNAs in miRBase ranged from 16 to 28 bases in
length. The human whole genome reference sequence (GRCh38) was downloaded from
the UCSC table browser (https://genome.ucsc.edu/cgi-bin/hgTables/). The Cancer Genome
Atlas (TCGA) miRNA-seq and clinical data were obtained from the Genomic Data
Commons (GDC) Data Portal (https://portal.gdc.cancer.gov/, version 27.0).
2.2.2 sRNA-seq Data Processing and IsomiR Identification

The small RNA-seq reads were trimmed for 3’-adaptor sequences
(TGGAATTCTCGGGTGCCAAGGAACTC) using cutadapt (version 1.9.1). Reads
shorter than 16 nucleotides (the minimum length of mature miRNA in miRBase) after
trimming were excluded from further analysis. To identify isomiRs from the next-
generation sequencing data, we employed the isomiRID software, which has demonstrated
high sensitivity and specificity in a previous study (Amsel et al., 2017). The isomiRID
pipeline (version 0.53) (de Oliveira et al., 2013) follows a multi-step approach to identify

isomiRs. In the first step (round 0 in isomiRID), reads perfectly matched to the precursor
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sequences were mapped. Unmapped reads were then filtered using the whole genome
reference to exclude reads from other genomic regions. In the second step (round 1 in
isomiRID), the remaining unmapped reads were then aligned to pre-miRNAs with one base
mismatch to identify one-base substitution isomiRs. Reads with more than one-base
substitution were not considered in our study. SRNA-seq reads not mapped were further
subjected to up to 5 rounds of trimming where a single base on either the 5° or 3’ end was
removed at each round. The trimmed reads were mapped to the pre-miRNA reference to
identify non-templated additions. Alignment was performed using Bowtie vl with the
parameters --norc -a -v [0|1] --best --strata. Mapped reads with lengths in the range of 16
to 28 nucleotides were retained for analysis. The output of isomiRID was a tab-delimited
text file containing the small RNA-seq reads aligned to the reference pre-miRNA hairpin
sequences (de Oliveira et al., 2013). The isomiRs identified by isomiRID were further
filtered to only keep sequence reads detected in at least 10 subjects.
2.2.3 IsomiR Classification

IsomiR classification was conducted using our homemade Python program to
compare the aligned sequences to mature miRNAs from miRbase, which were also aligned
to their precursor sequences. The classification was based on variations at the 5’- and 3°-
ends, and assigned to categories such as canonical, substitution, trimming, templated
extension, non-templated addition, or new isomiR. The canonical subtype had the same
sequence as the mature miRNA. New isomiRs were defined as reads with less than 10
bases overlap with canonical miRNAs. Trimming isomiRs had a shorter sequence, while

extension isomiRs had longer sequences compared to canonical ones. Both subtypes
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aligned perfectly to the reference pre-miRNA hairpin. In contrast, addition isomiRs
differed from the reference precursor sequences at either or both termini.

In the case of nucleotide substitutions, the default mapping behavior of isomiRID
was adopted and only one-base substitution in the sequence was take into account,
considering the short length of isomiRs. The substitutions at the seed regions (positions 2-
7 of a miRNA (Lewis et al., 2005)) are crucial for mRNA target recognition and were
classified as 5’-seed-substitution (5sSub isomiRs). Substitutions at the 5’ or 3’ termini were
classified as single-base substitution (5Sub or 3Sub isomiRs) or multiple-base substitution
(5mSub or 3mSub isomiRs). The frequency of isomiR subtypes identified for each pre-

miRNA, and isomiR subtypes across all pre-miRNAs were assessed and illustrated.

2.2.4 Allele-specific Alignment

The genomic coordinates for human miRNAs were obtained from miRBase
(GRCh38). The genetic variants data from the 1000 Genomes Project were filtered to retain
variants mapping to the precursor miRNA using VCFtools (version 0.1.13). Quality control
was performed to keep subjects having sSRNA-seq data, and common variants with minor
allele frequency (MAF) greater than 1% among the study subjects.

By default, isomiRID uses the precursor sequences from miRBase as alignment
references, and variations at the DNA level are not considered. This introduces biased
alignments towards reference sequences and reads carrying alternative alleles were either
mapped as single-base substitution or unmapped if they harbored more variants in the
sequence. Possible solutions for the allele-specific alignment issues are, 1) allowing

multiple mismatches in alignment; 2) masking the SNP positions with ambiguous letters;

15



and 3) personalized references alignment. Incorporating multiple mismatches reduces the
precision of the short reads mapping. SNP-masking in the reference sequence reduced the
reference allele bias but created bias toward one of the aligned alleles (Degner et al., 2009).
In our study, a personalized reference alignment method was used where sequences
incorporating SNP alleles were generated as reference sequences. SRNA-seq reads were
aligned to both miRBase precursor sequences and sequences with alternative alleles. Reads
mapped to these customized references were merged with reads mapped to canonical
references, in which reads mapped in an earlier round of isomiRID were kept. For example,
if a canonical isomiR with an alternative allele aligned to the miRBase reference in round
one as a 1-base mismatch, but it mapped to the customized reference as perfect match at
round zero, then only the perfectly matched alignment from round zero was kept. In this

study, only SNPs used in genetic association studies were considered in the alignment.

2.2.5 Genetic Association

Genetic associations were conducted between the cis-acting SNPs and the ratio of
5’-end isomiR variants (substitution, trimming, extension, and non-template adding)
against all isomiRs identified for that specific mature miRNA. The analysis focused on
isomiRs with a 5’-terminus within & 8 bases relative to canonical miRNAs. Reads having
same length at the 5’-terminus as mature miRNA without substitution were considered as
5’-end canonical isomiRs. 5’-end substitution included reads with single or multi-base
substitutions in the seed region. 5’-end trimming, extension, and addition were limited to
modifications of a maximum 8 bases at the 5’-end and were further classified according to

the number of base modifications. The observed counts were transformed by adding 0.5 to
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calculate the ratio. A non-parametric Kendal rank correlation (Kendall, 1938) was fitted
using an additive genetic model where samples with none, one, or two rare alleles were
coded as 0, 1, and 2. We conducted a principal component analysis (PCA) to detect and
control for population stratification. The scatterplot of the first two principal components
was used to illustrate the population stratification of the study subjects. The subjects
included in the correlation analysis were from two populations, European Ancestry
(Northern Europeans from Utah or CEU, Finnish in Finland or FIN, British in England and
Scotland or GRB, Tuscans from Italy or TSI) and African Ancestry (Yoruba in Ibadan,
Nigeria or YRI). To control for the population stratification, we conducted stratified
Kendal rank correlation analyses with subjects from either the European or African
population and required that the correlation be significant in overall correlation analysis
and in correlation within either the European or African population. The Benjamini-
Hochberg procedure (Benjamini & Hochberg, 1995) was used to correct for multiple
comparisons for 839 correlations across different subtypes of isomiRs, and the corrected

p-value less than 0.05 was considered statistically significant.

To study the association between isomiR expression and tumor susceptibility,
differential analysis of isomiRs between TCGA tumor and normal samples was conducted
with isomiR expression data from the GDC Data Portal. The normalized reads (reads per
million miRNAs mapped) for isomiRs with the same 5’-end variations were added
together, and a student’s t-test was used to assess the differences between tumor and normal
samples. The statistical analyses and data visualization were conducted in statistical

environment R (v3.6.1). P-value less than 0.05 was considered statistically significant.
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2.3 Results

Our study aimed to investigate the genetic regulation of isomiRs, a type of variation in
mature miRNA sequences, by characterizing their expression profiles in human
lymphoblastoid cell lines. Published small RNA sequencing (SRNA-seq) data was gathered
from 452 individuals and 652,778 isomiRs were mapped to 1,917 human precursor miRNA
sequences. Quality filtering was applied to keep reads detected in at least 10 samples,
resulting in 109,289 isomiRs mapping to 1,546 pre-mRNAs. The most abundant isomiR
subtypes were found in hsa-mir-155 (3,501 isomiRs, Figure 2.1A4), which is consistent
with the high levels of miR-155 expression in various human tissues and cell types and its
multifunctional physiological roles (Faraoni et al., 2009). IsomiRs were classified
according to variations at the 3’°- or 5’-ends compared to a nearby mature miRNA (e.g., 5p
or 3p miRNA). Consistent with previous reports (Neilsen et al., 2012; Woldemariam et al.,
2019), we found that the variability in isomiR sequences occurred more frequently at the
3’-end, with 78% of isomiRs carrying variations at the 3’-end, 48% at the 5’-end, and more
than one-third of isomiRs had variations at both ends (Figure 2.1B). Because sequencing
library adaptor trimming during data preprocessing may affect variant calling at the 3’-end,
we focused our study on 5’-end alterations, with base trimming being the most prevalent
isomiR subtype (Figure 2.1B). Examples of 5’-end isomiR subtypes for hsa-miR-155 are
shown in Figure 2.1C. Non-templated nucleotide additions were also observed in the
small-RNA-seq data. To discern whether these non-templated nucleotide additions might
have arisen from sequencing errors, we compared the base quality of the 5’ non-templated

addition of hsa-miR-155-5p in Figure 2.1C against that of the templated extension across
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all study samples. We found that the base quality was similar for both the 5’ non-templated

addition and the templated extension (Figure 2.2).
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Figure 2.1. IsomiR subtypes in human lymphoblastoid cell lines.

(A) Frequency of isomiRs identified for each precursor miRNA after quality filtering.

(B) Frequency of isomiR subtypes with 5’-end variations (total, trimming, substitution, extension,
and addition), 3’-end variations, and other isomiR subtypes. The 5’-substitution (5’-Sub) category
includes substitutions at the first base (5SSub), single-base substitutions at the seed region (5sSub),
and 5’ end multi-base substitutions (SmSub). The 3’-subcategory includes single-base (3Sub) or
multi-base (3mSub) substitutions at the 3’-end. The Substitution bar (bottom) includes internal
single-base substitutions.

(C) Examples of 5’-end isomiR subtypes for hsa-miR-155, including Canonical, 5’-trimming
(5Trim), 5Sub, 5’sSub, SmSub, 5’-extension (5Ext), 5’-addition (5Add), substitution in the middle
(Sub), combinations of variants, and new isomiR. Variant nucleotides are shown in red. Lowercase
letters indicate substitutions or non-templated additions. The seed sequence is underlined.
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Figure 2.2. Base quality for 5’-end nucleotide in different isomiR molecules.
The boxplot and statistics (mean and standard deviation, SD) of the base quality (BQ) for the first

nucleotide at the 5’-end of the hsa-miR-155-5p canonical, 5’- templated extension, and 5’- non-
templated addition isomiRs across all study samples.
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2.3.1. The 5’-end Base Nucleotide Substitution and IsomiR Stability

MiRNAs possess distinct half-lives in human cells, and miRNA stability is
important for the dynamic regulation of cellular miRNA activity. Some of the factors that
influence miRNA homeostasis include sequence modification, AGO protein complex
formation, and mRNA target interaction (Kai & Pasquinelli, 2010; J. Wang et al., 2019).
Furthermore, the nucleotide at the 5’-end was reported to influence mature miRNA
stability, whereby miRNAs with an uracil (U) at the 5’-end, compared to guanine (G) or
adenine (A), generally had significantly longer half-lives (Zhou et al., 2018). Therefore,
we compared the frequency of the 5’-end bases between canonical and 5’-substitution
isomiRs. Among 1,150 canonical miRNAs used for isomiR classifications, 42% contained
a U at the 5’-end. In contrast, only 12.45% of substitution isomiRs had a U on the 5’-end.
The most common end base in 5’-substitution isomiRs was G (39.21%), followed by A
(24.90%) and cytosine (C) (23.44%). These results suggest that, in comparison to canonical
miRNAs, 5’-end base substitution isomiRs are predicted to have shorter half-lives.
2.3.2. Canonical subtypes may not be the most abundant isomiRs

A previous study reported that a one-base shift isomiR of miR-140-3p (i.e., 1-base
5’-trim plus a 3’-extension) was expressed at higher levels compared to its canonical
counterpart in breast cancer progression (Bhardwaj et al., 2018). We asked whether the
human lymphoblastoid cell lines used in this study exhibited the same characteristic. To
address this question, we compared read counts of the shifted isomiRs to the standard miR-
140-3p miRNA, and discovered that the shifted isomiRs were more prevalent in 99% of
the cells (448 out of 452). In addition, it is worth noting that canonical miRNAs annotated

by miRBase were also not the predominant isomiRs for some of the miRNAs under

22



investigation. We compared the total reads across 452 subjects for a canonical miRNA and
its isoforms in the 1000 Genomes sRNA-seq dataset for miRNAs with at least 5 subjects
having 20 or more sequence reads. Non-canonical isomiRs were more abundant in 52% of
the miRNAs. However, after considering the impact of 3’-adaptor trimming by grouping
isomiRs based on sequence variations at the 5’-end, we observed that the frequency of
miRNAs abundant in non-canonical isomiR categories was 11% of the total miRNAs.
These findings imply that at least some non-canonical isomiRs might have important roles
in miRNA regulation.
2.3.3. Allele-Specific Expression and Genetic Associations

Next, we asked whether cis-acting genetic variants impacted the frequency of
isomiR subtypes. To address this question, we queried genotype data from the 1000
Genomes Project for SNPs located in DNA regions encoding precursor miRNA transcripts.
We identified 4,478 variants, from which we selected 481 bi-allelic SNPs with a MAF
greater than 1% in 435 individuals with both genotype and sSRNA-seq data. We then used
customized sequences with reference and alternative alleles for those SNPs to identify
isomiRs transcribed from either allele. Our personalized references method also revealed
allele-specific expression of miRNAs. As an example, the DNA sequence of hsa-miR-
1304-3p has a SNP (rs2155248, T/G) at the 13th base (Figure 2.3A4). Despite the T allele
being the major allele among 435 individuals, we observed a higher number of miRNA
reads with a C at the 13th nucleotide that were transcribed on the reverse strand of the G
allele. This intriguing finding can be explained by the fact that cells heterozygous for
152155248 (T/G) predominantly expressed the C allele isomiRs, while cells homozygous

for T/T transcribed hsa-miR-1304-3p at very low levels (Figure 2.3 B,C). In addition,
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allele-specific expression of miRNAs was commonly observed in the human
lymphoblastoid cell lines where miRNAs containing alleles different from those annotated
in miRBase were transcribed at lower levels compared to canonical miRNAs.

