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Department of Statistics

To appropriately defend against a wide array of pathogens, jawed vertebrates somati-
cally generate highly diverse repertoires of B cell and T cell receptors through a random
process called V(D)J recombination. Receptor diversity arises during recombination from
the combinatorial assembly of V(D)J genes and the junctional deletion and insertion of
nucleotides. While molecular experiments have established our understanding of V(D)J re-
combination in wvitro, the processes underlying receptor generation in wvivo, particularly in
humans with intact recombination machinery, remain poorly characterized. This disserta-
tion uses statistical inference on large immune receptor repertoire sequencing datasets to
investigate the molecular mechanisms of V(D)J recombination in humans, with a focus on
individual variability, nucleotide trimming, and the role of sequence microhomology. First,
I identify genetic loci associated with modifying V(D)J recombination probabilities using
genome-wide association inference and reveal individual differences in receptor generation.
Next, I develop a probabilistic model of nucleotide trimming to infer how sequence-level fea-
tures influence this process. Finally, I demonstrate that germline-encoded microhomology
biases both trimming and ligation outcomes, providing mechanistic insights into its role in
recombination. Together, these findings advance our understanding of how immune receptor
diversity is generated and establish a foundation for future research on individual variability

in immune responses.
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Chapter 1

INTRODUCTION

Adaptive immunity relies on highly variable receptors on B and T cells to recognize and
respond to specific pathogen-derived antigens. The diversity of these receptors is primarily
generated through V(D)J recombination—a multi-step, stochastic process that assembles
unique receptor sequences by joining V-, D-, and J-gene segments and modifying their junc-
tions through nucleotide trimming and insertion.

This dissertation presents quantitative research aimed at inferring the mechanisms of
V(D)J recombination and exploring how these processes vary across individuals. In Chap-
ter 2, I investigate the influence of genetic background on V(D)J recombination probabilities
using genome-wide association inference. Chapter 3 explores sequence-level factors that in-
fluence nucleotide trimming during V(D)J recombination using model-based statistical infer-
ence to provide new insights into the trimming mechanism. In Chapter 4, I examine the role
of germline-encoded microhomology——short stretches of sequence homology——in biasing
V(D)J recombination outcomes by developing the first probabilistic model that incorporates
microhomology. Before presenting these studies, the following sections will summarize the

relevant biological context.



1.1 Previous publication and co-authorship of dissertation content

This dissertation incorporates text and materials from the following previously published

manuscripts [1-3], with contributions from all authors:

e Magdalena L Russell, Aisha Souquette, David M Levine, Stefan A Schattgen, E Kait-
lynn Allen, Guillermina Kuan, Noah Simon, Angel Balmaseda, Aubree Gordon, Paul G
Thomas, Frederick A Matsen, 4th, and Philip Bradley. Combining genotypes and T

cell receptor distributions to infer genetic loci determining V(D)J recombination prob-
abilities. Flife, 11, March 2022

e Magdalena L Russell, Noah Simon, Philip Bradley, and Frederick A Matsen, 4th. Sta-
tistical inference reveals the role of length, GC content, and local sequence in V(D)J
nucleotide trimming. FElife, 12, May 2023

e Magdalena L Russell, Assya Trofimov, Philip Bradley, and Frederick A Matsen, 4th.
Statistical analysis of repertoire data demonstrates the influence of microhomology in
V(D)J recombination. bioRziv, October 2024

1.2 The adaptive immune system

The adaptive immune system is defined by its ability to generate highly specific responses
to a wide variety of pathogens. This specificity is driven by the vast diversity of antigen
receptors expressed on its main cell types, T cells and B cells.

These cell types have distinct but complementary roles in the adaptive immune re-
sponse. T cell receptors (TCRs) recognize pathogen-derived antigens presented by major
histocompatibility complex (MHC) molecules on the surface of most cell types, allowing their
corresponding T cells to detect the antigen-presenting cell. Once activated by MHC-antigen
binding, naive T cells can differentiate into cytotoxic T cells, which directly kill infected cells,
or helper T cells, which coordinate the immune response by activating other immune cells,

including B cells. In contrast, B cell receptors (BCRs) can directly bind to pathogen-derived



antigens. Once activated, the corresponding B cells can secrete antibodies, the soluble form
of their BCRs, which directly bind to and neutralize pathogens in extracellular spaces.

A large diversity of BCRs and TCRs is essential for recognizing a broad spectrum of
potential pathogens. The processes by which these receptors are generated and selected will

be summarized in the following section.

1.2.1 Overview of B and T cell receptor generation and selection

Both BCRs and TCRs are membrane-bound proteins that interact with antigens and share
structural similarities. Both receptor types are built from protein chains forming immunoglob-
ulin folds——polypeptide structures consisting of -sheets linked by disulfide bonds. BCRs
are composed of two identical heavy chains (encoded by genes within the /GH locus) and two
identical light chains (encoded by genes within the IGL or IGK loci). Together, these chains
form two antigen-binding regions located at the tips of the receptor. In contrast, TCRs are
heterodimers made up of two distinct protein chains: the T cell receptor a (TCRa) and
(TCRp) chains, which are encoded by genes from the TRA and TRB germline loci, respec-
tively. A minority of T cells express an alternative receptor, also a heterodimer, consisting
of v and ¢ protein chains encoded by genes from the TRG and TRD loci. TCRs, unlike
BCRs, have a single antigen-binding region.

The sequences encoding each receptor protein chain are generated through the V(D)J
recombination process (discussed in detail in later sections). V(D)J recombination randomly
selects V, D, and J gene segments from a large pool of germline-encoded genes, introduces
nucleotide deletions and insertions at their junctions, and joins the segments together (Fig-
ure 1.1A). This mechanism can produce a vast diversity of receptor sequences.

Antigen specificity is determined by the complementarity-determining regions (CDRs)
encoded within these recombined receptor sequences. The CDR1 and CDR2 regions are

directly encoded by the V-gene segment, while the CDR3 region is assembled from parts of



the V-gene and the entirety of the D-gene (if present) and J-gene. The CDR3 region plays a
particularly important role in antigen binding because it forms a flexible loop that extends to
interact directly with the antigen. The junctional diversity introduced during recombination
makes the CDR3 region the most variable among the CDRs, further enhancing its ability to
mediate highly specific antigen interactions.

After V(D)J recombination generates TCRs and BCRs, B and T cells undergo a selection
process in the bone marrow (for B cells) and thymus (for T cells). During selection, receptors
are tested for proper expression and tolerance to self-antigens (Figure 1.1B). Because TCRs
must recognize antigens presented by MHC molecules, they are also selected for their ability
to recognize MHC. Cells that pass selection can then enter circulation, where they await
exposure to their target antigens (Figure 1.1C). The collection of TCRs and BCRs formed
through these processes constitutes the adaptive immune repertoire, which can be visualized

analogously to a water pipeline, as illustrated in Figure 1.1D.

1.3 Sequencing-based approaches to studying adaptive immunity

Studying adaptive immunity is challenging due to the immense diversity, size, and dynamic
nature of immune repertoires. High-throughput immune repertoire sequencing has emerged
as a powerful approach for tackling these challenges by enabling the parallel sequencing of
millions of receptor sequences [4-7]. These methods focus on capturing the complementarity-
determining region 3 (CDR3) of BCRs and TCRs, the most variable antigen binding region.

Many software tools have been developed to infer the stepwise histories of V(D)J re-
combination events (i.e. gene choice, trimming, insertion, etc.) that produced each receptor
sequence in these data [8-12]. These tools have enabled statistical analyses of receptor se-
quence distributions, which have provided valuable insights into global immune response

dynamics [13, 14|, as well as the mechanisms underlying TCR/BCR generation |11, 15] and
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Figure 1.1: Schematic illustrating the processes of TCR generation, selection, and antigen exposure in forming
a TCR repertoire. (A) TCRs (and BCRs) are generated through V(D)J recombination, where V-, D-, and J-genes
are randomly selected from a large pool of germline-encoded genes, edited by nucleotide deletion and insertion
at the junctions, and joined together. The CDRS3 region is encoded by these junctions. This process can generate
a vast diversity of receptor sequences. (B) Each TCR then undergoes selection for proper expression, MHC
recognition, and self-tolerance; cells failing this selection process are removed. (C) Remaining cells circulate
as part of the TCR repertoire, where they can encounter antigens from pathogen exposure, leading to rapid
proliferation of the responding cells to mount an immune response. (D) The processes involved in TCR repertoire
formation resemble a water pipeline: TCR generation acts as the water source, selection serves as a filter, and

antigen exposure expands the pipeline through cell proliferation.
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selection [16-18].

1.3.1 Productive and non-productive receptor sequences

TCR and BCR sequences can be classified into those that code for a complete, functional
receptor (referred to as “productive” rearrangements) and those that do not (referred to as
“non-productive” rearrangements). Non-productive sequences arise when the V(D)J recom-
bination process produces a sequence that is either out-of-frame or contains a premature stop
codon. Each developing T cell and B cell has two loci that can undergo the V(D)J recombi-
nation process. If the initial recombination attempt generates a non-productive sequence, a
second recombination attempt can occur on the other chromosome, potentially producing a
productive receptor. Non-productive rearrangements, though not expressed or functionally
contributing to immune responses, can still persist in cells expressing a functional receptor
and be sequenced as part of the repertoire.

Because non-productive sequences are not subject to functional selection, their recom-
bination statistics offer a unique opportunity for studying the baseline V(D)J recombination
process in the absence of selection pressures [11, 15, 19, 20]. In contrast, the recombina-
tion statistics of productive sequences reflect both the initial recombination process and

subsequent selection-related effects.

1.8.2  Probabilistic modeling of immune repertoires

Probabilistic modeling has become an valuable tool for studying immune repertoires using
high-throughput sequencing data, particularly for quantifying the generative and selective
processes that shape repertoire composition. Models like IGoR [15] have advanced our
understanding of V(D)J recombination by leveraging non-productive receptor sequences to

learn statistical dependencies between recombination events——such as gene usage, nucleotide



trimming, and insertion—and quantify the probabilities of generating specific receptors. Ex-
tensions such as SONIA [17] and soNNia [18] build on IGoR by modeling selection pressures
acting on productive sequences, thereby disentangling the probabilities of generating and
selecting specific receptors.

More broadly, while studies in model organisms and in vitro systems have established
a foundational understanding of receptor generation and selection, probabilistic modeling
methods like these provide a robust framework for investigating these processes in vivo
within a human context. In the next section, I will summarize our current understanding of
the stepwise V(D)J recombination process, identify key knowledge gaps, and outline how I

leverage modeling methods to address these gaps in this dissertation.

1.4 V(D)J recombination mechanism

As previously discussed, V(D)J recombination is a stochastic process that rearranges V, D,
and J gene segments to generate unique receptor sequences that encode each protein chain
of BCRs and TCRs. For TCR beta chains (encoded by the TRB locus) and BCR heavy
chains (encoded by the IGH locus), recombination occurs in two stages: first, the D and
J genes join, followed by the joining of a V gene to the D-J pair. In contrast, TCR alpha
chains (encoded by the TRA locus) and BCR light chains (encoded by the IGK or IGL loci)
undergo a single-stage process, joining a V gene directly to a J gene.

The step-by-step V(D)J recombination process is outlined below and summarized in

Figure 1.2:

1. Gene segment choice: Gene segments are randomly chosen from a large pool of
germline-encoded segments corresponding to each chain and gene type (e.g., TRA V-

genes, TRA J-genes, TRB V-genes).

2. Hairpin formation and opening: The RAG complex removes the intervening chro-
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Figure 1.2: Schematic illustrating the steps of V(D)J recombination to join a TRA locus V-gene (green) with
a J-gene (purple). First, the RAG complex randomly selects a specific V and J gene, removing the intervening
chromosomal DNA and creating hairpin loops at the gene ends. Next, the Artemis:DNA-PKcs complex opens
these hairpins, generating overhangs at each gene end. Nucleotides may then be trimmed from the gene ends
(shown in gray; possibly by the Artemis protein) or inserted in a non-template-encoded manner (shown in blue)
by the TdT protein. Remaining gaps between gene pairs are filled in by polymerases, and the genes are ligated

to complete the joining process. Enzymes involved at each step are indicated in dark gray boxes.



mosomal DNA between the two gene segments and forms hairpin loops at the ends
of each segment [21-23]. The Artemis-DNA-PKcs complex then asymmetrically nicks
these hairpins, creating single-stranded overhangs that may include short palindromic

sequences known as P-nucleotides, depending on the location of the nick [24-32].

3. Nucleotide trimming and insertion: Nucleotides can be trimmed from the end
of each gene segment, possibly by the Artemis nuclease |25, 27, 30, 32-34], and non-
templated nucleotides (N-insertions) can be added by terminal deoxynucleotidyl trans-

ferase (TdT) [35-37].

4. Ligation: Remaining gaps between the modified gene pairs are filled in by poly-
merases, and the genes are ligated together to complete the joining process. For TCRS3
and BCR heavy chains, an additional joining step occurs to link the V segment with
the D-J junction. For TCRa and BCR light chains, where only V and J segments are

involved, recombination is complete after this single ligation step.

If recombination results in a productive sequence, the receptor is expressed on the cell
surface and undergoes selection. In the following sections, I will describe several gaps in
our understanding of the V(D)J recombination process and outline how this dissertation

addresses them.

1.4.1 Genetic factors biasing V(D)J recombination

Immune repertoires are shaped by a complex interaction of genetically determined biases
and immune exposures. Quantifying how genetic factors influence repertoire diversity is
essential for understanding individual immune responses. However, the extent to which
genetic background biases the V(D)J recombination process has yet to be fully explored.
Previous studies investigating the genetic and environmental determinants of TCR

repertoire diversity and the V(D)J recombination process have been highly impactful de-
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spite lacking high-throughput TCR repertoire sequencing data 38, 39] and /or high-resolution
genotyping data [40, 41]. For instance, variation in the major histocompatibility complex
(MHC) locus has been shown to bias TCR V(D)J gene usage [38, 39]. Additionally, bi-
ases in V(D)J gene usage, N-insertion lengths, and repertoire similarity in response to acute
infection have been observed in monozygotic twins [40, 41].

Despite these findings, the lack of a comprehensive paired dataset has hindered genome-
wide mapping of genetic influences on V(D)J recombination probabilities. In Chapter 2, I
address this gap by quantifying the relationship between genetic background and V(D)J
recombination probabilities, leveraging paired TCR immunosequencing and genotyping data
from a large human cohort. This analysis reveals clear individual differences in receptor
generation and provides new insights into the genetic determinants of immune repertoire

diversity.

1.4.2 Nucleotide trimming mechanism

Nucleotide trimming is an essential diversity-generating step in V(D)J recombination. While
the Artemis protein is often considered the main nuclease involved in V(D)J recombination,
the precise mechanism by which it trims nucleotides remains uncertain.

Studies in model organisms and in vitro systems have shown that small variations in
gene sequence can lead to large changes in the extent of nucleotide deletion [25-27, 30]. While
these findings have provided valuable insights, the in vivo nucleotide trimming mechanism
in humans is less understood. Statistical inference on high-throughput repertoire sequencing
data now enables direct investigation of trimming processes within human systems.

To date, only one statistical analysis has linked sequence identity to trimming lengths [15].
This study demonstrated that a simple position-weight-matrix model could accurately pre-
dict trimming length distributions across various V-genes. However, the model’s assumption

that trimming is driven solely by sequence motifs limits its ability to explore alternative
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mechanisms.

In Chapter 3, I investigate how sequence-level features influence nucleotide trimming
probabilities using model-based statistical inference on high-throughput repertoire sequenc-
ing data. This approach provides new quantitative insights into how the Artemis nuclease

may function to trim nucleotides during V(D)J recombination.

1.4.3  Microhomology in V(D)J recombination

In vitro studies have demonstrated that microhomology——short stretches of sequence homol-
ogy between gene ends——can bias the V(D)J recombination process [26, 42-46|. However,
the extent of microhomology’s influence in vivo, particularly in humans, remains unclear.
This gap in understanding holds both intrinsic scientific interest and practical implications:
if microhomology biases recombination, it could influence the inference of V(D)J recombina-
tion annotations (i.e. the stepwise histories of events like gene choice, trimming, insertion,
and ligation), potentially affecting the biological interpretation of immune receptor sequences
used in downstream analyses.

As discussed earlier, existing probabilistic models of V(D)J recombination, such as
IGoR [11, 15|, have provided valuable insights into the mechanism of recombination. How-
ever, to our knowledge, no probabilistic models of V(D)J recombination incorporating mi-
crohomology have been developed.

In Chapter 4, I introduce the first probabilistic model of V(D)J recombination that
incorporates microhomology to investigate how germline-encoded microhomology influences
recombination outcomes in humans. This work deepens our understanding of microhomol-
ogy’s role in human V(D)J recombination and highlights the importance of accounting for

microhomology-related effects during immune receptor sequence analysis and interpretation.
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Chapter 2

COMBINING GENOTYPES AND T CELL
RECEPTOR DISTRIBUTIONS TO INFER GENETIC
LOCI DETERMINING V(D)J RECOMBINATION
PROBABILITIES

Receptor proteins on the surfaces of T cells are an essential component of the cell-mediated
adaptive immune response in humans. Cells throughout the body regularly present protein
fragments, known as antigens, on cell-surface molecules called major histocompatibility com-
plex (MHC). Each T cell expresses a randomly-generated T cell receptor (TCR) which can
bind the MHC-bound peptide and, if necessary, initiate an immune response. As part of this
immune response, a T cell will proliferate and subsequent clones of that T cell will inherit
the same antigen-specific TCR. Over time, the collection of all TCRs in an individual (the
TCR repertoire) will dynamically summarize their previous immune exposures [6].

To appropriately defend against a wide array of foreign pathogens, each individual
has a highly diverse TCR repertoire. To generate diverse and functional TCRs, T cells
combine a random generation process called V(D)J recombination with a selection process
for proper expression and MHC recognition. Each TCR is composed of an a and a f3
protein chain which are both generated through V(D)J recombination. In the [ chain,
the recombination process proceeds by randomly choosing from a pool of V-gene, D-gene,

and J-gene segments of the germline T cell receptor beta (TRB) locus over a series of
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steps. First, the intervening chromosomal DNA between a randomly chosen D- and J-gene
is removed to form a hairpin loop at the end of each gene [21-23]. Next, these hairpin loops
are nicked open, often asymmetrically, by the Artemis-DNA-PKcs protein complex to create
overhangs at the ends of each gene [24, 28, 29, 31, 32]. Depending on the location of the nick,
the single-stranded overhang can contain short inverted repeats of gene terminal sequence
known as P-nucleotides [25-27, 30]. From here, nucleotides may be deleted from the gene ends
through an incompletely-understood mechanism suggested to involve Artemis |25, 27, 30, 32—
34]. This nucleotide trimming can remove traces of P-nucleotides [26, 47|. Next, non-
templated nucleotides, known as N-insertions, can be added between the gene segments
by the enzyme terminal deoxynucleotidyl transferase (TdT) [35-37]. Once the nucleotide
addition and deletion steps are completed, the gene segments are ligated together. The
process is then repeated between this D-J junction and a random V-gene segment to generate
a complete TCRS protein chain. After the § chain has been generated, a similar « chain
recombination proceeds, although without a D-gene, to complete the TCR. Following the
generation process, each completed TCR undergoes a selection process in the thymus to
limit autoreactivity and ensure its ability to correctly bind peptide antigens presented on a
specific MHC molecule [48, 49].

TCR repertoires vary between individuals and are a complicated tangle of genetically
determined biases and immune exposures. Disentangling these factors is essential for under-
standing how our diverse repertoires support a powerful immune response. Previous efforts
to unravel the genetic and environmental determinants governing TCR repertoire diver-
sity have been highly impactful despite lacking high-throughput TCR repertoire sequencing
data [38, 39| and/or high-resolution genotype data [39, 40, 50, 51]. For example, it has
been shown that variation in the MHC locus biases TCR V(D)J gene usage [38, 39] and
has been associated with clusters of shared receptors in response to Epstein-Barr virus epi-

tope [52]. Other studies have reported biases in V(D)J gene usage [40, 41, 53-56], N-insertion

13



lengths [40], and repertoire similarity in response to acute infection |41, 54| for monozygotic
twins. While this work clearly illustrates that genetic similarity implies TCR repertoire
similarity, the extent to which specific variations are associated with V(D)J recombination
probabilities has not been fully explored.

In this chapter, I directly address the question of how an individual’s genetic background
influences their V(D)J recombination probabilities using large human discovery and valida-
tion cohorts for which both TCR immunosequencing data [50, 52| and genotyping data [57]
are available. With the goal of identifying statistically significant associations between sin-
gle nucleotide polymorphisms (SNPs) and TCR repertoire features of interest using these
novel, paired datasets, we treat analysis as a genome-wide association (GWAS) inference
with many outcomes. Our results suggest that MHC and TRB loci variations have an im-
portant role in determining the V(D)J gene usage profiles of each individual’s repertoire. At
the junctions, we demonstrate that variations in the genes encoding the Artemis protein and
the TdT protein are associated with biasing V- and J-gene nucleotide deletion and V-D and

D-J-junction N-insertion, respectively.

2.1 Results

2.1.1 Discovery cohort data description

We worked with paired SNP array and TCRS-immunosequencing data representing 398 indi-
viduals and over 35 million SNPs and/or indels (Table 2.1). TCR sequences can be separated
into those that code for a complete, full-length peptide sequence (which we will call “pro-
ductive” rearrangements) and “non-productive” rearrangements that do not. Non-productive
sequences can arise during TCR generation steps if the V- and J-genes are shifted into dif-
ferent reading frames or a premature stop codon is introduced in the junction region. A

non-productive rearrangement can be sequenced as part of the repertoire when a recombina-
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Table 2.1: Discovery cohort demographics.

Count
Sex Female 179
Male 197
Unknown 22
Age (in years) < 10 12
11-20 11
21-30 48
31-40 70
41-50 103
51-60 70
> 60 22
Unknown 62
Ancestry-informative PCA cluster “African™associated 8
(see Methods) “Asian”-associated 23
“Caucasian”-associated 322
“Hispanic™associated 30

“Middle Eastern™associated 5
“Native American’-associated 10

CMYV serostatus Positive 171
Negative 204
Unknown 23

Total 398

tion event on one of a T cell’s two chromosomes fails to create a functional receptor, followed
by a successful recombination event on the other chromosome. Because these non-productive
sequences do not generate proteins that participate in the T cell selection process within the
thymus, they should not be subject to functional selection [15, 19]. As such, their recombina-
tion statistics should reflect only the V(D)J recombination generation process which occurs
before the stage of thymic selection.

In the data cohort of 398 individuals, an average of 235,054 unique TCR/3-chain nu-
cleotide sequences were sequenced per individual. Within each individual repertoire, roughly
18% of sequences were classified as “non-productive.” Thus, we can analyze the productive
and non-productive sequences separately to distinguish between TCR generation and selec-

tion effects within each TCR repertoire. Specifically, we inferred the associations between
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Table 2.2: We inferred the associations between genome-wide variation and many different TCR repertoire
features for productive and non-productive TCR sequences, separately. For each TCR repertoire feature, we
considered the significance of associations using a Bonferroni-corrected threshold established to correct for each
TCR feature subtype, the two TCR productivity types, and the total number of SNPs tested (described in detail in
Methods).

Repertoire Model type Feature subtype Sequence Significant
feature type association
(significance
threshold)
V(D)J gene | simple Each of 60 V-genes Prod. Yes, for 36 V-genes
usage Non-prod.  Yes, for 26 V-genes
(5.09 x 10~11) Each of 2 D-genes Prod. Yes, for both D-genes
Non-prod.  Yes, for both D-genes
Each of 14 J-genes Prod. Yes, for 7 J-genes
Non-prod.  Yes, for 8 J-genes
Amount of gene-conditioned  V-gene trimming Prod. Yes
nucleotide Non-prod.  Yes
trimming 5" D-gene trimming Prod. No
(9.68 x 10~10) Non-prod. No
3’ D-gene trimming Prod. No
Non-prod. No
J-gene trimming Prod. Yes

Non-prod.  Yes

Number of simple V-D-gene N-insertions Prod. No
N-insertions Non-prod.  Yes
(1.94 x 1079) D-J-gene N-insertions  Prod. No

Non-prod.  Yes

genome-wide variation and V(D)J gene usage of each V-, D-; and J-gene, the extent of
TCR nucleotide trimming, the number of TCR N-insertions, and the fraction of non-gene-

trimmed TCRs containing P-nucleotides for both productive and non-productive sequences

(Table 2.2).

2.1.2 TRB and MHC locus variation is associated with gene usage frequency

To quantify the effect of SNPs on the expression of various V-, D-; and J-genes during

V(D)J recombination, we designed a fixed effects model to assess the relationship between
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Figure 2.1: Many strong associations are present between V-, D-, and J-gene usage frequency and various

SNPs genome-wide for both productive and non-productive TCRs. The most significant SNP associations for the
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Figure 2.2: Gene-usage frequency of many V-gene, D-gene, and J-gene segments is significantly associated
with variation in the TRB locus. The P-value of the strongest TRB SNP, gene-usage association for each different
V-gene, D-gene, and J-gene segment is given on the X-axis. The proportion of gene segments within each gene
type is given on the Y-axis. The gray vertical lines correspond to a whole-genome-level Bonferroni-corrected

P-value significance threshold of 5.09 x 1071,

SNP genotype and gene frequency across all individuals. We fit this “simple model” for each
different V-, D-, and J-gene in our paired dataset.

Because of the potential for population-substructure-related effects to inflate associa-
tions between each SNP and gene usage frequency, we incorporated ancestry-informative
principal components [58] based on the SNP genotypes for a subset of representative sub-
jects as covariates in each model (see Methods for details). Diagnostic statistics show that
this bias correction is sufficient.

With these methods, we consider the significance of associations at a Bonferroni-corrected
whole-genome P-value significance threshold of 5.09 x 107! (see Methods). Using this con-
servative threshold, we identified 9,152 significant associations between the frequency of
various V-, D-; and J-genes and the genotype of SNPs genome-wide (Figure 2.1). Of these
significant associations, 7,096 were located within the TRB locus for both productive and

non-productive TCRs. The TRB gene locus encodes the variable V-, D-, and J-gene segments
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which are recombined during V(D)J recombination. In our dataset, there are 60 V-genes, 2
D-genes, and 14 J-genes uniquely expressed. As we would expect, we find that the expres-
sion of many of these genes is associated with variation in the TRB locus (Figure 2.2). For
the significantly associated TRB locus SNPs, the median association effect magnitude was
largest for the expression of TRBD1 (median effect size = -0.038) followed by the expression
of TRBD2 (median effect size = 0.035) and the expression of TRBV28 (median effect size =
0.019) all in productive TCRs (Figure A.1). Variation in the TRB locus is most significantly
associated (smallest P-value) with expression of the gene TRBV28 within both productive
(P = 1.41 x 1071%*) and non-productive (P = 1.94 x 107146) TCRS chains. We identified the
largest number of significant associations between variation in the TRB locus and expression
of the gene TRBV7-3 within productive TCRf chains (232 significant associations) and the
gene TRBJ1-2 within non-productive TCR/ chains (290 significant associations).

Beyond the TRB locus, we also identified 1,242 significant SNP associations within the
major histocompatibility complex (MHC) locus. MHC proteins act by presenting self and
foreign peptides to TCRs for inspection. Because of this important role in the functionality
of T cells, the TCR-MHC interaction is important for thymic selection. We observe the
expression of 12.1% of V-genes for productive TCRs to be associated with variation in the
MHC locus. For the significantly associated MHC locus SNPs, the median association effect
magnitude was largest for the expression of TRBV4-1 (median effect size = -0.004) followed
by the expression of TRBV10-3 (median effect size = 0.0033) (Figure A.2). This associated
MHC locus variation is located within sequences which code for canonical, peptide-presenting
MHC proteins. For example, the eight most significantly associated SNPs were located within
the HLA-DRB1 gene within the MHC locus. These top SNPs were all associated with the
expression of the gene TRBV10-3 within productive TCRs. As expected, the expression
of V-genes for non-productive TCRs is not associated with variation in the MHC locus.

Likewise, the expression of D- and J-genes for both productive and non-productive TCRs is
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not associated with variation in the MHC locus. These results refine and extend associations
found in previous work [38, 39.

We observed just one other long-range association region, in addition to the MHC locus,
located in proximity to the ZNF443 and ZNF709 loci on chromosome 19. Both of these zinc
finger proteins contain KRAB-domains and, thus, likely act as transcriptional repressors [59].
In this region, we observe 138 significant SNP associations for the expression of the V-gene
TRBV?24-1. Of these 138 SNP associations, 76 were associations for TRBV2/-1 expression
in non-productive TCRs and 62 were associations for TRBV?2/-1 expression in productive
TCRs. Significant association between variation near the ZNF/43 locus and expression of
TRBV24-1 in productive TCRs was also noted previously [38]. Because the associations
observed here are strongest for non-productive TCRs, this chromosome 19 variation likely
influences gene usage during TCR generation steps, as opposed to selection. Variation in
proximity to the ZNF443 and ZNF709 loci may alter the resulting zinc finger proteins and
lead to differential transcriptional repression of a site near TRBV24. Because the tran-
scription of unrearranged gene segments influences their recombination potential [60], this

difference in repression could subsequently change the usage frequency of the TRBV2/ gene.

2.1.3 DCLRE1C locus variation is associated with the extent of trimming

We hypothesized that SNPs across the genome, particularly those within V(D)J-recombination-
associated genes, may influence the extent of TCR nucleotide trimming at V(D)J TRB gene
junctions. It has been previously observed that the extent of trimming varies by V(D)J TRB
gene choice (Figure A.7) [15, 25, 27, 30]. In other words, two different V-genes (TRBV19
and TRBV20-1, for example) will on average be trimmed to different extents due, in part,
to differences in their terminal nucleotide sequences (and the same is true for D- and J-
genes). Thus, to quantify the effect of SNPs on the extent of V-, D-, and J-gene trimming

during V(D)J recombination, without confounding the extent of trimming with TRB gene
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choice, we designed a linear fixed effects model to measure the correlation between each SNP
and the number of nucleotide deletions, while conditioning out the effect mediated by gene
choice. We fit this “gene-conditioned model” for each of the four trimming types (V-gene
trimming, 5" end D-gene trimming, 3’ end D-gene trimming, and J-gene trimming) on our
paired data set. We performed the analysis, as above, incorporating ancestry-informative
principal components in each model (detailed in Methods). Diagnostic statistics show that
this correction for population-substructure-related biases is sufficient. Here, we considered
the significance of associations at a Bonferroni-corrected whole-genome P-value significance
threshold of 9.68 x 107! (see Methods).

With these methods, we identified 317 significant SNP associations with the extent of
nucleotide trimming for various trimming types (Figure 2.3). We found 66 highly signifi-
cant associations between V- and J-gene trimming and SNPs within the DCLREI1C gene
locus for both productive and non-productive TCRs when considered in the whole-genome
context. For these significant DCLRE1C locus SNP associations, the magnitudes of the
effects were greater for non-productive TCRs compared to productive TCRs for both V-gene
trimming and J-gene trimming (Figure A.11). The DCLRE1C gene encodes the Artemis

protein, an endonuclease responsible for cutting the hairpin intermediate prior to nucleotide
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trimming and insertion during V(D)J recombination. Many of the SNPs responsible for
these 66 significant associations within the DCLRFE1C locus were shared between trimming
and productivity types (Figure 2.4). The most significantly-associated SNP (rs41298872)
within this locus had a P-value of 3.18 x 10737 for J-gene trimming of non-productive TCRs
(Figure A.12). This SNP was also significantly-associated with J-gene trimming of produc-
tive (P = 1.99 x 107?) TCRs and V-gene trimming of productive (P = 6.23 x 1072%) and
non-productive (P = 2.81 x 1072!) TCRs. We performed a conditional analysis to identify
potential independent secondary signals by including this SNP as an additional covariate
within the model. This analysis revealed a second, independent SNP signal (rs35441642)
within the DCLRFEI1C locus for J-gene trimming of non-productive TCRs. None of the
other nucleotide trimming type, productivity status combinations had significant evidence
for secondary independent signals.

Our procedure also identified many highly significant associations between 5 end D-
gene trimming and SNPs within the TRB gene locus, however these appear to result from
correlations between SNP genotype and TRBD2 allele genotype (Figure A.4). If we correct
for TRBD2 allele genotype in our model formulation (see Methods), we no longer observe
these associations between SNPs within the TRB gene locus and the extent of 5" end D-
gene trimming (Figure A.5). TRBD2 allele genotype could be acting as a confounding
variable due to linked local genetic variation which influences nucleotide trimming and/or
D-gene assignment ambiguity variation as a function of TRBD2 allele genotype. To explore
the extent of possible D-gene assignment ambiguity variation, we restricted our analysis to
TCRs which contain TRBJI genes (and consequently contain TRBD1 due to topological
constraints during V(D)J recombination [19, 61]). With this approach, we also no longer
observe associations between SNPs within the TRB gene locus and the extent of 5" end D-
gene trimming, and additionally, we do observe significant associations between SNPs within

the DCLREI1C locus and 5’ and 3’ end D-gene trimming which were not observed in the
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original genome-wide analysis (Figure A.6).

Our fixed effects model formulation for these inferences is important: if we don’t con-
dition on gene choice then additional, and presumably spurious, associations arise. Indeed,
when implementing the “simple model” designed to quantify the association between the
four trimming types and genome-wide SNP genotypes, without conditioning out the effect
mediated by gene choice, we observe additional associations between SNPs within the MHC
locus and V-gene trimming of productive TCRs and between SNPs within the TRB locus
and V-gene and 3’ end D-gene trimming of, again, productive TCRs (Figure A.8). This is
perhaps not surprising, as we noted earlier that variations in the MHC and TRB loci are
associated with gene usage frequencies in productive TCRs (Figure 2.1), and different genes
have different trimming distributions (determined in part by the nucleotide sequences at
their termini).

Because P-nucleotides can be present at V(D)J junctions in the absence of nucleotide
trimming [61], we hypothesized that similar DCLRE1C locus variation may also be asso-
ciated with P-addition. Interestingly, we did not identify any strong associations between
SNPs within the DCLREIC locus and the fraction of non-gene-trimmed TCRs contain-
ing P-nucleotides when implementing our “gene-conditioned model”, despite the known role
of the Artemis protein in functioning as an endonuclease responsible for cutting the hair-
pin intermediate, and thus, potentially creating P-nucleotides during V(D)J recombination
(Figure A.9). We observe similar results when quantifying the effect of genome-wide SNPs

on the number of V-, D-; and J-gene P-nucleotides per TCR (Figure A.10).

2.1.4 DNTT locus variation is associated with the number of N-insertions

Unlike V-, D-, or J-gene nucleotide trimming length, the number of nucleotide N-insertions
between V-D and D-J genes does not vary substantially with V(D)J TRB gene choice (Fig-

ure A.16) [15]. Thus, to infer the association between SNPs and the number of nucleotide
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Figure 2.5: SNPs within the DNTT locus are associated with the extent of N-insertion. (A) There are three
associations for SNPs within the DNTT locus which are significant when considered in the whole-genome context.
The gray horizontal line corresponds to a whole-genome Bonferroni-corrected P-value significance threshold
of 1.94 x 1079, (B) Using a DNTT gene-level significance threshold, many more SNPs within the extended
DNTT locus have significant associations for both N-insertion types. Here, the gray horizontal line corresponds
to a gene-level Bonferroni-corrected P-value significance threshold of 1.28 x 10~° (calculated using gene-level
Bonferroni correction for the 977 SNPs within 200kb of the DNTT locus, see Methods). For both (A) and (B), only

SNP associations whose P < 5 x 103 are shown.
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N-insertions, we implemented a “simple model”, without conditioning out any effect medi-
ated by gene choice. Again, because of the potential for population-substructure-related
effects to inflate associations between each SNP and the number of N-insertions, we incor-
porated ancestry-informative principal components as covariates in each model (detailed in
Methods). Diagnostic statistics show that this bias correction is sufficient.

With these methods, we identified three associations between SNPs and the number
of nucleotide N-insertions using a Bonferroni-corrected whole-genome P-value significance
threshold of 1.94 x 1079 (see Methods) (Figure 2.5). Two SNPs within the DNTT gene
locus (rs2273892 and rs12569756) were responsible for these associations. The DNTT gene
encodes the terminal deoxynucleotidyl transferase (TdT) protein which is a specialized DNA
polymerase responsible for adding non-templated (N) nucleotides to coding junctions during
V(D)J recombination. When we restrict our analysis to TCRs which contain TRBJI genes
and consequently eliminate potential D-gene assignment ambiguity, we continue to observe
these DNTT associations (Figure A.17).

Since the TdT protein has an important mechanistic role in the N-insertion process and
because we already identified SNPs within the DNTT locus to be weakly associated with

the number of N-insertions at V(D)J gene junctions, we wanted to explore the locus further.
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Restricting the analysis to the extended DNTT locus reduced the multiple testing burden
such that 232 significant associations emerged (Figure 2.5). For these significant DNTT
locus SNP associations, the magnitudes of the effects were greater for non-productive TCRs
compared to productive TCRs for both V-D-gene junction N-insertion and D-J-gene junction
N-insertion (Figure A.18). Many of the SNPs responsible for these 232 significant associ-
ations within the extended DNTT locus were shared between insertion and productivity
types (Figure 2.6). While most of these associations are likely the result of a single indepen-
dent signal for each insertion and productivity type, we performed a conditional analysis to
identify potential independent secondary signals. To do so, we included the most significant
SNP within the DNT'T locus for each insertion and productivity type as a covariate in the
model. With this approach, we identified rs2273892 as the primary independent signal for D-
J N-insertion of non-productive TCRs and rs12569756 as the primary independent signal for
D-J N-insertion of productive TCRs and V-D N-insertion of productive and non-productive
TCRs. However, these two SNPs are tightly linked and, thus, likely both represent the
same, primary independent signal. This analysis did not reveal any significant evidence for
secondary independent signals.

We found that correcting for population-substructure-related effects was especially im-
portant in our primary genome-wide analysis, which led us to discover differences in the
extent of N-insertion by ancestry-informative PCA cluster. Indeed, if we don’t incorporate
correction terms for population-substructure-related biases in our model formulation, we
observe many strongly significant associations, particularly within the DNTT locus. This
hinted at important PCA-cluster level effects. When we look closely at the average number
of N-insertions (combining the number of V-D and D-J N-insertions) across TCR repertoires
by PCA cluster, we note that subjects from the “Asian”-associated PCA cluster have sig-
nificantly fewer total N-insertions for productive (P = 0.006 without Bonferroni correction)

and non-productive (P = 0.014 without Bonferroni correction) TCRs when compared to the
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horizontal line). The P-values from a one-sample t-test (without Bonferroni multiple testing correction) for each

PCA cluster compared to the population mean are reported at the top of the plot.

population mean (using a one-sample t-test) (Figure 2.7). The total N-insertions for produc-
tive TCRs within the “Asian”-associated PCA cluster remain significantly different from the
population mean after Bonferroni multiple testing correction (corrected P = 0.036). Fur-
thermore, the “Asian”- and “Hispanic’-associated PCA clusters had significantly higher mean
SNP allele frequencies for SNPs within the extended DNT'T region that were associated with
fewer N-insertions when compared to the mean population allele frequency (P = 7.32x 1072
for the “Asian”-associated PCA cluster and P = 1.17 x 107° for the “Hispanic™-associated
PCA cluster using a one-sample t-test with Bonferroni multiple testing correction) (Fig-

ure 2.8).
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associated PCA cluster (Figure A.22).

2.1.5 Validation Analysis

To validate our results, we worked with paired ancestry-informative marker (AIM) SNP
array and TCRa- and TCRS-immunosequencing data representing 94 individuals and 2
SNPs (which overlap with the discovery dataset) from an independent validation cohort
(Table 2.3 and see Methods). In contrast to the discovery cohort, this cohort contains
different demographics, shallower RNA-seq based TCR-sequencing, and a sparser set of
SNPs. However, TCR-sequencing for both TCRa and TCRJS chains is available.

We were able to validate a discovery-cohort significantly associated DCLRE1C SNP
within this validation cohort. While none of the independent DCLRE1C SNPs from the

discovery-cohort analysis overlapped with the validation cohort SNP set, a single, non-
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Table 2.3: Validation cohort demographics.

Count
Sex Female 58
Male 36
Age (in years) < 10 26
11-20 15
21-30 13
31-40 12
41-50 11
51-60 9
> 60 8

Self-reported ethnicity Hispanic or Latino 94

CMYV serostatus Positive 37
Negative 57
Total 94

synonymous SNP (rs12768894, ¢.728 A>G) within the DCLRE1C locus was present in both
SNP sets. This SNP was one of the significant associations we observed for V-gene trim-
ming (productive P = 2.16 x 10~!; non-productive P = 7.21 x 10~**) and J-gene trimming
(productive P = 1.23 x 10~!; non-productive P = 6.62 x 107'?) of TCR/A chains in the
genome-wide discovery cohort analysis (Figure A.13). Using the same methods, we iden-
tified significant associations between this SNP and J-gene trimming of productive TCRa
and TCR/ chains and V-gene trimming of both productive and non-productive TCR« and
TCRS chains within the validation cohort (Table 2.4, Figure A.14, and Figure A.15). Asso-
ciations between rs12768894 and both types of D-gene trimming of TCRS chains were not
significant for either cohort.

We were unable to validate the most significantly associated DNTT SNPs due to lack
of overlap between the SNP sets for the discovery and validation cohorts; a discovery-cohort
weakly associated SNP (rs3762093) failed to reach statistical significance for all N-insertion
types, but had the same direction of effect in the validation cohort as follows. Within

the discovery cohort, rs3762093 genotype was weakly associated with the number of V-D
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N-insertions (productive P = 1.37 x 1075; non-productive P = 1.50 x 10~7) and D-J N-
insertions (productive P = 9.43 x 107% non-productive P = 1.94 x 10~7) within TCRS3
chains (Figure A.19). Within the validation cohort, this SNP was significantly associated
with the number of V-J N-insertions within productive TCRa chains (Table 2.4 and Fig-
ure A.21). However, this SNP was not significantly associated with the number of V-D or
D-J N-insertions within productive or non-productive TCRfS chains or the number of V-J
N-insertions within non-productive TCR« chains within the validation cohort (Table 2.4,
Figure A.20, and Figure A.21). Despite the lack of significance, we noted that the model
coefficients for rs3762093 genotype were in the same direction (i.e., the minor allele was
associated with fewer N-insertions) for all N-insertion and productivity types within TCRfA
chains for both cohorts. Further, while TCRa chain sequencing was not available for the dis-
covery cohort, we observed stronger associations between rs3762093 genotype and the extent
of N-insertion for both productivity types within TCR« chains compared to TCRfS chains
within the validation cohort. Perhaps with a larger validation cohort, significant associations

would be present for all N-insertion types.

2.2 Discussion

V(D)J recombination is a complex stochastic process that enables the generation of diverse
TCR repertoires. Our results show that genetic variation in various V(D)J recombination
genes has a key role in shaping the TCR repertoire through biasing V(D)J gene choice,
nucleotide trimming, and N-insertion in a broad population sample. While we recognize
that there may be a complicated entanglement between allelic variation and local cis-acting
effects, we were primarily interested in identifying strong, trans-acting associations. By
leveraging the unique pairing of TCR/S chain immunosequencing and genome-wide genotype

data, we have (1) confirmed and extended previous studies on the genetic determinants of
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Table 2.4: We inferred the associations between SNP genotype and TCR repertoire features for two SNPs
overlapping between discovery-cohort and validation-cohort SNP sets. We considered the significance of the
validation cohort associations at a Bonferroni-corrected SNP-level P-value significance threshold of 0.0042 for
trimming and 0.0083 for N-insertion (see Methods). Validation cohort P-values are one-tailed. * discovery-cohort
associations were only significant when considered at the DNTT-gene level significance threshold, not at the

whole-genome significance threshold.

SNP TCR  Repertoire Sequence Discovery Validation
chain feature type cohort cohort
signif. signif.
association association
rs12768894 | TCRS V-gene trimming Productive Yes (2.16 x 10714)  Yes (7.17 x 1077)
Non-productive ~ Yes (7.21 x 1074)  Yes (8.75 x 1079)
J-gene trimming  Productive Yes (1.23 x 10711)  Yes (5.16 x 10710)
Non-productive  Yes (6.62 x 10712) o (4.18 x 1072)
TCRa  V-gene trimming Productive N/A Yes (2.59 x 107°)
Non-productive N/A Yes (2.68 x 1077)
J-gene trimming  Productive N/A Yes (6.29 x 10712)
Non-productive N/A 0 (9.99 x 1073)
rs3762093 | TCRS V-D N-insertion  Productive Yes* (1.37 x 107%)  No (0.153)
Non-productive  Yes* (1.50 x 1077)  No (0.059)
D-J N-insertion  Productive Yes* (9.43 x 1079) o0 (0.137)
Non-productive  Yes* (1.94 x 1077) o (0.067)
TCRa V-J N-insertion  Productive N/A Yes (0.006)
Non-productive N/A No (0.031)

TCR V-gene usage, (2) discovered associations between common genetic variants within the
DCLRE1C and DNTT loci and V(D)J junctional trimming and N-insertions, respectively,
(3) developed a method for quantifying the extent of the associations between genetic vari-
ations and junctional features, directly, without confounding gene choice effects, and (4)
revealed differences in the extent of N-insertion by ancestry-informative PCA cluster.

We note an abundance of associations between variation in the TRB locus and V(D)J
gene usage biases for both productive and non-productive TCRs. Although previous re-
ports have revealed similar patterns of association for productive TCRs [38, 39|, our results

refine and extend this result by quantifying the extent of TRB locus variation on V(D)J

gene usage for non-productive TCRs. This highlights that locus variation is associated with
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TCR generation-related gene usage biases, in addition to potential thymic selection biases
for productive TCRs. These TCR generation-related gene usage biases likely reflect local
gene regulation and/or recombination efficiency effects. For example, one of the SNPs most
significantly associated with TRBV28 expression (rs17213) is located within the recombi-
nation signal sequence at the 3’-end of the gene and, thus, could be involved directly in
changing the recombination efficiency of TRBV2S. Thus, different expression levels of var-
ious genes could be promoted by variation within non-coding regions such as promoters,
5'UTRs and leader sequences, introns, or recombination signal sequences. Polymorphisms
within these regions have been suggested to influence V(D)J gene expression levels within
B-cell receptor repertoires [62]. We also observed that variation in the MHC locus is associ-
ated with V-gene usage biases for productive TCRs, but not non-productive TCRs. These
MHC locus associations are likely only observed for V-gene usage since the V-gene locus,
exclusively, encodes the TCR regions (complementarity-determining regions 1 and 2) which
directly contact MHC during peptide presentation [61]. While significant associations be-
tween MHC locus variation and V-gene usage have been identified previously [38, 39|, the
specific MHC locus variants and V-genes responsible for the most significant of these as-
sociations differed between the two studies and from those reported here. This variation
is likely the result of population composition and/or exposure history differences between
the various study cohorts. Despite their differences, both previous studies have suggested
that the thymic selection of certain V-genes may be biased by germline-encoded TCR-MHC
compatibilities in an MHC dependent manner [38, 39]. Because of our observed distinction
between associations present between MHC variation and V-gene usage in productive versus
non-productive TCRs, our work supports this hypothesis.

We have identified, for the first time, specific genetic variants which are associated with
modifying the extent of N-insertion and nucleotide trimming. While many previous studies

have reported evidence of genetic influences on overall gene usage [40, 41, 53-56] and reper-
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toire similarity in response to acute infection [41, 54|, there have been few explorations into
how heritable factors may bias TCR junctional features beyond reports of genetic similarity
implying overall TCR repertoire similarity |40, 51|. Here, we noted that variation in the gene
encoding the Artemis protein (DCLRE1C) is associated with the extent of V- and J-gene
nucleotide trimming for both productive and non-productive TCRs. These associations are
strongest for non-productive TCRs suggesting a TCR generation-related repertoire bias. It
is well established that the Artemis protein, in complex with DNA-PKcs, functions as an
endonuclease responsible for cutting the hairpin intermediate, and thus, potentially creating
P-nucleotides prior to nucleotide trimming during V(D)J recombination 24, 28, 29, 31]. The
direct involvement of Artemis in the nucleotide trimming mechanism, however, has yet to
be confirmed. It has been shown that the Artemis protein possesses single-strand-specific 5’
to 3’ exonuclease activity [29, 63| and, thus, may be properly positioned to trim nucleotides.
A non-synonymous SNP within DCLRE1C (rs12768894, ¢.728 A>G) was one of the signif-
icant associations we observed for V- and J-gene nucleotide trimming in both the primary
cohort and the independent validation cohort. Perhaps this mutation, or other linked non-
synonymous DCLRFEIC variation that was not studied here, is directly involved in the
trimming changes we observe. We did not observe strong associations between variation in
the DCLRFEI1C locus and the number of P-nucleotides or the fraction of non-gene-trimmed
TCRs containing P-nucleotides, despite the established mutually exclusive relationship be-
tween P-addition and nucleotide trimming [26, 47, 61]|. However, the absence of P-nucleotide
associations at the DCLRFEI1C locus could be the result of restricting the analyses to the
non-gene-trimmed repertoire subset. Perhaps with a larger dataset these associations would
be present.

Further, we have identified associations between variation in the gene encoding the TdT
protein (DNTT) and the number of N-insertions for both productive and non-productive

TCRs. Because of the established, direct involvement of the TdT protein in the N-insertion
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mechanism, these DNT'T locus variations could be influencing the function of the TdT pro-
tein. These significant associations were slightly stronger for non-productive TCRs perhaps
suggesting that thymic selection may limit the mechanistic effects of locus variation. Inter-
estingly, we noted that the extent of N-insertion varies by ancestry-informative PCA cluster.
Specifically, we found that the “Asian”-associated PCA cluster had significantly fewer N-
insertions for productive TCRs when compared to the population mean which is dominated
by the “Caucasian™associated PCA cluster. This finding is, perhaps, related to the influence
of broad heritable factors biasing the extent of N-insertions.

The significant SNPs associated with changing the extent of nucleotide trimming and
N-insertion identified here could be expression quantitative trait loci (eQTLs), however,
experimental work will be required to determine whether these SNPs modify the expression of
DCLRE1Cand DNTT, respectively. More work is also required to elucidate the mechanistic
relationship between DCLRE1C locus variation and nucleotide trimming changes. After
characterizing these relationships, future work can focus on identifying correlations between
TCR repertoires and host immune exposures while accounting for genetically determined
repertoire biases identified here. These directions would allow us to continue disentangling
the genetic and environmental determinants governing TCR repertoire diversity.

There are several key limitations of our approach which are intrinsic to the data used
in this study. First, the lack of overlap between SNP sets for the discovery and validation
cohorts limited our ability to directly validate our strongest inferences. Next, it is possi-
ble that the SNP array data used here does not capture all potential causal variation. As
such, a significantly associated SNP present in our SNP array data could simply be in link-
age disequilibrium with a causal SNP which was either poorly imputed or not tested here.
Previous work has suggested that polymorphisms within the immunoglobulin V-gene region
are not completely captured by existing SNP array technology, and have been underrepre-

sented in previous genome-wide association studies [64]. SNP coverage of the TRB locus is
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thought to be even sparser [65], and thus, much of the actual TRB variation present within
our data cohort is likely not captured by the SNP dataset used here (which contains 7,304
SNPs within the TRB locus, hgl19:chr7:141950000-142550000). Lastly, we have used the
recombination statistics from non-productive rearrangements here as a means of studying
the V(D)J recombination generation process in the absence of selection, however, we ac-
knowledge that the repertoire of non-productive rearrangements may be an imperfect proxy
for a pre-selection TCR repertoire. Since each non-productive rearrangement is sequenced
due to the presence in the same T cell of a successful rearrangement that survived selec-
tion, it is possible that within-cell correlation between rearrangement events could imprint
selection effects onto the non-productive repertoire. However, we are not aware of any evi-
dence for a mechanism in which productive and non-productive recombination events at the
TRB locus are significantly correlated. As such, we are assuming that the productive and
non-productive recombination events are independent, and thus, the recombination statistics
from the repertoire of non-productive rearrangements should reflect that of a pre-selection
repertoire as is common in the literature [15, 19, 40, 41, 53].

Another key constraint is the challenge of inferring the V(D)J rearrangements from
the final nucleotide sequences due to the poor characterization of the TRA and TRB loci.
The TRA and TRB regions have been historically difficult to reliably map using short read
sequencing due to their repetitive and complex nature. While recent work has identified
many new TRBV alleles, many more undocumented TRBV alleles likely remain to be
discovered [65]. As such, the incomplete characterization of the TRB locus limited our
ability to infer the correct V(D)J -gene allele for each final nucleotide sequence. Further,
the TCR sequencing technology used here leverages relatively short-read sequencing which
captures only a portion of the V-gene present in each sequence. Because many TRBYV alleles
are identical to other TRBV alleles for much of the V-gene region present in these sequences,

it can be difficult to unambiguously assign V-gene usage to the final nucleotide sequences. D-
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gene usage assignment is also challenging due to the short length of the TRBD alleles (12-16
nucleotides before nucleotide trimming and N-insertion). We have found that controlling for
D-gene assignment ambiguity in the nucleotide trimming and N-insertion analyses results in
similar significant associations within the DNT'T and DCLRE1C loci. Although we cannot
rule out some effect of incorrect V(D)J -gene assignment bias for trans associations resulting
from the signal being “masked” by stronger TRB locus signals, these biases seem to be mostly
restricted to cis associations.

In summary, we have found that the usage of TRB genes is associated with variation
in MHC and TRB loci, the number of N-insertions is associated with DNTT variation,
and the extent of nucleotide trimming is associated with DCLRE1C' variation. Our results
clearly demonstrate how variation in V(D)J recombination-related genes can bias TCR reper-
toire combinatorial and junctional diversity. In the case of B cells, genetically determined
V(D)J gene usage biases within B-cell receptor repertoires have been linked to functional
consequences for the overall immune response to specific antigens and, thus, an increased
susceptibility to certain diseases [62]. As such, the genetic TCR repertoire biases identified
here lay the groundwork for further exploration into the diversity of immune responses and
disease susceptibilities between individuals. Such studies will enhance our understanding of
how an individual’s diverse TCR repertoire can support a unique, robust immune response to
disease and vaccination. Our findings also provide a step towards the ability to understand
and predict an individual’s TCR repertoire composition which will be critical for the future

development of personalized therapeutic interventions and rational vaccine design.
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2.8 Methods and Materials

2.8.1 Data details

Discovery cohort dataset: TCR/f repertoire sequence data for 666 healthy bone marrow
donor subjects was downloaded from the Adaptive Biotechnologies website using the link
provided in the original publication [50]. For both the discovery and validation cohorts,
V, D, and J genes were assigned by comparing the TCRfS-chain (and TCRa-chain for the
validation cohort) nucleotide sequences to the human IMGT/GENE-DB TRB (or TRA)
allele sequences [66]. To infer the extent of nucleotide trimming, N-insertion, and P-addition
for each TCRf-chain (and TCRa-chain) nucleotide sequence, the most parsimonious V(D)J
recombination scenario was assigned to each sequence using the TCRdist pipeline [67]. The
V(D)J recombination scenario requiring the fewest N-insertions was defined as the most
parsimonious scenario.

SNP array data corresponding to 398 of these subjects was downloaded from The
database of Genotypes and Phenotypes (accession number: phs001918). Details of the SNP

array dataset, genotype imputation, and quality control have been described previously [57].

Validation cohort dataset: Peripheral blood mononuclear cell (PBMC) samples were
collected from 150 healthy subjects recruited at the Health Center Socrates Flores Vivas
(HCSFV) in Managua, Nicaragua [68]. Healthy participants were recruited as contacts of
influenza infected index patients and blood samples were collected at both the initial visit
and a 30 day follow-up visit. Participants provided written informed consent and parental
permission was obtained from parents or legal guardians of children, in addition to verbal
assent from children aged six years and older. This study was approved by the Institutional
Review Boards at the University of Michigan (HUM 00091392) and the Centro Nacional de
Diagnostico y Referencia (Ministry of Health, Nicaragua; CIRE 06/07/10-025).
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With these samples, PBMCs were stained with CD3-PerCP eFluor710 (Thermo Cat.
46-0037-42), CD4-BV650 (BD Biosciences Cat. 563875), CD8-APC Fire750 (Biolegend Cat.
344746), and gdCy7 (Biolegend Cat. 331222). Briefly, after thawing from cryopreservation
and plating in a 96-well round bottom plate, cells were spun down and resuspended in 50 ulL
of human Fc block (BD Biosciences Cat. 564220) in Dulbecco’s phosphate-buffered saline
(DPBS) at 5 uL per test (1 test = 1.0 x 10° cells) and incubated for 10 minutes at room
temperature. Afterwards, 50 puL of a 2X Live/Dead Aqua (Tonbo Cat. 13-0870-T100, 1 uL
per test, 1 test = 1.0 x 10° cells) and pre-titrated surface antibody cocktail in DPBS were
added to each well and cells were incubated for 30 minutes on ice and in the dark. Cells
were washed, resuspended in sort buffer and bulk sorted into polystyrene tubes. Afterwards,
samples were spun down, pellets were resuspended in 350 pL of RNA lysis buffer, and stored
at -80 C in labeled epitubes.

From here, DNA was extracted from 200 pL of neutrophil pellets using the Qiagen
QIAamp DNA Mini Kit (Cat. 51306). Bulk repertoires for sorted CD4 and CD8 T cells were
generated in accordance with the protocol developed by [69], and sequencing was performed
on the NovaSeq by the Hartwell Center at St. Jude. Raw c¢cDNA sequencing data were
processed with the MIGEC software package |70] to define error-corrected TRA and TRB
transcript sequences, which were then analyzed as described above for the discovery cohort
data [50].

Genotypes for SNPs of interest corresponding to 94 of these subjects were pulled from
Infinium Global Screening Array-24 v3.0 BeadChip results, which measures 654,027 SNP
makers including multi-ethnic genome-wide content, curated clinical research variants, and
quality control markers. High quality DNA was extracted using the Qiagen QIAamp DNA
Mini Kit (Cat. 51306), and submitted to the St. Jude Hartwell Center for preparation and
processing. Two SNPs, rs72640001 and rs72772435, were not included on this chip and were

determined using Thermo Fisher TagMan SNP Genotyping Assays (Cat. 4351379, Assay 1D
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C_ 99271581 10 and C_ 99587751 10, respectively) and TagMan Genotyping Master

Mix (Cat. 4371353) according to the kit manual.

2.3.2  Data preparation

With these paired SNP array and TCR-immunosequencing for both the discovery and vali-
dation cohorts, we aimed to identify significant associations between these SNPs and various
TCR repertoire features. Because we would expect a difference in these phenotypes depend-
ing on whether a TCR sequence is classified as productive or non-productive, we split the
data based on this TCR productivity status and computed associations separately for the
two groups.

We also subset the SNP data further based on several quality control metrics. We
filtered the SNP array data to use only SNPs with a minor allele frequency above 0.05 in
our analyses which excluded SNPs for which all subjects had the same genotype. For the
discovery cohort, this filtering procedure and previous quality control [57] left 6,456,824
SNPs (of the original 35 million SNPs) remaining for our analyses. Only 2 SNPs from the
validation cohort overlapped with this discovery cohort SNP set. For each of these discovery
and validation cohort SNPs, when fitting each association model, we excluded observations
which contained a missing SNP genotype. Next, for the TCR repertoire data, we excluded
repertoires which contained a relatively small number of TCRs (log,;,(TCR count) < 4.25 for
productive TCRs and log;,(TCR count) < 3.5 for non-productive TCRs) from the analyses.
Also, when fitting models for gene usage (i.e. V-gene usage, D-gene usage, and J-gene usage)
we have restricted our analyses to observations which contain non-orphan genes. Lastly, for
TCRB-chains, if a D-gene is trimmed so much that the D-gene is unidentifiable, the inference
pipeline used to infer TRB genes for each sequenced TCR does not report a D-gene. Instead,
this D-gene (if it is indeed present) is reported as a V-J N-insertion. Because of this, we

excluded these observations when fitting models for TCR features involving the D-gene (i.e.
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D-gene usage, both V-D and D-J junction N-insertions, D-gene P-additions, and D-gene

nucleotide trimming).

2.8.8 Notation

The discovery dataset contains observations for a total of I = 398 subjects and the validation
dataset contains observations for a total of I = 94 subjects. Within each cohort, for subject
i€ {l,...,I}, we observe a total of N; TCRs which, here, represents the number of TCRs
which compose each subject’s TCR repertoire. Thus, for each TCR k € {1,...,N;}, we
measure a TCR feature of interest, y;;, such as the number of V-D N-insertions, the extent
of V-trimming, etc. We also have SNP genotype data for a total of J SNPs such that for
each SNP j € {1,...,J} and subject i € {1,..., 1}, we measure the number of minor alleles

in the genotype, z;; € {0,1,2}.

2.3.4  Quantifying associations between SNPs and TCR features using the “simple model”

We first describe what we call the “simple model”. We will describe more complex models,
as well as each model with added correction for population-substructure-related effects, in
the sections following.

We began by calculating the average occurrence of the TCR feature of interest, ;,
within the repertoire of each subject, i. By condensing the data in this way, for each subject
i€{l,...,1}, we are left with N; = 1 observations. For example, for the discovery cohort,
we can fit the model across Zle N; = 398 observations. Using this condensed dataset, for

each SNP, TCR feature, and productivity status, we can fit the model:

Ui = xij - P + Bo + €ij (2.1)

where (31; is the allele effect for SNP j on the TCR feature of interest y;, 3 is the intercept,
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and ¢;; is the random error for subject ¢ and SNP j such that €; ~ N (0, 0?).

To estimate each regression coefficient, we solved the least squares problem:

n

(Bo, 1) = argming 5 > (5 — (x; - By + B)’ (2.2)

=1

using the function 1m in R. With each estimate of the j-th SNP effect on the TCR feature of
interest, Blj, generated by fitting the least squares problem (2.2), we quantified the associa-
tion strength between each SNP and the TCR feature of interest by testing whether Blj = 0.

To do this, we calculate the test statistic:

Blj
se(fi;)

and compare T; to a N(0,1) distribution to obtain each P-value.

Tj:

(2.3)

2.3.5 Quantifying associations between SNPs and TCR features, conditioned on TRB gene
type, using the “gene-conditioned model”

We noted that the amount of certain TCR features (such as the extent of all types of
nucleotide trimming) vary by V(D)J TRB gene choice. Thus, we can condition on this gene
choice to quantify the direct association between each SNP and the amount of each TCR
feature, without confounding gene choice effects. In this way, we condition on each gene type
t € {V-gene, J-gene, D-gene} corresponding to the TCR feature of interest (i.e. t = V-gene
for V-gene trimming, t = J-gene for J-gene trimming, etc.). We will refer to the following
model as the “gene-conditioned model” in the main text. Many similarities exist between the
“simple model” described in the previous section and this “gene-conditioned model.” Thus,
we will focus on the differences between the two models here. We will describe both models
with added correction for population-substructure-related effects, in the sections following.

As in the previous section, we, again, want to reduce the number of data observations.
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For each subject i € {1,...,1}, we can calculate the average amount of each TCR feature
Yim by each candidate TRB gene allele group m for the given gene type ¢ such that m &
{1,..., M;}. In calculating the average amount of each TCR feature across TCRs with the
same candidate TRB gene allele, we combined TRB gene alleles which had identical CDR3
sequences and were of the same candidate TRB gene into TRB gene allele groups. As such,
the number of observations per subject /V; in this condensed dataset will equal M, and, thus,
we will need to fit each model across Zi[:l M, observations. In our data, for TCRf chains,
we observe 141 possible TRB V-gene allele groups, 16 J-gene allele groups, and 3 D-gene
allele groups. Thus, using the extent of nucleotide trimming as an example TCR feature
within the discovery cohort, with this condensed formulation, for each SNP and productivity
status, we have ~ 56,000 observations for V-gene trimming, ~ 6,000 observations for J-gene
trimming, and ~ 1,200 observations for both types of D-gene trimming.