To investigate the genetic association of isomiR variants, we initially utilized the
data from all study populations and conducted 839 associations between SNPs and
different 5’-isomiRs. To account for population stratification, we conducted separate
association studies with subjects of European or African ancestry populations (Figure 2.4).
We set a criterion that the findings from all populations should be significant in either the

European or African population study.
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Figure 2.3. Allele-specific expression of hsa-miR-1304-3p for rs2155248.

(A) Schematic diagram showing the locations of the SNP rs2155248 and hsa-miR-1304-3p on
chromosome 11q21. miRNA1304 is on the reverse strand.

(B) Percentage of hsa-miR-1304-3p miRNAs with cytosine at the 13th nucleotide location (C13)
of rs2155248 in heterozygous and homozygous lymphoblastoid cell lines. The heterozygous (T/G)
cells predominantly expressed miRNAs from the G allele. The cytosine reads in T/T genotype
samples could arise from either single-nucleotide substitutions or sequencing errors.

(C) Expression levels of miR1304-3p among rs2155248 genotyped lymphoblastoid cell lines.
Homozygous T/T cells transcribed low levels of the miRNA.
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Figure 2.4. Scatter plot of the first two principal components.

1000 Genomes Project subjects included in this study are highlighted in colors,

e CEU: Utahresidents with Northern and Western European Ancestry, European Ancestry, green
FIN: Finnish in Finland, European Ancestry, orange

GRB: British in England and Scotland, European Ancestry, red

TSI: Toscani in Italy, European Ancestry, yellow

YRI: Yoruba in Ibadan, Nigeria, African Ancestry, blue
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Ultimately, we identified a total of 7, 51, 28, and 9 SNP—isomiR pairs that exhibited
significance for 5’-substitution, -trimming, -extension, or -addition, respectively, using a
threshold of false discovery rate (FDR) < 0.05 (Table 2.1). One notable finding was that
rs6505162 (A/C) was associated with a two-base 5’-extension isomiR of hsa-miR-423-3p
(FDR = 3.0 x 10!) and a two-base 5’-trimming isomiR of hsa-miR-423-5p (FDR = 2.4 x
10717), where the C allele was linked to a decrease in the expression of both isomiRs (Table
2.2 and Figure 2.5A4,B). Interestingly, rs6505162 has been reported to have a high
frequency of somatic mutation in breast cancer cell lines and tumor tissues (Zhao et al.,
2015), and miR-423 activity was increased in breast cancer cells (Kontorovich et al., 2010).
Therefore, to investigate the association between the hsa-miR-423 isomiRs and breast
cancer pathology, we compared the expression levels of these isomiRs between tumor and
normal samples in TCGA breast cancer (BRCA) dataset. We found that the expression of
the two-base 5’-extension isomiR of hsa-miR-423-3p was significantly higher in tumor
compared with normal tissue (p=0.00023, Figure 2.5C) across all tumor subtypes and
ethnic backgrounds, and in a subset of hormone-receptor-positive patients (estrogen-
receptor-positive, ER+, or progesterone-receptor-positive, PR+) in the white population
(»=0.0047). This finding is consistent with a prior study that reported that miR-423-3p, as
compared with miR-423-5p, promoted cell proliferation and tumorigenesis in breast cancer
(Zhao et al., 2015). However, we also observed higher expression of the 5’-trimming
isomiR of has-miR-423-5p in tumors (p=0.00095, Figure 2.5D), although the difference
was not significant in the subset of hormone-receptor-positive white patients (p=0.056). To
investigate whether the hsa-miR-423-3p two-base 5’-extension isomiR was associated with

other cancers, we repeated our analysis using the TCGA kidney renal clear cell carcinoma
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(TCGA-KIRC) dataset. We observed a similar finding that this isomiR was expressed at
higher levels in tumors compared with normal tissues (p=0.00096, Figure 2.6A4), while a
trend of high expression in tumors was also observed for hsa-miR-423-5p 5’-trimming

isomiRs (p=0.064, Figure 2.6B).
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Figure 2.5. IsomiR expression profile in human lymphoblastoid cell lines and TCGA
breast cancer.

Violin plot for (A) the proportion of hsa-miR-423-3p 5’-extension isomiRs and (B) the proportion
of hsa-miR-423-5p 5’-trimming isomiRs in rs6505162 genotyped cells. Bar-plot for average
expression level and standard error bar for (C) hsa-miR-423-3p 5’-extension isomiRs and (D) hsa-
miR-423-5p 5’-trimming isomiRs in TCGA breast cancer tumor and normal samples.
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Figure 2.6. [IsomiR expression in TCGA kidney renal clear cell carcinoma.

Bar-plot of average expression and standard error for (A) hsa-miR-423-3p 5’-extension isomiRs
and (B) hsa-miR-423-5p 5’-trimming isomiRs in TCGA kidney renal clear cell carcinoma (TCGA-
KIRC) and normal samples.
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Table 2.1. Correlation results between SNPs and isomiR compositions.

Correlations with FDR < 0.05 in all subjects, and FDR < 0.05 in either European or African subjects.

SNP isomiR All(n=435) European(n=348) African(n=87)

rsID miRNA f;:): illsl(l)i ci‘;?:; Tau | p-value FDR Tau | p-value FDR Tau | p-value FDR
rs641071 hsa-miR-4482-3p | 5-sub 1 0 -0.64 | 5.4E-60 | 4.5E-57 | -0.59 | 7.0E-39 | 3.4E-36 | -0.30 | 7.8E-04 | 0.012
rs641071 hsa-miR-4482-3p | 5-trim 1 -1 -0.63 | 5.7E-59 | 2.4E-56 | -0.59 | 1.0E-38 | 3.4E-36 | -0.24 | 0.0054 | 0.066
rs641071 hsa-miR-4482-3p | 5-trim 1 -2 -0.63 | 8.8E-59 | 2.5E-56 | -0.59 | 1.8E-38 | 4.0E-36 | -0.21 | 0.016 0.15
rs641071 hsa-miR-4482-3p | 5-ext 1 1 -0.63 | 4.7E-58 | 9.8E-56 | -0.57 | 1.6E-36 | 2.6E-34 | -0.29 | 0.0012 0.017
1s2273626 hsa-miR-4707-3p | 5-ext 1 1 0.50 1.0E-34 | 1.7E-32 | 0.51 2.4E-27 | 2.7E-25 | 0.20 0.035 0.26
rs2155248 hsa-miR-1304-3p | 5-trim 3 -5 -0.47 | 3.1E-33 | 4.3E-31 | -0.13 | 0.0025 0.024 -0.59 | 4.2E-12 | 2.9E-09
152155248 hsa-miR-1304-3p | 5-trim 2 -4 -0.46 | 6.7E-33 | 7.4E-31 | -0.13 | 0.0025 0.024 -0.58 | 8.7E-12 | 3.0E-09
rs34115976 hsa-miR-577 5-ext 15 1 -0.47 | 7.1E-33 | 7.4E-31 | -0.49 | 9.5E-29 | 1.2E-26 | -0.17 | 0.057 0.36
rs2168518 hsa-miR-4513 5-add 3 4 0.44 2.7E-30 | 2.5E-28 | 0.37 6.9E-17 | 3.3E-15 | NA NA NA
rs2155248 hsa-miR-1304-3p | 5-ext 24 2 0.44 5.4E-30 | 4.5E-28 | 0.15 6.2E-04 | 0.0077 0.57 1.5E-11 | 3.6E-09
152155248 hsa-miR-1304-3p | 5-trim 6 -3 -0.43 | 4.1E-28 | 3.1E-26 | -0.11 | 0.014 0.098 -0.49 | 9.7E-09 | 1.4E-06
rs487571 hsa-miR-5680 S-ext 9 2 0.40 3.1E-26 | 2.1E-24 | 0.39 3.6E-20 | 2.6E-18 | 0.41 1.2E-06 | 8.5E-05
rs10061133 hsa-miR-449b-5p | 5-sub 2 0 -0.46 | 1.5E-23 | 1.0E-21 | -0.48 | 3.1E-20 | 2.6E-18 | -0.30 | 0.0051 0.062
rs6505162 hsa-miR-423-3p 5-ext 28 2 -0.37 | 4.9E-23 | 3.0E-21 | -0.33 | 2.2E-15 | 9.6E-14 | -0.20 | 0.025 0.20
rs28664200 hsa-miR-1255a 5-trim 1 -1 0.38 1.7E-21 | 9.5E-20 | 0.42 7.7E-21 | 7.2E-19 | 0.25 0.0050 | 0.062
rs6505162 hsa-miR-423-5p S5-trim | 20 -2 -0.33 | 4.6E-19 | 2.4E-17 | -0.30 | 6.5E-13 | 2.4E-11 | -0.37 | 2.2E-05 | 9.0E-04
rs2155248 hsa-miR-1304-3p | 5-ext 22 1 0.34 6.3E-19 | 3.0E-17 | 0.14 0.0018 0.019 0.50 3.0E-09 | 5.2E-07
rs7208391 hsa-miR-6868-3p | 5-ext 2 1 0.38 6.4E-19 | 3.0E-17 | 0.34 2.6E-13 | 1.0E-11 | 0.45 6.1E-06 | 3.3E-04
rs7911488 hsa-miR-1307-3p | 5-trim | 131 -1 -0.33 | 3.2E-18 | 1.4E-16 | -0.32 | 3.3E-14 | 1.4E-12 | -0.10 | 0.25 0.78
rs2155248 hsa-miR-1304-3p | 5-trim | 54 -1 -0.33 | 2.7E-17 | 1.1E-15 | -0.11 | 0.0095 0.077 -0.32 | 1.9E-04 | 0.0039
rs8054514 hsa-miR-3176 S-ext 2 1 0.31 8.1E-16 | 3.2E-14 | 0.26 4.0E-09 | 1.3E-07 | 0.46 6.6E-08 | 6.6E-06
rs75538180 hsa-miR-1303 5-ext 26 1 0.28 54E-14 | 2.0E-12 | 0.25 2.2E-09 | 7.2E-08 | 0.32 2.0E-04 | 0.0039
rs8054514 hsa-miR-3176 5-add 1 3 0.29 54E-14 | 2.0E-12 | 0.25 1.3E-08 | 3.4E-07 | 0.47 3.2E-08 | 3.7E-06
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rsID miRNA f;‘;’e :sl(l)z jll::lsgee Tau | p-value | FDR | Tau | p-value | FDR | Tau | p-value | FDR
rs75538180 | hsa-miR-1303 5-ext | 4 2 028 | 6.6E-14 | 23E-12 | -022 | 1.5E-07 | 3.2E-06 | -0.22 | 0.011 | 0.11
177639117 | hsa-miR-576-5p | 5-trim | 4 1 | 029 |9.0E-14 |3.0E-12 | 026 |4.4E-09 | 1.3E-07 | 0.41 | 3.1E-06 | 1.8E-04
18054514 | hsa-miR-3176 5-trim | 3 -1 | 028 |48E-13 | L.6E-11 | 025 | 1.8E-08 | 4.5E-07 | 0.44 | 2.4E-07 | 2.1E-05
rs174561 hsa-miR-1908-5p | 5-trim | 1 -1 | -026 |28E-11 | 8.8E-10 | -0.29 | 3.2E-11 | 1.1E-09 | -0.15 | 0.094 | 0.49
157227168 hsa-miR-4741 Sext | 1 3 026 | L.IE-10 | 3.2E-09 | 0.26 | 1.8E-08 | 4.5E-07 | 0.32 | 4.3E-04 | 0.0071
rs487571 hsa-miR-5680 S-rim | 2 8 | 024 |59E-10 | 1.7E-08 | 022 | 1.4E-07 | 2.9E-06 | 0.23 | 0.0069 | 0.075
rs487571 hsa-miR-5680 S-rim | 2 3 | 022 | 82E-09 |23E-07 | 020 | 3.9E-06 | 7.0E-05 | 0.30 | 3.9E-04 | 0.0068
rs487571 hsa-miR-5680 Sext | 1 3 022 | 1.0E-08 | 2.8E-07 | 0.21 | 1.0E-06 | 1.9E-05 | 022 | 0.011 | 0.11
1s8054514 | hsa-miR-3176 Ssub | 6 0 022 | 1.IE-08 | 2.9E-07 | 0.17 | 6.7E-05 | 0.0011 | 041 | 1.7E-06 | 1.1E-04
152682818 hsa-miR-618 Srim | 1 6 | 022 | 13E-08 |3.3E-07 | 025 | 1.2E-08 | 3.4E-07 | 0.34 | 7.9E-05 | 0.0022
rs74085143 | hsa-miR-4781-3p | 5-trim | 5 2 | 023 | 13E-08 |3.3E-07 | 0.14 |0.0018 | 0019 |039 |1.2E-05 |5.7E-04
15487571 hsa-miR-5680 Sext | 1 7 021 | 1.7E-08 | 4.0E-07 | 0.21 | 1.3E-06 | 2.4E-05 | 020 | 0.019 | 0.17
15487571 hsa-miR-5680 Sext | 2 5 020 | 7.5E-08 | 1.7E-06 | 0.19 | 7.9E-06 | 1.3E-04 | 0.22 | 0.0089 | 0.096
152682818 hsa-miR-618 S-trim | 1 7 |021 |8.0E-08 | 1.8E-06 | 0.24 | 3.7E-08 | 9.0E-07 | 0.32 | 2.0E-04 | 0.0039
15487571 hsa-miR-5680 S-trim | 1 4 |020 |8.0E-08 | 1.8E-06 | 0.19 | 6.6E-06 | I.IE-04 | 021 |0.012 |o0.12
152682818 hsa-miR-618 5-trim | 2 -1 |021 |87E-08 | 1.9E-06 | 0.24 | 4.0E-08 | 9.2E-07 | 035 | 6.8E-05 | 0.0022
152682818 hsa-miR-618 5-trim | 2 3 |021 |9.7E-08 | 2.0E-06 | 0.24 | 3.9E-08 | 9.1E-07 | 032 | 2.9E-04 | 0.0054
154822739 | hsa-miR-548j-5p | 5-sub | 2 0 022 | 1.0E-07 | 2.1E-06 | -0.11 | 0.018 | 0.12 040 | 8.6E-06 | 4.3E-04
rs487571 hsa-miR-5680 Srim | 6 -1 | 020 |20E-07 |3.9E-06 | 0.17 | 84E-05 | 0.0013 | 032 | 1.5E-04 | 0.0036
rs7911488 hsa-miR-1307-3p | 5-trim | 2 6 | 020 |2.1E-07 | 4.1E-06 | 0.15 | 5.0E-04 | 0.0064 | 0.12 | 0.16 0.63
19589207 | hsa-miR-92a-1-5p | 5-trim | 5 2 |-020 |2.7E-07 | 5.1E-06 | NA | NA NA -0.43 | 1.1E-06 | 8.5E-05
155997893 hsa-miR-3928-3p | 5-trim | 33 2 |-020 |2.7E-07 | 5.1E-06 | -0.13 | 0.0025 | 0.024 | -0.11 |0.21 0.70
152682818 hsa-miR-618 S-rim | 2 5 | 020 |3.5E-07 | 6.3E-06 | 0.23 | 2.5E-07 | 5.0E-06 | 0.36 | 4.3E-05 | 0.0015
152682818 hsa-miR-618 5-trim | 2 4 |019 |8.1E-07 | 1.4E-05 | 023 | 1.4E-07 | 2.9E-06 | 0.30 | 5.2E-04 | 0.0085
rs151318590 | hsa-miR-500b-3p | 5-ext | 2 2 022 | I.IE-06 | 2.0E-05 | NA | NA NA 042 | 1.7E-05 | 7.3E-04
14822739 | hsa-miR-548j-5p | 5-add | 2 1 020 | 1.4E-06 | 2.3E-05 | -0.09 | 0.048 | 0.26 037 | 4.4E-05 | 0.0015
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SNP isomiR All(n=435) European(n=348) African(n=87)