Using this condensed dataset, for each SNP, TCR feature, and productivity status, we

fit the following “gene-conditioned model™

Yim = Tij - B1j + Bo + Yim + €ijm (2.4)

where 7;,, represents the gene-effect on the amount of the TCR feature of interest for SNP
J and gene-allele-group m, and €;;,,, is the random error for subject 7, SNP j, and gene-
allele-group m such that €;;, ~ N(0,0%). The variables z;;, 81;, and fy are defined as in
the “simple model” description (2.1) in the previous section. However, since each subject
had a different number of TCRs measured and varying TRB gene usage, we calculated the
proportion of TCRs from each candidate TRB gene allele group, m, to define a weight, W,,,

for each observation:

sz

Wim =
Z sz
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With this, we solved the following weighted least squares problem for each SNP, TCR feature,

and productivity status combination:

n o M,
(Bo, By, 4;) = argmin Z Z Wim - (Fim — (Bo + Yjm + ﬁlsz'j))Q (2.5)
Bo-Brits =1 m=1

using the 1m function in R.
With each estimate of the j-th SNP effect on the amount of the TCR feature of interest,
Blj, generated using the models described above, we quantified the association strength
between each SNP and the amount of the TCR feature by testing whether Blj = 0. To do this,
we applied a t-test (described in the previous section) using the test statistic (2.3) to obtain
each P-value. However, because our condensed dataset contains a total of M; observations
from each subject 7, these P-values may be inflated due to intra-subject observations being
potentially correlated. Thus, to increase the accuracy of the P-value calculation, for each
association P-value below a certain threshold (we chose P < 5 x 107°%), we recalculated the
P-value using a clustered bootstrap (with subjects as the sampling unit). To do so, for
each bootstrap iterate, we resampled subjects from the condensed dataset with replacement.
Using this re-sampled data, we fit the model in (2.5) to estimate each coefficient. We repeated
this bootstrap process 100 times and used the resulting 100 coefficient estimates to estimate
a standard error for each model coefficient. With this re-calculated standard error of the
estimate of the j-th SNP effect on the amount of the TCR feature of interest, se(Blj), we
wanted to test whether Blj = 0 by recalculating the test-statistic, (2.3), and applying a t-
test to obtain each “corrected” P-value. As noted in the multiple testing correction methods
section, when accounting for multiple testing via Bonferroni correction, we used the entire
number of TCR features and SNPs considered (not just those that were sufficiently promising
to warrant use of the bootstrap to get a more accurate P-value): This ensures that our

correction will not be anti-conservative.
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2.3.6  Correcting for population-substructure-related effects

Structure within our SNP genotype data (such as population-substructure-related biases
due to ancestry), if present, may produce false positive associations when quantifying the
association strength between each SNP and our phenotype of interest. To account for this, we
implemented principal component analysis as commonly applied to genome-wide genotype
data for population substructure inference. Specifically, we used the PC-AiR algorithm [5§]
which identifies principal components that capture ancestry while accounting for relatedness
in the samples. As such, the top principal components calculated from the genotype data
reflect population substructure among the samples. When plotting the proportion of variance
explained by each PC, we find that the majority of variability appears to be explained by
the top eight PCs (Figure 2.9). This conclusion is supported when plotting each PC score by
ancestral group (Figure 2.9). With this, we incorporated the top eight principal components
as covariates into our GWAS models described above.

As such, to quantify the association strength between each SNP and TCR feature with-
out conditioning on gene usage as in (2.1), while incorporating principal component terms

to correct for population-substructure-related bias due to ancestry, we fit the model:

8
Yi = xij - Py + Po + Zﬁsz Py + €5 (2.6)
p=1

where ;, z;;, B1;, o, and ¢€;; are defined as in (2.1), By, is the population-substructure-
related bias correction term for SNP j and the p-th principal component, and P, is the
p-th principal component for subject ¢ as calculated above. To estimate each regression
coefficient, we solved the following least squares problem for each SNP, TCR feature, and

productivity status combination:

— n 8

5 55 . _ 2

(ﬁOaﬁlja 52]') = arginin Z (yz - (l"ij By + Bo + Zﬁsz : ]Dip)) .
Bo,B15,82;5 i=1 p=1
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Figure 2.9: The top principal components calculated from genotype data reflect ancestry structure among
samples. (A) The majority of the ancestry-informative principal component analysis variance is explained by the
first 8 principal components. (B) The first 8 principal components show distinct separation by PCA cluster. Each
colored line represents one of the 398 samples. The first 32 principal components are shown on the X-axis and

their scaled component values for each subject on the Y-axis.
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Furthermore, to quantify the association strength between each SNP and TCR feature,
conditional on gene usage as in (2.4), while incorporating principal component terms to

correct for population-substructure-related bias due to ancestry, we fit the model:

8
Yim = Tij - P1j + Po + Vjm + Z Bajp - Pip + €ijm (2.7)

p=1
where Yim, Tij, B1j, Bo, Vjm, and €;; are defined as in (2.4) and fy;, and P,, are defined as in
(2.6). Again, to estimate each regression coefficient, we solved the following weighted least

squares problem for each SNP, TCR feature, and productivity status combination:

- n Mt 8
5 A . A . _ 2
(Bo; B1,7j, B2;) = argmin Z Z Wi - (Jim — (Bo 4 Vjm + Brjxij + Z Bojp - Pip)) "
Bo,B1;:75:P25 i=1 m=1 p=1
With these estimates for the population-substructure-corrected j-th SNP effect on the amount

of the TCR feature of interest, Blj, we calculated a P-value using the methods described in

the methods section for each model type.

2.3.7 Multiple testing correction for associations

For each TCR feature (i.e. extent of trimming, number of N-insertions, etc.), we considered
the significance of associations using a Bonferroni-corrected threshold. To establish each
threshold, we corrected for each TCR feature subtype (i.e. V-gene trimming, J-gene trim-
ming, etc. for the TCR trimming feature), the two TCR productivity types (productive and
non-productive), and the total number of SNPs tested. When considering associations in
the whole-genome context, we corrected for the approximately 6.5 million SNPs (remaining
after filtering). When considering associations in a gene-level context, we corrected for the

number of SNPs within 200 kb of the gene of interest. For the validation analysis, we con-
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sidered associations in a SNP-level context and did not correct for multiple SNPs. However,
for the validation analysis, we considered the significance of associations within both TCR«

and TCR/ chains and, thus, corrected the significance threshold accordingly.

2.3.8 Ancestry-informative PCA cluster classification

In order to correct for population-substructure-related biases due to ancestry in our GWAS
analyses, we used ancestry-informative principal component analysis. The original genotyp-
ing dataset [57| contained self-reported ancestry. However, a number of subjects did not self-
report ancestry in the original data collection. Further, for some subjects, their self-reported
ancestry was discordant with clusters observed in a principal component analysis. Therefore,
for analysis purposes, we used the minimum covariance determinant method [71, 72| with the
original self-identified labels to group the subjects into six ancestry-informative PCA clusters:
“African™associated (8), “Asian-associated (23), “Caucasian™associated (322), “Hispanic”-

associated (30), “Middle Eastern™associated (5), and “Native American™associated (10).

2.3.9 Implementation and code

R code implementing the genome-wide association inferences described here is available
at https://github.com/phbradley/tcr-gwas. The following tools were especially help-
ful: data.table |73|, tidyverse |74], doParallel [75|, SNPRelate [76], GWASTools [77],

GENESIS 78|, and cowplot [79|
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Chapter 3

STATISTICAL INFERENCE REVEALS THE ROLE OF
LENGTH, GC CONTENT, AND LOCAL SEQUENCE
IN V(D)J NUCLEOTIDE TRIMMING

Cells throughout the body regularly present protein fragments, known as antigens, on cell-
surface molecules called major histocompatibility complex (MHC). Receptors on the surface
of T cells can bind to these MHC-bound antigens, recognize them, and, if necessary, initiate
an immune response. For an individual to be capable of defending against a wide array
of potential foreign pathogens, they somatically generate a massive diversity of T cell re-
ceptors (TCRs) through a random process called V(D)J recombination. After generation,
TCRs undergo a selection process to ensure proper expression, MHC recognition, and limited
autoreactivity. The collection of TCRs in an individual comprises their TCR repertoire.
The majority of human T cells express a-f receptors that consist of an a and a /3 protein
chain. During the V(D)J recombination process of the /3 chain, a single V-, D-; and J-gene
are randomly chosen from a pool of V-gene, D-gene, and J-gene segments within the germline
T cell receptor beta locus over a series of steps. To begin this process, the recombination
activating gene (RAG) protein complex aligns a randomly chosen D- and J-gene, removes the
intervening chromosomal DNA between the two genes, and forms a hairpin loop at the end
of each gene [21-23]. Each hairpin loop is then nicked open, typically in an asymmetrical

fashion, by the Artemis:DNA-PKcs protein complex [29, 31|. This asymmetrical hairpin
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opening creates a single-stranded DNA overhang at the end of both genes that, depending
on the location of the hairpin nick, may contain P-nucleotides (short palindromes of gene
terminal sequence) [26, 27, 29-31]. The most dominant hairpin opening position leads to
a single-stranded 3’ overhang that is 4 nucleotides in length (2 nucleotides of which are P-
nucleotides) [31]. From here, nucleotides may be deleted from each gene end through an
incompletely-understood mechanism suggested to involve Artemis [2, 25, 27, 30, 32-34, 80,
81]. This nucleotide trimming can remove traces of P-nucleotides |26, 47|. Non-template-
encoded nucleotides, known as N-insertions, can also be added to each gene end by the
enzyme terminal deoxynucleotidyl transferase (TdT) [35-37]. Once the nucleotide addition
and deletion steps are completed, the gene segments are paired and ligated together [32].
From here, the process is repeated between a random V-gene and this combined D-J junction
to complete the TCRS chain. A similar TCRa chain recombination then proceeds, though
without a D-gene, to complete the a-8 TCR. Other adaptive immune receptor loci, such as
TRG, TRD, and all IG loci, also undergo V(D)J recombination during the development of
~v-0 T cells and B cells, respectively.

Junctional diversity created by the deletion and non-templated insertion of nucleotides
during V(D)J recombination contributes substantially to the resulting diversity of the TCR
repertoire. Small variations in gene sequence have been shown to lead to large changes in
the extent of nucleotide deletion [25-27, 30]. For example, sequences with high AT content
suffer greater nucleotide loss than sequences with high GC content [26]. These findings are
suggestive of a nuclease that either binds an AT-rich sequence motif or requires an AT-
specific structure (e.g. a sequence that breathes [82]), however, further work is required to
quantify this mechanistic preference.

The Artemis protein is often regarded as the main nuclease involved in V(D)J recombina-
tion [32, 80, 81]. Artemis is a member of the metallo-S-lactamase family of nucleases 28| and

is widely regarded as a structure-specific nuclease as opposed to a nuclease that binds specific
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DNA sequences [80, 81, 83, 84]. Members of this family are characterized by their conserved
metallo--lactamase and f-CASP domains and their ability to nick DNA or RNA in various
configurations [85, 86]. Alone, Artemis possesses intrinsic 5-to-3" exonuclease activity on
single-stranded DNA [63]. On double-stranded DNA, Artemis, in complex with DNA-PKcs,
has endonuclease activity on 5" and 3" DNA overhangs and on DNA hairpins [29, 31, 87|.
It has been proposed that the Artemis:DNA-PKcs complex binds single-stranded-to-double-
stranded DNA boundaries prior to nicking [29, 31, 81, 83|; for blunt DNA ends, previous
work has concluded that sequence-breathing is required to achieve this structural configura-
tion prior to Artemis action [80]. Further, Artemis, in complex with XRCC4-DNA ligase IV,
has additional endonuclease activity on 3’ DNA overhangs and preferentially nicks one nu-
cleotide at a time from the single-stranded 3’ end [46, 88|. Despite these diverse nucleolytic
functions, the extent of involvement and exact mechanism of action for the Artemis protein
during the nucleotide trimming step of V(D)J recombination, and how it relates to observed
sequence-dependent changes in trimming [25-27, 30|, has yet to be fully understood.

While molecular experiments using model organisms have been essential for establishing
the current mechanistic understanding of the nucleotide trimming process, studies in humans
have been limited. Statistical inference on high-throughput repertoire sequencing data sets
allows for exploration of the in-vivo V(D)J recombination mechanism outside of model or-
ganisms. In particular, analysis of trimming in high-throughput data sets should lead to
insights about the natural underlying process, in the same way that analysis of large data
sets has led to insight into the process of somatic hypermutation. There, researchers have
found quite significant connections between local sequence identity and mutation patterns,
leading to a rich literature [89-97].

In contrast, we are only aware of one statistical analysis connecting sequence identity
to trimming lengths [15]. This one existing analysis [15] has shown that a simple position-

weight-matrix style model does a surprisingly good job of predicting the distribution of
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trimming lengths for a variety of V-genes. However, while this trimming model has good
model fit and predictive accuracy, it is limited by the assumption that the trimming mech-
anism relies solely on a sequence motif and, as such, is not designed in a way that allows us
to explore alternative hypotheses.

In this chapter, I explore the sequence-level determinants of nucleotide trimming dur-
ing V(D)J recombination using statistical inference on high-throughput TCRS repertoire
sequencing data [50]. With the goal of informing our mechanistic understanding in a quan-
titative way, we have designed a flexible probabilistic model of nucleotide trimming that
allows us to explore various sequence-level features. Our results show that trimming prob-
abilities are highest for DNA positions near the end of the sequence that contain high GC
content upstream, quantifying the role of sequence-breathing dynamics in the trimming pro-
cess. We also see evidence of a sequence motif that appears to get preferentially trimmed,
independent of possible sequence-breathing effects. As such, we can predict trimming prob-
abilities most accurately using a model that includes features for local sequence context,
length, and GC nucleotide content in both directions of the wider sequence. We show that
this model has high predictive accuracy for V- and J-gene sequences from an independent
TCRS-sequencing data set, and also extends well to TCRa, TCRy, and IgH sequences. Fur-
ther, we demonstrate that genetic variations within the gene encoding the Artemis protein
that were previously-identified as being associated with increasing the extent of trimming [2]

are also associated with changes in several model coefficients.

3.1 Results

3.1.1  Training data description

We worked with TCRS-immunosequencing data representing 666 individuals [50]. V(D)J re-

combination scenarios were assigned to each sequence from each individual using the IGoR
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software which is designed to learn unbiased V(D)J recombination statistics from immune
sequence reads [11]. Using these V(D)J recombination statistics, IGoR output a list of po-
tential recombination scenarios with their corresponding likelihoods for each TCR/S-chain
sequence in the training data set. We annotated each sequence with a single V(D)J re-
combination scenario by sampling from these potential scenarios according to the posterior
probability of each scenario (see Methods for further details).

Annotated TCR sequences can be separated into two categories: “productive” rearrange-
ments which code for a complete, full-length protein and “non-productive” rearrangements
which do not. Non-productive sequences are generated when the V(D)J recombination pro-
cess produces a sequence that is either out-of-frame or contains a stop codon. Each T cell
contains two loci which can undergo the V(D)J recombination process. When the first re-
combination fails to generate a functional receptor (creating a non-productive sequence),
followed by a successful rearrangement on the T cell’s second chromosome (a productive
sequence), the non-productive rearrangement can be sequenced as part of the repertoire.
Non-productive sequences do not generate proteins that undergo functional selection in the
thymus, and their recombination statistics should reflect only the V(D)J recombination gen-
eration process [15, 19, 20|. In contrast, the recombination statistics of productive sequences
should reflect both V(D)J recombination generation and functional selection. Because we are
interested in nucleotide trimming during the V(D)J recombination generation process, prior
to selection, we only include non-productive sequences in our training data set. Further,
because V-gene sequences within the TRB locus contain more sequence variation than D-

and /or J-genes, we only include V-gene sequences in our training data set.

3.1.2  Replicating a previous model of nucleotide trimming

The extent of nucleotide trimming varies substantially from gene to gene [15, 25, 27, 30|.

Previous work has identified an interesting impact of sequence features, such as sequence
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nucleotide context, on trimming probabilities using a position-weight-matrix-style (PWM)
model [15]. To our knowledge, this is the only model that takes nucleotide sequence identity
into account when predicting trimming probabilities. Specifically, this model leverages a
“trimming motif” containing two nucleotides 5’ of the trimming site and four nucleotides 3’
of the trimming site to predict the probability of trimming at a given site. It was designed and
trained using sequencing data from just nine individuals [15], and has surprisingly good model
fit and predictive accuracy across many V-genes despite its simplicity. Using a different, and
much larger, repertoire sequencing data set, we have trained this PWM model and replicated
previous work (Figure C.1). We will refer to this model as the 2z4 motif model. It is
important to note that this PWM model is not the primary model described in Murugan et.

al 2012 [15], but again is the only one that relates nucleotide identity to trimming.

3.1.3 Model set-up overview

While the 2z/ motif model has good predictive accuracy and model fit [15], it is limited
by its assumption that the trimming mechanism relies solely on a sequence motif. Here, we
have generalized this PWM model to a model that allows for arbitrary sequence features, and
trained each new model using conditional logistic regression (see Materials and Methods).
With this set up, we were able to evaluate the relative importance of new mechanistically-
interpretable features for predicting trimming probabilities. Specifically, we designed features
to measure the effects of DNA-shape, length, and GC nucleotide content in both directions

of the wider sequence on the probability of trimming at a given position in a gene sequence.
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Figure 3.1: Overview of how a sequence is transformed into features for regression. (A) As described, during
the early stages of V(D)J recombination between two genes, the hairpin of each gene is opened; here, we
are showing this hairpin-opening step for a single arbitrary V-gene. The most common hairpin-opening position
leads to a 4-nucleotide-long single stranded overhang (two nucleotides of which are considered P-nucleotides, as
shown in purple). From here, each gene can undergo nucleotide trimming. In this example, the V-gene is trimmed
back 6 nucleotides. (B) All models were trained with non-productive V-gene sequences whose trimming positions
were inferred during a sequence annotation step. For our model parameterization, we only consider the top strand
(5’-t0-3’) of the observed sequence. Here, the sequence features parameterized for each model type are shown
for the example sequence from (A). The pink boxes surround nucleotides included in the matrix representation
of motif features. The turquoise boxes surround nucleotides used to estimate and parameterize DNA-shape
features (see Appendix D for further details). The green boxes surround nucleotides included in the counts of
GC nucleotides 5’ of the trimming site; in our actual models, we count nucleotides within a 10 nucleotide window
(a 5 nucleotide window is shown in the figure). Because this window size is fixed, we do not need to include an
additional parameter for AT nucleotide count 5’ of the trimming site (since it is already indirectly modeled). The
yellow boxes surround double-stranded nucleotides included in the counts of AT and GC nucleotides 3’ of the
trimming site. These raw 3’ nucleotide counts also indirectly parameterize length; as such, we never include both
length and two-side base-count parameters in the same model. In addition to the models shown in the figure, we

also evaluated a null model which does not contain any parameters.

We parameterize each of these features as follows. An example of how an arbitrary
V-gene sequence is transformed into features for modeling is shown in Figure 3.1. To pa-
rameterize DNA-shape, we used previously developed methods [98, 99| to estimate various
DNA-shape values (i.e. roll, twist, electrostatic potential, minor groove width, etc.) for each
single-nucleotide position within a sequence window surrounding the trimming site. To pa-
rameterize length, we measure the sequence-independent distance from the end of the gene
(i.e. the number of nucleotides from the 3’-end of the sequence) as an integer-valued variable.
We parameterize GC nucleotide content using the raw counts of AT and GC nucleotides on
both sides of the trimming site (the two-side base-count). By using raw nucleotide counts,

this measure also serves to parameterize length. Because AT nucleotides have a greater
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potential for sequence-breathing compared to GC nucleotides within a sequence [100], these
two-side base-count terms may be serving as a proxy for the capacity of a sequence to
breathe. As such, because sequence-breathing potential is only relevant for nucleotides that
are paired, we do not include the nucleotides within the 3’ single-stranded-overhang when
counting 3" AT and GC nucleotides (see Appendix D).

With these features, we designed models containing various feature combinations (Fig-
ure 3.1B). Collectively, these models allow us to explore other possible sequence-level deter-
minants of nucleotide trimming, in addition to the previously proposed [15] “trimming motif”
hypothesis. We trained each model using the V-gene training data set described above (see
Materials and Methods for further model training details), and evaluated performance using
a suite of different held-out data groups (Figure 3.2). Specifically, to evaluate model fit, we
computed the expected per-sequence conditional log loss of each model using the full V-gene
training data set.

To evaluate model generalizability, we computed the expected per-sequence conditional

log loss using the following held-out groups:
e many random, held-out subsets of the V-gene training data set

e held-out subsets of the V-gene training data set containing groups of V-genes defined
to be the “most-different” from all other genes using either the terminal sequences (last

25 nucleotides of each sequence) or the full gene sequences
e the full J-gene data set

For each of these held-out group analyses, each model was re-trained using the full V-gene
training data set with the held-out group-of-interest removed (see Materials and Methods and
Appendix D for further details) prior to computing the loss. A lower expected per-sequence
conditional log loss indicated better model fit and/or model generalizability. Following this

model evaluation, we validated a subset of the models by using the model coefficients from the
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previous TCRfB V-gene training run and computing the expected per-sequence conditional

log loss of the model using several independent testing data sets (Figure 3.2).

3.1.4 Local sequence context, length, and GC nucleotide content in both directions of the
wider sequence, together, accurately predict the trimming probabilities of a given V-
gene sequence

In an effort to capture the complex underlying biochemistry of the deletion process, we
trained models containing various combinations of sequence-level feature types (Figure 3.1B)
and evaluated their ability to accurately predict V-gene trimming probabilities. With this
approach, we found that a model containing parameterizations of local sequence context,
length, and GC nucleotide content in both directions of the wider sequence (the 1x2 motif +
two-side base-count beyond model) had the best model fit and generalizability across different
data sets (Figure 3.3). This model contains a 122 motif, including one nucleotide position 5’
of the trimming site and two nucleotide positions 3’ of the trimming site within the trimming
window, and includes only bases beyond this trimming window in the AT and GC two-side
base-count terms (Figure 3.1). Despite containing fewer total parameters than the original
2/ motif model [15] (12 parameters compared to 18 parameters), the 122 motif + two-side
base-count beyond model had better predictive accuracy (Figure 3.4A and Figure C.3).

We considered the significance of the inferred model coefficients using a Bonferroni-
corrected significance threshold of 0.0033 (corrected for the total number of model coeffi-
cients). With this threshold, we found that many of the inferred model coefficients were
significant and quantified mechanistic patterns. Each coefficient represents the change in
logl0 odds of trimming at a given site resulting from an increase in the feature value,
given that all other features are held constant. Within the nucleotides immediately sur-
rounding the trimming site, bases 5" of the trimming site have a slightly stronger effect

on the trimming probability than bases 3’ of the trimming site (Figure 3.4B). Specifi-
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Figure 3.2: Overview of analysis strategy. The TCRj3 V-gene training data was used to train each trimming

model containing various combinations of sequence-level features (Figure 3.1) by minimizing the associated loss

function. The loss function is given by a sum across individuals ¢, genes o, and trimming lengths n of the sampling

probability of each observation P, multiplied by the gene-specific trimming probability predicted by a model with

8 parameters (see Methods for further details). Each potential model first underwent a “model evaluation” stage

(shown by the dashed lines) during which the model performance was evaluated using various subsets of the

training TCR V-gene data set. Once all models were evaluated, a subset of the potential models continued on

to the “model validation” stage (shown by the solid lines) during which the performance of the model coefficients

from the previous TCRg V-gene training run were validated using several independent testing data sets including

TCRg, TCRa, TCR~, and IgH sequences. At each stage, the performance of each model was compared to a null

model (containing zero parameters, see Methods).
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Figure 3.3: Expected per-sequence conditional log loss computed for various models using the full V-gene
training data set, many random, held-out subsets of the V-gene training data set, a held-out subset of the V-gene
training data set containing a group of V-genes defined to be the “most-different” using the terminal sequences
(last 25 nucleotides of each sequence), a held-out subset of the V-gene training data set containing a group of V-
genes defined to be the “most-different” using the full gene sequences, and the full J-gene data set. Each model
was trained using the full V-gene training data set with the held-out group or “most-different” group (if applicable)
removed (see Materials and Methods and Appendix D). Lower expected per-sequence log loss corresponds to
better a model fit. The 1x2 motif + two-side base-count beyond model has the best model fit and generalizability

across all data sets.
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Figure 3.4: Inferred coefficients and performance of the 1x2 motif + two-side base-count beyond model. (A) In-
ferred trimming profiles using the 7x2 motif + two-side base-count beyond model have good predictive accuracy
overall; here we show the inferred trimming profiles (in blue) for the most frequently used V-genes. Gene-specific
trimming profiles for each individual in the training data set are shown in gray. The sequence context with the high-
est probability of trimming (3’-TTC-5 or 3-TGC-5’) from (B and C) is highlighted in orange. (B) Position-weight-
matrix of the local sequence context dependence of V-gene trimming probabilities consisting of 1 nucleotides
5’ of the trimming site and 2 nucleotides 3’ of the trimming site from fitting the 7x2 motif + two-side base-count
beyond model. Positions 5’ and 3’ of the trimming site have a strong effect on the probability of trimming. (C)
Inferred two-side base-count beyond model coefficients from fitting the 7x2 motif + two-side base-count beyond
model suggest that the count of GC bases 5’ of the motif has a strong positive effect on the trimming probability
whereas the count of GC and/or AT bases 3’ of the motif has a negative effect. The count of AT nucleotides 5’
of the motif (shown in gray) was not included in this model. The black vertical line corresponds to the trimming
site. Each inferred coefficient is given as the change in log10 odds of trimming at a given site resulting from an

increase in the feature value, given that all other features are held constant.
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cally, 5’ of the trimming site, C nucleotides have a strong positive effect on the trimming
probability (log,, coefficient = 0.2388) whereas A and T nucleotides have a negative ef-
fect (log,, coefficienty = —0.108 and log,, coefficient; = —0.137). In contrast, immedi-
ately 3’ of the trimming site, G and T nucleotides have a positive effect on the trim-
ming probability (log,, coefficiente = 0.093 and log,, coefficienty = 0.125) whereas C nu-
cleotides have a negative effect (log,, coefficient = —0.174). These results suggest a dif-
ferent possible mechanistic pattern than previous motif-only models [15] (Figure C.1B).
Further, beyond the 122 motif sequence-window, the count of GC nucleotides 5’ of the mo-
tif (within a 10 nucleotide window) has a strong positive effect on the trimming probability
(log,, coefficient = 0.164) (Figure 3.4C). The counts of both AT and GC nucleotides 3’ of the
motif have a strong negative effect on the trimming probability (log,, coefficient 47 = —0.123
and log,, coefficientgc = —0.126). Interestingly, the magnitude of these negative effects are
very similar between AT and GC counts. This suggests that the raw number of nucleotides
3’ of the motif (e.g. the length) is more important for predicting the trimming probability
at a given site compared to the identity of the nucleotides. P-values for each of these coeffi-
cients were reported to be smaller than machine tolerance (2.23 x 1073%). We noted minimal
variation in the magnitude of each inferred coefficient even when changing the number of
sequences included in the training data set (Figure C.9).

Because we were interested in parameterizing sequence-breathing effects using the two-
side base-count terms, we only included nucleotides that are considered to be double-stranded
after hairpin-opening within each count. In our modeling, we assume that the DNA-hairpin
is opened at the +2 position, leading to a 4 nucleotide long 3’-single-stranded-overhang (the 2
nucleotides furthest 3’ are considered P-nucleotides) [29, 31]. As such, the first 2 nucleotides
of the gene sequence can be considered single-stranded, and we do not include them in the
two-side base-count terms. When we train a model that ignores this distinction, and include

all gene sequence nucleotides in the two-side base-count terms, we note very similar inferred
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coefficients and model fit (Figure C.4). We acknowledge that other hairpin-opening positions
may be possible. To explore whether the +2-hairpin-opening-position assumption could be
affecting our inferences, we trained the 122 motif + two-side base-count beyond model with
other possible hairpin-opening-position assumptions and noted minimal variation in model
fit (Figure C.5).

We also evaluated the predictive accuracy of motif + two-side base-count beyond models
containing different “trimming motif” sizes. We find that models containing a small motif
(e.g. a 1z2 motif) achieve similar predictive accuracy and are more generalizable compared
to models containing a larger motif (Figure C.6).

Because the trimming mechanism is thought to be consistent across V, D, and J genes
from both productive and non-productive sequences, we were also interested in whether
the inferred coefficients for the 122 motif + two-side base-count beyond model would be
consistent between the model trained using the non-productive V-gene training data set, a
model trained using a non-productive J-gene data set, and a model trained using a productive
V-gene data set. As such, we trained a new 1z2 motif + two-side base-count beyond model
using only non-productive J-gene sequences and a separate, new 1x2 motif + two-side base-
count beyond model using only productive V-gene sequences (both sequence sets were from
the same cohort of individuals as the V-gene training data set). We found that the inferred
coefficients were highly similar between the three models (Figure C.7 and Figure C.8).

When evaluating models containing only a single feature type, we find that the two-side
base-count model which parameterizes GC nucleotide content on both sides of the trimming
site (and, indirectly, length) has the best model fit and generalizability across all held-out
groups tested (Figure 3.3). As such, these GC-content features, which are likely parame-
terizing the capacity for the sequence to breathe, are more predictive of V-gene trimming
probabilities than local sequence context or DNA-shape alone. This finding supports pre-

vious observations that Artemis may act as a structure-specific nuclease as opposed to a
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nuclease that binds specific DNA sequences [80, 81, 83, 84].

3.1.5 Inferred local sequence context coefficients suggest a biological trimming motif

A persistent concern with the 122 motif + two-side base-count beyond model was that the
motif coefficients could be driven by certain genes, instead of representing an actual gene-
segment-wide signal. When comparing the inferred trimming profiles from the two-side base-
count model to those from the 122 motif + two-side base-count beyond model, we identified
a group of V-genes which had drastically lower prediction error when the 122 motif terms
were included. These V-genes had a difference in per-gene root mean squared error between
the two models that was greater than -0.13 (Figure 3.5A). The genes included in this group
were TRBV5-3, TRBV7-3*01, TRBV7-3*%04, TRBV7-4, TRBVY, TRBV11, and TRBV13.
To evaluate whether these genes could be driving the observed motif signal, we explored
whether the prediction error for these genes changed when they were removed from the
model training data set.

In fact, we found that the inferred trimming profiles for these genes still had very low
prediction error despite the genes not being included in the model training data set (Fig-
ure 3.5B, C), showing the generalizability of these features. The inferred model coefficients
from this 122 motif + two-side base-count beyond model fit using the subsetted training data
set were highly similar to those from the original model fit using the full training data set.
Because genes which are highly-similar sequence-wise to the group of held-out genes could
still be present in the training data set and be driving these similarities, we defined a new
data set that excluded this larger group of genes. When we repeated the same experiment
with this new, more-restricted training data set, we observed similar results (Figure 3.5B,
C). As such, both of these experiments provided evidence that the motif signal may actually
represent a gene-segment-wide sequence motif that appears to get preferentially trimmed,

independent of GC-content-related effects.
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largest RMSE improvement in (A). TRBV9 had a RMSE difference of -0.31. (C) Inferred trimming profiles for
TRBV13, the gene which showed the second largest RMSE improvement in (A). TRBV13 had a RMSE difference
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low prediction error even when the genes are not included in the model training data set. Gene-specific trimming
profiles for each individual in the training data set are shown in gray. The sequence context with the highest

probability of trimming (3-TTC-5" or 3-TGC-5’ from Figure 3.4B) are highlighted in orange.
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3.1.6  Trimming-associated variation within the Artemis locus is associated with a change
in model coefficients

Using a subset of the V-gene training data set used here, we previously identified a set
of single nucleotide polymorphisms (SNPs) within the gene encoding the Artemis protein
that are associated with increasing the extent of V- and J-gene trimming [2]|. This result
suggested that trimming profiles may subtly vary in the context of these SNPs. As such,
we were interested in whether these SNPs could be mediating (or serving as a proxy for)
a change in the trimming mechanism. To explore this, we worked with paired SNP array
and TCRG-immunosequencing data representing 611 of the original 666 individuals in the
V-gene training data set used here. Our previous work [2] used data from only 398 of these
individuals, however, the conclusions of that paper held when using this expanded group of
611 individuals in the analysis. With these data, we asked whether the inferred coefficients
from the V-gene-specific 122 motif + two-side base-count beyond model varied significantly
in the context of the non-coding Artemis-locus SNP (rs41298872) that was found to be
most strongly associated with increasing the extent of V-gene trimming in our previous
work [2]. As such, we re-defined the model to include an interaction coefficient between
the SNP genotype and each model parameter (see Materials and Methods). We then used
a Bonferroni-corrected significance threshold of 0.0033 (corrected for the total number of
interaction coefficients) to evaluate the significance of each interaction coefficient. For each
significant interaction coefficient, we concluded that the corresponding model coefficient
varied significantly in the context of the SNP genotype.

Using these methods, we found that several of the 1x2 motif + two-side base-count be-
yond model coefficients varied significantly in the context of the Artemis-locus SNP rs41298872
(Figure 3.6). Specifically, we found that 3’ of the trimming site, the negative effect of A nu-
cleotides on the trimming odds varied in the context of the SNP for the position immediately

3’ of the trimming site (log,, interaction coefficient = 0.006, P = 0.0006) and one position
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Figure 3.6: Inferred SNP-parameter-interaction coefficients from fitting the 7x2 motif + two-side base-count be-
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(A) Inferred interaction coefficients between rs41298872 SNP genotype and motif parameters for 1 nucleotide
position 5’ of the trimming site and 2 nucleotide positions 3’ of the trimming site. The interaction coefficients be-
tween the SNP genotype and the presence of A nucleotides (at all positions 3’ of the motif) are significant. This
figure is a different representation of the information shown in (A). (B) Inferred interaction coefficients between
rs41298872 SNP genotype and two-side base-count beyond model coefficients. The interaction coefficients be-
tween the SNP genotype and the count of AT nucleotides 3’ of the motif are significant. The interaction coefficient
between the SNP genotype and the count of AT nucleotides 5’ of the motif (shown in gray) was not included in
this model. The black vertical line corresponds to the trimming site. Each inferred interaction coefficient is given
as the change in log10 odds of trimming at a given site resulting from an increase in the feature value and a

change in genotype, given that all other features are held constant.

67



away (log,, interaction coefficient = 0.007, P = 0.0006). Further, we found that the negative
effect of the count of AT nucleotides 3’ of the motif varied strongly in the context of the
SNP (log,, interaction coefficient = 0.010, P = 1.47 x 107'?). No other motif or two-side
base-count coefficients were found to significantly vary.

Because the 3’-side base-count-beyond terms parameterize both GC nucleotide content
and length in their definition, we were interested in whether the significance of the 3’-AT-
nucleotide count SNP variation effect was related to GC nucleotide content, length, or both.
To do this, we re-defined the 3’-side base-count-beyond parameters to be a proportion instead
of raw AT/GC nucleotide counts and included an additional length term in the model to
remove length-related effects from the inferred 3’-side base-count-beyond coefficients. Using
this new model, we repeated the analysis and found that the length coefficient varied signifi-
cantly in the context of the SNP (log;, interaction coefficient = 0.005, P = 6.24 x 10723), but
the 3’-AT-nucleotide-proportion term did not (Figure C.10). This result is fully consistent
with the fact that the Artemis-locus SNP is known to be associated with increasing the

extent of trimming (a proxy for length).

3.1.7 Local sequence context, length, and GC nucleotide content in both directions of the
wider sequence can also accurately predict the trimming probabilities of a given se-
quence from other receptor loci

To validate our previously-trained models, we worked with TCRa- and TCRB-immuno-
sequencing data representing 150 individuals, TCRy-immunosequencing data representing
23 individuals, and IgH-immunosequencing data representing 9 individuals from three in-
dependent validation cohorts. Before analyzing these data, we “froze” our trained model
coefficients in git commit 093610a on our repository. In contrast to the training data cohort,
these validation cohorts contain different demographics and were each processed using dif-

ferent sequence annotation methods (see Materials and Methods). To explore the potential
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effects of using a different sequence annotation method, we re-annotated the TCRS training
data set using the same annotation method as the TCRa-f testing data and found that it
had little to no effect on the model fit or performance (Figure C.11).

To evaluate the performance of the 122 motif + two-side base-count beyond model
using these testing data, we used the model coefficients from the previous TCRS V-gene
training run and computed the expected per-sequence conditional log loss of the model
using each testing data set (TCRS V-gene sequences, TCRa V-gene sequences, TCRy V-
gene sequences, IgH V-gene sequences, TCRf J-gene sequences, etc.). We found that the
model has high predictive accuracy (i.e. low expected per-sequence conditional log loss) for
both non-productive V- and J-gene sequences from the TCRf testing data set (Figure 3.7).
The model also extends well to non-productive V- and J-gene sequences from the TCRa«
and TCR~ testing data sets and to non-productive V-gene sequences from the IgH testing
data set. The model has relatively poor predictive accuracy for non-productive IgH J-gene
sequences, however. We noted very similar results when validating model performance using
productive V- and J-gene sequences from each testing data set (Figure C.12).

We hypothesized that the weight of the 122 motif and two-side base-count beyond model
terms may vary across each testing data set. To explore this for each data set, we again
used the model coefficients from the previous TCRS V-gene training run and trained a new
two-parameter model containing one coefficient scaling the 1x2 motif terms and a second
coefficient scaling the two-side base-count beyond terms (see Materials and Methods). With
this approach, we found that the two-side base-count beyond terms were dominant compared
to the 1z2 motif terms for every data set (Figure C.13A). The scale coefficient for the 122
motif terms was very small for several of the data sets, especially the IgH data set, indicating
only a weak motif-related signal. The sequence motifs that lead to a large increase in
trimming probabilities in the model appear at relatively low frequencies within the germline

IGH genes (Figure C.14), perhaps explaining the weakness of the motif-related signal. When
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evaluating the expected per-sequence conditional log loss of these partially re-trained models,
we note a small improvement in model fit for each re-trained model compared to the original

model (Figure C.13B).

3.2 Discussion

The junctional deletion and insertion steps of the V(D)J recombination process are essen-
tial for creating diversity within the TCR repertoire. While the Artemis protein is often
regarded as the main nuclease involved in V(D)J recombination, the exact mechanism of nu-
cleotide trimming has yet to be understood in a human system. Using a previously-published
high-throughput TCRS sequencing data set, we designed a flexible probabilistic model of
nucleotide trimming that allowed us to explore the relative importance of various sequence-
level features. While we recognize that these general model features may not capture the full
complexity of the trimming mechanism and establish causation, we were primarily interested
in identifying mechanistically-interpretable features which could confirm and extend our cur-
rent understanding of the nucleotide trimming process. With this framework, we have (1)
revealed a set of sequence-level features which can be used to accurately predict trimming
probabilities across various adaptive immune receptor loci, (2) shown that length and GC
nucleotide content in both directions of the wider sequence are highly predictive of trimming
probabilities, quantifying how double-stranded DNA needs to be able to breathe for trim-
ming to occur, (3) identified a sequence motif that appears to get preferentially trimmed,
independent of length- and GC-content-related effects, and (4) demonstrated that a genetic
variant within the gene encoding the Artemis protein is associated with changes in several
model coefficients.

Specifically, we find that a model containing parameterizations of both local sequence

context, length, and GC nucleotide content in both directions of the wider sequence can
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most accurately predict the trimming probabilities of a given TCRS gene sequence. In
addition to having fewer parameters, this model also had better predictive accuracy than
a previously proposed sequence context model [15]. Models containing other sequence-level
parameters such as DNA-shape and length also had relatively worse predictive accuracy. The
TR and IG V(D)J recombination processes, including trimming profiles, have previously
been suggested to vary substantially across individuals [2, 101]. Here, our results support
a universal, sequence-based trimming mechanism underlying this variation across TR and
IG loci in humans. Specifically, in addition to TCRf sequences, we find that local sequence
context, length, and GC nucleotide content in both directions of the wider sequence can be
used to accurately predict trimming probabilities across TCRa, TCRry, and IgH sequences.
For all of these loci, we find that length and GC nucleotide content are relatively more
important than local sequence context terms for making accurate model predictions.

The Artemis protein, in complex with DNA-PKcs, is responsible for opening the DNA
hairpin during the early steps of V(D)J recombination to generate a four-nucleotide-long 3’-
single-stranded overhang at the end of each gene, and has been suggested to continue on to
trim nucleotides from this resulting DNA structure |2, 25, 27, 30, 32-34, 80, 81]. The Artemis
protein, with and without DNA-PKcs, has been shown to bind single-stranded-to-double-
stranded DNA boundaries prior to nicking DNA [29, 80, 81, 83]. While the single-stranded
overhang created during hairpin-opening may create a natural single-stranded-to-double-
stranded DNA substrate for Artemis binding near the end of the gene sequence, we find that
many trimming events occur further into the double-stranded gene sequence. Indeed, pre-
vious in-vitro DNA nuclease assays involving Artemis have shown that sequence-breathing
dynamics are often required to generate a transient single-stranded-to-double-stranded DNA
substrate prior to Artemis action [80]. Using our model of nucleotide trimming, we have
shown that trimming probabilities are highest for DNA positions closer the end of the se-

quence. Because these DNA positions have fewer double-stranded nucleotides on the 3’-side
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of the trimming site, they may have more capacity for sequence-breathing. On the 5’-side
of the trimming site, we find that having a larger number of G-C nucleotides, and perhaps
less sequence-breathing capacity, increases the trimming probability. Perhaps this breathing
transition can create a transient single-stranded-to-double-stranded DNA substrate that is
suitable for Artemis to bind and trim. As such, this finding quantifies sequence-breathing
effects that were previously identified through in-vitro DNA nuclease assay studies involving
Artemis [80].

Independent of GC-content-related effects, we have also identified a gene-segment-wide
sequence motif that appears to get preferentially trimmed. This motif is suggestive of
sequence-specific nucleolytic activity, however, Artemis is widely regarded as a structure-
specific nuclease as opposed to a nuclease that binds specific DNA sequences [80, 81, 83, 84].
This suggests that either (1) Artemis actually does possess some ability to recognize specific
nucleotides, (2) the observed sequence motif is serving as a proxy for DNA structure induced
by the motif, or (3) another nuclease, in addition to Artemis, is responsible for the sequence-
specific trimming we observe. However, because the strength of this sequence motif signal
varied across receptor loci, further work will be required to explore its mechanistic basis and
presence.

We found that several model coefficients related to local sequence context, length, and
GC nucleotide content in both directions of the wider sequence varied significantly in the
context of the non-coding Artemis-locus SNP rs41298872. We previously identified this
Artemis locus SNP as being associated with increasing the extent of TCRS V- and J-gene
trimming [2|. While many previous studies have reported a high consistency of TCRf
trimming profiles across individuals [11, 15, 17|, our results begin to explore how the trimming
mechanism may vary across individuals in the context of Artemis genetic variation. We
reported that trimming probabilities decrease as the number of double-stranded nucleotides

3’ of the trimming site increases. In the context of the SNP rs41298872, we found that as the
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number of double-stranded AT nucleotides 3’ of the trimming site increases, the trimming
probabilities do not decrease as quickly. This suggests that individuals homozygous (or
heterozygous) for rs41298872 may be more capable of trimming at positions that have a larger
number of double-stranded nucleotides 3’ of the trimming site, especially if the additional
nucleotides are AT bases. This may be possible if, for example, rs41298872 increases Artemis
expression. If there is more Artemis available, then trimming at less optimal positions (i.e.
positions further into the sequence which have less breathing) may be possible. Additional
work will be required to define the relationship between rs41298872 genotype and Artemis
expression.

We also identified several local sequence context coefficients that varied in the context
of 141298872, however, their mechanistic interpretation remains unclear. Earlier, we noted
that A nucleotides 3’ of the trimming site have a negative effect on the trimming probability
while T nucleotides have a strong positive effect. In the context of rs41298872, we found
that the magnitude of the negative effect of 3’ A nucleotides on the trimming probability was
reduced. This may suggest that individuals homozygous (or heterozygous) for rs41298872
may trim in a less motif-dependent fashion, and are instead more reliant on sequence openness
3’ of the trimming site. In this way, having A or T nucleotides 3’ of the trimming site would
create a more open local sequence for trimming.

There are several key limitations of our approach which are intrinsic to the use of
adaptive immune receptor repertoire data. First, we have used trimming statistics from
non-productive rearrangements as a means of studying the nucleotide trimming process in
the absence of selection. Non-productive sequences can be sequenced as part of the repertoire
when they are present within a cell expressing a productive rearrangement that survived the
selection process. While we are not aware of a mechanism through which non-productive
and productive rearrangements within a single cell could be correlated, we also acknowledge

that the repertoire of non-productive rearrangements may be an imperfect proxy for a pre-
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selection repertoire. However, as is common in the literature [11, 15, 17, 19, 20|, we assume
that the two recombination events are independent and that the non-productive rearrange-
ments reflect the statistics of the repertoire prior to selection. Next, because many V(D)J
rearrangement scenarios can give rise to the same final nucleotide sequence, possible error
related to the annotation of each sequence may have restricted our ability to model the actual
trimming distributions of each gene. Although we cannot rule out some effect of incorrect
sequence annotation on our model inferences, we found that the exact sequence annotation
method used, including sampling from the posterior distribution of rearrangement events,
had little to no effect on the model fit or performance.

In summary, we have found that local sequence context, length, and the GC nucleotide
content in both directions of the wider sequence can accurately predict the trimming prob-
abilities of TR and IG gene sequences. These results refine our understanding of how nu-
cleotides are trimmed during V(D)J recombination. The sequence-level features identified
here lay the groundwork for further exploration into the trimming mechanism and how it
may vary across individuals. Such insights will provide another step towards understand-
ing how V(D)J recombination generates diverse receptors and supports a powerful, unique

immune response in humans.

3.3 Methods and Materials

3.3.1 Data details

Training data set: TCR/ repertoire sequence data for 666 healthy bone marrow donor
subjects was downloaded from the Adaptive Biotechnologies immuneACCESS database us-
ing the link provided in the original publication [50]. V(D)J recombination scenarios were
assigned to each sequence for each individual using the IGoR software (version 1.4.0) [11] as

follows. The IGoR software can learn unbiased V(D)J recombination statistics from immune
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sequence reads. Using these statistics, IGoR can output a list of potential recombination
scenarios with their corresponding likelihoods for each sequence. As such, using the default
IGoR V(D)J recombination statistics, the ten highest probability V(D)J recombination sce-
narios were inferred for each TCR/S-chain sequence in the training data set [11]. We then
annotated each TCRf-chain sequence with a single V(D)J recombination scenario by sam-
pling from these ten scenarios according to the posterior probability of each scenario. We
filtered these sequences for rearrangements which contained more than one trimmed nu-
cleotide and less than fifteen trimmed nucleotides (see the “Notation” section for further
details). We further subset the data to include only non-productive sequences, and used
these data for all subsequent model training. After these processing and filtering steps, we
used V-gene trimming length distributions from 21,193,153 non-productive sequences for
all model training. To test each trained model, we used V-gene trimming length distribu-
tions from the remaining 107,121,841 productive sequences (as described in Appendix D).
From this same data set, we also used J-gene trimming length distributions from 107,255,406

productive sequences and 20,204,801 non-productive sequences to test each model.

TCRa and TCRp testing data sets: Annotated TCRa and TCRS repertoire sequence
data for 150 healthy subjects was downloaded using the link provided in the original pub-
lication [2]. In contrast to the training data cohort, this cohort contains different demo-
graphics, shallower RNA-seq based TCR-sequencing, and was processed using a different
sequence annotation methods (i.e. TCRdist (version 0.0.2) [67] as described in a previous
publication [2]). Sequences were split into non-productive and productive groups for model
validation. From the TCRa data set, we used V-gene trimming length distributions from
123,496 non-productive sequences and 862,096 productive sequences and J-gene trimming
length distributions from 141,451 non-productive sequences and 1,101,114 productive se-

quences to test each model. From the TCRfS data set, we used V-gene trimming length
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distributions from 64,738 non-productive sequences and 1,435,153 productive sequences and
J-gene trimming length distributions from 59,608 non-productive sequences and 1,496,953

productive sequences to test each model.

TCR~ testing data set: Annotated TCR~y repertoire sequence data for 23 healthy bone
marrow donor subjects was downloaded from the Adaptive Biotechnologies immuneACCESS
database [102|. Sequences were split into non-productive and productive groups for model
validation. We used V-gene trimming length distributions from 2,403,293 non-productive
sequences and 1,002,662 productive sequences and J-gene trimming length distributions from

568,824 non-productive sequences and 250,493 productive sequences to test each model.

IgH testing data sets: Annotated IgG class non-productive IgH repertoire sequence data
for 9 healthy subjects was obtained from the authors of a previous publication [97|. The
raw sequence data is available using the link provided in the original publication [103|. In
contrast to the training data cohort, this cohort contains different demographics, shallower
RNA-seq based IgH-sequencing, and was processed using a different sequence annotation
method (i.e. a combination of Immcantation [104] and IgBlast [9] as described in a previous
publication [97]). Further, these data are restricted to rearrangements that lead to a clonal
family with at least six members.

Likewise, productive IgH repertoire sequence data for 4 healthy subjects was downloaded
using the link provided in the original publication [105] and the sequences were annotated
using partis (version 0.16.0) [106]. Due to the large size of this data set, 100k sequences
were randomly sampled from the original data set prior to model validation. For both IgH
data sets, only a single sequence from each inferred clonal family was included in each model
testing data set. From these data sets, we used V-gene trimming length distributions from
160,714 non-productive sequences and 32,245 productive sequences and J-gene trimming

length distributions from 297,298 non-productive sequences and 74,884 productive sequences
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to test each model.

Artemis-locus SNP data set: Genome-wide SNP array data corresponding to 611 of
the training data set individuals was downloaded from The database of Genotypes and
Phenotypes (accession number: phs001918). Details of the SNP array data set, genotype
imputation, and quality control have been described previously [57]. We only used SNP data
corresponding to the Artemis-locus (rs41298872) which we previously found to be strongly

associated with increasing the extent of V-gene trimming [2].

3.3.2 Notation

Let I be a set of individuals. For each subject ¢ € I, assume we have a TCR repertoire
consisting of sequences indexed by k such that k =1,..., K;. We assume that each sequence
can be unambiguously annotated with being from a specific V-gene and J-gene sequence,
and having a number of deleted nucleotides from each gene. For modeling purposes, we
combine TRB V-gene or J-gene alleles that have identical terminal nucleotide sequences
(last 24 nucleotides of each sequence) into TRB V-gene allele groups and TRB J-gene allele
groups. As such, each TCR sequence is annotated with being from a V-gene allele group
and J-gene allele group. Because we are requiring that each gene-allele group originates from
the same TRB V-gene or J-gene, there may still be overlap in terms of sequence identity
between allele groups. For simplicity, we orient all sequences in the 5’-to-3’ direction, and
use the top strand for V-gene sequences and the bottom strand for J-gene sequences. We will
be introducing modeling methods as they relate to V-genes and V-gene trimming, however,
with this sequence orientation, the same methods can be applied to J-genes and J-gene
trimming. We will use o to represent a gene sequence oriented in the 5’-to-3’ direction and
n to represent the number of nucleotides deleted from the 3’ end of this sequence as we

describe our modeling.
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We are interested in modeling the probability of trimming n nucleotides from a given
gene sequence o, P(n | o). We can define an empirical conditional probability density
function to estimate this probability. To start, we can uniformly sample from any given
individual’s repertoire. Let S be a random variable that represents the gene allele group
sequence from such a sample. Let N be a random variable that represents the number
of deleted nucleotides, which for notational convenience we assume take on a non-negative
integer value (nonsensical values will have probability zero). Let 0 < C% (o) < K; represent
the number of TCRs that use gene allele group 0. Let 0 < C¥(n,s) < K; represent the
number of TCRs that have gene allele group o and n gene nucleotides deleted. With these
data, we can form the empirical conditional probability density function:

C9(n,o)

Pemp<N:n|S:O-7i):C,(T(O_>

(3.1)

Using these TCRf repertoire data, we want to model the influence of various sequence-
level parameters on P(n | o). With this assumption, let L and U be lower and upper bounds,
respectively, on n such that N’ = {L,...,U} is the set of all reasonable nucleotide deletion
amounts. The precise location of hairpin opening and its relationship to deletion is unclear.
Hence, we have chosen to define L = 2 since smaller trimming amounts may result from
an alternative, hairpin-opening-position-related (or other) trimming mechanism. Likewise,
we have chosen to define U = 14 since trimming amounts greater than 14 nucleotides are
uncommon and could also result from an alternative trimming mechanism. We will subset
the training data set, after IGoR annotation (see details in a previous section), such that
we will only consider TCRs that have 2 < n < 14. Similarly, the one existing analysis [15]
exploring the relationship between sequence context and nucleotide trimming only considered
TCRs that had 2 < n < 12 for their modeling. We summarize all of the notation discussed

in this section, as well as in the following sections, in Table C.1.
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3.3.3  V(D)J recombination modeling assumptions

For our model, we make the following assumptions about V(D)J recombination biology:

1. During the V(D)J recombination process, the gene DNA hairpin is nicked open by a
single-stranded break [26, 27, 29-31].

2. This hairpin nick occurs at the +2 position, leading to a 4 nucleotide long 3’-single-
stranded-overhang (the 2 nucleotides furthest 3’ are considered P-nucleotides) |29,
31]. We will discuss a sensitivity analysis to this assumption, which showed that the

assumed hairpin-nick position had little impact on our model fitting, in Appendix D.

3. If any nonzero amount of the original gene sequence is deleted, all P-nucleotides will

also be deleted [26, 47].

4. Nucleotide trimming occurs before N-insertion.

With these assumptions, we can resolve the nucleotide sequence on both sides of the trim-
ming site and define mechanistically-interpretable model features using these two sequences.
Specifically, we define a “trimming motif” consisting of several nucleotides on either side of
the trimming site , the predicted “DNA-shape” of the nucleotides and bonds in close proxim-
ity to the trimming site, the counts of GC or AT nucleotides on either side of the trimming
site beyond the “trimming motif” region (e.g. the “two-side base-count beyond”), and the
sequence-independent “length” from the end of the gene to the trimming site (see Appendix D
for further details). An example of how an arbitrary V-gene sequence is transformed into
features for modeling is shown in Figure 3.1. We will assume that observations can be drawn
from a model in which these features vary across trimming lengths n for a given gene allele
group o. We can then explore the influence of these features on the probability of trimming

at a certain site given a gene sequence.
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3.3.4  Defining a model covariate function

With the features summarized above, we can define a model covariate function f than
contains any unique combination of parameter-specific covariate functions (Table 3.1). This
function f will be the sum of each of the desired parameter-specific covariate functions. This
framework allows us to generalize the existing position-weight-matrix style model [15] to
a model that allows for arbitrary sequence features. For example, we replicate this PWM
model using the model covariate function, fi(n,o; 8", a = 2,b = 4), where n represents
the number of trimmed nucleotides, o represents the gene allele group sequence, B"°*f
represents motif-specific parameter coefficients, and a and b are non-negative integer values
that represent the number of nucleotides 5’ and 3’ of the trimming site, respectively, that
are included in the “trimming motif”. This function is described further in (D.2). To extend

this model to a model containing motif parameters and base-count-beyond parameters, the

model covariate function will be

f(n,a;ﬁm"tif,,@“,ﬁcc,a,b, c) = fl(n,a;ﬁmtif,a,b) + f2(n,a;ﬁ“,,6cc,a, b, c) (3.2)

where f, represents the base-count-beyond model covariate function (D.5), B*" and B rep-
resent base-count-beyond-specific parameter coefficients, and ¢ represents the number of nu-
cleotides 5’ of the trimming site to be included in the base-count. We will use this motif
and base-count-beyond model example to discuss the model formulation in the following sec-
tions, however, many other parameter combinations are possible. We will not define a model
covariate function that contains two parameters that model the same feature. For example,
length and base-count-beyond coefficients will never be included in a model covariate function
together (since they both parameterize length). Likewise, motif and DNA-shape coefficients

will never both be included in a model covariate function.
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Table 3.1: Summary of all parameters and covariate functions for a trimming site n and gene sequence o. Here,
a and b represent the number of nucleotides 5" and 3’ of the trimming site to be included in the “trimming motif”,

respectively, and c represents the number of nucleotides 5’ of the trimming site to be included in the base-count.

Parameter Model coefficient variables | Parameter-specific
covariate function

motif parameters B % coefficients fi(n,o; 8™ a,b) (D.2)

base-count-beyond parameters | B and 3% coefficients fa(n,o; B, 8%, a,b,c) (D.5)

DNA-shape parameters 3¢ coefficients f3(n,o; B2 a,b) (D.7)

length parameters Bdist coefficient fa(n,o; 3145%) (D.8)

3.3.5  Predicting trimming probabilities using conditional logistic regression

We will be using the motif and base-count-beyond parameters given by (3.2) as examples
for the remainder of this section, however, we could also formulate a model with any other
parameter of interest, as described in the previous section (Table 3.1). As such, we can fit a

conditional logit model which posits that

eXp(f(n, o; I@motif7 BAT,ﬂGC, a, b, C))
Zn’GN’ eXp(f(n/, g, /BmOtifa ﬂATa 6GC7 a, b, C)) .

P(n|o; 8%, 8", 8%, a,b,c) = (3.3)

where N’ is the set of all reasonable trimming lengths, a and b represent the number of
nucleotides 5’ and 3’ of the trimming site to be included in the “trimming motif”, respectively,
c represents the number of nucleotides 5’ of the trimming site to be included in the base-count
parameters, and f(n, o; 3", B*7, 3%, a,b,¢)) is the model covariate function for the motif
and base-count-beyond model given by (3.2). We will let P(n | o; 3", 8", 3%, a,b,c)
denote the conditional probability that a given gene will be trimmed by n nucleotides.

Let 9iron equal 1 if a gene allele group o is trimmed by n nucleotides for TCR &
from subject 7, and equal 0 otherwise. With this, we can define a likelihood function,

L(B™%, B 3% a,b,c), such that for a random sample of subjects, L(3"*%, B**, 3%, a, b, c),

motif

is the likelihood of the model parameters, 3 . B*, and 3%, given that we observed a set

of trimming amounts for a set of given genes. As such, the log-likelihood function can be
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written as

log L(B™***, B*", 3%, a,b,¢) = Z Yikon - 1og P(n | o3 8, B 3% a, b, c)
ik,oon
where P(n | o; 8%, 8", 8% a,b,c) is given by (3.3). Instead of maximizing this log-
likelihood directly, we may wish to aggregate the data to reduce the number of observations
and simplify model fitting. Recall that for subject i, C”)(o) represents the number of TCRs
which use gene allele group o and C”)(n, o) represents the number of TCRs which have gene
allele group o and n gene nucleotides deleted. As such, C”)(n, o) is the count of observations
which will have the same trimming probabilities P(n | o; 3%, B*7, 3%, a, b, ¢) and will have
been trimmed by n for subject ¢ and gene allele group o. Thus, using this aggregated data

from all subjects ¢ € I, we can re-write the log-likelihood function equivalently as

log L(B™*, B, 8%, a,b,c) = Z CD(n, o) -log P(n | o; 8™ B 8% a,bc).  (3.4)
i,on
As above, for a random sample of subjects, L(8"***, B*7, 3%, a, b, ¢), is the likelihood of the
model parameters, 8% B* and B, given that we observed a set of trimming amounts
for a set of given genes.

With this likelihood formulation, all observations in the sample get uniform treatment
in the construction of the likelihood. However, subjects may differ in their repertoire size
and composition for reasons other than trimming. For example, it is known that gene usage
differs across subjects. Thus, to avoid having these differences pollute our ﬁmgtif, BAAT, and
BAGC inference, we propose a subject and gene weighting scheme.

As such, we can define the expected likelihood of a process where we first draw a
subject 7 uniformly at random, then we sample T-cell receptor sequences from their repertoire

according to a given distribution, as follows. For a single TCR sequence from such a sample,
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let S be a random variable representing the gene of the sequence, and let N be a random
variable representing the number of deleted nucleotides. We can sample each TCR sequence
with probability Pumple(N = n,S = o) which we will specify later. Also, given random S

and N, the log-likelihood of the model parameters, 8%, BT and B, is given by
log L(B™*, 8", 8%, a,b,¢; N, S) = log P(N | S; 8™, B4, 3%, a, b, ¢).

With this, the expected log-likelihood of the model parameters, 8"**f, BT and B% given

this random sample is given by

E[lOgL(,@mOtif,ﬁAT,,BGC,CL,b, C) ’ I — Z]

=" Pawpie(N = 1.5 = 0) - log P(N = 1,5 = 0: %, 8%, 8% ab, )

=3 Paampe(N =1, = 0) - log P(N = n | § = ;8% 87, 8%, a, b ).

We can define a new, weighted log-likelihood function, log Lexpected (3™, BT, 8%, a, b, ¢),

equivalent to this expected log-likelihood:
0g Lexpectea(B™%F, B, B, a,b,¢) =Y~ Ellog L(B™%, B*, 8%, a,b,c) [ I =i].  (3.5)

For a random sample of subjects, the weighted likelihood, Lexpected (3", B, 3%, a, b, ¢),
represents the likelihood of the model parameters, 3™, BT and B%, given that we ob-
served a set of trimming amounts for a given set of gene allele groups after weighting obser-
vations according to the sampling procedure Piympie(N = n,S = ¢). We can use whichever
sampling procedure, Psample(N = 1,5 = o), we want. For example, recall that we originally

formed the empirical conditional PDFs in (3.1) for each subject ¢ by uniformly sampling
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from each TCR repertoire to get a total repertoire size of K;:

. 09(n, o)
Pop(N=n|S=0,i) = (o)
. CY0)
Pop(S=01) = K
and
. 1
Pemp(z) = 7

With this, we can define a sampling procedure equivalent to this empirical joint PDF as

follows:
Psample(N =n, S = ) ::Pemp(N =n, S = U)
(3.6)
=Pemp(n | 0,7) + Pomp(0 [ ©) + Pemp(4)-
With this sampling procedure,
108 Lexpected (87, B4, 8%, a, b, ¢)
(3.7)

= Penp(n| 0,1) - Pernp(0 | 1) - Pernp(i) - log P(n | 5 8%, B*, 8%, a, b, )

i,0,m

As such, each subject, instead of each observation, gets uniform treatment in the construction
of the weighted likelihood.

While this procedure would correct for individual subjects having different repertoire
sizes, it does not account for gene usage differences. To avoid having these differences
pollute our BmStif, ,BAAT, and BAGC inference, we propose a subject-independent gene allele
group sampling scheme. While we could use any distribution on o, including a uniform

weight by gene allele groups, we have chosen to define:

1 .
Paaws() = 7 Pen(07 | ).
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We can reformulate the sampling procedure which is an empirical average per-gene-allele-

group frequency such that:
Paample(N =n,8 = 0) = Ponp(n | 0,1) - Prarg(0) * Pemp(1). (3.8)

With this subject-independent gene sampling procedure, we can define a weighted likelihood

Ly (8™, 8%, 3%, a,b, ) such that

logLW(/BmOtif7 /6AT, ﬁGC’ a, ba C)

= Z Ponp(n ] 0,4) * Prarg(0) + Pomp(4) - log P(n | o; 8%, B, 8% a, b, ¢)

2,0,

(3.9)

As such, each gene and each subject get uniform treatment in the construction of the weighted
likelihood.

From here, we can maximize this weighted log-likelihood, log Ly, (3"***, 8%, 3%, a, b, ¢),
to estimate the log-probabilities B"**f, 3%, and B%, where 8" is equivalent to a (log)
position-weight-matrix. To estimate each coefficient, we can solve the weighted maximum

likelihood estimation problem:

(BmStif’ IBAAT, IBAGC) = argmaxﬁmmf”@nﬁcc log Lw(ﬁmOtif, BAT, ﬁGC, a, b, C) (310)

using the mclogit package in R. We can formulate a weighted maximum likelihood problem
in a similar way for any model covariate function f containing a unique combination of
parameter-specific covariate functions (Table 3.1).

We compare our inferred coefficients to the existing position-weight-matrix-style model
which was designed and trained using least squares [15]. When replicating this model using
our methods described above (i.e. the 2z4 motif model), we note highly similar results

(Figure C.1).
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3.3.6  Fvaluating model fit and generalizability across genes

In order to evaluate the model fit and generalizability of each model, we use a variety of
training and testing data sets to train each model and calculate the log loss. We will describe
our general model evaluation procedure here. We describe variations of this general model
evaluation procedure in Appendix D. Let T represent a training data set and H represent
a held-out testing data set. With the training set T, we can train each model of interest
as described above in (3.10). After this model fitting, we can calculate the expected per-
sequence conditional log loss of the model with given coefficients, M, for a given held-out

testing set, H, such that

(M |H) =— ZPempH(n,a,z’) -log P(n | o; M)

2,0,MN

=— Z Pempg (N | 0,7) + Pompyy (0] 7) + Pempy, (1) - log P(n | o3 M)

1,0,

(3.11)

where 7 represents a subject, n represents a trimming length, and o represents a gene allele
group. Because we are incorporating the empirically observed frequency of each subject,
trimming length, and gene allele group within each “held-out testing set,” Pemp, (1, 0,1%), in
this formulation, the expected per-sequence conditional log loss values are guaranteed to be
directly comparable between held-out testing sets with varying compositions. Models that
have lower expected per-sequence conditional log loss will indicate that the model has a

better fit.