rsID miRNA f;‘;’e :sl(l)z jll::lsgee Tau | p-value | FDR | Tau | p-value | FDR | Tau | p-value | FDR
19589207 | hsa-miR-92a-1-5p | 5-trim | 3 3 |[-0.19 | 1.7E-06 | 2.8E-05 | NA | NA NA 033 | 1.6E-04 | 0.0036
rs151318590 | hsa-miR-500b-3p | 5-trim | 1 4 |-021 | 1.8E-06 | 29E-05 | NA | NA NA 040 | 3.4E-05 | 0.0013
152682818 hsa-miR-618 5-trim | 3 2 019 | 1.9E-06 |3.0E-05 | 022 |4.9E-07 | 9.56-06 | 030 | 5.6E-04 | 0.0089
rs7911488 hsa-miR-1307-3p | 5-trim | 2 7 | 0.18 |24E-06 | 3.6E-05 | 0.14 | 8.2E-04 | 0.0096 | 0.05 |0.58 0.88
rs74085143 | hsa-miR-4781-3p | 5-trim | 3 1 |019 |27E-06 | 40E-05 | 0.1 |0.020 |O0.13 035 | 7.8E-05 | 0.0022
19589207 | hsa-miR-92a-1-5p | 5-trim | 3 -1 | -0.18 |3.0E-06 | 44E-05 | NA | NA NA 034 | 1.0E-04 | 0.0026
174085143 | hsa-miR-4781-3p | 5-trim | 1 4 | 0.19 |43E-06 | 62E-05 | 0.12 | 0.0095 | 0.077 |0.35 |9.3E-05 | 0.0025
rs1439619 | hsa-miR-3175 5add | 1 4 020 | 4.5E-06 | 6.3E-05 | -0.22 | 7.7E-06 | 1.3E-04 | -0.13 | 0.18 0.65
154822739 | hsa-miR-548j-5p | 5-ext | |1 8 0.19 | 5.1E-06 | 7.2E-05 | -0.08 | 0.082 | 0.34 036 | 7.8E-05 | 0.0022
1s35613341 | hsa-miR-5189-5p | 5-trim | 1 1 | 020 |65E-06 | 9.0E-05 | 0.21 | 4.0E-05 | 6.4E-04 | 0.20 | 0.040 | 0.27
154822739 | hsa-miR-548j-5p | 5-add | 1 2 -0.18 | 1.2E-05 | 1.5E-04 | -0.08 | 0.080 | 0.34 035 | 1.3E-04 | 0.0032
rs10422347 | hsa-miR-4745-5p | 5-add | 1 2 0.18 | 1.3E-05 | 1.6E-04 | 0.18 | 9.2E-05 | 0.0014 | 0.13 | 0.14 0.59
14534339 | hsa-miR-1843 5-ext | 29 1 0.17 | 1.3E-05 | 1.6E-04 | -0.09 | 0.034 | 0.20 029 | 7.7E-04 | 0.012
19589207 | hsa-miR-92a-1-5p | 5-ext | 1 1 0.17 | 1.4E-05 | 1.8E-04 | NA | NA NA 2028 | 0.0013 | 0.018
14822739 | hsa-miR-548j-3p | 5-trim | 1 2 |-020 | 1.6E-05 | 2.0E-04 | -0.05 | 0.39 0.67 038 | 1.9E-04 | 0.0039
rs7911488 hsa-miR-1307-3p | 5-add | 4 1 0.16 | 1.6E-05 | 2.0E-04 | 0.15 | 4.0E-04 | 0.0054 | 0.02 | 0.86 0.98
19589207 | hsa-miR-92a-1-5p | 5-trim | 1 4 |-0.17 | 1.8E-05 | 22E-04 | NA | NA NA 2028 | 0.0018 | 0.024
rs151318590 | hsa-miR-500b-3p | 5-trim | 1 3 |-0.19 | 2.0E-05 | 2.3E-04 | NA | NA NA 034 | 4.0E-04 | 0.0068
152620381 hsa-miR-627-5p | 5-trim | 6 -1 |-0.17 | 2.1E-05 | 2.5E-04 | -0.06 | 0.17 0.46 032 | 3.9E-04 | 0.0068
rs151318590 | hsa-miR-500b-3p | 5-ext | |1 1 0.19 | 24E-05 | 2.8E-04 | NA | NA NA -0.35 | 3.2E-04 | 0.0059
19589207 | hsa-miR-92a-1-5p | 5-sub | 21 0 0.16 | 3.1E-05 | 3.5E-04 | NA | NA NA -0.33 | 1.9E-04 | 0.0039
1s56292801 | hsa-miR-5189-5p | 5-trim | 1 1 | 0.19 |39E-05 |44E-04 | 0.18 | 3.0E-04 | 0.0043 |0.19 |0.060 | 0.37
19589207 | hsa-miR-92a-1-5p | 5-add | 1 1 0.16 | 49E-05 | 5.4E-04 | NA | NA NA 028 | 0.0014 | 0.019
12427556 | hsa-miR-941 5-add | 2 1 0.15 | I.IE-04 | 0.0011 |0.15 | 4.0E-04 | 0.0054 | 0.33 | 7.0E-05 | 0.0022
rs10422347 | hsa-miR-4745-5p | 5-trim | 1 4 |015 | 13E-04 | 00014 |0.15 |7.8E-04 | 0.0094 |0.13 |0.16 0.63
rs10422347 | hsa-miR-4745-5p | 5-ext | 2 1 0.15 | 2.8E-04 | 0.0029 |0.14 |0.0015 | 0016 |01l |o0.21 0.71
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SNP isomiR All(n=435) European(n=348) African(n=87)
rsID miRNA f;‘;’e :sl(l)z jll::lsgee Tau | p-value | FDR | Tau | p-value | FDR | Tau | p-value | FDR

156413505 hsa-miR-6886-5p | 5-trim | 2 2 |016 |3.4E-04 | 00034 |007 |0.19 0.49 038 | 1.5E-04 | 0.0036
152854001 hsa-miR-6891-5p | 5-ext | 18 1 0.16 | 4.0E-04 | 0.0040 |-0.16 | 0.0011 | 0.012 |-0.04 | 0.70 091
rs74085143 | hsa-miR-4781-3p | 5-sub | 1 0 0.14 | 4.6E-04 | 0.0045 |0.11 |0.020 |0.13 026 | 0.0036 | 0.046
rs13186787 | hsa-miR-1294 5-trim | 2 -1 |-0.14 | 49E-04 | 0.0047 |-0.16 |3.8E-04 | 0.0053 | NA | NA NA
rs75715827 | hsa-miR-944 5-ext | 8 1 0.14 | 5.0E-04 | 0.0047 |-0.14 | 0.0013 | 0.014 |NA |NA NA
154534339 | hsa-miR-1843 Sext | 1 5 0.13 | 5.8E-04 | 0.0053 | 0.07 | 0.13 0.42 025 |0.0034 | 0.044
rs13186787 | hsa-miR-1294 Sext | 3 1 0.14 | 6.1E-04 | 0.0055 | -0.15 | 7.2E-04 | 0.0087 |NA | NA NA
rs12314280 | hsa-miR-5700 S-rim | 2 2 | 0.5 |87E-04 |0.0077 |0.18 |4.5E-04 | 0.0059 |0.04 |0.68 091
178979347 | hsa-miR-9903 Ssub | 2 0 0.15 | 0.0011 |0.0092 |-0.17 | 5.8E-04 | 0.0073 |NA | NA NA
154534339 | hsa-miR-1843 S-rim | 2 3 |0.13 |00013 [0012 |0.06 |0.18 0.48 025 |0.0034 | 0.044
110422347 | hsa-miR-4745-5p | 5-trim | 6 2 | 0.13 [00016 |0014 |0.13 |0.0034 |0032 |005 |0.55 0.87
rs191321849 | hsa-miR-500a-3p | 5-ext | 29 1 0.12 |00019 |0015 |0.13 |0.0026 |0025 |NA |NA NA
1191321849 | hsa-miR-500a-3p | 5-trim | 4 4 012 [0.0025 [0020 |o0.12 |0.0047 |0.043 |NA |NA NA
rs174561 hsa-miR-1908-3p | 5-ext | 16 1 0.12 | 00027 |0.021 |-0.16 | 22E-04 | 0.0032 | -0.03 | 0.73 0.93
1575258105 | hsa-miR-5700 5-trim | 2 2 014 [00029 [0022 [016 |00015 |0.016 |NA |NA NA
15515924 hsa-miR-548al S-trim | 1 -1 |-0.12 [0.0036 |0027 |-0.14 |0.0027 |0.026 |-0.07 |048 0.87
rs191321849 | hsa-miR-500a-3p | 5-trim | 8 -1 011 [0.0036 |0027 |0.12 |0.0049 |0.043 |NA |NA NA
rs6413505 hsa-miR-6886-5p | 5-trim | 3 -1 | 013 |00052 [0.036 |006 |0.26 0.56 032 | 0.0014 | 0.019
178979347 | hsa-miR-9903 S-rim | 2 -1 |-0.12 | 0.0055 |0.037 |-0.15 |0.0018 | 0019 |NA |NA NA
rs13186787 | hsa-miR-1294 Sext | 2 3 -0.11 | 0.0069 | 0.044 | -0.13 | 0.0048 | 0.043 |NA | NA NA
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Table 2.2. Association of rs6505162 with hsa-miR-423 isomiRs.

Negative Kendall rank correlation coefficients (Tau value) indicated a negative correlation between isomiR composition and genotype.

SNP isomiR All (n =435) European (n = 348) African (n = 87)

rsID (Minor Allele) miRNA isomiRNumber of Tau p-value FDR Tau p-value FDR Tau p-value FDR
bases changed

156505162 (C) hsa-miR-423-3p 5-ext +2 —0.374.9 x1033.0 x 102! -0.332.2 x 107159.6 x 107'%~0.200.025 0.20

1$6505162 (C) hsa-miR-423-5p 5-trim —2 —0.334.6 x 10792.4 x 1077 -0.306.5 x 107132.4 x 107''-0.372.2 x 10°9.0 x 10°*




2.4 Discussion

The discovery of miRNA and other small non-coding RNAs has expanded our
vision of the gene regulation network remarkably. The capability of a single miRNA to
regulate hundreds of genes provides simultaneous control over multiple pathways. In fact,
increasing evidence supports the notion that miRNAs play critical roles in diverse aspects
of biological processes, and dysfunction or aberrant expression of miRNAs and their
isoforms may trigger disease pathogenesis. The presence of miRNA isoforms has enriched
the sequence variations within miRNAs, expanding the scope of post-transcriptional
regulation of target mRNAs. The biogenesis of miRNAs and isomiRs is intricately
regulated, encompassing alternative cleavage by Drosha/Dicer, which could result in base
trimming and templated extension (Neilsen et al., 2012; Panzade et al., 2022). Additionally,
post-transcriptional editing may contribute to the occurrence of non-templated sequence
variations (Rodriguez-Galan et al., 2021). Notably, non-templated base additions have
been consistently observed at a significantly higher frequency compared with sequencing
errors (Tomasello et al., 2021; Wyman et al., 2011). SNPs located in a precursor or mature
miRNA may influence the biogenesis, maturation, expression, or target recognition of that
miRNA by altering the secondary structure of the miRNA hairpin and subsequent enzyme
cleavage or transcript editing of its isomiRs. In this way, mir-SNPs may play important
roles in signaling pathways that are essential to cellular homeostasis and contribute to
disease progression.

In this study, we investigated isomiR expression profiles and the cis-regulation of
isomiR biogenesis in human lymphoblastoid cell lines. We found that numerous SNPs were
significantly associated with the frequency of 5’-end isomiRs, including base substitution,

trimming, extension, and addition. Empirical evidence was observed to support the premise
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that genetic variants contribute to the composition of 5’-end isomiRs by altering the
sequence of precursor miRNA. Herein, we reported 95 significant associations (FDR <
0.05) between mir-SNPs and the composition of 5’-isomiRs across 435 available subjects
and in a subset of either European or African populations.

The mir-SNP rs6505162 (A > C) is located in the transcribed region of precursor
hsa-mir-423, but outside of the mature miRNAs. The pathologic risk of the rs6505162
polymorphism has been evaluated in a wide range of cancers and diseases, including
esophageal squamous cell carcinoma, ovarian cancer, colorectal cancer, non-small-cell
lung cancer, and others (Hu et al., 2008; Kontorovich et al., 2010; Xing et al., 2012; Ye et
al., 2008). In breast cancer, studies reporting the association between rs6505162 and cancer
risk have come to contradictory conclusions. Smith et al. showed that the CC genotype was
linked to a reduced risk of breast cancer in Caucasian women (odds ratio, OR=0.50;
p=0.03) (Smith et al., 2012), and the A allele was reported as a risk factor in the
pathogenesis of breast cancer among the Egyptian population (OR=3.28, p=0.002;
OR=2.11, p=0.011; for AA and CA against CC patients, respectively) (Li et al., 2015). In
contrast, the CC genotype of rs6506162 was reported to be associated with an increased
risk of breast cancer in Iranian women (OR=2.37; p=0.0023) (Pourmoshir et al., 2020).
While this mir-SNP was not predicted to affect hsa-mir-423 precursor RNA secondary
structure (Kontorovich et al., 2010; Zhao et al., 2015), it could in-fluence the processing
efficiency and maturation of the miRNA and thereby affect breast cancer susceptibility.
However, it is largely unknown how hsa-mir-423 isomiRs are in-volved in the genetic
association of rs6505162 with breast cancer. In our study, we found that rs6505162 was

significantly associated with hsa-miR-423-3p and hsa-miR-423-5p isomiR compositions
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and that the C allele was associated with lower expression of these isomiRs. The
corresponding isomiRs were found to be highly expressed in tumors compared with normal
samples in TCGA-BRCA and TCGA-KIRC datasets, which suggests that the C allele may
have a protective effect in tumorigenesis. This conclusion is consistent with the fact that
cells with a C allele expressing the pre-miR-423 had lower proliferation than cells with the
A allele (Zhao et al., 2015). Zhao et al. also reported that although rs6505162 regulated
both -3p and -5p miRNAs, miR-423-3p was the only molecule promoting breast cell
proliferation (Zhao et al., 2015). Because this SNP is located outside of the mature miRNA,
it would not be expected to affect miR-423 binding with its targets but rather could affect
the ex-pression of miR-423-3p isomiRs. Additionally, the 5’-extension isomiRs could
potentially be involved in regulating the canonical hsa-miR-423-3p’s target recognition,
degradation, or binding to new targets implicated in breast cancer pathogenesis.

In addition, multiple complex-disease-associated SNPs identified in previous re-
ports were found to be associated with isomiR compositions in human lymphoblastoid cell
lines (Chen et al., 2018; Ghanbari et al., 2017; Li et al., 2015; Zhao et al., 2014). For
instance, rs2273626 is located in the seed region of miR-4707 and is associated with
primary open-angle glaucoma (POAG) independently of canonical miRNA expression
levels (Ghanbari et al., 2017). This SNP showed a significant positive association with the
composition of a 5’-extension isomiR of miR-4707-3p, implying its potential role in
regulating the biological function of the canonical miRNA. Similarly, rs2168518,
associated with blood pressure, triglycerides, total cholesterol, fasting glucose levels, and
risk of diabetes mellitus (Li et al., 2015), was found to be associated with 5’-addition

isomiRs of hsa-miR-4513 in our study.
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One limitation of our study is that we used the default alignment settings for
isomiRID and only considered one-base substitutions in the sequence; therefore, not all
possible isomiR variations have been captured. Another limitation is that trimming the 3’-
adaptor from the SRNA-seq reads made it difficult to accurately estimate the variations in
3’-isomiRs. Additionally, the associations between SNPs and isomiR compositions
identified in our study are not yet supported by experimental validation, and the
relationship between 5’-end base substitution isomiRs and miRNA half-lives requires
further investigation in a large dataset. Despite these limitations, this study provides new
insights into the genetic regulation of isomiR biogenesis in human cells and has potential
implications for regulating miRNA expression and for generating new targeted therapies.
In conclusion, this study investigated the cis-regulation of isomiR biogenesis in human
lymphoblastoid cell lines and found significant associations between SNPs and 5°-
isomiRs. Our findings, particularly the identified association between rs6505162 and
isomiR alterations of hsa-miR-423-3p and hsa-miR-423-5p, shed light on the genetic
aspects of breast cancer tumorigenesis. Additionally, our study revealed the prevalence of
non-canonical miRNAs and allele-specific expressions of miRNAs, highlighting their
roles in biological processes and the influence of genetic variants on miRNA regulation.
These insights contribute to our understanding of the intricate mechanisms governing

isomiR biogenesis and their implications in disease.
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Chapter Three: Aberrant Intron-retention Derived Neoantigen Burden Predicts
Response to Immune Checkpoint Inhibitor Therapy
3.1 Literature Review

Immune checkpoint inhibitors (ICIs) targeting CTLA-4 or PD-1/PD-L1 have been
a major addition to the therapeutic landscape of a variety of tumor types and clinical
settings. Since the first approval of Ipilimumab, an anti-CTLA-4 monoclonal antibody, for
the treatment of metastatic melanoma in 2011, the Food and Drug Administration (FDA)
has subsequently approved six more ICIs for various cancer subtypes(Jardim et al., 2021).
The use of ICIs, either as monotherapy or in combination with cytotoxic therapies, has
resulted in improved patient survival outcomes in a wide range of cancer subtypes(Bagchi
et al., 2021; Larroquette et al., 2021). Despite these substantial advances, not all patients
gain benefits from ICI agents, and many experience a unique set of immune-related adverse
events (irAEs)2. As many as 70% of patients treated with ICIs encounter acute irAEs, while
up to 40% of patients suffer from chronic toxicities(Johnson et al., 2022; Patrinely et al.,
2021). Of particular concern are severe, potentially life-threatening side effects such as
pneumonitis, myocarditis, and hypophysitis. Given the likelihood of these clinically
impactful toxicities, it is imperative to better understand which patients are most likely to
benefit from ICI therapy.

Considerable work has been devoted to identifying biomarkers capable of
predicting response to ICI treatment. Immunohistochemical (IHC) staining for PD-L1 has
been extensively evaluated in various settings but has yielded highly disparate
results(Davis & Patel, 2019; Doroshow et al., 2021). This inconsistency arises from a

multitude of factors, encompassing technical and biological considerations. From a
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technical perspective, the type of antibody used, the cut-point defining positivity, and
variability in interpretation, may impact the predictive capacity(Doroshow et al., 2021).
From a biological standpoint, the importance of PD-L1 expression in treatment benefit
varies by tumor type and can also depend on settings within a given cancer subtype. For
example, PD-L1 positivity predicts benefit of pembrolizumab treatment for metastatic
TNBC, but not for curative TNBC where pembrolizumab is equally effective regardless of
PD-L1 status(Jacobson, 2022). In addition, both microsatellite instability-high (MSI-H)
and tumor mutational burden-high (TMB-H) are FDA-approved biomarkers for
pembrolizumab across all metastatic solid tumors. TMB-H led to the FDA approval of
pembrolizumab based on data from KEYNOTE-158, which revealed an improved response
rate of 29% for TMB-H patients compared to 6% for those with lower TMB(Marabelle et
al., 2020). Despite an improved response rate, TMB-H did not predict significant
improvements in progression- free survival (PFS) or overall survival (OS). Moreover, there
is poor overlap and concordance across these biomarkers, reinforcing the variability in their
predictive capacities(Wang et al., 2021).