3.8.7 Assessing significance of model coefficients

During model fitting, we estimated the model coefficients ,Bmgtif, ,BAAT, and ,BAGC by maximizing
the weighted likelihood function given by (3.9). To measure the significance of each of these

model coefficients B € {Bmatif, ,BAAT, ,BAGC} we want to test whether each coefficient B =0. To
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do this, we can first estimate the standard error of each inferred coefficient using a clustered
bootstrap (with subject-gene pairs as the sampling unit). As such, for each bootstrap iterate,
we sampled subject-gene pairs from the full V-gene training data set with replacement. Using
this re-sampled data, we maximized the weighted likelihood function given by (3.9) to re-
estimate each coefficient. We repeated this bootstrap process 1000 times and used the
resulting 1000 coefficient estimates to estimate a standard error for each model coefficient.
With this estimated standard error of each inferred model coefficient 3 € {,Bmgtif, BAAT, ,BAGC},

we test whether B = 0 by calculating the test statistic

N

5 B
T(B) = - 3.12
®=25 (312)

N

and comparing T'(f) to a N(0,1) distribution to obtain each P-value. We consider the
significance of each model coefficient using a Bonferroni-corrected threshold. To establish
the threshold, we corrected for the total number of model coefficients being evaluated in the

given model.

3.3.8 FEwvaluating model coefficient variation in the context of SNPs

With the motif and base-count-beyond model, we are interested in quantifying variation in
model coefficients in the context of genetic variations within the gene encoding the Artemis
protein that were previously-identified as being associated with increasing the extent of
trimming [2]. Recall that we trained this model using the model covariate function given
by (3.2). During model fitting, we estimated the model coefficients Hﬂgtif? BAAT, and ﬁAGC by
maximizing the weighted likelihood function given by (3.9).

We have previously identified a set X of single-nucleotide-polymorphisms (SNPs) within
the gene encoding the Artemis protein that are significantly associated with increasing the

extent of trimming [2]|. For each SNP z € X and individual i € {1,...,1}, we measure
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the number of minor alleles in the genotype, g € {0,1,2}. We are interested in whether
each of the inferred model coefficients B € {,Bmatif, ﬁh, ﬁAGC} vary in the context of genotype
for each genetic variant + € X. As such, for each SNP of interest, we can adapt the
122 motif + two-side base-count beyond model covariate function to allow for genotype-
specific variation of each model coefficient by incorporating additional interaction coefficients

B, € {BrH B 3%} to model the relationship between each model parameter and the

SNP z genotype. We can then estimate the coefficients of this new model, 3™, 3T,

BAGC, 5matifx, th, and BAGC:E, as before by maximizing the weighted likelihood given by (3.9)
using the adapted model covariate function. We can measure the significance of each of
the model coefficients using the methods described in the previous section. Ultimately if
a SNP-coefficient interaction term 3, € {,Bm‘;tifx, ,BAATI, ﬁAGCI} is significant, we can conclude
that the corresponding model coefficient 3 varies significantly in the context of the genotype
of SNP x € X. We use this same procedure to evaluate whether each model coefficient varies

in the context of each SNP of interest.

3.3.9 Code availability

R code implementing the modeling described here is available at https://github.com/

magdalenarussell/mechanistic-trimming.
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Chapter 4

STATISTICAL ANALYSIS OF REPERTOIRE DATA
DEMONSTRATES THE INFLUENCE OF
MICROHOMOLOGY IN V(D)J RECOMBINATION

V(D)J recombination is an essential process for generating diverse B cell receptors (BCRs)
and T cell receptors (TCRs). In this process, single V-, D- (if present), and J-genes are
randomly selected from a pool of germline gene segments, then edited and joined together to
form a uniquely recombined receptor sequence. Previous in vitro experiments have suggested
that short stretches of sequence homology between gene ends, known as microhomology,
can play a significant role in the V(D)J recombination process |26, 44, 45, 45, 46, 107
111]. This raises the question of whether microhomology impacts V(D)J recombination in
vivo, particularly in terms of recombination outcomes in humans with intact recombination
machinery. Understanding this has practical implications for V(D)J recombination sequence
annotation. Annotation means inferring the specific V(D)J recombination editing and joining
processes that produced each sequence, forming the basis for many downstream B cell and
T cell repertoire analyses. In this chapter, we use statistical inference on high-throughput
human TCR repertoire data to assess how microhomology influences various steps of the
V(D)J recombination process.

In order to more fully set the stage, we will now summarize the relevant biological

context. V(D)J recombination begins when the recombination activating gene (RAG) protein
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complex aligns two randomly chosen genes, removes the intervening chromosomal DNA
between the two genes, and forms a hairpin loop at the end of each gene [21-23|. Each hairpin
loop is then nicked open by the Artemis:DNA-PKcs complex [23, 29, 31]. Hairpin opening
most frequently occurs at position +2, where position 0 refers to the edge of the hairpin and
position -1 refers to the last nucleotide on the 5’ strand [29]|, however, other hairpin opening
positions are also possible [29, 31]. The Ku heterodimer (Ku70/Ku80) can bind to each
nicked gene end and recruit non-homologous end joining factors, in any order, to repair the
double stranded break [44, 109, 112]. From here, it is likely that the processing of the two
gene ends occurs iteratively, with multiple rounds of action by a nuclease, polymerase, and
ligase which eventually leads to a joining event to combine the two gene fragments [109, 111].
The various possible processing steps involved in this iterative end-joining stage are as
follows. Nucleotides can be trimmed from each gene end through a mechanism suggested to
involve the Artemis nuclease [2, 25, 27, 30, 32-34, 45, 80, 81]. Nucleotide deletion is thought
to occur in a sequence-dependent fashion; for example, sequences with high AT content have
been found to experience greater nucleotide loss than those with high GC content [25-27, 30|,
and the extent of deletions has been shown to depend on local nucleotide identity [3, 15],
as well as sequence breathing capacity and length [3]. Additionally, non-template-encoded
nucleotides, known as N-insertions, can be added by terminal deoxynucleotidyl transferase
(TdT) [35-37]. TdT has a bias for the addition of purine-purine and pyrimidine-pyrimidine
di-nucleotides suggesting that nucleotide addition depends on the previous addition [15, 26].
Further, nucleotide addition lengths and composition have been shown to depend on the
presence (or absence) of nucleotide trimming at the gene ends [113]. Joining of the two gene
ends is then carried out by XRCC4:DNA ligase IV, a flexible ligase that can ligate across
gaps and incompatibilities between the ends, along with additional end-joining factors like
XLF and PAXX that stabilize the ends, and polymerases that fill in gaps [46, 114-117].

The presence of microhomology, while not required, has been suggested to bias the out-
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come of the random V(D)J recombination processing steps. Microhomology can occur in
several forms: (1) terminal microhomology!, found at the ends of genes prior to trim-
ming/insertion and encoded in the germline; (2) interior microhomology, located within
the sequences and also germline-encoded; and (3) insertion-dependent microhomology,
created by N-insertions and not encoded in the germline. Because terminal and interior
microhomology are both germline-encoded, we will collectively refer to them as germline-
encoded microhomology. If present, terminal microhomology can directly guide ligation with-
out additional processing. In contrast, interior and insertion-dependent microhomology may
necessitate deletions or further N-insertions before microhomology-mediated ligation can oc-
cur. This chapter will focus exclusively on germline-encoded microhomologies, excluding
insertion-dependent microhomology.

Experiments in vitro and with model organisms have suggested that microhomology (i.e.
1-4 nucleotides) is an important factor in V(D)J recombination. Although microhomology
between gene ends is not essential for joining (Figure 4.1A part (i)) [42, 43|, it has been shown
to improve joining efficiency and bias the outcome towards using the microhomologous region
to guide trimming and ligation (Figure 4.1A part (ii)) [26, 44-46, 109-111|. For example, re-
constitution experiments suggest that sequences with microhomology can stabilize gene ends
without requiring additional end-joining factors like XLF and PAXX and germline-encoded
microhomology may reduce the necessity for template-independent addition by polymerase-u
and TdT [46], possibly explaining the enhanced ligation efficiency. In vitro studies show that
1 or 2 nucleotides of germline-encoded microhomology are present in nearly 60% of ligated
coding joints in the absence of TdT [26], with similar observations reported in neonatal mice

when TdT levels are low [107, 108]. However, this frequency drops substantially when TdT

In this work, we use the term “terminal microhomology” to describe germline-encoded micro-
homologous nucleotides located at gene ends (prior to trimming). However, other sources [45, 109]
often use the term more broadly to describe all microhomologous nucleotides located at gene ends,
including both germline-encoded nucleotides and those generated through N-insertion.
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A Example: trimming and ligation processing steps B Example sequence annotations

delV =1
: : - : AGAGATTATG
(i) not MH-mediated (i) MH-mediated TCTCTAATACMH T,
AGAGA TTATG AGAGA TTATG
TCT,CT AATAC TCT.CT AATAC AGAGATTATG Je/V=2
opening
AGAGATC ATG AGAGATC ATG AGAGATTATG %€V =
TCT TTAATAC TCT TTAATAC TCTCTAATAC 4o/ =1
} trimming { 4
AGAGAT ATG AGAG ATG delV = 1
ICT TAATAC TCT ATAC , AGAGATTATG
—_— (LUl TCTCTAATAC Joy =3
+ } annotations
without delV = 3
AGAGAT ATG AGAG ATG MH AGAGATTATG
TCT TAATAC TCT ATAC TCTCTAATAC 4o =
} ligation { ‘
AGAGATATTATG AGAGATTATG _AGAGATTATG
TCTCTATAATAC TCTC ATAC "TCTCTAATAC
observed sequence

Figure 4.1: (A) lllustration of how germline-encoded microhomology (MH) could affect trimming and/or liga-
tion during V(D)J recombination. We use sequences without N-insertions to quantify these effects, leverag-
ing germline V- and J-gene sequences to identify potential MH-mediated ligation events. The example shows
germline-encoded interior microhomologous regions (yellow) and trimmed nucleotides (gray) for a V-gene (pur-
ple) and J-gene (green), highlighting two regimes: (i) no MH influence and (ii) MH-mediated trimming and ligation.
In these scenarios, germline-encoded microhomologous regions are classified as terminal microhomology when
they facilitate the ligation of untrimmed sequences, and as interior microhomology when they facilitate the ligation
of trimmed sequences. MH could affect trimming, ligation, or both, leading to distinct sequences regardless of
whether the genes are trimmed equally or differently. We illustrate how other forms of microhomology could affect
trimming and ligation during V(D)J recombination within Figure E.1. (B) lllustration of possible V(D)J recombina-
tion annotations for sequences lacking N-insertions that potentially ligate with MH. Existing annotation software
does not account for MH and assigns shared nucleotides to only one sequence (gray box annotations). However,
additional annotations that incorporate MH (yellow box) are possible but are not considered by existing software.
Example trimming scenarios, given by delV and delJ, and ligation scenarios, given by MH, for each possible an-

notation are shown. Our modeling aims to consider all annotations, both with and without MH, for each sequence.

is present, as TdT-mediated additions are thought to create stronger insertion-dependent
microhomology [26, 45, 109]. The involvement of microhomology in ligation appears to

be more complex when it is not present at sequence ends or generated through nucleotide
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addition. Most gene ends lack terminal microhomology after hairpin opening but share inte-
rior microhomology [31, 46, 110]. In such cases, the Artemis-DNA-PKcs complex has been
shown to trim gene ends to expose interior microhomology (Figure 4.1A part(ii)) [46, 110].
Figure E.1 provides an extended overview illustrating how different forms of microhomology
could influence V(D)J recombination.

This essential biochemical work has demonstrated that microhomology can significantly
affect V(D)J recombination, however, it does not demonstrate its importance for shaping
V(D)J recombination in humans. In addition to being an issue of intrinsic interest, the role of
microhomology has practical implications as well: if microhomology impacts the probability
of V(D)J recombination annotations (i.e. numerical histories of recombination events such
as gene choice, trimming, insertion, ligation, etc.), then corresponding terms should be
incorporated into software that infers recombination probabilities. This would ensure that
additional annotations involving microhomology are also considered (Figure 4.1B).

Statistical inference on high-throughput repertoire sequencing datasets allows explo-
ration of the in vivo V(D)J recombination mechanism in humans. In fact, existing prob-
abilistic models of V(D)J recombination, such as IGoR [11], have provided interesting and
important insights about the natural underlying mechanism by learning statistics of V(D)J
recombination. These models have revealed significant dependencies between recombination
events, such as gene usage and trimming, and have provided estimates of the overall prob-
abilities of generating specific TCR sequences, thereby helping to disambiguate the effects
of generation from selection [11, 15]. Similar statistical approaches have been successfully
applied to understand the sequence-dependent process of nucleotide trimming, revealing
significant connections between trimming patterns and local sequence identity, length, and
wider GC content [3]. However, to our knowledge, no probabilistic models of V(D)J recom-
bination incorporating microhomology have been developed.

In this chapter, we explore the extent to which germline-encoded microhomology bi-
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ases trimming and ligation during V(D)J recombination using statistical inference on high-
throughput TCRa repertoire sequencing data [118, 119]. We have designed a flexible prob-
abilistic modeling framework, allowing us to quantify the extent to which germline-encoded
microhomology biases trimming and ligation probabilities. Our results show that the pres-
ence of germline-encoded microhomology significantly increases trimming and ligation proba-
bilities, and is an important predictor of the choices made in these processes. These observa-
tions are consistent with sequences from an independent TCRa validation dataset, as well as
with sequences from other receptor loci such as TCR~y. Additionally, we demonstrate that ex-
plicitly including microhomology-related terms in our model substantially impacts sequence
annotation probabilities and overall V(D)J recombination annotation rankings. Together,
these findings enhance our understanding of the involvement of germline-encoded microho-
mology in the V(D)J recombination process and highlight the importance of accounting for

microhomology-related effects in receptor sequence processing and analysis.

4.1 Materials and Methods

4.1.1  Terminology

In this chapter, we investigate the mechanisms of trimming and ligation as they occur be-
tween V- and J-gene pairs during V(D)J recombination. We will use these terms throughout

the chapter:

e Trimming scenario: A specific pair of trimming events, one at the V-gene end and

one at the J-gene end.

e Ligation scenario: A specific number of germline-encoded microhomologous nu-
cleotides shared between the trimmed V-gene and J-gene, facilitating their ligation. The

possible ligation scenarios for a given V-J gene pair are determined by their germline

95



sequences and the extent of trimming.

e Joint trimming and ligation scenario probability: The normalized probability
of a particular combination of trimming and ligation scenarios occurring for a V-J gene

pair, considering all possible trimming-ligation combinations for that pair.

e V(D)J recombination annotation: A specific set of V(D)J recombination events

that produce a sequence, including trimming, insertion, and ligation scenarios.

e V(D)J recombination annotation probability: The normalized probability of
a particular V(D)J recombination annotation for an observed sequence, calculated
from all possible annotations for that sequence. We restrict our analysis to sequences
without N-insertions such that we can derive these probabilities from joint trimming
and ligation scenario probabilities and normalize over all possible scenario combinations

for that specific observed sequence.

4.1.2  Data and data processing overview

To explore trimming and ligation patterns, we analyzed TCRa-immunosequencing data from
10 individuals [118, 119]. The TRA locus was chosen for its higher sequence diversity between
joining genes (V- and J-gene pairs) compared to the TRB locus.

We used the IGoR software (version 1.4.0), designed to learn unbiased recombination
statistics from immune sequence reads [11], to infer possible V(D)J recombination annota-
tions and their associated likelihoods for each sequence. Each annotation consists of inferred
V- and J-gene assignments, trimming lengths, and the number of N-insertions. For each se-
quence, we processed these annotations in two steps. First, we sampled a single V- and J-gene
assignment and N-insertion amount based on their posterior probabilities. Sequences with

N-insertions were excluded to focus on germline-microhomology-mediated ligation events, as

96



N-insertions complicate ligation pattern analysis due to their unknown nucleotide composi-
tion prior to ligation and indicate that germline-microhomology-mediated ligation did not
occur. In these training data, we found that roughly 5% of sequences contained zero inferred
N-insertions.

Next, given the IGoR-inferred V- and J-gene assignments and N-insertion amounts, we
determined the set of possible trimming and ligation scenarios for each sequence. Since IGoR
does not account for microhomology and assigns shared nucleotides to only one sequence,
we did not use the corresponding IGoR-inferred trimming annotation. Instead, we adapted
this IGoR-inferred trimming annotation to account for germline-encoded microhomology.
This approach allowed us to generate a set of possible trimming and ligation scenario anno-
tations for each sequence, including those that involve germline-encoded microhomologous
nucleotides (see Figure 4.1B and Appendix F for details).

Additionally, TCR sequences can be categorized as “productive” if they code for a func-
tional protein, or “non-productive” otherwise, arising from out-of-frame recombination or
presence of stop codons. Each T cell can undergo recombination at two alleles; if the first is
non-productive and the second successful, both sequences can be sequenced as part of the
repertoire. Non-productive sequences do not generate proteins for thymic selection, and their
recombination statistics should reflect only the V(D)J recombination process [15, 19, 20|. In
contrast, productive sequence statistics reflect both recombination and selection. To study
nucleotide trimming and ligation during V(D)J recombination without selection effects, we
included only non-productive sequences in our training dataset. In these data, we found that
roughly 67% of sequences were non-productive.

To validate our findings, we also analyzed productive sequences from the training dataset
and both productive and nonproductive sequences from independent TCRa-immunosequencing
data from 10 healthy individuals [119] and TCR~y-immunosequencing data from 23 healthy

bone marrow donors [102]. These validation datasets underwent the same IGoR-based an-
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notation and filtering procedures as used for the training dataset.

Further details on these datasets and processing steps are provided in Appendix F.

4.1.3  Modeling assumptions

We explore the impact of germline-encoded microhomology on V(D)J recombination by
modeling the joint probability of trimming and ligation scenarios given V-gene and J-gene

sequences. Our approach relies on the following biological assumptions:
1. Nucleotide trimming precedes ligation [120]

2. Each gene’s DNA hairpin is opened by a single-stranded break during the early stages
of V(D)J recombination [26, 27, 29-31].

3. This hairpin nick typically occurs at the +2 position, producing a 4-nucleotide 3’-

overhang with two 3’-most nucleotides being considered P-nucleotides [29, 31|

4. If any part of the original gene sequence is deleted, all P-nucleotides will also be

deleted [26, 47].

To simplify our analysis, we consider only the “top” strand for V-genes (5-to-3’) and the
“bottom” strand for J-genes (3’-to-5"), consistent with the most common overhang polarities.
Trimming is indexed from the 3’ end of each strand, with trimming sites corresponding to
specific coding sequence positions. Figure E.2 illustrates this sequence orientation along with

the corresponding definitions.

4.1.4  Notation and modeling set-up

In order to set up our model, we will now summarize relevant notation. We uniformly sam-
ple a sequence, X, from a TCRa repertoire of filtered sequences. The following variables

are random due to the choice of X, but are deterministic given X, as they are determined

98



by sampling from the recombination annotations inferred by IGoR based on their poste-
rior probabilities. Let V and J be random variables representing the V-gene and J-gene,
respectively, and I be a random variable representing the number of N-insertions. Let Q
represent the productivity of the observed sequence, which can be either productive or non-
productive. We define VJ as an ordered pair of IGoR-inferred genes: VJ = (V,J). Let
MH be a random variable denoting the count of shared germline-encoded microhomologous
nucleotides in the ligated sequence, and delV and delJ be random variables representing the
number of nucleotides deleted from the V- and J-gene, respectively. Together, we define
delVJ = (delV,delJ) as the pair of trimming lengths (a “trimming scenario”) and M as a
“ligation scenario.”

For notational convenience we assume delV and delJ each take on an integer value on
the interval [—2, ..., 14], where values outside this range are considered nonsensical and as-
signed a probability of zero. Negative values indicate P-nucleotide deletions: a deletion of 0
means the deletion stops at the end of the germline gene sequence (e.g. two P-nucleotides
are trimmed off), while a deletion of -2 indicates no deletion of P-nucleotides or gene se-
quence nucleotides. This indexing is consistent with the IGoR software [11] and illustrated
in Figure E.2B.

Existing annotation tools like IGoR [11] do not account for microhomology and attribute
shared nucleotides to only one sequence when inferring trimming scenario annotations. In-
stead of using IGoR-inferred trimming annotations directly, we construct a set of possi-
ble trimming and ligation scenarios for each sequence, including those involving germline-
encoded microhomologous nucleotides, based on the observed sequence and known germline
gene sequences. As such, given a sequence X with gene pair V.J and zero N-insertions (I = 0),
the set of possible trimming and ligation scenario annotations is described by combinations
of delVJ and MH (as illustrated in Figure 4.1B). While both delVJ and MH can be con-

sidered random variables, they are dependent on one another—meaning the possible values
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of MH are constrained by delVJ and vice versa. The resulting set, Ay, includes all feasible
trimming and ligation scenarios consistent with X. This set is deterministic given X, but
random due to the sampling of X. Details of the procedure to construct Ax are provided in
Appendix F.

Our goal is to model trimming and ligation scenario probabilities given V- and J-gene
pairs. To estimate the empirical conditional probability density function, let C'(VJ, Q,I = 0)
represent the count of TCRs within a sampled repertoire with productivity Q, using gene
pair VJ, and with zero N-insertions. Let C(delVJ,MH,VJ, Q,I = 0) represent the count
with trimming scenario delVJ, ligation scenario MH, zero N-insertions, productivity Q, and

gene pair VJ. The empirical conditional probability density function is defined as:

C(delVJ, MH, VJ,Q,1 = 0)
C(VI,Q,1=0)

Permp(delVI, MH | VJ,Q,1=0) =

To achieve our goal, we will train a conditional logit model, a type of logistic model
designed to model discrete choices among multiple alternatives. Specifically, we aim to
model P(delVJ,MH | VJ,Q,T = 0) using sequence-level parameters, including those that
capture germline-microhomology-related effects, with our TCR« repertoire training dataset.
However, because the true trimming and ligation annotations (delVJ, MH) for each sequence
are latent, we cannot directly compute this probability density. To address this challenge,
we assign probabilities to each potential annotation based on model likelihoods. Since these
probabilities depend on model parameters, we use an expectation-maximization algorithm
for parameter inference, which we describe in detail in subsequent sections. We summarize

all the notation discussed in this section, as well as in the following sections, in Table C.1.
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4.1.5 Model formulation

In our previous work, we established that local nucleotide identities at trimming sites (the
“trimming motif”) and the counts of GC or AT nucleotides beyond these motifs (the “3’
base count” and “5’ base count”) are strong predictors of trimming probabilities for single
gene sequences [3]. Building on this foundation, we have integrated these established model
features with newly developed germline-microhomology-related features to assess their com-
bined effects on trimming and ligation processes (see Figure E.2 and Appendix F for detailed
definitions).

To this end, we developed a two-step conditional logit model to evaluate the joint
probabilities of trimming and ligation scenarios for V- and J-gene pairs. The model describes

a generative process in two steps:

1. Trimming scenario choice: The probability P(delVJ | VJ,Q,1 = 0), of choosing
a trimming scenario delVJ for a given V-J gene pair VJ, sequence productivity Q,
and N-insertion amount I = 0. This choice is determined by the established “trimming
motif”, “3’ base count”, and “5’ base count” parameters for each gene, in addition
to a new parameter that quantifies the effect of germline-encoded microhomology on
trimming. Specifically, this parameter measures the importance of the average number
of germline-encoded microhomologous nucleotides between two trimmed sequences, a
value that varies depending on the chosen trimming scenario. We denote the set of

trimming-related parameters by B ;-

2. Ligation scenario choice: The probability, P(MH | delVJ,VJ, Q,1 = 0), of choosing
a ligation scenario MH for a given trimming scenario delVJ, V-J gene pair VJ, sequence
productivity Q, and N-insertion amount I = 0. This choice is determined by a novel
microhomology parameter related to ligation, which quantifies the importance of the

number of germline-encoded microhomologous nucleotides that ultimately appear in
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the final ligated sequence. We denote this set of ligation-related parameters by B,

All of these modeling parameters are summarized in Table E.2, illustrated in Figure E.2D,
and described in detail in Appendix F.

The mental model of this two-step process is that trimming occurs first, indepen-
dently of ligation, and then ligation occurs, conditioned on the trimming scenario. How-
ever, P(delVJ | VJ,Q,I = 0) will be parameterized by both trimming- and ligation-related
parameters (B, and B;,) because the model is conditioned on sequence productivity
(Q), which is jointly determined by trimming and ligation. This dependency ensures that
trimming probabilities properly account for how productivity constraints prune the space of
possible ligation scenarios associated with each trimming scenario, correcting for any biases
introduced by this non-uniform pruning (see Appendix F for more details). Despite this
dependency, the trimming-related parameters (8,,;,) and ligation-related parameters (3,;,)
are still designed to capture the distinct effects of various sequence-level features on trimming
and ligation, respectively.

The joint probability of selecting a trimming scenario delVJ and a ligation scenario MH
for a V-J gene pair VJ, sequence productivity Q, and zero N-insertions can thus be factored

and modeled using trimming and ligation parameters 8;,;, and B, as:

P(delVI,MH | VI,Q,1 = 0; Bypin. Brsg) =

P(delVJ [ V], Q,1 = 0; Birin, Brig) X P(MH | delVI, VI, Q, 1= 0; By;,).

Figure 4.2 illustrates the two-step structure of this model and the decision-making process
for an example V-J gene pair.

These parameters, B, and (,,, are designed to quantify how sequence-level fea-
tures, particularly germline-encoded microhomology, influence trimming and ligation choices

during V(D)J recombination. Importantly, the magnitude of microhomology’s influence in
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Figure 4.2: (A) Schematic of trimming and ligation choices for an arbitrary V-J gene pair, denoted by the random
variable VJ. The first choice is the trimming scenario, represented by the random variable delVJ, which consists
of a pair of V- and J-gene trimming amounts delV and delJ (e.g. each can range from -2 to 14 nucleotides).
The next choice is the ligation scenario, represented by the random variable MH, which captures the number
of germline-encoded microhomologous nucleotides used. The available ligation scenario choices depend on the
germline sequences of the two genes being joined. Trimming and ligation scenarios resulting in productive and
nonproductive sequences are shown in solid and dashed boxes, respectively. (B) lllustration of the possible
ligation scenarios for an example pair of trimmed sequences. The chosen ligation scenario affects the resulting
observed sequence. The trimmed V-gene sequence is shown in purple, the trimmed J-gene sequence in green,
and germline-encoded interior microhomologous nucleotides in yellow. Deletions are indexed such that a deletion
of 0 corresponds to the end of the germline gene sequence (two P-nucleotides trimmed) and -2 corresponds to
the full sequence (no P-nucleotides trimmed), as illustrated in Figure E.2B. The ligation choices represented
by MH = 0 and MH = 2 correspond to scenarios where zero or two germline-encoded microhomologous
nucleotides (shown in yellow) are used to ligate the sequences, as reflected in the final observed sequence.
Germline-encoded microhomologous regions are classified as terminal microhomology when they facilitate the
ligation of untrimmed sequences, and as interior microhomology when they facilitate the ligation of trimmed

sequences.
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guiding these choices is quantified by these conditional logit model parameters, highlighting
its role in the recombination process. We validated the model’s ability to detect these ef-
fects through a series of simulations (see Appendix F). In order to assess the significance of
germline-microhomology-related terms in downstream analyses, such as in V(D)J recombi-
nation sequence annotation, we designed the model with the flexibility to include or exclude

germline-microhomology-related parameters for both trimming and ligation decisions.

4.1.6  Model training

We trained our conditional logit model using non-productive sequences without N-insertions
and their corresponding sets of possible trimming and ligation scenarios (as described earlier).
Training this model is complex because the true trimming and ligation scenarios for each
sampled sequence are latent variables that depend on the model parameters. To estimate
probabilities for each potential scenario, we assigned likelihoods based on our model and
used an expectation-maximization (EM) algorithm for parameter inference.

Standard regression methods in R or Python could not support this type of optimization,
so we implemented the EM algorithm using the JAX and JAXopt packages in Python, which
support automatic differentiation [121, 122|. This algorithm converged within twenty-five
iterations (Figure E.3). Further details about the EM algorithm and model formulation are

provided in Appendix F.

4.1.7 Assessing significance of model parameters

When training our model, we infer a set of model parameters 3 = {Btrim,ﬁlig} where
Birin are trimming-related parameters and (3,;, are ligation-related parameters. Since the
model is a conditional logit model, each parameter represents the change in the log;, odds

of trimming and/or ligating at a specific scenario for a unit increase in the corresponding
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feature value, while holding all other features constant. To assess the significance of each
individual parameter ﬁ € B, we test the null hypothesis that B = 0. This approach enables
us to understand the contribution of each parameter separately, allowing us to evaluate the
impact of specific sequence features, such as the extent of germline-encoded microhomology,
on the probability of recombination events.

To test significance, we estimate the standard error of each inferred parameter using
a bootstrap method, with observed sequences as the sampling unit. For each bootstrap
iteration, we sample sequences from the training dataset with replacement and train a new
model to re-estimate the parameters. This process is repeated 1000 times, resulting in 1000
parameter estimates, which we use to calculate the standard error for each parameter. Using

these standard errors, we calculate the test statistic:

~

B

T(B) = ——.
(8) =)

A

We compare T'(5) to a N (0, 1) distribution to obtain each p-value. We assess the significance
of each model parameter using a Bonferroni-corrected threshold, adjusting for the total

number of parameters being evaluated in the model.

4.1.8 Validating model using likelthood ratio testing

To determine whether adding the germline-microhomology-related terms significantly im-
proves our model’s fit to the observed data, we use a likelihood ratio test (LRT) to compare
our full model that includes these terms to a simpler model that excludes them. This ap-
proach enables us to assess the collective impact of adding a set of parameters—in this case,

the germline-microhomology-related parameters—to the model.

105



The LRT statistic compares the log-likelihoods of the two nested models:

LR=2x (LMH — £noMH)-

Here, Ly is the log-likelihood for the model with microhomology terms (defined in Ap-
pendix F, (F.20)), while L ouy is the log-likelihood for the simpler model without these
terms. The LRT statistic approximately follows a chi-square distribution with degrees of
freedom equal to the number of additional parameters in the more complex model (e.g. two
germline-microhomology-related parameters in this case).

This test allows us to calculate a p-value for the likelihood ratio, which indicates whether
the inclusion of germline-microhomology-related parameters significantly improves model fit.
The LRT is particularly useful for evaluating the collective contribution of related parame-
ters, rather than individual effects. While we use bootstrap testing to assess the significance
of individual parameters (as described in the previous section), the LRT enables us to eval-
uate the combined impact of adding germline-microhomology-related terms, allowing us to
determine whether these terms are collectively biologically meaningful in the context of the

observed data.

4.2 Data and code availability

Code implementing the modeling described is available using the following links: https://
github.com/magdalenarussell/microhomology and https://doi.org/10.6084/m9.figshare.
27737685. The data used in this study were previously published and can be accessed
through the Adaptive Biotechnologies immuneACCESS database via the links provided in

the original publications [102, 118, 119].
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4.3 Results

4.3.1  Germline-encoded microhomology significantly increases probabilities of both trimming
and ligation events

Complementary sequence regions capable of forming microhomologous regions during V(D)J
recombination are common between germline V- and J-genes in the TRA locus. The median
average number of germline-encoded microhomologous nucleotides across the ensemble of
possible trimming scenarios for these germline V- and J-gene pairs is 0.1978 (Figure E.4).
This median corresponds to 1.3149 possible ligation scenarios per trimming scenario (Fig-
ure E.5 and Figure E.6). Given that a median of exactly one ligation scenario per trimming
scenario would indicate all V(D)J recombination annotations involve zero germline-encoded
microhomology, this suggests that many trimming scenarios allow for multiple ligation out-
comes, both with and without germline-encoded microhomology. Additionally, complemen-
tary sequence regions and their corresponding ligation scenario options are distributed across
trimming scenarios depending on the specific V- and J-gene pair (Figure E.4 and Figure E.6).
This distribution highlights the potential for both interior and terminal microhomology to
influence trimming and ligation outcomes.

To quantify the effects of germline-encoded microhomologous nucleotides on trimming
and ligation, we employed our model, which incorporates various sequence-level parameters,
including those related to germline-encoded microhomology. We validated the model’s ca-
pability to detect germline-encoded microhomology effects through a series of simulations,
designed to generate sequences by sampling trimming and ligation scenarios under different
microhomology regimes: no germline-encoded microhomology effect, germline-encoded mi-
crohomology affecting either trimming or ligation choices exclusively, and germline-encoded
microhomology influencing both. After training our model using each of these simulated

datasets, we confirmed its sensitivity to detecting variable germline-encoded microhomology
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effects across different conditions (Figure E.7).

We then fit our model to the real TCRa training dataset to quantify the actual ef-
fects of germline-encoded microhomology, along with other sequence-level features, on the
probabilities of trimming and ligation events. Since the model is a conditional logit model,
each model parameter reflects the change in the log;, odds of trimming and/or ligating at
a specific scenario due to an increase in the corresponding feature value, assuming all other
features remain constant. We assessed the significance of each model parameter’s influ-
ence on trimming and ligation event probabilities by estimating their standard errors with
bootstrap methods and applying a z-test to obtain a p-value (see Methods). We used a
Bonferroni-corrected significance threshold of 0.0016, adjusted for the total number of model
parameters, and report parameters on the log,, scale. Our results indicate that the number
of germline-encoded microhomologous nucleotides between two sequences substantially in-
fluences both trimming (parameter = 0.4484) and ligation (parameter = 0.1272) outcomes,
with both effects being highly significant (p-values smaller than machine tolerance, p ~ 0)
(Figure 4.3A).

This relationship is further demonstrated by notable increases in joint trimming and
ligation probabilities for scenarios with more germline-encoded microhomology, as illus-
trated in Figure 4.3B, which highlights two trimming and ligation scenarios from the most
common V-J gene pair, TRAV41*01 and TRAJ45*01. While the influence of germline-
encoded microhomology on trimming was stronger than on ligation, these effects appear
to be interdependent. Interestingly, when training the model using sequences containing
N-insertions (indicating a lack of ligation solely dependent on germline-encoded microho-
mology), germline-encoded microhomology had a small but significant effect on trimming
probabilities (parameter = 0.0059; p-value smaller than machine tolerance, p ~ 0) (Fig-
ure E.8). This demonstrates that germline-encoded microhomology may independently in-

fluence trimming, suggesting a nuanced role beyond its interaction with ligation. However,
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it is possible that sequences containing N-insertions were ligated using microhomologous
nucleotides derived from both N-insertions and germline-encoded regions, which could con-
tribute to the observed trimming-related effects and complicate the interpretation of these
signals.

Returning to the original model, in addition to germline-encoded microhomology effects,
we identified significant “trimming motif”, “3’ base count”, and “5’ base count” parameters
for the probabilities of both V- and J-gene trimming events. These parameters, previously
introduced in our analyses of trimming patterns for single V- and J-gene sequences [3], showed
results consistent with our previous work. As in our prior work, the local sequence context
(“trimming motif”) for each gene was modeled using a position weight matrix from a three-
nucleotide window around each trimming site. We observed similar patterns for both V-gene
and J-gene local trimming contexts, where C and A nucleotides had the largest influence

7

on trimming outcomes (Figure 4.3A). The “5’ base count” and “3’ base count” parameters
reflect how upstream and downstream AT and GC nucleotide composition influence trimming
probabilities. These features are based on the raw counts of AT and GC nucleotides 5’ and 3’
of the trimming motif. The 5’ base count parameters act as a proxy for sequence-breathing
effects, indicating a preference for GC content upstream of the motif. In contrast, the 3’
base count parameters capture two effects: the absolute position of the trimming site, as the
total AT and GC counts downstream correspond to this position, and sequence-breathing
effects driven by AT and GC content downstream of the motif. Our analysis showed that
increasing GC nucleotides 5’ of the motif (which decreases sequence-breathing capacity)
raised trimming probabilities. In contrast, increasing both AT and GC nucleotides 3’ of the

motif (which increases absolute position) reduced trimming probabilities for both gene types

(Figure 4.3A).
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Figure 4.3: Although sequence-based parameters such as gene-specific trimming motifs and base counts
contribute meaningfully to predicting trimming and ligation probabilities, the extent of germline-encoded micro-
homology (MH) between sequences exerts a strong effect, especially in increasing trimming probabilities. (A)
lllustration of sequence features and their alignment with an arbitrary V- and J-gene pair at example trimming
sites, which correspond to the number of nucleotides deleted from each gene (represented by the random vari-
ables delV and delJ), along with inferred model parameters. V- and J-gene trimming motif parameters (pink)
reflect the influence of adjacent nucleotides on trimming probabilities. Trimming motif positions are indexed rela-
tive to the inferred trimming site for each gene, with negative indices indicating positions 5’ of the trimming site
and positive indices indicating positions 3’. V- and J-gene base count parameters (green and gray) reflect the
influence of upstream and downstream AT and GC nucleotide composition on trimming probabilities. Specifically,
we find that an increase in GC nucleotides 5’ of the motif increases trimming probabilities, while an increase in
AT or GC nucleotides 3’ of the motif decreases them. The model excludes 5" AT nucleotide counts. MH between
sequences (gold box) strongly influences both trimming and ligation probabilities, with a larger positive effect on
trimming. Black vertical lines indicate example trimming sites. Each parameter represents the change in log,,
odds of trimming or ligating due to an increase in the feature value, assuming all other features are held constant.
(B) Our model demonstrates that increasing MH generally raises trimming and ligation probabilities, as shown in
example scenarios for the most frequently used gene pair, TRAV41*01 (purple) and TRAJ45*01 (green). In the
bottom row, four nucleotides of MH (gold) result in a most probable trimming and ligation scenario (left and middle
boxes) with a joint probability of 0.068 (right box). In contrast, the top row shows the same trimmed sequences
ligating with zero MH, leading to a lower joint probability of 0.021. Trimming and ligation probabilities are inferred
across trimming scenarios (delVJ) and ligation scenarios (MH) for a V-J gene pair (VJ), yielding sequence pro-
ductivity (Q) with zero N-insertions (I = 0). (C) Parameters for 3° AT and GC base counts have the highest relative
importance (gray), followed by the trimming-related microhomology parameter (yellow). Relative importance was
calculated using a model trained with standardized features, where the absolute values of parameter estimates

indicate their contribution to the model.

Finally, we examined the relative effect sizes and importances of these sequence-level
parameters to identify the most influential factors affecting trimming and ligation outcomes.
The strongest positive effects were observed for trimming-related germline-encoded microho-
mology effects (parameter = 0.4484), followed by the presence of a C nucleotide immediately

5 of the J-gene trimming site (parameter; = 0.1308), and ligation-related germline-encoded
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microhomology effects (parameter = 0.1272) (Figure 4.3A and Figure E.9). In contrast, the
most negative effects were an increase in GC nucleotides 3’ of the motif for both V- and
J-genes (parameter,, = —0.1321, parameter; = —0.1512), the presence of a C nucleotide 3’
of the V-gene trimming site (parameter;,, = —0.1049), and an increase in AT nucleotides
5" of the motif for both V- and J-genes (parameter,, = —0.1095, parameter; = —0.1030).
P-values corresponding to each of these effects were smaller than machine tolerance (p ~ 0).

To evaluate the relative importance of model parameters, we trained our model using
standardized features which ensure that parameter estimates directly reflect their relative
importance to the model. This analysis revealed that the counts of AT and GC nucleotides
3’ of the motif for both V- and J-genes were the most influential, closely followed by the
parameter representing trimming-related microhomology effects (Figure 4.3C). Parameters
corresponding to the counts of GC nucleotides 5’ of the motif and ligation-related microho-

mology effects were also identified as relatively important.

4.8.2  Germline-encoded microhomology significantly improves model fit for predicting trim-
ming and ligation across other receptor loci and sequence types

To further assess the importance of incorporating germline-encoded microhomology-related
parameters for accurately predicting trimming and ligation probabilities, we compared the
performance of a full model, which includes germline-encoded microhomology, motif, and 5’
and 3’ base count terms, to models lacking specific terms. All models were trained using the
non-productive TCR« training dataset and the parameters were held constant for subsequent
analyses.

We began by evaluating model performance on the training dataset. The full model
showed a substantially lower expected per-sequence log loss compared to the model without
germline-microhomology-related parameters, indicating a better fit to the data (Figure 4.4A).

This improvement was validated by a likelihood ratio test (LRT), which confirmed the sta-
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Figure 4.4: (A) Improvement in expected per-sequence log loss for the full model, which includes germline-
encoded microhomology (MH) terms, motif terms, and 5’ and 3’ base count terms, compared to models without
specific terms across both productive and nonproductive sequences from multiple datasets. Improvement is the
negative difference in log loss, with negative values indicating a relatively worse fit and positive values indicating
a relatively better fit for the full model. Including MH terms improves log loss across all datasets, except for
productive sequences from the TCRa« testing dataset, where no change in loss was observed. (B) Improvement
in mean absolute error (MAE) across the same models and datasets. Improvement is the negative difference in
MAE, with negative values indicating relatively lower predictive accuracy and positive values indicating relatively
higher predictive accuracy for the full model. Including MH terms consistently improves MAE across all datasets.
All models were trained using nonproductive sequences from the TCRa training dataset (hatched boxes), with

parameters held constant (“frozen”) before calculating log loss and MAE across datasets.

tistical significance of including germline-encoded microhomology terms (LRT statistic =

93754.84; p-value less than machine tolerance, p ~ 0). The full model also exhibited higher

113



predictive accuracy, as indicated by a lower mean absolute error (MAE = 0.00468) com-
pared to the model without germline-encoded microhomology terms (MAE = 0.00481). We
repeated this analysis across models lacking other parameter types and found that the full
model consistently outperformed them, exhibiting lower expected per-sequence log loss and
MAE in each case (Figure 4.4). Recall that the 5 base count parameters capture potential
sequence-breathing effects by reflecting preferences for GC content upstream of the motif,
while the 3’ base count parameters capture both preferences for the absolute position of the
trimming site and sequence-breathing effects related to AT and GC content downstream of
the motif. Among the individual parameter types, the 3’ base count terms had the largest
impact, leading to the greatest improvement in both log loss and MAE. Microhomology
and motif terms contributed the second-largest improvements in MAE and log loss, respec-
tively. That is, the absolute position of the trimming site, represented by the 3’ base count
terms, had the strongest influence, while the local nucleotide context at the trimming site
(captured by motif terms) and the extent of germline-encoded microhomology between the
trimmed and ligated sequences also provided positive contributions, though to a lesser ex-
tent. Sequence-breathing capacity upstream of the trimming site, reflected by the 5" base
count terms, improved log loss and MAE as well, but had a smaller overall effect compared
to the other parameters.

Using frozen coefficients from our models trained on nonproductive TCRa sequences
without N-insertions, we can also infer trimming and ligation probabilities for productive se-
quences or sequences from other receptor loci. However, because our models are specifically
designed for sequences lacking N-insertions—since N-insertions complicate ligation pattern
analysis due to their unknown nucleotide composition prior to ligation——its inferences are
limited to such sequences. To evaluate model performance, we tested all models on both
productive and nonproductive sequences from independent TCRa and TCR~y datasets. The

full model consistently demonstrated superior predictive accuracy, achieving lower expected
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per-sequence log loss and mean absolute error (MAE) compared to alternative models (Fig-
ure 4.4).

In most datasets, the inclusion of 3’ base count terms continued to have the strongest
impact on improving model fit and predictive accuracy. However, there were two notable
exceptions in log loss calculations for productive sequences from the TCRa training and
testing datasets. In these cases, including 3’ base count terms, which capture effects related
to the absolute positioning of the trimming site, negatively affected log loss. Since productive
sequences are subject to selection-related effects that may alter preferences for trimming site
positioning, the 3’ base count terms learned from nonproductive sequences—where these
selection effects are absent——may be less effective for predicting trimming in productive
sequences. Nevertheless, the inclusion of 3’ base count terms still improved MAE in these
cases, despite the negative impact on log loss. This discrepancy may stem from log loss being
more sensitive to outliers than MAE.

The inclusion of microhomology terms also improved model fit and predictive accu-
racy across most datasets, consistently providing the second-largest improvement in MAE.
Notably, even when applied to productive sequences from the TCRa testing set——despite
these sequences not being included in training and having skewed recombination statistics
due to selection——the full model outperformed the model without microhomology terms in
MAE, although the log loss values were similar. This suggests that while the inclusion of
microhomology terms improves log loss across datasets, their most pronounced impact is on
MAE. Overall, these consistent findings across other receptor loci (i.e. TCR~) and sequence
types (i.e. productive sequences) highlight the biological significance of germline-encoded

microhomology in accurately modeling trimming and ligation scenarios.
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4.8.83  Accounting for germline-encoded microhomology affects sequence annotation

Given the significant role of germline-encoded microhomology in predicting trimming and
ligation scenarios across TCRa and TCRry receptor loci, we wanted to evaluate how germline-
encoded microhomology parameterization influences sequence annotation. Recall that se-
quence annotation involves assigning a specific V(D)J recombination annotation, which de-
scribes the associated trimming, insertion, and ligation scenarios, to an observed sequence.
In earlier sections, we examined the joint probabilities of trimming and ligation scenarios for
V-J gene pairs, which represent the normalized probability of each trimming and ligation sce-
nario within the complete set of possibilities for a given gene pair. Here, we shift our focus to
V(D)J recombination annotation probabilities for individual observed sequences, which rep-
resent the normalized probability of each V(D)J recombination annotation within all possible
annotations for a given sequence. Since we are analyzing sequences without N-insertions,
each V(D)J recombination annotation corresponds directly to a trimming and ligation sce-
nario, allowing us to use our inferred joint trimming and ligation scenario distributions to
calculate the corresponding V(D)J recombination annotation probabilities. In this analysis,
we compare the V(D)J recombination annotation probabilities and rankings between two
models: (1) the full model, which includes germline-encoded microhomology, motif, and 5’
and 3’ base count terms, and (2) a version of the model that excludes germline-encoded
microhomology terms.

As expected from our earlier results, accounting for germline-encoded microhomology
effects substantially alters annotation probabilities and their rankings for sequences with
multiple possible annotations. In total, 9.2% of all sequences lacking N-insertions have a
different top-ranked annotation when using the model that parameterizes germline-encoded
microhomology compared to the model that does not. These sequences represent the sub-
set where microhomology-related effects could be inferred given our model setup and were

actually detected.
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Figure 4.5: Accounting for germline-encoded microhomology (MH) in models used for sequence annotation
substantially alters both V(D)J recombination annotation probabilities and rankings. For each sequence, the top-
ranked annotation was determined separately using the model that parameterizes germline-encoded microho-
mology (MH model) and the model that does not (no-MH model). (A) Proportions of sequences categorized
by whether they have single or multiple possible V(D)J recombination annotation scenarios and whether their
top-ranked V(D)J recombination annotation differs between the MH and no-MH models. The majority of se-
quences lacking N-insertions have only one possible annotation, meaning microhomology-related effects could
not influence their ranking. These statistics are specific to sequences without N-insertions, where the ability to
detect microhomology-related annotation effects is more limited due to the generally lower number of possible
annotations in this subset. If these effects were quantified in sequences containing N-insertions, a larger fraction
would likely exhibit differences in top-ranked annotations when accounting for microhomology. (B) Correlation
between the proportion of sequences with differing top-ranked annotations (between the two models) and the av-
erage germline-encoded microhomology across potential annotations per sequence for each V-J gene pair. This
highlights how germline-encoded microhomology may influence ranking changes across V-J gene pairs. (C) Dis-
tribution of relative confidence for the top-ranked annotation using the MH model. Relative confidence is defined
as the absolute difference in annotation probabilities using the MH model, comparing the top-ranked annotation
from the MH model to the top-ranked annotation from the no-MH model for each sequence. (D) Comparison of
relative annotation confidence for each sequence between the two models. Relative confidence for a model is
calculated as the absolute difference in annotation probabilities (from that model) for the two top-ranked anno-
tations identified by the MH and no-MH models. Most sequences exhibit substantial shifts in relative confidence
between the two models, highlighting large model-driven changes in sequence annotations, even when one or

both models show high relative confidence.

However, our model can only detect germline-microhomology-related effects in sequences
that allow for such inference. The majority of N-insertion-lacking sequences (76.1%) have
only one possible annotation, meaning microhomology-related effects could not influence
their ranking. Among sequences with multiple possible annotations—where microhomology-
related effects could, in principle, be detected——38.3% exhibit a change in the top-ranked
annotation.

Since sequences without N-insertions tend to have fewer possible annotations than those
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with N-insertions, the ability to detect microhomology-related annotation effects is more lim-
ited in this subset. If we were to quantify these effects in sequences containing N-insertions,
we might expect a larger fraction of sequences to have a different top-ranked annotation
when microhomology is accounted for.

For sequences lacking N-insertions where microhomology does influence annotation rank-
ings, the magnitude of this effect appears to depend on the amount of germline-encoded
microhomology present. Specifically, as the average germline-encoded microhomology across
potential annotations increases for a given sequence within a V-J gene pair, the proportion
of gene pair sequences with differing top-ranked annotations between the two models also
increases (Figure 4.5B). We quantified the significance of this relationship using Pearson’s
correlation, which revealed a moderately positive correlation (r = 0.5877; p-value smaller
than machine tolerance, p ~ 0). For some V-J gene pairs, parameterizing germline-encoded
microhomology has a particularly pronounced impact on sequence annotation. For example,
sequences involving TRAV38-1*04 and TRAJ22*01 show a striking difference in annotation
predictions between models, with 25.13% of sequences exhibiting different top-ranked anno-
tations. This effect may be driven by the relatively high germline-encoded microhomology
content across annotations for these sequences, averaging 0.1697 nucleotides compared to
the overall average of 0.1144 nucleotides across all V-J gene pairs.

Given that parameterizing germline-encoded microhomology leads to different top-ranked
annotations for many sequences, we next quantified the relative confidence of these rank-
ings. To explore this, we compared the annotation probabilities assigned by the model with
germline-encoded microhomology terms for the top-ranked annotations from the microho-
mology model and the no-microhomology model for each sequence. We define the relative
confidence of a top-ranked annotation as the absolute difference in annotation probabilities
compared to the top-ranked annotation from the other model. On average, for sequences

containing a different top-ranked annotation between the two models, we find that the rel-
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ative confidence of the top-ranked annotation for the microhomology model is 0.1140 (Fig-
ure 4.5C). This means that, on average, the top-ranked annotation from the microhomology
model is 11.4% more probable than the top-ranked annotation from the no-microhomology
model, based on probabilities assigned by the microhomology model.

Additionally, we examined the relative confidence levels of the top-ranked annotations
from both models. If germline-encoded microhomology merely resolved ties between compet-
ing annotations, we would expect minimal relative confidence in the top-ranked annotation
using the model lacking microhomology terms, with larger relative confidence observed for
the model containing microhomology terms. However, our findings indicate substantial shifts
in relative confidence across models for most sequences (Figure 4.5D), with data points widely
distributed rather than clustering near the axes. For instance, even when the model lack-
ing microhomology terms has high confidence in its top-ranked annotation relative to the
top-ranked annotation derived from the model containing microhomology, a similar flip in
confidence is often observed when switching models. This effect suggests that parameteriz-
ing germline-encoded microhomology leads to meaningful changes in the annotation ranking
landscape, potentially altering the biological interpretation of many sequences.

Beyond sequence annotation probabilities and rankings, we were interested in explor-
ing whether germline-microhomology-related effects had practical implications for sequence
generation probabilities, which are often used to characterize immune repertoire sequences.
Our analysis revealed a small but consistent difference in sequence generation probabilities
between the model that includes microhomology effects and the one that does not (Fig-
ure E.10). Notably, these differences correlate with the average number of microhomologous
nucleotides across all possible annotation scenarios for a given sequence (Figure E.11), likely
reflecting the influence of microhomology on sequence generation. These results suggest that
incorporating microhomology effects into generative models of immune repertoire sequenc-

ing could enhance their biological relevance and improve their utility as negative controls, a
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common application in the literature |20, 123, 124].

4.4 Discussion

Previous in wvitro experiments have suggested that germline-encoded microhomology plays
a significant role in biasing key V(D)J recombination processing steps, such as trimming
and ligation. However, these findings do not fully elucidate the importance of germline-
encoded microhomology in shaping in vivo recombination outcomes in humans. In this
chapter, we use statistical inference on previously-published high-throughput human TCR
repertoire data [118, 119] to assess whether germline-encoded microhomology influences
V(D)J recombination in humans with intact recombination machinery. Our probabilistic
modeling framework quantifies how sequence-level features, particularly germline-encoded
microhomology, impact trimming and ligation decisions during V(D)J recombination. We
find that (1) germline-encoded microhomology significantly increases trimming and ligation
event probabilities such that each additional nucleotide of microhomology increases the odds
of a trimming event by 181% and the odds of a ligation event by 34%, (2) incorporating
germline-encoded microhomology terms significantly enhances model fit for predicting trim-
ming and ligation across multiple receptor loci and sequence types, and (3) accounting for
microhomology when inferring V(D)J recombination annotations alters annotation proba-
bilities and rankings, leading to a qualitatively different top-ranked annotation for 38.2% of
sequences with multiple possible annotations.

Our results reveal that germline-encoded microhomologous nucleotides between gene
ends significantly increase the probabilities of ligation events, aligning with previous in vitro
evidence suggesting that germline-encoded microhomology guides ligation [26, 44-46, 109—
111].  While much of the previous experimental focus has been on terminal microhomol-

ogy (present at gene ends), many gene pairs lack terminal microhomology but have in-
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terior regions of microhomology. It has been proposed that trimming can expose these
interior regions, which then guide ligation through germline-microhomology-mediated pro-
cesses |46, 110]. Our findings support this, as germline-encoded microhomology appears
to have a stronger effect on trimming than on ligation, likely due to the dependence of
ligation options on prior trimming choices. Because this analysis focuses on sequences
without N-insertions—allowing us to directly identify germline-microhomology-mediated
ligation events——the observed strength of these effects may be amplified compared to anal-
yses that include all sequences. Notably, when analyzing sequences with N-insertions—
where ligation is not mediated by germline-encoded microhomology—we still observe that
germline-encoded microhomology influences trimming, though less strongly, suggesting a
more complex role for germline-encoded microhomology in V(D)J recombination beyond its
involvement in ligation.

In addition to germline-microhomology-related parameters, our modeling framework in-
cluded sequence-level parameters designed to capture the effects of local nucleotide context,
absolute trimming site positioning, and sequence breathing capacity. These parameters, ex-
cept for the germline-microhomology-related ones, were introduced in our previous analyses
of trimming patterns for individual V- and J-gene sequences [3]. Our current results were
consistent with those earlier findings. Specifically, parameters capturing the effects of abso-
lute trimming site positioning and sequence breathing capacity downstream of the trimming
site had the most substantial impact on improving overall model fit and predictive accuracy,
showing the largest negative effect sizes on trimming and ligation choices. This pattern held
when evaluating model performance and accuracy with sequences from different receptor loci
and productivity types (e.g. TCR~ sequences and productive TCRa sequences), highlighting
the influence of germline-encoded microhomology on recombination decisions. An important
next step could involve investigating microhomology-related effects in other receptor loci

that are more challenging to study, such as TCR/f, which has less sequence diversity be-
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tween joining genes, and IGH, which undergoes post-recombination somatic hypermutation.

Beyond its intrinsic interest, germline-encoded microhomology has significant practi-
cal implications. In addition to influencing trimming and ligation probabilities, we found
that parameterizing germline-microhomology-related effects leads to shifts in V(D)J recom-
bination annotation probabilities and rankings, as well as sequence generation probabilities.
These shifts often corresponded to large changes in the relative confidence of annotation
rankings when comparing models that incorporate germline-encoded microhomology with
those that do not. Such changes could meaningfully alter the annotation and sequence gen-
eration probability landscape, potentially impacting the biological interpretation of many
sequences.

Our analysis was restricted to sequences lacking N-insertions, which tend to have fewer
possible annotations per sequence compared to those with N-insertions. Because microhomology-
related annotation effects can only be detected in sequences with multiple possible annota-
tions, the ability to observe these effects is inherently more restricted in this subset. If we
were to quantify these effects in sequences containing N-insertions, a larger fraction would
likely exhibit differences in top-ranked annotations when microhomology is accounted for.
Despite these findings, to our knowledge, all widely used V(D)J recombination annota-
tion software [9-11] and generative models of immune repertoire sequencing data [11] do
not account for germline-encoded microhomology or consider annotations that incorporate
germline-encoded microhomologous nucleotides.

Our work has several limitations. First, we rely on non-productive rearrangements as a
proxy for pre-selection recombination statistics, as is common in the literature [11, 15, 19, 20].
Non-productive sequences are sequenced as part of the repertoire when they coexist within
a cell expressing a productive rearrangement that has passed the selection process. While
we are not aware of any mechanism that could correlate nonproductive and productive re-

arrangements within a single cell, nor of any evolutionary pressures acting to minimize the
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frequency of nonproductive rearrangements, we acknowledge that the repertoire of nonpro-
ductive rearrangements may not perfectly reflect the pre-selection repertoire. Nevertheless,
we assume that recombination events are independent and that nonproductive rearrange-
ments reasonably approximate the recombination statistics of the repertoire before selec-
tion. Second, our analysis excluded sequences with N-insertions, allowing us to use known
germline V- and J-gene sequences to identify regions of germline-encoded microhomology
and potential germline-microhomology-mediated ligation events. N-insertions complicate
the analysis because the identities of inserted nucleotides are unknown, and their presence
suggests germline-encoded microhomology did not guide ligation. Because the presence or
absence of N-insertions may affect the probability of successful ligation, excluding these se-
quences could shift the distribution of observed trimming and ligation events. Consequently,
the germline microhomology effects that we have inferred may not extend to sequences with
N-insertions. Future work could explore insertion-dependent microhomology dynamics in
sequences containing N-insertions, but doing so would require assumptions about and in-
tegration over latent variables such as N-insertion identities prior to ligation, making this
analysis challenging if using repertoire sequencing data. Relatedly, future work could also
investigate how microhomology influences gene usage inference during V(D)J recombination
annotation.

Despite the clear role of germline-encoded microhomology in biasing V(D)J recombi-
nation events and influencing V(D)J recombination annotation inference, no probabilistic
models incorporating microhomology have been developed, to our knowledge. Future work
could integrate microhomology-related dependencies into existing probabilistic frameworks
like IGoR [11], which currently models dependencies between recombination events such as
V- and J-gene choice, V-gene choice and V-gene deletions, and J-gene and J-gene deletions for
TCRa sequences. To explicitly account for microhomology, additional dependencies would

need to be introduced between V- and J-gene deletions, V-gene choice and J-gene deletion,
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and J-gene choice and V-gene deletion, along with incorporating new parameters to capture
the sharing of germline-encoded microhomologous nucleotides. However, this approach could
be challenging due to the large number of parameters required and the corresponding need
for large datasets to adequately train the model. Alternatively, one could replace junctional
processing event terms (such as those related to trimming and insertion) within IGoR with
a more generalized model of junctional processing that incorporates microhomology, such
as the model presented here. This modification would substantially reduce the number of
required parameters, potentially balancing model complexity with practicality, although it
might limit the ability to capture gene-specific processing profiles. Other more advanced ap-
proaches, such as combining simulation with deep learning, could also be explored to account
for microhomology in V(D)J recombination annotation inference.

In summary, our findings demonstrate that germline-encoded microhomology plays a
significant role in trimming and ligation choices during V(D)J recombination, underscoring
the importance of accounting for germline-encoded microhomology effects when predicting
recombination outcomes and annotating sequences. By advancing our understanding of the
influence of germline-encoded microhomology in human V(D)J recombination, these results
provide another step toward uncovering how this process generates diverse receptors that

support a robust immune response in humans.
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Chapter 5

CONCLUSIONS

Understanding the intricate processing steps underlying V(D)J recombination is essential for
elucidating how immune repertoire diversity is generated and maintained to support robust
immune responses to disease and vaccination. This dissertation advances our understanding
of the mechanisms and variability of V(D)J recombination by examining genetic influences,
nucleotide trimming dynamics, and the role of sequence microhomology in shaping recombi-

nation outcomes. Below, I summarize the key findings and propose future research directions.

5.1 To what extent does V(D)J recombination vary across individuals?

This dissertation demonstrates that V(D)J recombination probabilities vary significantly
across individuals, influenced by genetic variation in recombination-related genes. In Chap-
ter 2, I identified genetic variants associated with biases in nucleotide trimming and N-
insertions. While these variants have modest effects (e.g., approximately 0.1 nucleotide
differences), they underscore how genetic variation can shape junctional diversification. Ob-
served ancestry-associated differences in N-insertion patterns further suggest that inherited
genetic variation influences recombination probabilities. Additionally, I confirmed and ex-
tended prior findings on genetic determinants of TCR gene usage, observing substantial

effects (e.g., up to a 4% difference in repertoire-level gene usage). Together, these findings
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illuminate how genetic variation may impact TCR repertoire generation and diversity.

Despite these associations, the direct mechanistic effects of the identified variants re-
main unclear. Experimental validations, such as gene expression analyses or functional
recombination assays, are necessary to establish causality. Mechanistic modeling, as ap-
plied in Chapter 3, also offers a promising avenue for exploring how these variants influence
nucleotide-level recombination processes. The increasing availability of large immune recep-
tor repertoire datasets provides an opportunity to continue applying such models at high
resolution.

Understanding the functional consequences of V(D)J recombination biases is essential
for elucidating their contributions to disease susceptibility. Future research could explore
correlations between TCR repertoire composition and immune exposures or disease states
(e.g., as in [50]) while incorporating the genetic biases identified here to refine our under-
standing of immune variability. These investigations would benefit from integrating T and B
cell data. For B cells, the influence of genetic variation on V(D)J recombination probabilities
remains largely unexplored. Paired B cell receptor repertoire sequencing and whole-genome
sequencing/genotyping, with careful control for confounding factors such as immune expo-

sure history and somatic hypermutation, will be crucial for addressing this gap.

5.2 How are nucleotides trimmed during V(D)J recombination in humans?

Molecular experiments have provided critical insights into nucleotide trimming during V(D)J
recombination. However, direct studies in humans remain limited, particularly those exam-
ining the mechanisms by which the Artemis nuclease may trim nucleotides. In Chapter 3,
I address this gap using model-based statistical inference on high-throughput repertoire
sequencing data to investigate how sequence-level features influence nucleotide trimming

probabilities in humans.
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This approach identified universal sequence-level features that predict trimming proba-
bilities across all adaptive immune receptor loci with high accuracy. Notably, trimming was
more likely to occur at DNA positions closer to the end of the sequence, likely reflecting in-
creased accessibility. I also found evidence that double-stranded DNA may need to “breathe”
to enable trimming. Additionally, I identified a sequence motif preferentially targeted for
trimming, independent of breathing and position, suggesting a role for sequence-specific
interactions with nucleases.

Importantly, I demonstrated that genetic variation in Artemis, identified in Chapter 2,
modulates these inferred parameters, offering new mechanistic insights into how genetic
differences influence trimming probabilities. These findings refine our understanding of the
nucleotide trimming process in humans and establish a foundation for investigating individual
differences in trimming mechanisms.

Future experimental studies are essential to validate these findings. For example, in vitro
experiments could test whether specific DNA motifs influence Artemis-mediated trimming
or whether end-proximity and breathing effects correspond to measurable changes in DNA
accessibility or stability. Establishing a feedback loop between statistical modeling and
experimental validation will be critical for furthering our understanding of the molecular

mechanisms underlying the trimming process.

5.3 Does sequence microhomology bias V(D)J recombination outcomes?

Previous studies have suggested that microhomology biases V(D)J recombination, but its
role in shaping recombination outcomes in humans has remained unclear. In Chapter 4, I
developed a probabilistic model of trimming and ligation that incorporates microhomology
to investigate these patterns. Using high-throughput human repertoire sequencing data, this

model revealed that microhomology significantly biases recombination outcomes across adap-
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tive immune receptor loci by influencing both trimming and ligation steps. Additionally, I
found that accounting for microhomology in V(D)J recombination annotation also substan-
tially alters annotation probabilities and rankings, affecting the biological interpretation of
many immune receptor sequences in downstream analyses. These findings highlight both
the mechanistic importance of microhomology and its practical significance for improving
annotation accuracy.

While this study focused on trimming and ligation, microhomology likely influences
other V(D)J recombination processes, such as N-insertion. Because standard repertoire-
based sequencing captures receptor sequences only after V(D)J recombination is complete,
the identities of nucleotides inserted prior to ligation are not observed. As a result, quantify-
ing the influence of microhomology on N-insertion using these data may be more challenging
and require a simulation-based probabilistic modeling approach to address this added com-
plexity.