The rationale behind utilizing TMB-H as a predictive biomarker for ICI therapy
lies in its correlation with increased neoantigen expression(Moeckel et al., 2023). Tumor
neoantigens are cancer-specific peptides that are absent in normal human tissue. They can
be presented on the cell surface by the major histocompatibility complex (MHC) class I
molecules where they are recognized by T lymphocytes, and ultimately trigger the anti-
tumor immune response. A high tumor neoantigen burden is hypothesized to enhance the
activity of ICIs. However, TMB quantifies somatic mutations at the DNA level, which is

distal to the protein-level neoantigens. These DNA mutations may not be sufficiently
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expressed in tumor cells and presented on the cell surface to elicit an anti-tumor response,
which limits the accuracy of TMB as a predictor of ICI response(Katzir et al., 2022).
Therefore, while TMB correlates with neoantigen burden, the relationship is not entirely
congruent. Other genetic aberrancies beyond point mutations (e.g., gene fusions and
dysregulated RNA splicing) can also generate neoantigens. Notably, RNA splicing-derived
neoantigens are more prevalent in cancer than those acquired from point mutations (Kahles
et al., 2018; Stanley & Abdel-Wahab, 2022). Intron retention is a form of RNA splicing
that occurs at the more proximal mRNA level, where an intron is preserved within the
mature mRNA instead of being spliced out. Aberrant intron retention can produce tumor
neoantigens and it has been implicated in cancer development (Dvinge & Bradley, 2015;
Smart et al., 2018). Prior studies from our group found that neoantigens resulting from
aberrant intron retention are associated with survival in multiple myeloma and pancreatic
cancer (Dong et al., 2021; Dong et al., 2022). The impact of aberrant intron-retention
neoantigen burden (INB) on response to ICI therapy, however, is unknown. In this study,
we evaluated INB as a biomarker for predicting the efficacy of ICI therapy across various
metastatic tumors in an observational cohort. We hypothesized that the combination of
TMB and INB would provide a more comprehensive assessment of the tumor neoantigen
burden, and used together may improve the ability to predict response to ICI therapies

(Figure 3.1).
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3.2 Methods
3.2.1 Patient Population

Patients with advanced cancer referred to the Indiana University Health Precision
Genomics (IUHPG) Program and who received ICI therapy between January 2015 and
November 2020 were assessed for eligibility in this study. These patients underwent next-
generation sequencing (NGS) as part of their standard of care, and recommendations for
therapy were made by a multidisciplinary molecular tumor board (MTB). Treatment
decisions were ultimately made by the patients’ primary oncology providers. Data on
therapy administration, treatment duration, and outcomes after evaluation by the MTB
were obtained by chart review. TMB was assessed in genomic DNA by whole-exome
sequencing (GPS Cancer®, NantHealth®). All patients included in this observational study
signed informed consent for evaluation.
3.2.2 RNA Sequencing and Data Processing

Total RNA-seq libraries were prepared using the KAPA stranded RNA-seq with
RiboErase kit. Aligned BAM files provided by the clinical sequencing vendor NantHealth
were converted into fastq files using Samtools (version 1.15.1), and mapped to the
reference genome GRCh38 using the STAR aligner (version 2.7.3a) with a two-pass
mapping strategy (Dobin et al., 2013). In summary, the sequence reads were first aligned
to the reference genome to identify splice junctions. The junctions from all samples were
merged. The sample-specific novel junctions were derived by excluding the junctions on
mitochondrial DNA, junctions with noncanonical sequences at donor and acceptor splice

sites, annotated junctions previously documented, and junctions with fewer than two
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uniquely mapped reads. We then created an indexed reference genome incorporating these
merged junctions and used it for the second-pass alignment.
3.2.3 Prediction of Aberrant Intron-retention Neoantigen

Neoantigens derived from aberrant intron retention events were identified from the
RNA-seq data as previously described (Dong et al., 2021; Dong et al., 2022). In brief, exon
sets of protein-coding genes were re-annotated based on the union of exons documented in
the GTF file from GENCODE.v32 database. The exon sets were used to define introns as
the interval between exons. Uniquely mapped reads toward newly annotated introns and
exons were quantified using HTseq (version 2.0). The identified intron retention events
were filtered based on their expression levels. In addition, we excluded intron retention
events that were identified in normal human tissues, which were derived from the RNA-
seq data downloaded from the Gene Expression Omnibus (dataset GSE120795), using the
same second-pass mapping procedure based on the reference genome indexed with the
IUHPG dataset splice junctions. Patient HLA genotyping was estimated using arcasHLA
(version 0.5.0). The binding affinity of the HLA allele for aberrant intron retention- derived
neopeptides was assessed using NetMHCpan (version 4.1). NetMHCpan compares raw
prediction scores to a set of randomly selected natural peptides to calculate the % rank,
which provides robust binding metrics. Genes with aberrant intron retention-derived
neopeptides whose MHC binding affinity rank in the top 2% among all peptides were
counted towards neoantigen burden.
3.2.4 Statistical Analysis

Statistical analyses were performed to assess the association between INB, TMB,

and clinical outcomes. The duration of therapy (DoT) was categorized as either exceptional
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clinical benefit (>12 months) or no clinical benefit (< 3 months). To assess the association
between demographic or clinical characteristics with DoT, we employed the Student's t-
test for continuous variables and the Chi-squared test for categorical variables. The
differences in INB, log-transformed TMB or their summation between patients with short
and long DoT were evaluated with a t-test. Prior to the summation of INB and TMB as an
indicator of the total neoantigen load, both were standardized to a mean of zero and
standard deviation of one. Multivariable logistic regression models were employed to
evaluate the association of INB and TMB with DoT, where long DoT was treated as an
event (Y=1) and short DoT was treated as baseline (Y=0). In this model, a positive
correlation coefficient or odds ratio greater than one indicated that as the independent
variable increased, patients were more likely to have a longer treatment duration or a better
outcome. A stepwise logistic regression, combining backward elimination and forward
selection based on Akaike information criterion (AIC), was conducted to identify potential
covariates (Zhang, 2016). Demographic and clinical covariates including age, gender, body
mass index (BMI), Eastern Cooperative Oncology Group (ECOG) performance status,
number of lines of prior therapies, tumor type and TMB were evaluated. Covariate with a
p-value less than 0.05 was retained in the final regression model. We used a likelihood
ratio test to compare two nested statistical models. Additionally, we applied simple linear
regression to examine the relationship between INB and log transformed TMB.
Kaplan-Meier curves were utilized to estimate survival probability. Hazard ratio
(HR) and its 95% confidence intervals (Cls) were assessed using a Cox proportional
hazards model. Potential demographic and clinical covariates were deemed to be included

in the Cox regression if their p-values were less than 0.05. Statistical analyses and data
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visualization were conducted in R (version 4.2.1). Survival analyses and visualization were
performed using the survival (version 3.4) and survminer (version 0.4.9) packages. Two-
sided tests were used for all statistical analyses, and a p-value less than 0.05 was considered
statistically significant.

We employed a leave-one-out cross-validation (LOOCV) to evaluate the
performance of a predictive model. In each iteration, the model was fitted on all
observations except one, which was reserved as the validation set. This process was
repeated until all observations in the dataset had been used once as a validation set. The
performance measures, including area under the receiver operating characteristic curve
(ROC AUC) and precision-recall curve (PR AUC), obtained from the left-out observations
were aggregated across all iterations to evaluate the model’s overall performance.

3.3 Results

3.3.1 Patient Data

A total of 146 cancer patients who received ICI therapy were assessed for the treatment
outcome. The eligible patients had metastatic solid tumors and received a minimum of
two doses of ICI therapy. They also had no history of ICI treatments in the non-metastatic
setting, no concurrent chemotherapy, and no therapy discontinuation within 12 months
owing to drug toxicity. Patients with primary central nervous system tumors such as
astrocytoma and glioblastoma were excluded, and this study exclusively focused on
White patients. Out of these 146 patients met these criteria, 78 had pre-treatment RNA-
seq data available, of which five patients failed HLA typing from the RNA-seq data. A
final cohort of 51 patients was used for our primary study comparing therapy duration,

including 31 with short DoT (< 3 months) and 20 with long DoT (> 20 months); 22

47



patients with DoT between 3 and 12 months were excluded in the primary comparison
but included in the survival analysis (Figure 3.2). Patient demographics are summarized
in Table 3.1. Information regarding the type of anti-PD-1/PD-L1 or anti-CTLA-4

inhibitors used, and the cancer types under each DoT group are outlined in Table 3.2.
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Eligible patients (n=146)

Without RNA-seq data (n=68)

A 4

Patients with RNA-seq data
available (n=78)

Failed HLA genotyping (n=5)

Patients succeed HLA
genotyping (n=73)

DoT 3-12 months (n=22)

Patients had DoT <3 months
or >12 months(n=51)

DoT < 3 months DoT > 12 months
(n=31) (n=20)

Figure 3.2. CONSORT diagram.

HLA: The human leukocyte antigen.
DoT: Duration of immune checkpoint inhibitor therapy.
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Table 3.1. Demographic and clinical variables.

DoT <3 mon DOT > 12 mon

Characteristic (n=31) (n=20) p-value
Age, years 0.58
Mean 59.1 61.1
SD 15.9 10.0
Race, n NA
White 31 20
Sex, n(%) 1
Male 20(64.5) 13(65.0)
Female 11(35.5) 7(35.0)
BMI 0.52
Mean 27.0 28.3
SD 54 7.9
ECOG PS, n(%) 0.21
0 10(32.3) 9(45.0)
1 15(48.4) 10(50.0)
2 4(12.9) 0(0)
NA 2(6.4) 1(5.0)
Cancer types, n(%) 0.31
head and neck 6(19.4) 3(15.0)
melanoma 1(3.2) 7(35.0)
non-small cell lung 5(16.1) 1(5.0)
sarcoma 3(9.7) 2(10.0)
bladder/urothelial 3(9.7) 1(5.0)
renal 2(6.5) 1(5.0)
breast 3(9.7) 0(0)
anal 1(3.2) 1(5.0)
esophageal 1(3.2) 1(5.0)
skin, squamous 0(0) 1(5.0)
thyroid 0(0) 1(5.0)
colorectal 1(3.2) 0(0)
hepatocellular 1(3.2) 0(0)
neuroendocrine 1(3.2) 0(0)
pancreas 1(3.2) 0(0)
prostate 1(3.2) 0(0)
unknown primary 1(3.2) 1(5.0)
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Table 3.2. Summary of immune checkpoint inhibitors received and patient cancer types

Medications Targets D?r;F:;Sm DO]EHZ;S;H on
Atezolizumab PD-L1 5 (3 bladder/urothelial; 2 0
NSCLC)
Ipilimumab CTLA-4 1(Colorectal) 0
Nivolumab PD-1 11 (2 renal; 2 sarcoma; 2 head ) )
) ) 6 (anal; esophageal,
and neck; 1 breast; 1 NSCLC" renal: skin-
hepatocellular; 1 NSCLC; 1 th, roi d), ’
pancreas; 1 unknown) Y
Nivolumab PD-1 6 (4 melanoma; 2
/Ipilimumab /CTLA- I(sarcoma) ’
4 sarcoma)
Pembrolizumab PD-1 13 (4 head and neck; 2 breast; 8 (3 head and neck; 3
2 NSCLC; 1 prostate; 1 anal, melanoma; 1
1 esophageal; 1 melanoma; 1 bladder/urothelial; 1
neuroendocrine) unknown)

DoT: Duration of ICI therapy; PD-1: programmed cell death protein 1; PD-L1:
programmed cell death ligand 1; CTLA-4: cytotoxic T-lymphocyte associated protein 4;
NSCLC: non-small cell lung cancer.
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3.3.2 Higher INB and TMB Levels in Patients with Long Duration of ICI Therapy
The difference in INB between patients with short or long DoT was evaluated using
the Student’s t-test. Higher average INB was observed in pre-treatment samples from
patients who had long DoT (2,041 vs. 1,753, p=0.037; Figure 3.3A4). Patients with long
DoT also had high TMB, although the difference was not statistically significant (25.9 vs
6.4 mut/Mb; p=0.10; Figure 3.3B). Additionally, as an indicator of the neoantigen load
from both sources, the summation of INB and log-transformed TMB was significantly high

in patients with long DoT (p=0.0045; Figure 3.3C).
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Figure 3.3. Boxplot for aberrant intron retention neoantigen burden (INB) and tumor
mutation burden (TMB) for short (<3 months) and long (>12 months) DoT patients.

A) INB, B) log-scaled TMB, and C) the sum of standardized INB and log-transformed TMB
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3.3.3 INB and TMB Were Independently Associated with ICI Therapy Duration

We next asked whether INB and TMB were correlated in pre-treatment tumor
samples. Although a trend of negative correlation was observed between INB and TMB
(Figure 3.4), an in-depth correlation analysis between the estimated INB levels and log-
transformed TMB showed that these two measurements were not correlated (r=-0.14;
p=0.32). This finding suggests that the INB and TMB represent independent aspects of
neoantigen burden.

To gain further insight into the key factors influencing response to ICI therapies,
we conducted a multivariable logistic regression analysis. Clinical and demographic
covariates were selected based on a stepwise regression process. Notably, both INB and
TMB emerged as significant predictors of the efficacy of the ICI therapies (p=0.019 and
0.038, respectively; Table 3.3). Importantly, the model that included both INB and TMB
exhibited substantial improvements over models that included only one of the predictors
(INB or TMB alone, likelihood ratio test p=0.0023 and 0.011, respectively). Furthermore,
dichotomized INB and TMB by their 75th percentile (INB > 2,105 and TMB > 11.85
mut/Mb) retained significant associations with the DoT (»p=0.028 for both INB and TMB).
The distribution of INB and TMB are illustrated in Figure 3.5, with the 75th percentile

cutoff indicates as a vertical line.
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Figure 3.4. Scatter plot of aberrant intron-retention neoantigen burden (INB) and log-
scaled tumor mutation burden (TMB).

The line and band indicate the fitted linear regression line and its 95% confidence intervals between
intron-retention neoantigen burden (INB) and log-scaled tumor mutation burden (TMB),

respectively.
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Figure 3.5. Histogram for aberrant intron retention neoantigen burden (INB) and tumor
mutation burden (TMB)

A) INB and B) log scaled TMB. The vertical line indicates the 75th percentile
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Table 3.3. Logistic regression for duration of ICI therapy with aberrant intron retention
neoantigen burden (INB) and tumor mutation burden (TMB) levels.

Coefficient SE OR (95% CI) p-value
INB (x1000) 1.88 0.80 6.56 (1.52 -38.15) 0.019
TMB(Mut/Mb) 0.075 0.036 1.08 (1.02 - 1.17) 0.038

SE: standard error for the estimated regression coefficient; OR: odds ratio; CI: confidence
interval.
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To mitigate potential biases arising from differences in ICI drugs, we further limited
our analysis to the patients treated with drugs present in both long and short DoT groups,
namely Nivolumab, Nivolumab/Ipilimumab and Pembrolizumab as shown in Table 3.4.
Six patients were excluded from this analysis since they were administered Atezolizumab
and Ipilimumab, which were used only in the short DoT group. The associations of INB
and TMB with DoT were still significant in the remaining 45 patients (p=0.017 and 0.049,
respectively). Additionally, to account for potential confounding effects from differences
in tumor types, we incorporated tumor type as a covariate in the logistic regression. INB
remained significantly associated with DoT (p=0.035), while TMB did not reach statistical

significance (p=0.20).
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Table 3.4. Summary of immune checkpoint inhibitors received and patient cancer types

Medications Targets D?r;F:;Sm DO]EHZ;(Z);H on
Atezolizumab PD-L1 5 (3 bladder/urothelial; 2 0
NSCLC)
Ipilimumab CTLA-4 1(Colorectal) 0
Nivolumab PD-1 11 (2 renal; 2 sarcoma; 2 head ) )
) ) 6 (anal; esophageal,
and neck; 1 breast; 1 NSCLC" renal: skin-
hepatocellular; 1 NSCLC; 1 th, roi d), ’
pancreas; 1 unknown) Y
Nivolumab PD-1 6 (4 melanoma; 2
/Ipilimumab /CTLA- I(sarcoma) ’
4 sarcoma)
Pembrolizumab PD-1 13 (4 head and neck; 2 breast; 8 (3 head and neck; 3

2 NSCLC; 1 prostate; 1 anal,
1 esophageal; 1 melanoma; 1
neuroendocrine)

melanoma; 1
bladder/urothelial; 1
unknown)

DoT: Duration of ICI therapy;

PD-1: programmed cell death protein 1;

PD-L1: programmed cell death ligand 1;

CTLA-4: cytotoxic T-lymphocyte associated protein 4;
NSCLC: non-small cell lung cancer.
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3.3.4 INB and TMB Predict ICI Therapy Duration in Cross Validation

To further evaluate the potential of utilizing INB and TMB as predictors of DoT on
ICI therapy, we performed a leave-one-out cross-validation (LOOCV) procedure using a
logistic regression model. When both INB and TMB were included as predictors, the
LOOCYV yielded an area under the receiver operating characteristic curve (ROC AUC) of
0.72 and precision-recall curve (PR AUC) of 0.74 (Figure 3.6). Importantly, this model
outperformed predictions made using either INB or TMB alone (ROC AUC=0.63 and PR
AUC=0.56 for INB; ROC AUC=0.52 and PR AUC=0.58 for TMB), as well as
combinations of INB and TMB with demographic variables (such as age, sex, body mass
index (BMI), Eastern Cooperative Oncology Group (ECOG) performance status, and prior

therapies) (ROC AUC=0.57 and PR AUC=0.57).
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Figure 3.6. Receiver operating characteristic (ROC) and precision recall (PR) curves.

The A) ROC curve, and B) PR curve from the leave-one-out cross validation procedure

with both aberrant intron retention neoantigen burden (INB) and tumor mutation burden
(TMB) as predictors.
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3.3.5 INB and TMB Predict ICI Treatment-related Overall Survival

To gain a more comprehensive understanding of the predictive capacity of INB and
TMB in the context of ICI therapy, our investigation expanded beyond the binary
assessment of DoT, to incorporate their impact on patients’ OS. OS times were calculated
from the initiation of ICI therapy to the dates of death from any reason, with censoring
occurring at six months after the conclusion of the last ICI treatment. To ensure an unbiased
evaluation of the prediction power of INB and TMB on survival, we evaluated all patients
(i.e., including the 22 patients with DoT between 3 and 12 months) in the survival analysis,
which expanded the total sample size to 73 (Figure 3.2). Our analysis revealed that patients
with high INB (>75th percentile, n=18) had an enhanced OS compared to those with low
INB (<75th percentile, n=55) (Hazard ratio, HR=0.45; p=0.028) (Figure 3.7A4). Similarly,
our analysis suggested that patients with high TMB based on >75th percentile exhibited
superior OS compared to those with low TMB (HR=0.31, p=0.0031).

When both INB and TMB levels were considered concurrently, patients with either
high INB or TMB (>75th percentile in either measurement, n=32) experienced enhanced
survival outcome compared to those with low INB and TMB (< 75th percentile in both
measurements, n=41) (HR=0.28; p=1.1x10*), (Figure 3.7B). Survival analysis conducted
with the original cohort of 51 patients consistently revealed a correlation between INB and
OS (HR=0.36, p=0.024), and a strong correlation between the combination of INB and
TMB with OS (HR=0.21, p=2.1x10"*). These findings underscore the robust predictive
value of jointly considering neoantigens induced by both intron retention and tumor

mutations for overall survival.
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Figure 3.7. Kaplan-Meier curves for overall survival grouped by aberrant intron retention
neoantigen burden (INB) and tumor mutation burden (TMB).

A) patients with high INB (> 75th percentile) vs. those with low INB (< 75th percentile).
B) patients with either high INB or TMB (>75th percentile in either measurement) vs. those with
low INB and TMB (< 75th percentile in both measurements)
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3.4 Discussion

The search for robust predictive biomarkers for ICI has been an ongoing challenge.
Three FDA-approved biomarkers, microsatellite instability (MSI), TMB, and PD-LI
expression, have been routinely used in clinical practice for selecting patients suited for
ICI treatment. Among these, PD-L1 expression, while widely studied and clinically
implemented in practice, has significant limitations. MSI, the first pan-tumor FDA-
approved biomarker for predicting response to ICI therapy, has impactful sensitivity when
instability is identified, but its low prevalence limits the application. Many MSI-stable
patients may also benefit from ICI therapy and would be left untreated if selected on MSI
status alone. TMB, also designated as a pan-tumor FDA-approved biomarker for ICI
therapy, exhibits modest discriminatory capacity and modest improvements in outcome.
Further, there is controversy as to whether the optimal cut-point for TMB-H may better be
determined based on the median baseline TMB for a given tumor type (Samstein et al.,
2019). As a source of tumor neoantigens, aberrant intron retention has been implicated in
the pathogenesis and therapeutic landscape of various cancers. In this report, we evaluated
the predictive capacity of INB for clinical benefit from ICI therapy. We found that patients
with a high INB were more likely to have experienced substantial clinical benefit on ICI
therapy and had a superior OS. High TMB was also predictive, but the lack of concordance
with high INB suggests that they may be complementary, rather than overlapping,
predictive biomarkers.

The anti-tumor immune response relies on the recognition and binding of foreign
antigens that are presented on the tumor cell surface, making neoantigens a promising

biomarker for cancer immunotherapy efficacy. While the direct identification and
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quantification of neoantigens through mass spectrometry (MS) is possible, the technology
is not cost efficient nor high throughput (Guan et al., 2023; Q. Wang et al., 2019). Thus,

surrogate markers to predict neoantigen load have become commonplace with rapid
advancements in sequencing technologies and the human leukocyte antigen (HLA) binding

affinity prediction approaches. Previous studies have indicated that tumor neoantigen
burden based on nonsynonymous mutations is an effective biomarker for predicting
response to ICI therapy (Rizvi et al., 2015; Snyder et al., 2014; Van Allen et al., 2015).
However, the consideration of non-synonymous mutations alone overlooks neoantigens
originating from other sources such as aberrant mRNA splicing. TMB, which evaluates
point mutations at the DNA level, has been shown to correlate with neoantigen load but
represents only a fraction of the genomic events that potentially contribute to the
production of a neoantigen on a tumor cell. INB, which assessed neoantigen load at the
RNA level, complements TMB by capturing a novel dimension of neoantigens arising from
intron retention events, potentially providing additional insights into neoantigen load in
cancer. The combined assessment of TMB and INB offers a more comprehensive
evaluation of neoantigen burden and thus enhances predictive accuracy for ICI therapy
outcomes.

A prior investigation in melanoma patients did not find a uniform difference in in
intron-retention neoantigen burden among immunotherapy response groups (Smart et al.,
2018). The same study did, however, highlight a case where a patient benefitted from ICI
despite possessing a low mutation-based neoantigen load but a high intron retention-based
neoantigen burden (Smart et al., 2017). The reasons for differences in conclusions are

likely multifactorial. It is plausible that in disease types with a high abundance of
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nonsynonymous mutations, such as melanoma, somatic mutation biomarkers may play a
more prominent role in identifying those who will benefit. Additionally, differences in
study design and analysis strategy may have contributed to the variance in findings.

A limitation of our study is the retrospective nature, conducted outside of a
prospective study designed specifically to address the impact of INB on ICI therapy. The
study cohort selected here, however, was well-suited to address this hypothesis as it had
clinical outcomes and comprehensive sequencing performed as part of standard care. While
assessing formal response rate or progression-free survival outside of a carefully controlled
clinical trial is challenging, we used a clinically relevant definition of DoT as an indicator
of benefit. Further, we compared extreme phenotypes, exceptional benefit vs. no clinical
benefit, to amplify any biological signals of successful predictive capacity, and assessed
OS as a highly reproducible and important endpoint. Another limitation was the attempt to
evaluate the success of INB across tumor types. To account for this confounder, we
corrected for tumor type in our multi-variate analysis. This approach, however, provided
provocative data to support INB’s role as a potential tumor-agnostic biomarker; similar to
the current use of TMB. Additionally, our model for predicting aberrant intron-retention
neoantigen burden from RNA-seq data has some limitations, including not currently
account for Immunogenicity. In future studies, we plan to consider incorporating deep
learning methods, such like DeepImmuno(Li et al., 2021), to improve the accuracy of
predicting intron-retention neoantigen burden from RNA-seq data. Finally, the small
sample size in the retrospective study limits its statistical power. To address this, we aim
to validate these findings using a larger dataset. In collaboration with Immune-Oncology

scientists, we are leveraging resources from larger cohort for both disease-specific and
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disease-agnostic analyses. One such resource is the Oncology Research Information
Exchange Network (ORIEN). ORIEN is an alliance of cancer centers across the United
States that working collaboratively to accelerate cancer research and improve patient
outcomes. Its extensive, clinically annotated tissue repository provides an opportunity to
evaluate the performance INB and TMB in predicting patients’ response to ICI therapies.

In conclusion, aberrant intron-retention neoantigen burden is a novel and promising
biomarker for predicting improved response to ICI therapy. To date, no single biomarker
has consistently demonstrated accuracy in predicting ICI therapy response, and
improvements may be achievable through more comprehensive or complementary
approaches. INB and TMB, reflecting different aspects of neoantigen formation, appear to
successfully predict ICI-based therapy outcomes. This work highlights a potentially
promising approach for patient stratification and personalized treatment in the evolving

landscape of cancer immunotherapy.
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Chapter Four: Circulating Tumor DNA in Prediction of Disease Recurrence in
Triple-Negative Breast Cancer

4.1 Literature Review

Breast cancer is the most common cancer and second leading cause of cancer death
among women worldwide (Roheel et al., 2023). It is a heterogeneous disease, with distinct
subtypes that influence treatment options and prognosis. One particularly aggressive
subtype is triple-negative breast cancer (TNBC), characterized by the lack of expression of
estrogen-receptor (ER) and progesterone-receptor (PR), and the absence of human
epidermal growth factor receptor 2 (HER2) amplification(Carey et al., 2010; Pal et al.,
2011; Schneider et al., 2008). Although TNBC accounts for only 15-20% of breast cancer
cases, it is associated with a more aggressive disease course, a higher likelihood of relapse
(especially within the first three years after chemotherapy and surgery) and fatal distant
metastasis, and a shorter overall survival compared to ER- and HER2-positive
subtypes(Dent et al., 2007; Liedtke et al., 2023). This aggressiveness is particularly
prominent in patients with residual disease after neoadjuvant chemotherapy (NAC), a
standard treatment approach for early-stage TNBC patients(Cortazar et al., 2014). A
pathologic complete response (pCR) after NAC is associated with an exceptional cure rate,
and likely would not benefit from the addition of more systemic therapy. Conversely,
approximately two-thirds of TNBC patients have residual disease. This persistent disease
burden places patients at a markedly increased risk of relapse and inferior overall survival
(Liedtke et al., 2023). Therefore, the “post-neoadjuvant setting” is a rich environment for
exploration of therapies to improve outcomes for the high risk, and accurate identification

of them is paramount for guiding personalized treatment decisions and potentially
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improving outcomes through early interventions. Currently, post-NAC treatment risk
assessment in TNBC relies primarily on clinical and pathological factors assessed at
diagnosis or surgery, along with emerging tools like molecular subtyping(Akhouayri et al.,
2022) and analysis of tumor-infiltrating lymphocytes (TILs) (Aswolinskiy et al., 2023;
Leon-Ferre et al., 2024; Loi et al., 2019). Unfortunately, these tools often have limitations
in accurately identifying which patients with residual disease are most likely to experience
recurrence. This highlights a critical gap in TNBC management and underscores the urgent
need for more precise tools for post-treatment monitoring and risk assessment.