Building on these results, a comprehensive model of V(D)J recombination that incorpo-
rates microhomology across all processing steps should be developed to improve the accuracy
of V(D)J recombination annotation inference. Existing frameworks like IGoR [11] could be
adapted by replacing current junctional processing parameters (e.g., gene-specific trimming
and insertion profiles) with a generalized model integrating microhomology effects, similar
to the model introduced in this dissertation. Advanced methods combining simulation with

deep learning could also be explored to account for microhomology in annotation inference.

5.4 Final remarks and implications

This dissertation provides key insights into the molecular mechanisms of V(D)J recombi-
nation by exploring individual variability, the nucleotide trimming process, and the role of

microhomology. These findings lay a foundation for future explorations into how recombina-
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tion processes shape immune diversity and impact immune responses. A robust mechanistic
understanding of V(D)J recombination variability will be critical for the future development
of personalized immune-based therapies and vaccine design. This work represents a signifi-
cant step toward unraveling the complex processes underlying immune receptor generation

and their implications for human health.
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Figure A.1: For the significantly associated TRB locus SNPs, the median association effect magnitude was
largest for the expression of TRBD1 followed by the expression of TRBD2 and the expression of TRBV28 all
in productive TCRs. The median association effect magnitude for each gene is shown by each point and the

interquartile range of the association effect sizes for each gene is given by each black horizontal line.
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Figure A.2: For the significantly associated MHC locus SNPs, the median association effect magnitude was
largest for the expression of TRBV4-1 followed by the expression of TRBV10-3. The median association effect
magnitude for each gene is shown by each point and the interquartile range of the association effect sizes for

each gene is given by each black horizontal line.
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Figure A.3: The majority of significantly associated TRB locus SNPs had similar gene usage association P-
values between non-productive and productive TCRs, but significantly associated MHC locus SNPs were only
significant for gene usage of productive TCRs. Notably, the majority of TRB locus SNPs which were significant for
productive TCRs and not significant for non-productive TCRs occurred for the usage of genes which have both
productive and non-productive alleles [125]. Only SNP associations which were significant for either productive
TCRs, non-productive TCRs, or both are shown here. There were 15 significant associations which were not
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vertical lines correspond to the genome-wide Bonferroni-corrected P-value significance threshold of 5.09 x 1011,

The dashed black line represents the non-productive -log10(P-value) equals productive -log10(P-value) line.
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Figure A.4: The SNP genotype for the SNP (rs2367486) most significantly associated with 5° end D-gene
trimming within the TRB locus is also associated with TRBD2*02 allele genotype. Specifically, SNP genotype
and TRBD2*02 allele genotype are significantly correlated (P < 2.2 x 10716 and x? = 259.3) using a chi-
square test of independence. The Y-axis integer genotypes correspond to the number of minor alleles within the
rs2367486 SNP genotype. The X-axis integer genotypes correspond to the number of TRBD2*02 alleles within
the TRBDZ2 gene locus genotype.
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Figure A.5: Significant associations are no longer observed between 5’ end D-gene trimming and variation in

the TRB locus after correcting for TRBDZ2 allele genotype in our model formulation. Further, four new signifi-

cant associations are present between 5’ end D-gene trimming and variation in the DCLRE1C locus. Only SNP

associations whose P < 5 x 10~2 are shown here. All genome-wide 3’ end D-gene trimming associations fell

above this plotting threshold. The gray horizontal line corresponds to a P-value of 1.94 x 10~ (calculated using

whole-genome Bonferroni correction, see Methods).
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Figure A.6: Significant associations are also no longer observed between 5 end D-gene trimming and variation
in the TRB locus when restricting the analysis to TCRs which contain TRBJ1 genes (and consequently contain
TRBD1). Additionally, two new associations are present between 5’ end D-gene trimming and variation in the
DCLRE1C locus for productive TCRs. Four new associations are present between 3’ end D-gene trimming and
variation in the DCLRE1C locus. Only SNP associations whose P < 5x 10~ are shown here. The gray horizontal

line corresponds to a P-value of 1.94x10~? (calculated using whole-genome Bonferroni correction, see Methods).
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Figure A.7: The extent of nucleotide deletion varies by the gene allele identity for all gene types. An empirical
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Figure A.9: The fraction of TCRs containing P-nucleotides is not significantly associated with DCLRE1C locus
SNPs. However, significant associations are present within the TRB and MHC loci for the fraction of non-D-gene-
trimmed, productive TCRs containing 5’ end D-gene P-nucleotides. Only SNP associations whose P < 5 x 107°
are shown here. The gray horizontal line corresponds to a P-value of 9.68 x 1019 (calculated using whole-

genome Bonferroni correction, see Methods).
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Figure A.11: For the significantly associated DCLRE1C locus SNPs, the magnitudes of the effects were greater
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Figure A.12: The extent of J-gene trimming changes as a function of SNP genotype for the SNP (rs41298872)

most significantly associated with J-gene trimming within the DCLRE1C locus. Only TCRs containing TRBJ1-1*01

(the most frequently used TRBJT gene across subjects) were included when calculating the average number of

J-gene nucleotides deleted for each subject.
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Figure A.13: The extent of V- and J-gene trimming of productive and non-productive TCRS chains changes as

a function of SNP genotype within the discovery cohort for a non-synonymous DCLRE1C SNP (rs12768894,
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Figure A.14: The extent of V-gene trimming (A) of productive and non-productive TCR3 chains and J-gene
trimming (B) of productive TCRS chains changes as a function of SNP genotype within the validation cohort for
a non-synonymous DCLRE1C SNP (rs12768894, ¢.728A>G). The average number of nucleotides deleted was

calculated across all TCR/3 chains for each subject, regardless of gene-usage.
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Figure A.17: Significant associations continue to be observed within the DNTT locus for both V-D- and D-J-
gene-junction N-insertions when restricting the analysis to TCRs which contain TRBJ1 genes (and consequently
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sponds to a Bonferroni-corrected P-value significance threshold of 1.94 x 10~ (calculated using whole-genome

Bonferroni correction, see Methods).
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Figure A.18: For these significant DNTT locus SNP associations, the magnitudes of the effects were greater for
non-productive TCRs compared to productive TCRs for both V-D-gene junction N-insertion and D-J-gene junction

N-insertion.
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Figure A.19: The extent of V-D and D-J N-insertion of productive and non-productive TCRS chains changes
as a function of SNP genotype within the discovery cohort for an intronic DNTT SNP (rs3762093). The average

number of N-insertions was calculated across all TCR chains for each subject.
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Figure A.20: An intronic SNP (rs3762093) within the DNTT gene locus is not strongly associated with the
number of V-D (A) or D-J (B) N-inserts within productive or non-productive TCRS chains in the validation cohort.
However, the direction of the effect is the same as the discovery cohort for all N-insertion and productivity types.

The average number of N-insertions was calculated across all TCRS chains for each subject.
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Figure A.21: An intronic SNP (rs3762093) within the DNTT gene locus is significantly associated with the number
of V-J N-inserts for productive TCR« chains in the validation cohort. This SNP is not significantly associated with
the number of V-J N-inserts for non-productive TCRa chains in the validation cohort. The average number of

N-insertions was calculated across all TCR« chains for each subject.
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Figure A.22: The discovery cohort population mean is dominated by subjects in the “Caucasian”-associated

PCA-cluster. Of the 398 subjects in the sample population, 81% are in the “Caucasian”-associated PCA-cluster.
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Table A.1: Key resources table.

Reagent type Designation Source Identifiers Additional information
(species) or or refer-
resource ence
Software, TCRdist [67] Version 0.0.2; Software can be found
Algorithm on GitHub (https://github.com/
phbradley/tcr-dist)
Software, migec [70] RRID: Version 1.2.9; Software can be found
Algorithm SCR_016337  on GitHub (https:
//github.com/mikessh/migec)
Antibody CD3-PerCP Thermo Cat: 0.012 pg per 1 million cells (1:100)
eFluor710 Fisher 46-0037-42;
(Mouse Scientific ~ RRID:
monoclonal) AB 1834395
Antibody CD4-BV650 BD Bio-  Cat: 563875; 2 pl per 1 million cells (1:50)
(Mouse sciences RRID:
monoclonal) AB 2687486
Antibody CD8-APC Biole- Cat: 344746; 0.1 pg per 1 million cells (1:100)
Fire750 (Mouse  gend RRID:
monoclonal) AB 2572095
Antibody TCR~/0-PE Biole- Cat: 331222; 1 pg per 1 million cells (1:40)
Cy7 (Mouse gend RRID:
monoclonal) AB_ 2562891
Other Fec Block BD Bio-  Cat: 564220; 2.5 ug per 1 million cells (1:20)
sciences RRID:
AB 2728082
Other Live/Dead Aqua  Tonbo Cat: 1 pl per 1 million cells (1:100)
Bio- 13-0870-T100
sciences
Commercial Qiagen QIAamp  Qiagen Cat: 51306
assay, kit DNA Mini Kit
Commercial Taqman SNP Thermo Cat: 4351379
assay, kit Genotyping Fisher
Assay Scientific
Commercial TagMan Thermo Cat: 4371353
assay, kit Genotyping Fisher
Master Mix Scientific
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Appendix B

SUPPLEMENTARY METHODS FOR CHAPTER 2

B.1 Correcting for TRBD2-allele-SNP genotype linkage in TCR feature asso-
ciations with the TRB locus SNPs

Within the TRB locus, we noted that SNP genotypes were associated with TRBD2 allele
genotype (Figure A.4). Associations between gene-alleles and TRB locus SNP genotypes, if
present, may produce false positive associations when implementing the “gene-conditioned
model” to infer associations between SNPs and TCR repertoire features, conditional on
gene usage. To explore this phenomenon further, we zoomed in to the TRB locus and
incorporated a TRBD2 allele genotype correction procedure into our model formulation. As
such, to quantify the association strength between each TRB locus SNP and TCR feature,
conditional on gene usage and correcting for population-substructure-related effects as in

(2.7), while incorporating TRBDZ2 allele genotype correction terms, we fit the model:

8
Yim = 2i o + xij - Brj + Bo + Yjm + Zﬁsz - Pip + €ijm
p=1

where z; represents the qualitative TRBD2 allele genotype status for subject i such that z; €
{*TRBD2*01 homozygous”, “heterozygous”, “TRBD2*02 homozygous”}, «; is the TRBD2
allele genotype effect for SNP j, and the remaining variables are defined as in (2.7). With

this model formulation, we can estimate each regression coefficient by solving the following
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weighted least squares problem for each TRB SNP, TCR feature, and productivity status

combination:
N n Mt 8
A A A A 3 . — 2
(&, Bos Brjs Vs Baj) = argmin Z Z Wz‘m‘(yim_(Oéjzz’"‘ﬁO"‘”ij"‘Bljxij"‘Z Bij'Pip)) :
;,80,815,7j,825 i=1 m=1 p=1

With these estimates for the TRBD2 allele genotype and population-substructure-
corrected j-th SNP effect on the amount of the TCR. feature of interest, Blj, we calculated
a P-value using the methods described in the methods section for the “gene-conditioned

model”.

B.2 Genomic inflation factor calculations

We defined the genomic inflation factor A to be the ratio of the median of the empirically
observed squared test statistic to the expected median [126-128|. For each GWAS analysis
implemented using the “simple model”, we used the test statistic 7} given by (2.3) for each
SNP j = {1...J} tested genome-wide. For each GWAS analysis implemented using the
“gene-conditioned model”, it was not computational feasible to calculate a test statistic 7Tj
for all SNPs tested genome-wide using the bootstrapping protocol described in the “gene-
conditioned model” methods section. Thus, instead, we randomly sampled 10,000 SNPs and
calculated the test statistic T} for each SNP in the random subset. Let S = {T%,...,T7} be

the set of all squared test statistics. As such,

median(S)

A= 056

where 0.456 is the median of a chi-squared distribution with one degree of freedom. If the
GWAS analysis results follow the chi-squared distribution, the expected value of A is 1.

Thus, when A < 1.03, we concluded that there was no evidence of systemic population-

156



substructure-related bias in the analysis [72, 128|.

B.3 Conditional analysis to test for multiple independent association signals

Within the DNTT and DCLRE1C loci, we performed a stepwise series of nested regression
analyses to test for independent SNP associations within each locus for N-insertion and
nucleotide trimming, respectively. We used the same models and covariates as the primary
analyses (“simple model” for associations between N-insertion and DNTT variation and
the “gene-conditioned model” for associations between nucleotide trimming and DCLRE1C
variation) and included the most significant SNP within each locus as an additional covariate.
We inferred the association between each SNP within each locus and the TCR feature of
interest using this new conditional model and considered significant associations at a gene-
level Bonferroni-corrected significance threshold for each locus. From here, we repeated this
analysis (if necessary), identifying and adding additional SNPs one-by-one as a covariate
to each successive model. Once the P-value of top SNP within the locus was no longer
significant, we concluded the analysis. SNPs which were added as as additional covariates

in the final conditional model were considered to be independent signals.

B.4 Quantifying TRBD2 allele associations with the TRB locus SNPs

For each significantly associated SNP within the TRB locus as shown in Figure 2.3, we
compared SNP genotype to TRBD2 allele genotype across all subjects. We used Pearson

correlation to measure the correlation between the two genotypes.
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B.5 Ezxploring TCR repertoire features and SNP minor allele frequency by an-
cestry PCA cluster

To quantify PCA cluster variation of TCR repertoire features (such as total N-insertions (V-
D N-insertion and D-J N-insertion)), we first calculated an average of each TCR repertoire
feature by subject and productivity status. We also calculated a population mean of each
TCR repertoire feature by productivity status. Each subject was classified into one of six
PCA clusters. Thus, we compared the mean of the TCR repertoire features within each
PCA cluster to the population mean using a one-sample t-test to compute each P-value. We
used Bonferroni multiple testing correction to adjust each P-value.

We also calculated SNP minor allele frequencies for the whole population and for each
PCA cluster individually such that

Sy
MAF;, = # (B.1)

Here, MAF, is the minor allele frequency for SNP marker ;7 and PCA cluster r, I, is the
number of individuals in the PCA cluster r, and z;; is the number of alleles in the genotype of
SNP marker j for subject i € {1,...,I.}. For each SNP j, the minor allele was defined as the
allele with the lowest frequency in the total population. To quantify minor allele frequency
differences by PCA cluster for select SNPs within various loci of interest (i.e. DNTT gene),
we compared the minor allele frequencies calculated within PCA-clusters to the minor allele
frequencies calculated for the entire population using a one-sample t-test to compute each
P-value. Again, we used Bonferroni multiple testing correction to adjust each P-value.

For both of these analyses, we used the t_test function from the rstatix package in
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Figure C.1: Using a different, and much larger, repertoire sequencing data set, we have closely replicated
previous work [15] which illustrated that a simple position-weight-matrix-style model has good predictive accuracy
for many TCRS3 V-genes. (A) Inferred trimming profiles (shown in blue) using this model have good predictive
accuracy for the same V-genes highlighted in previous work (compare Figure 4A in [15]). Gene-specific trimming
profiles for each individual in the training data set are shown in gray. (B) Position-weight-matrix of the local
sequence context dependence of V-gene trimming probabilities consisting of 2 nucleotides 5’ of the trimming site
and 4 nucleotides 3’ of the trimming site. (Note: the positions in this figure are flipped relative to the rest of the
corresponding figures in this paper in order to correspond to the original figure in [15].) Positions 3’ of the trimming
site have a stronger effect on the probability of trimming compared to positions 5’ of the trimming site. Specifically,
A and T nucleotides 3’ of the trimming site have a strong positive effect on the trimming probability whereas C
nucleotides have a strong negative effect. The black vertical line corresponds to the trimming site. Each inferred
coefficient is given as the change in log10 odds of trimming at a given site resulting from an increase in the feature
value, given that all other features are held constant. The inferred coefficients show here closely resemble the

previously-reported model (see Figure S11 in [15]).
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Figure C.2: For each model, there was some variation in the expected per-sequence conditional log loss values
computed across the 20 random, held-out subsets of the V-gene training data set. The average expected per-

sequence conditional log loss values are shown as vertical lines.
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corresponds to the trimming site.
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Figure C.3: Performance of the 1x2 motif + two-side base-count beyond model across all TRB V-genes, ordered
by the frequency of usage in the training data set. Inferred trimming profiles (shown in blue) using the 1x2 motif
+ two-side base-count beyond model have good predictive accuracy for most V-genes. Gene-specific trimming
profiles for each individual in the training data set are shown in gray. The sequence context with the highest

probability of trimming (3’-TTC-5" or 3'-TGC-5’ from Figure 3.4B) is highlighted in orange. The black vertical line
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Figure C.4: (A) Inferred trimming profiles (shown in blue) from a 7x2 motif + two-side base-count beyond model
which includes all nucleotides 3’ of the motif (regardless of double-stranded status) in the 3’-base-count term
show good predictive accuracy for the most frequently used V-genes. The fit for this model is very similar to the
original 1x2 motif + two-side base-count beyond model which only includes double-stranded nucleotides in the
base-count terms. Gene-specific trimming profiles for each individual in the training data set are shown in gray.
(B) Position-weight-matrix of the local sequence context dependence of V-gene trimming probabilities consisting
of 1 nucleotides 5’ of the trimming site and 2 nucleotides 3’ of the trimming site from fitting a 7x2 motif + two-side
base-count beyond model which uses all nucleotides 3’ of the motif in the 3’-base-count term. (C) Inferred two-
side base-count beyond model coefficients from fitting a 7x2 motif + two-side base-count beyond model which
uses all nucleotides 3’ of the motif in the 3’-base-count term. All inferred coefficients from this model are similar
to the original 7x2 motif + two-side base-count beyond model which only includes double-stranded nucleotides in
the base-count terms. The count of AT nucleotides 5’ of the motif (shown in gray) was not included in this model.
The black vertical line corresponds to the trimming site. Each inferred coefficient is given as the change in log10
odds of trimming at a given site resulting from an increase in the feature value, given that all other features are

held constant.
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Figure C.5: Expected per-sequence conditional log loss computed for the 7x2 motif + two-side base-count
beyond model, using the full V-gene training data set, many random, held-out subsets of the V-gene training data
set, a held-out subset of the V-gene training data set containing a group of V-genes defined to be the “most-
different” using the terminal sequences (last 25 nucleotides of each sequence), a held-out subset of the V-gene
training data set containing a group of V-genes defined to be the “most-different” using the full gene sequences,
and the full J-gene data set. Each model was trained using the designated hairpin-opening-position assumption
(see Appendix D for hairpin-opening-position definitions). Each model was trained using the full V-gene training
data set with the held-out group or “most-different” group (if applicable) removed. Lower log loss corresponds to

better a model fit.
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Figure C.6: (A) Log loss computed using the full V-gene training data set for motif + two-side base-count beyond
models containing a varying number of bases 3’ and 5’ of the trimming site within the motif. (B) Log loss computed
using the full J-gene data set for motif + two-side base-count beyond models containing a varying number of
bases 3 and 5’ of the trimming site within the motif. Each model was trained using the full V-gene training data
set as described in the Materials and Methods. Lower log loss corresponds to better a model fit. Models containing
small motifs have worse model fit when evaluating log loss using the full V-gene training data set (A), but have

better model fit when evaluating log loss using the full J-gene data set (B).
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Figure C.7: (A) Inferred trimming profiles (shown in blue) using the 7x2 motif + two-side base-count beyond
model trained using J-gene sequences have good predictive accuracy for the most frequently used J-genes.
Gene-specific trimming profiles for each individual in the training data set are shown in gray. (B) Position-weight-
matrix of the local sequence context dependence of J-gene trimming probabilities consisting of 1 nucleotides 5’ of
the trimming site and 2 nucleotides 3’ of the trimming site from fitting the 1x2 motif + two-side base-count beyond
model using J-gene sequences. Positions 5’ and 3’ of the trimming site have a strong effect on the probability
of trimming. (C) Inferred two-side base-count beyond model coefficients from fitting the 7x2 motif + two-side
base-count beyond model using J-gene sequences suggest that the count of GC bases 5’ of the motif has a
strong positive effect on the trimming probability whereas the count of GC and/or AT bases 3’ of the motif has a
negative effect. The count of AT nucleotides 5’ of the motif (shown in gray) was not included in this model. The
black vertical line corresponds to the trimming site. Each inferred coefficient is given as the change in log10 odds
of trimming at a given site resulting from an increase in the feature value, given that all other features are held

constant.
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Figure C.8: (A) Inferred trimming profiles (shown in blue) using the 7x2 motif + two-side base-count beyond
model trained using productive V-gene sequences have good predictive accuracy for the most frequently used V-
genes. Gene-specific trimming profiles for each individual in the training data set are shown in gray. (B) Position-
weight-matrix of the local sequence context dependence of V-gene trimming probabilities consisting of 1 nu-
cleotides 5’ of the trimming site and 2 nucleotides 3’ of the trimming site from fitting the 7x2 motif + two-side
base-count beyond model using productive V-gene sequences. Positions 5" and 3’ of the trimming site have a
strong effect on the probability of trimming. (C) Inferred two-side base-count beyond model coefficients from
fitting the 7x2 motif + two-side base-count beyond model using productive V-gene sequences suggest that the
count of GC bases 5’ of the motif has a strong positive effect on the trimming probability whereas the count of GC
and/or AT bases 3’ of the motif has a negative effect. The count of AT nucleotides 5’ of the motif (shown in gray)
was not included in this model. The black vertical line corresponds to the trimming site. Each inferred coefficient
is given as the change in log10 odds of trimming at a given site resulting from an increase in the feature value,

given that all other features are held constant.
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Figure C.9: The magnitudes of the inferred coefficients from the 7x2 motif + two-side base-count beyond model
have minimal variance when changing the number of sequences included in the training data set. The original
V-gene training data set contains 21,193,153 sequences. When sub-sampling the original V-gene training data

set and re-training the model, the inferred coefficients are stable until the size of the training data set reaches

w

3" motif pos 1, C nt

3' motif pos 1, G nt

3' motif pos 1, A nt
3" motif pos 2, C nt
3' motif pos 1, T nt
5' motif pos 1, Ant
5' GC base-count beyond
5' motif pos 1, T nt
" motif pos 2, A nt
' motif pos 1, C nt
' motif pos 2, G nt

()

3' GC base-count beyond
3' motif pos 2, T nt

3' AT base-count beyond

log2(Proportion of full training data set)

around 82,800 sequences (e.g. log2(Proportion of the full training data set) is equal to -8) or below.
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Figure C.10: Inferred SNP-interaction coefficients from fitting the 7x2 motif + two-side base-count beyond pro-
portion + length SNP interaction model. (A) Inferred interaction coefficients between rs41298872 SNP genotype
and motif parameters for 1 nucleotide position 5’ of the trimming site and 2 nucleotide positions 3’ of the trimming
site. The interaction coefficients between the SNP genotype and the presence of T nucleotides (at all positions in
the motif) are significant. (B) Inferred interaction coefficients between rs41298872 SNP genotype and two-side
base-count beyond model coefficients. The interaction coefficient between the SNP genotype and the count of
AT nucleotides 5’ of the motif (shown in gray) was not included in this model. None of the interaction coefficients
are significant. (C) Inferred interaction coefficients between rs41298872 SNP genotype and the length coefficient
The black vertical line corresponds to the trimming site. Each inferred coefficient is given as the change in log10
odds of trimming at a given site resulting from an increase in the feature value, given that all other features are

held constant.

169



A B
e log10(probability of deletion)
[ |
c 8 0.2
o0 9] 0.0
G ©
M -0.1
AT
g 02
T
5' 3 5' base count 3' base count

Pos%tion
Figure C.11: Differing methods of sequence annotation have little to no effect on the model fit or performance.
(A) Position-weight-matrix of the local sequence context dependence of V-gene trimming probabilities consisting
of 1 nucleotides 5’ of the trimming site and 2 nucleotides 3’ of the trimming site from fitting the 7x2 motif + two-
side base-count beyond model using parsimony-annotated sequences. (B) Inferred two-side base-count beyond
model coefficients from fitting the 71x2 motif + two-side base-count beyond model using parsimony-annotated
sequences. These inferred coefficients are highly similar to the original 1x2 motif + two-side base-count beyond
model trained using IGoR-annotated sequences (Figure 3.4). The count of AT nucleotides 5’ of the motif (shown
in gray) was not included in this model. The black vertical line corresponds to the trimming site. Each inferred
coefficient is given as the change in log10 odds of trimming at a given site resulting from an increase in the

feature value, given that all other features are held constant.
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Figure C.12: Model performance is similar for productive sequences compared to non-productive sequences
from each testing data set. Expected per-sequence conditional log loss computed for various models using the
TCRpg V-gene training data set and productive V- and J-gene sequences from several independent testing data
sets. Each model was trained using the full non-productive TCRS V-gene training data set. Lower expected per-
sequence log loss corresponds to a better model fit. The 7x2 motif + two-side base-count beyond model has
the best model fit and generalizability across all testing data sets. The horizontal dashed line corresponds to

the expected per-sequence log loss of the 1x2 motif + two-side base-count beyond model computed for V-gene

trimming using the non-productive TCR/3 V-gene training data set.
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Figure C.13: The weight of the 7x2 motif and two-side base-count beyond model terms varies by data set. (A)

The scale coefficient for the two-side base-count beyond model terms is larger than the motif scale coefficient for

every data set. (B) The expected per-sequence conditional log loss of each of these new models is only slightly

better compared to the original 7x2 motif + two-side base-count beyond model. Horizontal and vertical dashed

gray lines correspond to the TCRS3 V-gene training data set. The black solid line corresponds to the y = z line.
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Figure C.14: Sequence motifs appear at varying frequencies within the germline TRB and /GH genes. Sequence
motifs that lead to a large increase in trimming probabilities in the model (e.g. a large, positive PWM motif score)
appear at relatively low frequencies within the germline IGH genes. This may explain the weakness of the motif-

related signal within /IGH data sets (Figure C.13).
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Table C.1: Summary of all notation used in our trimming modeling

Variable Description

General notation

1 set of all individuals

i index for an individual in the set I of all individuals

K; total number of TCRs in the repertoire of individual ¢

k index of a sequence in the TCR repertoire of individual 4

S random variable that represents the gene sequence

o general notation for a gene allele group sequence oriented 5’-
to-3’

oy V-gene allele group sequence (“top” strand oriented 5’-t0-3’)

oJ J-gene allele group sequence (“bottom” strand oriented 5’-to-
3)

N random variable that represents the number of deleted nu-
cleotides

n number of deleted nucleotides from the 3’-side of a gene se-
quence

L lower bound of “reasonable” trimming amounts, we have de-
fined L =2

U upper bound of “reasonable” trimming amounts, we have de-
fined U = 14

C@ (o) the number of TCRs that use gene allele group o in the sam-
pled repertoire of individual ¢

C9(n, o) the number of TCRs that have gene allele group o and n
nucleotides deleted in the sampled repertoire of individual i

N’ set of all “reasonable” trimming amounts; N’ = {2,...14}

Pop(N=n|S =0,1)

empirical conditional probability density function (3.1)

Motif parameter-specific notation

a

{o(n+5)}-L,
motif
js

Bmotif

f(n,o; 8%, a,b)

non-negative integer value that represents the number of nu-
cleotides 5’ of the trimming site to be included in the “trim-
ming motif”

non-negative integer value that represents the number of nu-
cleotides 3’ of the trimming site to be included in the “trim-
ming motif”

“trimming motif” sequence (D.1)

(log) position weight matrix coefficient for trimming motif po-
sition j € {—a,...,b— 1} and nucleotide s € {A,T,C,G}

set of all motif coefficients pIg*** for all positions j €
{—a,...,b—1} and nucleotide s € {A,T,C, G}

motif-specific covariate function (D.2)

Base-count-beyond
specific notation

parameter-
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CAT(JJ)

CGC(Z‘)
seqs(n, o, a,c)
seqs(n, o, b)
BAT and 4T
,GAT

Bgc and Bgc
/GGC

f(n’ O-; ﬁAT’ BGC’ a7 b7 C)

non-negative integer value that represents the number of nu-
cleotides 5’ of the trimming site to be included in the 5’ base-
count-beyond the “trimming motif”

count of nucleotides that are A or T in an arbitrary sequence
x

count of nucleotides that are G or C in an arbitrary sequence
x

the nucleotide sequence 5’ of the trimming site, beyond the
“trimming motif” (D.3)

the nucleotide sequence 3’ of the trimming site, beyond the
“trimming motif” (D.4)

base-count-beyond model coefficients for the 5" and 3’ sequence
base-counts of A and T nucleotides beyond the trimming motif

set of AT-base-count-beyond model coefficients (includes ST
and B4T)

base-count-beyond model coefficients for the 5’ and 3’ sequence
base-counts of G and C nucleotides beyond the trimming motif

set of GC-base-count-beyond model coefficients (includes (¢
and 35°)

base-count-beyond-specific covariate function (D.2)

DNA-shape parameter-specific no-
tation

$€Qcxpa (0, @, b)

o v o= M

shape”(j, s€Qexpa(n, 0, a,b))

shape’(d, seq.ypa(n,0,a,b))

ﬁ Zl;ape

shape
Bvd

gshape

“expanded trimming sequence window” (D.6); consists of the
“trimming motif” sequence extended by two nucleotides in
both the 5’ and 3’ direction

nucleotide electrostatic potential
nucleotide minor groove width
nucleotide propeller twist
di-nucleotide roll

di-nucleotide helical twist

measure of nucleotide shape u € {E, W, P} for the nucleotide at
position j € {—a,...,b — 1} within the “expanded trimming
sequence window” $€qe,,q(n, 0, a,b)

measure of di-nucleotide shape v € {R,H} for the di-nucleotide
at position d € {—a+1,...,b— 1} within the “expanded trim-
ming sequence window” $€Qgy,q(n, 7, a,b)

DNA-shape coefficients for nucleotide shape type u € {E,W,P}
and “expanded trimming sequence window” nucleotide posi-
tion j € {—a,...,b—1}

DNA-shape coefficients for di-nucleotide shape type v € {R,H}
and “expanded trimming sequence window” di-nucleotide po-
sitiond € {—a+1,...,b—1}

set of all nucleotide and di-nucleotide DNA-shape coefficients
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f(n,0; 8%, a,b)

DNA-shape-specific covariate function (D.7)

Length parameter-specific notation

ﬁldist

f(n, o; Bldist)

length specific model coefficient

length-specific covariate function

Modeling notation

f(n’ 0-; ﬂmOtif7 BAT)BGC7 a’ b’ C)
P(n | O';ﬁmOtif,,BAT,,BGC,a,b, C)

10gL<ﬂm°tif,,6AT,ﬂGC7a,b, C)

Psamplc(N =n, S = J)

10g Lexpected (/GmOtifa ﬁAT, ﬂccv a, ba C)

10g Lemp (ﬁmOtifv BATv /Bccv a, bv C)

Pmarg(a')

log LW(ﬁmOtif”BAT,,BGC, a, b7 C)

example model covariate function including motif and base-
count-beyond model parameters (3.2)

conditional logit model formulation using the motif and base-
count-beyond model covariate function (3.3)

aggregated log likelihood for the conditional logit model; this
likelihood function is un-weighted (3.4) and gives every obser-
vation uniform treatment in the likelihood

sampling procedure for the construction of the expected like-
lihood

expected log likelihood for the conditional logit model; this
likelihood function (3.5) weights each observation by its sam-
pling probability, Psampie(N =n,S = 0)

expected log likelihood for the conditional logit model; this
likelihood function (3.7) weights each observation by its sam-
pling probability from the empirical joint PDF (3.6)

empirical average per-gene-allele-group frequency used in for-
mulating a subject-independent gene sampling procedure (3.8)

expected log likelihood for the conditional logit model; this
likelihood function (3.9) weights each observation using a
subject-independent gene sampling procedure (3.8)

Model evaluation notation

M

A

J

H

P(H)
oM | H)
Ble(M)]

RMSE(o, M, V)

an arbitrary model trained on a specified training data set
full V-gene data set

full J-gene data set

arbitrary held-out data set

probability of the arbitrary held-out data set (D.9)

expected per-sequence conditional log loss (3.11) of a trained
model M evaluated on a data set H

expected per-sequence conditional log loss across 20 random
held-out data sets (D.10)

per-gene mean squared error (D.11) for a gene ¢ using a model
M trained using the V-gene training data set V

Coefficient evaluation notation

T(B)

X

test statistic (3.12) for evaluating the significance of a single
inferred coefficient 3

set of single-nucleotide polymorphisms (SNPs) within the gene
encoding the Artemis protein that were previously identified
to be associated with increasing the extent of trimming [2]
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Gia number of minor alleles in the genotype of an individual i €
for SNP z € X

{Bronit BAT 3% set of interaction coefficients between each model parameter
and the SNP x genotype
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Appendix D

SUPPLEMENTARY METHODS FOR CHAPTER 3

D.1 FExtended parameter description

Defining the “trimming motif” and position-weight-matrix weight for a given gene and trim-
ming site

PR L) n=5

A “"AGACGACAGCACCGG-=

P L L LN n=3

B sAGACGACAGCACCGG-=

L L L n=1

C -AGACGACAGCACCGG-=

Figure D.1: Let a = 2 and b = 4. The 6 nucleotide trimming motif given by (D.1) is shown in the orange box
and the trimming site is shown by the vertical orange line. An arbitrary gene sequence is highlighted in gray and
the two possible P-nucleotides are highlighted in purple. (A) For n = 5, the 6 nucleotide trimming motif will not
contain P-nucleotides. (B) For n = 3, the 6 nucleotide trimming motif will contain one P-nucleotide. (C) Forn = 1,

the trimming motif will contain two P-nucleotides and will be “incomplete” (contain less than 6 nucleotides).