Liquid biopsies offer a promising avenue for revolutionizing disease monitoring
and recurrence prediction in cancer. The ability to non-invasively detect tumor
characteristics through blood samples presents exciting potential for overcoming
limitations of traditional risk assessment methods. Circulating tumor DNA (ctDNA), which
contains fragments of DNA released from dying tumor cells, and circulating tumor cells
(CTCs), which have detached from the primary or metastatic tumor, hold particular
promise (Crowley et al., 2013; Diaz & Bardelli, 2014). Highly sensitive next-generation
sequencing techniques have demonstrated their capability to detect low quantity of ctDNA
in various cancer types, including breast cancer (Crowley et al., 2013; Dawson, Rosenfeld,
& Caldas, 2013; Hamakawa et al., 2015; Schutz et al., 2015). Growing evidence suggests
that the presence of ctDNA and CTCs in the bloodstream reflect tumor dynamics and
potentially predicts disease recurrence. Notably, Chen et al. demonstrated that ctDNA in
TNBC patients after NAC and surgery indicates a higher risk of rapid relapse (Chen et al.,
2017). Similarly, Garcia-Murillas et al. observed a correlation between ctDNA detection

and rapid recurrence in early breast cancer (Garcia-Murillas et al., 2015). Olsson et al.
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showed that serial ctDNA sampling in patients with primary breast cancer reached an
average lead time of 11 months before the occurrence of metastatic disease(Olsson et al.,
2015). These findings were further strengthened by a later study by Garcia-Murillas et al.,
which demonstrated the utility of ctDNA in predicting recurrence and an inferior relapse-
free survival in breast cancer (Garcia-Murillas et al., 2019).

Circulating tumor cells (CTCs) offer another valuable analyte in liquid biopsies.
These cells, derived from primary or metastatic tumors, are shed into bloodstream (Racila
et al., 1998). CTCs are frequently detected in both early and late-stage breast cancers, and
their presence has been linked to metastatic potential and poorer patient prognosis in breast
cancer (Bidard et al., 2018; Bidard et al., 2014; Cristofanilli, 2006; Smerage et al., 2014).
While ctDNA generally exhibits higher detection sensitivity than CTCs in patients with
metastatic breast cancer (Dawson, Tsui, et al., 2013), there are scenarios where CTCs can
be isolated from the circulation in the absence of detectable levels of ctDNA. This primarily
occurs when the index mutations are not covered by the ctDNA assay or due to very low
concentrations/shedding of ctDNA. In a study of metastatic TNBC patients, Madic et al.
found that combining ctDNA and CTC detection increased overall sensitivity compared to
using either biomarker alone(Madic et al., 2015). Further, in 3 of 31 metastatic TNBC
patients profiled in the study, CTCs were detected in the absence of detectable ctDNA,
suggesting a population where CTCs adds sensitivity for disease detection above ctDNA.

This study aims to investigate the prognostic significance of ctDNA and CTCs in
predicting disease recurrence among TNBC patients following neoadjuvant chemotherapy
and surgery. We hypothesize that the presence of these circulating tumor-derived markers

will be indicative of a significantly higher risk of relapse and adverse clinical outcomes,
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independent of established prognostic factors. These findings have the potential to
transform post-neoadjuvant treatment monitoring in TNBC. By enabling the development
of more accurate risk-stratification models, these findings hold the promise of enhancing
patient care through the implementation of informed, personalized interventions.
Ultimately, this study aims to contribute to the optimization of treatment strategies and the
improvement of clinical outcomes for TNBC patients.

4.2 Method

4.2.1 Clinical trial and sample acquisition

This study utilized samples from the clinical trial BRE12-158 (NCT02101385). BRE12-
158 was a phase Il randomized controlled trial investigating genomically-directed therapy
for TNBC patients with significant residual disease following NAC. Patients were
considered ER and PR-negative if fewer than 10% of cells stained weakly positive. HER2
was considered negative if scored 0 or 1+ by immunohistochemistry (IHC) or 2+ by IHC
and associated with a fluorescence in situ hybridization (FISH) ratio of less than 2.0 or
fewer than 6 copies per cell. Conducted by the Hoosier Cancer Research Network
(HCRN) at 25 community and academic sites across the United States, the trial enrolled
191 TNBC patients who were treated with NAC and were found to have residual disease
at the time of surgery. The residual disease was sequenced using a panel-based Clinical
Laboratory Improvement Amendments (CLIA) NGS test (ParadigmDx). Sequencing
results of residual disease from the surgical specimen, along with the patient’s medical
and treatment history, were reviewed by a molecular tumor board at Indiana University.
Patients with actionable alterations were randomized to either genomically-directed

therapy (Arm A) or treatment of physician’s choice (Arm B). Patients without actionable
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targets were assigned to Arm B (Figure 4.1). The primary objective of the trial was to
compare 2-year DFS in randomly allocated patients in arm A versus arm B. Following
the trial protocol, all patients were registered on trial no less than 14 days (2 weeks) and
no later than 84 days (12 weeks) from completion of their last loco-regional therapy
(either surgery or radiation). Plasma samples were collected either prior to treatment on
Cycle 1 Dayl1 for Arm A, or at first routine visit for Arm B (Figure 4.1), and ctDNA was
isolated using the Qiagen circulating nucleic acids kit. All patients were consented for the
trial and correlative studies and the protocol approved by the Indiana University
Institutional Review Board (IRB) and the IRBs of all participating sites. Patient clinical
demographics, including self-reported race and ethnicity, treatment history, and tumor

characteristics were collected at enrollment.

Plasma collection

Arm A
) _ Genomically directed
CLIA panel w therapeutic
sequencing, 1
drug association, ._
genomic tumor board _5" Arm B

Patients with
significant
residual diseases

Neoadjuvant
Chemotherapy

Physician Choice
therapeutic

Figure 4.1 BRE12-158 Trial Schema.

A Phase Il Randomized Controlled Trial of Genomically Directed Therapy After Preoperative
Chemotherapy in Patients with Triple Negative Breast Cancer
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4.2.2 Sequencing and data processing

A minimum of 20 mL of peripheral whole blood was collected in K3 EDTA tubes
and 20-100 ng cell-free DNA (cfDNA) was extracted from plasma for subsequent analysis.
Samples underwent comprehensive genomic profiling using hybridization-captured,
adaptor ligation-based libraries. Tests cover either 62 (all coding exons of 27 genes, select
exons of 34 genes, FoundationACT®, n = 95) or 70 (all coding exons of 35 genes, select
exons of 35 genes, FoundationOne Liquid®, n = 105) cancer-related genes, plus selected
introns from 6 (FoundationACT™) or 7 (FoundationOne Liquid™) genes frequently
rearranged in cancer. Profiling examined base substitutions, small insertions or deletions,
focal copy number alterations (amplifications), and rearrangements as previously described
(Clark, Chung et al. 2018). Liquid biopsy testing was conducted in a Clinical Laboratory
Improvement Amendments—certified, College of American Pathologists—accredited
reference laboratory (Foundation Medicine, Cambridge, MA). ctDNA content was
estimated using maximum somatic allele frequency (MSAF), as described in Li et al. 2019
(Li et al., 2019). In brief, this method calculates the fraction of tumor-derived ctDNA
versus that of total cfDNA by leveraging the allele fraction of non-germline alterations, as
well as aneuploidy in the specimen’s copy number profile. To ensure consistency, only
genomic content shared by both FoundationACT™ and FoundationOne Liquid™ was
analyzed. Samples failing QC were excluded.
4.2.3 Detection of somatic mutations from ctDNA sequencing

ctDNA samples were sequenced for commonly mutated oncogenes. Mutations
detected in ctDNA were carefully filtered to ensure the highest likelihood of somatic in

nature. Patients were considered ctDNA-positive based on the following criteria: (1)

73



Detection of point mutation(s) or insertion/deletion(s) present at a variant allele
frequency(VAF) <40% or >60% (ultra-low allele frequency indels were excluded as these
were most likely false-positive findings); (2) Point mutations or indels with VAF between
40-60% were excluded if present in ClinVar or dbSNP databases as known germline
variants.; (3) Detection of copy number amplifications or deletions; or (4) Detection of a
genomic rearrangement event. All patients who harbored somatic mutations also had a
positive MSAF.
4.2.4 CTC isolation and enumeration

Blood samples for CTC analysis were collected in CellSave Preservative tubes
(Menarini Silicon Biosystems) and shipped at room temperature to Purdue University. One
10mL tube was collected per datapoint. Samples containing at least 4mL of blood were
processed within 3 days from collection using an established method (Chang et al., 2015).
Briefly, anti-EpCAM antibodies conjugated to magnetic beads were incubated with blood
for 1-2 hours. Subsequently, the blood is processed through a microfluidic device designed
for rare cell analysis. Nucleated cells (<1000) captured on the device were further stained
using anti-pan-cytokeratin-FITC, anti-CD45-PE, and DAPI as previously described(Chang
et al., 2015; Chang et al., 2014). Nucleated cells captured on the device staining positive
for FITC and DAPI and negative for CD45 were called CTCs. The output for each
datapoint was recorded as the absolute number of CTCs detected.
4.2.5 Statistical analysis

Survival time was measured from the date of randomization to the date of event of
interest (or death from any cause), or the date of censoring (loss to follow-up). Kaplan-

Meier curve was used to estimate the survival probabilities and to compare survival
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outcomes between patient subgroups. Multivariate Cox proportional-hazards regression
was used to assess the association between ctDNA/CTC status and survival while control
for potential confounding variables. Demographic or clinical variables considered in the
model included age, race, tumor size at surgery, residual cancer burden (RCB)
classifications (II or III), histological grade, pathologic tumor stage and pathological nodes
stage at surgery. A stepwise variable selection procedure based on the Akaike information
criterion (AIC) was employed within Cox proportional-hazards model to identify
significant covariates for the final regression analyses. Only covariates with a p-value <
0.05 were retained in the final model. Chi-square test was used to investigate the
association between categorical variables like CTC and ctDNA status. A significance level

of p-value < 0.05 was used throughout the study.

4.3 Results
4.3.1 Patient demographics and sample selection

196 patients were enrolled on the BRE12-158 clinical trial with 142 evaluable
patients for our pre-planned correlative analysis of ctDNA and 123 evaluable patients for
our correlative analysis of CTCs. 113 patients had both ctDNA and CTC data available.
Details of patient selection included in this study are outlined in the Consolidated Standards
for Reporting Trials (CONSORT) diagram (Figure 4.2). Patient characteristics, including:
demographics, neoadjuvant therapy, stage, grade, tumor size, lymph node involvement,

and Residual Cancer Burden (RCB) classification are detailed in Table 4.1.
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Eligible (n=196) |

\) 1 physician decision not to randomize
. X 2 screen failure
5 not randomized or assigned

1 patient declined randomization

1 unknown
Randomized OR Assigned to 4 patients withdrew
Treatment Arms (n=191) 2 patients died
2 randomization date missing
\.) 2 patients non-compliance
14 excluded from study 1 patient lost to follow-up

1 participated in another trial

1 metastaticdisease
4| Evaluable patients (n=177) |— 1 unknown

| Baseline plasma for GtDNA (n=143) | | Baseline blood sample for CTC (n=123) |

1 failed ctDNA testing

| Successful ctDNA test(n=142) | | Successful CTC test (n=123) |

Figure 4.2 CONSORT diagram.

CONSORT: Consolidated Standards of Reporting Trials
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Table 4.1. Clinical and pathological characteristics of patients analyzed for plasma
ctDNA in the BRE12-158 trial.

All patients ctDNA - and + CTC - and +
analyzed for  patients No. (%) patients No. (%)
Characteristics plasma (n=142) (n=123)
ctDNA, No.
(%) (n=196)
Negative Positive Negative Positive
Age group (in years) P=.07 P=.15
<45 71 (36) 18(35) 28(31)  20(27) 21(42)
46-60 87 (44) 28(54) 36(40)  37(51) 18(36)
61-75 36 (18) 6(12) 25(28)  16(22) 10(20)
> 76 2 (1) 0(0) 1(1) 0(0) 1(2)
Race P=19 P=36
White 141 (72) 39(75) 75(83)  55(75) 41(82)
Black 50 (26) 12(23) 13(14)  17(23) 7(14)
Asian 3(2) 0(0) 2(2) 1(1) 1(2)
Unknown 2 (1) 1(2) 0(0) 0(0) 1(2)
Ethnicity P=72 P=.67
Hispanic or Latino 17 (9) 5(10) 9(10) 9(12) 5(10)
Non-Hispanic or Latino = 175 (89) 45(87) 80(89)  63(86) 43(86)
Unknown 4(2) 2(4) 1(1) 1(1) 2(4)
Arms P=.63 P=.09
Arm A 70 (36) 20(38) 37(41)  28(38) 21(42)
Arm B (Randomized) 73 (37) 22(42) 3134) 34(47) 15(30)
Arm B (Assigned) 48 (24) 10(19) 22(24)  10(14) 14(28)
Not Randomized or 503) 0(0) 0(0)
Assigned 1(1) 0(0)
Pathologic T Stage at P=.66 P=27
Surgery
TX 11 (6) 2(4) 6(7) 6(8) 1(2)
T1 75 (38) 22(42) 35(39) 33(45) 17(34)
T2 79 (40) 20(38) 35(39)  26(36) 22(44)
T3 21 (11) 7(13) 8(9) 6(8) 8(16)
T4 10 (5) 1(2) 6(7) 2(3) 2(4)
Pathologic N Stage at P=21 P=.29
Surgery
NX 32 0(0) 1(1) 1(1) 0(0)
NO 104 (53) 34(65) 43(48)  43(59) 27(54)
N1 50 (26) 10(19) 29(32)  20(27) 16(32)
N2 21 (11) 5(10) 7(8) 2(3) 5(10)
N3 18 (9) 3(6) 10(11)  7(10) 2(4)
Pathologic M Stage at P=.04 P=.70
Surgery
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MX
MO
M1
Anatomic Stage
I
1I
111
Unknown
Histologic Grade
Grade 1
Grade 2
Grade 3
Unknown
Lymph Node
Involvement
Yes
No
Unknown
Tumor Size at Surgery
<2cm
2~5cm
>5cm
Unknown
RCB Classification
1I
111
Unknown

63 (32)
132 (67)
1(1)

45 (23)
100 (51)
50 (26)
1(1)

1(1)
22 (11)
168 (86)
5(3)

90 (46)
104 (53)
2 (1)

88 (45)
80 (41)
27 (14)
1(1)

86 (44)
37 (19)
73 (37)
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1223)  37(41)
40(77)  53(59)
0(0) 0(0)
P=35
1631)  19(21)
26(50)  46(51)
1019)  25(28)
0(0) 0(0)
P=11
0(0) 1(1)
7(13) 12(13)
45(87)  74(82)
0(0) 3(3)
P=12
1937)  46(51)
33(63)  44(49)
0(0) 0(0)
P-.84
23(44)  43(48)
21(40)  36(40)
8(15) 11(12)
0(0) 0(0)
P=.52
21(40)  43(48)
9(17) 18(20)
22(42)  29(32)

22(30)  17(34)
51(70)  33(66)
0(0) 0(0)
P-.88
2129)  12(24)
39(53)  28(56)
13(18)  10(20)
0(0) 0(0)
P=0.52
1(1) 0(0)
10(14)  8(16)
59(81)  42(84)
3(4) 0(0)
P=.58
29(40)  23(46)
44(60)  27(54)
0(0) 0(0)
P=.40
37(51)  20(40)
25(34)  23(46)
11(15)  7(14)
0(0) 0(0)
P=.68
39(53)  23(46)
10(14)  9(18)
24(33)  18(36)



4.3.2 Association of ctDNA With Survival Outcomes

ctDNA positivity was consistent across both treatment arms, detected in 65% of
patients (37 of 57) in arm A and 62% of patients (53 of 85) in arm B. The median follow-
up time was 17.2 months (range, 0.1-58.3 months). Detection of ctDNA was significantly
associated with survival outcomes in the study cohort. ctDNA-positive patients exhibited
short DDFS compared to ctDNA-negative patients (hazard ratio [HR] 2.99; 95% CI 1.38-
6.48; p=0.006) (Figure 4.34). At 24 months, the DDFS probability was 56% for ctDNA-
positive patients compared with 81% for ctDNA-negative patients. Similarly, detection of
ctDNA was significantly associated with an inferior DFS (HR 2.67; 95% CI 1.28-5.57;
p=0.009) (Figure 4.3B). At 24 months, the DFS probability was 50% for ctDNA-positive
patients compared with 76% for ctDNA-negative patients. Last, detection of ctDNA was
significantly associated with an inferior OS (HR 4.16; 95% CI 1.66-10.42; p=0.002)
(Figure 4.3C). At 24 months, the OS probability was 57% for ctDNA-positive patients

compared with 80% for ctDNA-negative patients.

79



A =k CiDMNA negative
= ciDNA positive

=

o

(=]
T

-~
w
ri

DDFS Probability
on
(=]

|

04

0 6 12 18 24 30 36 42 48 54 60
. Time(month
Number at risk ( )

<tDNA negative 52 47 35 24 12 T 4 3 1 1 0
tve 90 66 43 23 12 M 7 3 2 1 0

B 1001

-y
o
s

w0
o
r

DFS Prabability (%)

N
Ll
t

04

0 6 12 18 24 30 36 42 48 54 60
Number at risk Time(month)
ctDNAnegative 52 47 34 22 11 6 4 3 1 1 0
DNApositive 90 66 42 22 11 10 6

w
ha
=
o

== ciDMA negative
b CIDMA positive

OS probability (%)
(=]
=

bt
ha
@

0.00

0 -] 12 18 24 30 B 42 48 54 60

Number at risk Time(month)
clDNA negative 52 49 38 27 13 7

4 3 1 1
stive 80 79 83 25 12 11 7 3 2 2

Figure 4.3. Association of the presence of ctDNA with survival outcomes.

(A) Distant disease-free survival (DDFS); median DDFS:32.5 months vs. Not Reached; HR=2.99,
95%CI:1.38-6.48; p=0.0055. At 24 months, the DDFS probability was 56% in ctDNA-positive
patients as compared to 81% in ctDNA-negative patients. (B) Disease-free survival (DFS); median
DFS:22.8 months vs. Not Reached; HR=2.67, 95%CI:1.28-5.57; p=0.0089). At 24 months, the
DFS probability was 50% in ctDNA-positive patients as compared to 76% in ctDNA-negative
patients. (C) Overall survival (OS); median OS: Not Reached vs. Not Reached; HR=4.16,
95%Cl:1.66-10.42; p=0.0024. At 24 months, the OS probability was 57% in ctDNA-positive
patients as compared to 80% in ctDNA-negative patients.
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4.3.3 Association of the Combination of CTCs and ctDNA With Clinical Outcomes
Circulating tumor cell positivity was detected in 43% of patients (21 of 49) in arm
A and 39% of patients (29 of 74) in arm B. Although patients who were CTC positive had
inferior survival outcomes, the differences did not reach statistical significance (Figure
4.4). However, increasing CTC count was significantly associated with inferior DDFS
(HR, 1.07; 95% CI, 1.01-1.13; p=0.02), DFS (HR, 1.11; 95% CI, 1.03-1.19; p =0.004),
and OS (HR, 1.09; 95% CI, 1.02-1.17; p=0.01). This highlights the importance of CTC
quantity as a potential predictor of disease burden and patient outcomes, and circulating
tumor cells may provide additional information about the presence of minimal residual
disease (MRD). Notably, in 112 patients with both ctDNA and CTC data, we did not find
a significant association between CTC positivity (defined as >1 CTC detected) and ctDNA
positivity (p =0.19). Importantly, some patients had detectable ctDNA without detectable
CTCs and vice-versa. By combining c¢tDNA and CTC analysis, the sensitivity for
recurrence detection increased from 79% (23 of 29) with ctDNA alone and 62% (18 of 29)

with CTC alone to 90% (26 of 29).
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Figure 4.4. Association of the presence of CTCs with survival outcomes.

(A) distant disease-free survival (DDFS); HR=1.97, p=0.077; (B) disease free survival (DFS);
HR=1.58, p=0.20; and (C) overall survival (OS); HR=2.18, p=0.10.

82



To gain further insights, we stratified patients based on their ctDNA and CTC status
into four groups: (1) ctDNA positive / CTC positive, (2) ctDNA positive / CTC negative,
(3) ctDNA negative / CTC positive, and (4) ctDNA negative / CTC negative. The DDFS
curves demonstrated a stepwise gradation in which patients positive for both ctDNA and
CTCs had inferior DDFS compared with those positive for either marker alone, and
patients negative for both markers had the best outcomes (Figure 4.54). Importantly,
patients who were ctDNA positive / CTC positive exhibited significantly inferior DDFS
compared to ctDNA-negative / CTC-negative (HR 5.29; 95% CI 1.50-18.62; p =0.009).
At 24 months, the DDFS probability was 52% for ctDNA-positive / CTC-positive patients
compared to 89% in the ctDNA-negative / CTC-negative group. Similar trends were
observed in DFS (HR 3.15; 95% CI 1.07-9.27; p=0.04) (Figure 4.5B) and OS (HR 8.60;
95% CI 1.78-41.47; p=0.007) (Figure 4.5C) among patients who were ctDNA positive /
CTC positive compared with those who were ctDNA negative / CTC negative.
Interestingly, patients who were ctDNA-positive/CTC-negative or ctDNA-negative/CTC-
positive had comparable risks of recurrence, suggesting similar prognostic value for either

biomarker detected individually.
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Figure 4.5. Association of presence of ctDNA and CTCs with survival outcomes.

(A) distant disease-free survival (DDFS); (B) disease-free survival (DFS); and (C) overall survival
(0S).
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4.4 Discussion

The detection of ctDNA in cancer patients has gained significant attention since its
discovery by Leon et al. in 1977 (Leon et al., 1977). Recent advancements in next-
generation sequencing have propelled ctDNA-based analysis. While ctDNA analysis has
shown value in tracking metastatic breast cancer progression (Dawson, Tsui, et al., 2013),
its use in detecting MRD remains an emerging area (Chen et al., 2017; Garcia-Murillas et
al., 2015). This study adds substantially to the growing body of evidence by revealing the
prognostic significance of ctDNA for detecting MRD in high-risk TNBC patients after
NAC. This represents one of the largest datasets to date within the context of a pre-planned
secondary analysis of a prospective randomized clinical trial.

The results indicate that TNBC patients with residual disease following NAC can
be further risk-stratified based on the presence of MRD as determined by ctDNA. Patients
without detectable ctDNA exhibited a significant improvement in DFS, DDFS, and OS,
with striking effect size that remains highly significant even after accounting for multiple
clinical variables. While DFS was the primary endpoint of the parent trial, DDFS is more
biologically relevant as a surrogate for OS. Importantly, the ability to assess ctDNA at a
single time point after surgery is highly clinically relevant, as it coincides with crucial post-
neoadjuvant therapy decisions.

While ctDNA alone proved to be a robust prognostic marker, we also investigated
the potential added value of CTC detection. Though sensitivity was not markedly improved
by the combined analysis, the absence of both ctDNA and CTCs was associated with

superior relapse-free survival. This suggests that a subset of patients with clinically
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quiescent MRD might be missed by current ctDNA assays, emphasizing an area for future
assay refinement.

Certain limitations of this work must be acknowledged. Potential interactions with different
post-neoadjuvant therapies, while balanced across the study arms, should be considered in
future investigations. Another limitation is the lack of a comprehensive mutation panel,
which might have led to missed ctDNA positivity detection. The relatively short duration
of follow-up is also a concern, although the early relapse pattern in this population
minimizes this issue. Despite these early findings, we expect to see even further separation
with additional follow-up. While relapses in the ctDNA positive population will only
increase with time, it will be important to determine whether those patients in the ctDNA
negative arm continue to remain disease free.

The urgent need for improvements in TNBC outcomes in post-neoadjuvant setting is a
crucial area for clinical trials, especially for subgroup of patients with residual tumor after
standard pre-operative therapy. Our findings support using MRD status as a major
stratification variable in this setting. Additionally, the ability to sequence ctDNA broadly
opens the door to identifying not only ultra-high-risk patients but also actionable drug
targets. This concept will form the basis of our successor trial to BRE12-158, where
ctDNA-positive patients will receive targeted therapy tailored to their plasma NGS results.
Of equal importance, the ctDNA-negative/CTC-negative subgroup may represent patients
who would not benefit from additional therapy, making this an ideal population for novel
de-escalation strategies. While we advise against routine clinical use of ctDNA for relapse
monitoring or treatment decisions outside of clinical trials, our findings, combined with the

existing literature, underscore its potential for transforming risk stratification in TNBC
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trials. The future of precision oncology undoubtedly lies with tools like ctDNA and their

promise to revolutionize how we manage this aggressive breast cancer subtype.
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