Existing probabilistic models of nucleotide trimming using repertoire sequencing data have
shown that the local nucleotide context around the trimming site, which we refer to as

the “trimming motif”, do a surprisingly good job of predicting the distribution of trimming
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lengths for a variety of genes [15]. This simple position-weight-matrix style model uses a
trimming motif containing two nucleotides 5’ of the trimming site and four nucleotides 3’ of
the trimming site to predict the probability of trimming at that site. In practice, we can
define the trimming motif to be any size. Let a and b be non-negative integer values that
represent the number of nucleotides 5" and 3’ of the trimming site, respectively. Together,
these a + b nucleotides will compose the trimming motif. For a gene allele group sequence o
and a number of deleted nucleotides n, let o(n + j) represent the nucleotide identity at the
trimming motif position j € {—a,...,b— 1} where positions j < 0 represent motif positions
5" of the trimming site and positions j > 0 represent motif positions 3’ of the trimming site.

As such, the trimming motif sequence is given by

{o(n+ )}, (D.1)

Depending on n, this trimming motif may or may not include P-nucleotides. For example, for
n > b, the b 3’ trimming motif nucleotides will include the b deleted gene sequence nucleotides
3" of the trimming site (and no P-nucleotides) (Figure D.1A). Since we are assuming that
the initial hairpin nick occurs at the +2 position, there will be two P-nucleotides present in
the 5’-to-3" gene sequence. For b — 2 < n < b, where the 2 represents the total P-nucleotide
count in the full sequence, P-nucleotides will be included in the trimming motif sequence.
Specifically, the b total 3’ trimming motif nucleotides will include b — n P-nucleotides and n
deleted gene sequence nucleotides (Figure D.1B-C). Likewise, as a result of the +2 hairpin
nick position assumption, TCRs that have n < b — 2 will not have a full, (a + b)-length
nucleotide trimming motif (Figure D.1C). For these “off-the-end” motif cases, we assign zero
influence to the missing nucleotides during model fitting.

With this trimming motif, let 87¢*** be a (log) position-weight-matrix coefficient for

S

trimming motif position j € {—a,...,b— 1} and nucleotide s € {A, T, C,G}. We can define
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an un-normalized position-weight-matrix weight

b—1

fln,o B0 a,0) = ) ARt (D.2)

j=—a

that will serve as a motif-specific model covariate function in subsequent modeling. As
described above, since we are considering “off-the-end” motif cases, o(n + j) represent the
nucleotide identity at sequence position j where positions j < 0 represent sequence positions
5 of the trimming site and positions 7 > 0 represent sequence positions 3’ of the trimming

site.

AT and GC base-count-beyond the trimming motif

For an arbitrary sequence x, we can count the number of AT and GC nucleotides within the

sequence as

CM(z) = C*z) + C"(x)

and

C%(x) = C%(z) + C%(x),

respectively.

Because the count of AT or GC nucleotides within the sequences 5’ and 3’ of the trim-
ming site may influence the probability of trimming differently, we will calculate the counts
separately. We will not include nucleotides that were already included in the motif parame-
terization. As above, for a gene allele group sequence ¢ and a number of deleted nucleotides
n, let o(n+ j) represent the nucleotide identity at sequence position j where positions j < 0
represent sequence positions 5’ of the trimming site and positions 7 > 0 represent sequence
positions 3’ of the trimming site. Let ¢ be a non-negative integer value that represents the

number of nucleotides 5’ of the trimming site that will be included in the 5" nucleotide counts
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(Figure D.2). Recall that a is a non-negative integer value that represents the number of
nucleotides 5 of the trimming site that are included in the “trimming motif” described in
the previous section. As such, the nucleotide sequence 5’ of the trimming site, beyond the

“trimming motif”, is given by
seqs(n,o0,a,c) = {o(n —I—j)}g(zgll) (D.3)
Within this sequence seq;(n, o, a, c), we can count the number of AT and GC nucleotides as
C*(seqs(n, 0, a,c)) = C*(seqs(n, 0,a,c)) + C*(seqs(n, o, a,c))

and

CGC<Seq5<n7 g, a, C)) = CG(Squ)(TL, g, a, C)) + CC<Seq5 (nv g, a, C))7

respectively.

To count the number of AT and GC nucleotides in the sequence 3’ of the trimming
site, we will include all nucleotides located 3’ of the trimming site that are beyond the
“trimming motif.” However, because we are interested in using GC nucleotide content in
both directions of the wider sequence as a proxy for the capacity for sequence-breathing
and since sequence-breathing is only relevant for nucleotides that are paired, we will not
include the nucleotides within the 3’ single-stranded-overhang when counting 3’ AT and GC
nucleotides (Figure D.2). Since we are assuming that the initial hairpin nick occurs at the +2
position leading to a 4 nucleotide long 3’ single-stranded-overhang, for n > 2, the nucleotide
sequence 3’ of the trimming site, beyond the “trimming motif”, is given by

{on+i)}2s, if(n=3)>b

j=3—n

seq;(n,o,b) = (D.4)

{} if (n—3)<b
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where b is a non-negative integer value that represents the number of nucleotides 3’ of the
trimming site that are included in the “trimming motif” described in the previous section.
For (n — 3) < b, all nucleotides 3’ of the trimming site are considered single-stranded and,
thus, no nucleotides will be included in the sequence used to calculate the AT and GC base-
counts (Figure D.2C). Within this sequence seqs(n,o,b), we can count the number of AT

and GC nucleotides as

C*(seqs(n, 0,b)) = C*(seqs(n, a,b)) + C*(seq,(n, o, b))

and

C%(seq(n, 0, b)) = C%(seqy(n, 0,b)) + C%(seq(n, o, b)),

respectively. As defined, these GC and AT base-counts for the 3’ sequence are dependent
on sequence length and provide a parameterization of both GC nucleotide content in both
directions of the wider sequence and length.

With these 5" and 3’ base counts, we can define 527, B5T, 55¢, and 55° to be base-count-
beyond model coefficients for 5’ and 3’ sequence base-counts of AT and GC beyond the
“trimming motif”, respectively. With these coefficients, we can define a base-count-beyond

covariate function for each trimming site n and gene o:

f(n,o;84,8% a,b,c) = 2T CM(seqs(n,0,a,c)) + B3 - C*(seqy(n, o, b)) (D.5)
+ BSC ’ OGC(Squ)(nv g,a, C)) + Bgc . OGC(SeqS(na g, b))
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‘-------------------- n=6

A "AGAGACGACAGCACCGG=

‘------------------ n=5

B -AGAGACGACAGCACCGG-

‘---------------I n=4

C *AGAGACGACAGCACCGG-

Figure D.2: Leta = 1, b = 2, and ¢ = 5. An arbitrary gene sequence is highlighted in gray and the two
possible P-nucleotides are highlighted in purple. The trimming site is shown by the vertical orange line and the
“trimming motif”, as defined in (D.1), is shown by the orange box. The ¢ nucleotides included in the count of AT
and GC nucleotides 5’ of the trimming site, beyond the “trimming motif”, are expressed by (D.3) and are shown
in the green box. The nucleotides included in the count of AT and GC nucleotides 3’ of the trimming site, beyond
the “trimming motif”, are expressed by (D.4) and are shown in the yellow box. As described in the text, we are
assuming that the initial hairpin nick occurs at the +2 position leading to a 4 nucleotide long 3’ single-stranded-
overhang. We exclude these single-stranded nucleotides in the 3’ base-count-beyond sequence. In this figure,
the 4 nucleotides nearest to the 3’ side of each sequence (this includes the two P-nucleotides and the two 3’-most
gene sequence nucleotides) are considered single-stranded and will not be included in the 3’ base-count-beyond
sequence. (A) For n = 6, 2 nucleotides 3’ of the trimming site will be used in the 3’ sequence base-counts. (B)
For n = 5, 1 nucleotide 3’ of the trimming site will be used in the 3’ sequence base-counts. (C) For n = 4, all
nucleotides 3’ of the trimming site are considered single-stranded and, thus, no nucleotides will be used for the

3’ sequence base-counts.

DNA-shape around the trimming site

Methods have been previously developed to estimate DNA-shape features at a single-nucleotide
position using the sequence context of two neighboring nucleotides on both sides of the nu-
cleotide of interest [98, 99|. As such, these methods use a sliding-pentamer model, centered
at each nucleotide of interest, to derive the structural features of nucleotides within a se-
quence window of any length. These structural features include estimations of electrostatic

potential (E), minor groove width (W), and propeller twist (P) for each nucleotide in the
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sequence window and estimations of roll (R) and helical twist (H) for each di-nucleotide pair
in the sequence window. For simplicity, we will use the term “DNA-shape parameters” to
refer to all five of these structural features.

For our purposes, we can define a “trimming sequence window” of size a+b, as introduced
in the “trimming motif” section with (D.1), where a and b are non-negative integer values
that represent the number of nucleotides 5 and 3’ of the trimming site, respectively. In
order to estimate the DNA-shape for all nucleotides within this window, we will expand
the “trimming sequence window” by two nucleotides on both sides such that there are a + 2
nucleotides 5" and b+2 nucleotides 3’ of the trimming site included in an “expanded trimming
sequence window.” For a gene allele group sequence ¢ and a number of deleted nucleotides n,
let o(n + j) represent the nucleotide identity at the “expanded trimming sequence window”
position j € {—(a+2),...,(b+2) — 1} where positions j < 0 represent expanded trimming
sequence window positions 5’ of the trimming site and positions 7 > 0 represent expanded
trimming sequence window positions 3’ of the trimming site. As such, the expanded trimming
sequence window is given by

$6qepa (10,0, b) == {o(n + j)}" 2L (D.6)

Depending on n, this expanded trimming sequence window may or may not include P-
nucleotides. For example, for n > (b+2), the (b+2) 3’ expanded trimming sequence window
nucleotides will include the (b+ 2) deleted gene sequence nucleotides 3’ of the trimming site
(and no P-nucleotides) (Figure D.3A). For b <n < b+ 2, the (b+ 2) 3’ expanded trimming
sequence window nucleotides will include (b4-2)—n P-nucleotides and n deleted gene sequence
nucleotides (Figure D.3B). Since we are assuming that the initial hairpin nick occurs at the
+2 position, TCRs that have n < b will not have a full, (a+b+4)-length nucleotide expanded

trimming sequence window (Figure D.3C). The sliding-pentamer model [98, 99] requires a full
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pentamer for estimating the DNA-shape of each base of interest, and, thus, for these “off-the-
end” expanded trimming sequence window cases, we cannot estimate DNA-shape parameters
for all nucleotides within the trimming sequence window. As such, when estimating DNA-
shape parameters, we must choose b such that b < n for all trimming lengths n in the data
set.

For each nucleotide position j € {—a, ...,b— 1} within the expanded trimming sequence
window seq.,,q(7, 0, a,b), we can estimate the nucleotide electrostatic potential,
shape®(j, $€Qc,pa (7 0, a, b)), minor groove width, shape" (7, $€Qcxpa (M 0, a, b)), and propeller

twist, shape®(j, $€Qeypq (1, 0, a,b)). We then standardize the estimated values for each shape

shape
uj

type. We can define 3 to be a nucleotide shape model coefficient for nucleotide shape
type u € {E,W,P} and trimming sequence window nucleotide position j € {—a,...,b — 1}.
Let d € {—a +1,...,b — 1} be the location of each di-nucleotide in the trimming sequence
window such that d = 0 represents the location of the trimming site, d < 0 represents
di-nucleotide positions 5 of the trimming site, and d > 0 represents di-nucleotide posi-
tions 3’ of the trimming site. For each di-nucleotide d € {—a + 1,...,b — 1} within the
expanded trimming sequence window $eq,,,q(n,0,a,b), we can estimate the di-nucleotide
roll, shape®(d, seq,,q(n, 0, a,b)) and helical twist, shape®(d, seq,,q(n, 0, a,b)). As above,
we then standardize the estimated values for each di-nucleotide shape type. We can define
B9 to be a di-nucleotide shape model coefficient for di-nucleotide shape type v € {R,H}
and trimming sequence window di-nucleotide position d € {—a + 1,...,b — 1}. We use the

R package DNAshapeR [99] to estimate these DNA-shape parameters for each trimming se-

quence window. With these standardized DNA-shape estimates, we can define a DNA-shape
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covariate function for each trimming site n and gene o

b—1
f(n, o8 a,b) = > > B¢ . shape"(j, 560 (1, 0, a, b))

j=—auec{EW,P}

b—1
n Z Z ngape.shape“(d,seqexpd(n,o,a,b)).

d=—a+1ve{R,H}

(D.7)

‘------------------ n=5

A "AGACGACAGCACCGG-

P L L LNy n=3

B sAGACGACAGCACCGG=

. n=1

C “*AGACGACAGCACCGG-=

Figure D.3: Leta = 1 and b = 2. The 3 nucleotide trimming sequence window is shown in the orange box and
the trimming site is shown by the vertical orange line. The 7 nucleotide expanded trimming sequence window
is represented by the pink boxes in addition to the original trimming sequence window orange box. An arbitrary
gene sequence is highlighted in gray and the two possible P-nucleotides are highlighted in purple. (A) For n = 5,
both the 7 nucleotide expanded trimming sequence window and the original 3 nucleotide trimming sequence
window will not contain P-nucleotides. (B) For n = 3, the 7 nucleotide expanded trimming sequence window will
contain one P-nucleotide and the original 3 nucleotide trimming sequence window will not contain P-nucleotides.
(C) For n = 1, the 7 nucleotide expanded trimming sequence window will be “incomplete” (contain less than 7
nucleotides), and thus, will be invalid for estimating DNA-shape for the nucleotides within the original trimming

sequence window.

Length

We can think of the trimming amount n as a measure of the sequence-independent length
from the end of the gene for each gene and trimming site, and define 3% to be a length

model coefficient. As such, we can define a length covariate function for each trimming site
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f(n, o 61dist) = ﬁldist - n. (DS)

D.2 FExtended model validation methods

Calculating the expected per-sequence conditional log loss across the full V-gene training data
set

With the full V-gene training set, we can train each model of interest as described above
in (3.10) to obtain a trained model M. After this model fitting, we can calculate the expected
per-sequence conditional log loss of the model, M, for the full V-gene training data set, V,
using the procedure described above in (3.11). Here, we use the full V-gene data set as
both the training data set and the testing data set. Models that have lower expected per-
sequence conditional log loss on the V-gene training data set will indicate that the model
has a better fit. Model evaluation using held-out testing sets, as described below, is required

for evaluating model generalizability.

Calculating the expected per-sequence conditional log loss across held-out samples

Because our goal is to learn a model that is gene-agnostic, we will evaluate the performance
and generalizability of each model by calculating the expected per-sequence conditional log
loss using many different held-out data sets. A model that is generalizable across many
genes will perform well and have a good fit across all held-out samples despite their varying
gene compositions. To test this, we will create each random, held-out sample from the
original training data set by cluster-sampling all observations from V-gene allele groups, oy,
uniformly at random. We will refer to each random, held-out sample as the “held-out testing
set.” Let G be the total number of unique V-gene allele groups in the original data set. Let

Giest = Round(0.3 - G) be an integer which represents the number of unique genes included
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in each “held-out testing set.” As such, we can sample each gene oy, with probability

1

Psample<S - UV) = E

such that the probability of each “held-out testing set” H is given by

Gtcst
P(H) = H Psample(S = UV)

oy =1
Gtest

1
=11 o
oy =1

The remaining genes not sampled as part of the “held-out testing set” H will compose the
“training set” T. Using this “training set,” we can train each model of interest as described
above in (3.10). After this model training, we can calculate the expected per-sequence
conditional log loss of the model, M for the “held-out testing set”, H, as described above
in (3.11). To achieve an unbiased estimate of the model performance, we will repeat the above
procedure across 20 unique held-out testing sets and calculate the expected per-sequence
conditional log loss across all samples. As such, the expected per-sequence conditional log

loss across these random samples is given by

E[((M)] =>_ P(H)- (M |H). (D.10)

H=1

We use the same, unique held-out testing sets to calculate the expected per-sequence condi-
tional log loss of each model of interest, and thus, we can compare model fit and generaliz-
ability by directly comparing the expected per-sequence conditional log loss of each model.
Models that have lower expected per-sequence conditional log loss will indicate a that the

model is a better fit and is more generalizable across genes.
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Calculating the expected per-sequence conditional log loss across held-out samples of the
“most-different” V-genes

While the previously-described procedure for evaluating the expected per-sequence condi-
tional log loss across held-out samples of the V-gene data set provided a metric for evaluating
model generalizability across different gene sets, we were interested in evaluating model per-
formance for groups of genes which were considered “most-different” sequence-wise. Many
of the germline V-gene sequences are quite similar, however, there are subgroups of these
sequences which share unique sequence traits. We can characterize these “most-different”
V-genes by either using only the “terminal” V-gene sequences (e.g. that last 24 nucleotides
of each sequence which is directly parameterized in the models) or using the entire V-gene
sequences.

To define the “most-different” V-gene allele group using the “terminal” V-gene sequences,
we first calculate the pairwise hamming distance between each gene-allele group pair. We
then use hierarchical clustering to cluster V-gene allele groups based on their pairwise ham-
ming distances (Figure D.4A). The cluster that has the smallest average pairwise hamming
distance within the cluster and the largest average pairwise hamming distance outside of
the cluster is defined to be the “most-different” V-gene allele group cluster. To define the
“most-different” V-gene allele group using the entire V-gene sequences, we first align all gene
sequences using the DECIPHER package in R. Using these aligned sequences, we can then
proceed with the same procedure as described for the “terminal” V-gene sequences to define
the “most-different” V-gene allele group (Figure D.4B).

Once we have defined a cluster of the “most-different” V-gene allele groups, using either
the “terminal” V-gene sequences or the full sequences, we can define a held-out testing data
set H containing all data observations from the V-gene allele groups within this “most-
different” V-gene allele group cluster. All data observations from the remaining gene allele

groups that were not defined to be part of the “most-different” cluster will compose the
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“training set” T. Using this “training set,” we can train each model of interest as described
above in (3.10). After this model training, we can calculate the expected per-sequence
conditional log loss of the model, M for the “held-out testing set”, H, as described above
in (3.11). Models that have lower expected per-sequence conditional log loss will indicate
better fit and generalizability across even the “most-different” genes. We can repeat this
process for other V-gene allele group clusters (e.g. the “second-most-different” V-gene allele

group cluster) as desired.

A B

Figure D.4: Un-rooted trees of “terminal” V-gene sequences (A) and full-length V-gene sequences (B) derived
from hierarchical clustering. Tips are colored according to cluster membership. The tips corresponding to the

“most-different” group within each tree are colored in orange.

Calculating the expected per-sequence conditional log loss across the full J-gene data set

With the full V-gene training set, we can train each model of interest as described above
in (3.10) to obtain a trained model M. After this model fitting, we can calculate the expected
per-sequence conditional log loss of the model, M, for the full J-gene training data set, J,
using the procedure described above in (3.11). Here, we use the full V-gene data set as the
training data set and the full J-gene data set as the testing data set. Models that have

lower expected per-sequence conditional log loss on the J-gene data set will indicate that the
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model is a better fit and is more generalizable.

FEvaluating TCRB V-gene trimming models using the expected per-sequence conditional log
loss across testing data sets

To validate the performance of each model, we worked with TCRa- and TCRS-immuno-
sequencing data representing 150 individuals, TCRy-immunosequencing data representing
23 individuals, and IgH-immunosequencing data representing 9 individuals from three inde-
pendent validation cohorts (described above). With these data, we used the model coeffi-
cients from the previous TCRS V-gene training run (“frozen” in git commit 093610a on our
repository) and then compute the expected per-sequence conditional log loss of the model
using each independent validation data set of interest. Models that have low expected per-
sequence conditional log loss across all testing data sets will indicate that the model is more
generalizable and less overfit to the training data. We validated each model using V- and

J-gene sequences separately.

D.3 Exploring the gene-specificity of the “trimming motif”

To evaluate the specificity of the motif coefficients across different genes, we can compare
the per-gene model predictions for the motif and base-count beyond model to a model that
only contains base-count beyond parameters. To do this, we first use the entire V-gene data
set V to train both the motif and base-count beyond model as before in (3.10) and a model
that contains only base-count beyond parameters (and no motif parameters). We can then
use these models to predict the probability of trimming each possible trimming amount,

2 < n < 14, for each gene allele group sequence o. For each of these models, we can then
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calculate the per-gene root mean squared error, RMSE, for each gene ¢ such that

2.2 (Pap(n] 0,1) = Pn ] o3 M))"

RMSE(0, M, V) = 4| =L2=2 7 (D.11)

where M is a model trained using the V-gene training data set 'V, I is the set of all individuals
in the data set, || is the length of the set of individuals I, Penp(n | 0,4) is the empirical
conditional PDF given by (3.1) for trimming length n, gene o, and individual i € I, and
P(n | 0; M) is the predicted trimming probability from a specified model M. We can then
compare this per-gene root mean squared error for the model trained using both motif and

base-count beyond parameters with a model trained using just base-count beyond parameters.

D.4 Sensitivity analysis for hairpin nick position

For our modeling, we assume that the initial hairpin nick occurs at the +2 position and
will create two P-nucleotides at the end of the 5-to-3’ gene sequence. Assuming a different
hairpin nick position would incorporate a different number of P-nucleotides at the end of the
gene sequence (Figure D.5). While the hairpins are assumed to be nicked at the +2 position
most frequently [29, 31|, we wanted to test the sensitivity of our models to this hairpin-
nick-position assumption. To do this, we assumed each of the other possible hairpin opening
positions (e.g. -2, -1, 0, +1, +3) one-at-a-time and appended the appropriate number of
associated of P-nucleotides given the assumed hairpin-nick-position to the 3’-end of each
V-gene allele group sequence in the data set. With each of these hairpin-position data sets,
we re-trained the motif and base-count beyond model as before in (3.10) and calculate the
expected per-sequence conditional log loss of the model using (3.11). We can compare these
expected per-sequence conditional log losses to evaluate the sensitivity of the model to the

+2 hairpin nick assumption.
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resulting 5'-to-3' sequence

"AGACGACAGCA
"AGACGACAGCAC

3,

3]

5-AGACGACAGCACC
TCTGCTGTCGTGG

3]

~AGACGACAGCACC

o

"AGACGACAGCACCG
"AGACGACAGCACCGG
5"AGACGACAGCACCGGT

(3]

Figure D.5: An arbitrary DNA hairpin can be nicked opened at various positions near the hairpin (left figure).
Hairpin nick position 0 refers to a nick at the tip of the hairpin, position -1 refers to a nick before the last nucleotide
on the 5’ strand, position +1 refers to a nick before the last nucleotide on the 3’ strand, etc. The resulting 5'-to-3’
sequences from the various nick positions for the arbitrary gene sequence are shown on the right. Nucleotides
originating from the 5’ strand of the DNA hairpin are highlighted in gray and P-nucleotides (originating from the 3’
strand of the DNA hairpin) are highlighted in purple. The various hairpin nick positions lead to 5’-to-3’ sequences
that contain different amounts of P-nucleotides. Hairpin nick positions > 0 lead to 5’-t0-3’ sequences that contain
P-nucleotides, nick positions equal to zero lead to 5’-t0-3’ sequences without P-nucleotides, and nick positions
< 0 lead to 5’-to-3’ sequences without P-nucleotides and with portions of the original 5° DNA hairpin strand

removed.

D.5 Fuvaluating the weight of the 1x2 motif and two-side base-count beyond
model terms across data sets

For each testing data set, we can measure the weight of the 122 motif and two-side base-
count beyond model terms within the full 122 motif + two-side base-count beyond model.
Recall that we trained the full 1z2 motif + two-side base-count beyond model using the

model covariate function given by (3.2)

f(na ov; IBmOtifv IBAT> /6607 a, b> C) = f(n7 ov; /BmOtif7 a, b) + .f(na v, /BAT7 /BGC7 a, b> C)
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where n represents the number of trimmed nucleotides, oy represents the V-gene allele group

motif pepresents motif-specific parameter coefficients, B*" and B represent base-

sequence, 3
count-beyond-specific parameter coefficients, a and b are non-negative integer values that
represent the number of nucleotides 5" and 3’ of the trimming site, respectively, that are
included in the “trimming motif”, and ¢ represents the number of nucleotides 5" of the
trimming site to be included in the base-count. As such, for each training data set, we can
use the inferred coefficients, ,Bmatif, ,Bh, and ,BAGC, from a previous training run and define a
new two-parameter model containing a scale coefficient for the 122 motif terms and a second

scale coefficient for the two-side base-count beyond terms. The covariate function for this

new model is given by

f(nu av; ﬁmOtifa /BAT7 /Bch Onotify, Xeount ) @) b7 C)

‘= Opotif * f(n7 ov; /BmOtif7 a, b) + Qcount - f<n7 av; ﬁATa /6G07 a, b7 C)

where ageris s the scale coefficient for the 122 motif terms and qeount is the scale coefficient
for the two-side base-count beyond terms. We can then train this new model as described

previously for each data set of interest and compare the inferred scale coefficients.
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(i) not MH-mediated (ii) interior-MH-mediated (iii) terminal-MH-mediated (iv) insertion-MH-mediated
AGAGA) (TGATG AGAGA) (TG/—\TG AGAGA) (TG/—\TG AGAGA) (TGATG
TCTCT ACTAC TCTACT ACTAC TCTACT ACTAC TCTACT ACTAC
l hairpin l hairpin l hairpin lhairpin
opening opening opening opening
AGAGATC ATG AGAGATC ATG AGAGAT ATG AGAGATC ATG
TCT GTACTAC TCT GTACTAC TCT GTACTAC TGN GTACTAC
(optional) | trimming | trimming J trimming
AGAGAT ATG AGAG ATG ; : AGAGAT ATG
TCT TACTAC TCT CTAC no trimming TCT TACTAC
| insertion
_ o o o AGAGATGATG
(optional) | insertion no insertion no insertion TCT ATG
E— ACTTACTAC
AGAGAT ATG AGAG ATG AGAGAT ATG AGAGATGA ATG
TCT TACTAC TCT CTAC TCT TACTAC TCT TTACTAC
| ligation | ligation | ligation | ligation
AGAGATATGATG AGAG GATG AGAGATCATGATG AGAGATGA AATGATG
TCTCTATACTAC TCTC CTAC TCTCTAGTACTAC TCTCTACT TTACTAC

Figure E.1: lllustration of how microhomologous nucleotides could influence trimming and/or ligation during
V(D)J recombination. The example depicts microhomologous regions (yellow), trimmed nucleotides (gray), and
inserted nucleotides (pink) for a V-gene (purple) and J-gene (green), highlighting four possible regimes: (i)
no microhomology influence, (ii) influence of interior microhomology, (iii) influence of terminal microhomology,
and (iv) influence of insertion-dependent microhomology. Terminal and interior microhomologous nucleotides are
germline-encoded, whereas insertion-dependent microhomologous nucleotides are randomly added by terminal
deoxynucleotidyl transferase (TdT) and are not encoded in the germline. Germline-encoded microhomologous
regions are classified as terminal microhomology when they are located at the ends of untrimmed sequences,

and as interior microhomology when they are located within the interior regions of the gene sequences.
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Figure E.2: Overview of how sequences are transformed into features for regression. (A) During early stages
of V(D)J recombination, the hairpin of each gene is opened. Hairpins are most frequently opened at position
+2, but other positions are possible. For modeling, we assume all hairpins open at +2. (B) Hairpin opening
creates a 4-nucleotide single-stranded overhang, with 2 nucleotides considered P-nucleotides. Each gene can
then undergo nucleotide trimming. Trimming sites are indexed such that negative values represent P-nucleotide
deletions, while positive values represent coding sequence deletions. For example, a deletion of 0 trims to the end
of the germline gene (removing 2 P-nucleotides), and -2 indicates no trimming of P-nucleotides or gene sequence.
This indexing is consistent with the IGoR software [11]. (C) In this example trimming and ligation scenario, the
V-gene is trimmed by 3 nucleotides (V-trimming site delV = 1), and the J-gene is trimmed by 1 nucleotide (J-
trimming site, delJ = —1). The trimmed genes are ligated with 1 nucleotide of microhomology. (D) lllustration
of sequence features and their alignment for an arbitrary V- and J-gene pair and example trimming and ligation
scenario. For modeling, only the top strand of the V-gene and the bottom strand of the J-gene are considered,
consistent with the most common overhang polarities. Features related to ligation include the microhomology-
related feature (yellow), which captures the number of microhomologous nucleotides in the ligation scenario.
Features related to trimming include the microhomology-related feature (yellow), which captures the average
number of microhomologous nucleotides across all possible ligation scenarios for the given trimming scenario;
the trimming motif features (pink), which represent the identities of nucleotides adjacent to the trimming site
and are indexed relative to the site, with negative indices indicating positions 5’ of the site and positive indices
indicating positions 3’; the 5° base count parameters (green), which capture the GC nucleotide count within 10
nucleotides upstream of the trimming motif; and the 3’ base count parameters (gray), which capture the GC and

AT nucleotide counts downstream of the trimming motif, if applicable.
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Figure E.3: Convergence of the expectation-maximization (EM) algorithm using a training dataset of non-
productive TCRa sequences without N-insertions, alongside their corresponding sets of potential microhomology-
adapted annotations (as detailed in Methods). The y-axis represents the expected per-sequence log loss, as

defined in (F.20).
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Figure E.4: The distribution of complementary sequence regions capable of forming microhomologous regions
during V(D)J recombination varies by trimming amounts and V-J gene pairs. Depending on the gene pair, there is
potential for both interior and terminal microhomology (MH). For instance, the TRAV13-1*01 and TRAJ48*01 gene
pair shows potential for terminal microhomology (e.g. the average number of MH nucleotides for the untrimmed
sequences—both genes trimmed at the -2 site—is nonzero), as well as interior microhomology. In contrast, the
TRAV13-1*01 and TRAJ37*02 gene pair lacks terminal microhomology potential (e.g. the average number of MH
nucleotides for the untrimmed sequences is zero) but has an abundance of interior microhomology. The average
microhomology counts are calculated across all possible ligation scenarios for each gene pair trimming scenario.

Only the most frequently used gene pairs are plotted here.
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Figure E.5: Complementary sequence regions capable of forming microhomologous regions during V(D)J re-
combination are common between germline V- and J-genes in the TRA locus. As the average number of microho-
mologous nucleotides increases for a given gene pair trimming scenario, so does the average number of possible
ligation scenarios. The median average number of microhomologous nucleotides across all possible gene pair
trimming scenarios is 0.1978, corresponding to a median of 1.3149 possible ligation scenarios. Since a median
of exactly one ligation scenario would indicate that all scenarios involve zero microhomology, this suggests that
most trimming scenarios result in multiple ligation outcomes—both with and without microhomology. The average

values are calculated across all trimming scenarios for each gene pair, with each gene pair plotted only once.
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Figure E.6: The distribution of trimming scenarios with multiple ligation options (e.g. varying amounts of micro-
homology in the observed sequence) varies across V-J gene pairs. All gene pair trimming scenarios can ligate
with zero nucleotides of microhomology (indicated by gray dots in the plot), providing at least one ligation sce-
nario choice. Depending on the gene pair, there may be potential for both interior- and terminal-microhomology-
mediated trimming and ligation (e.g. ligation using nonzero microhomology), which would increase the number
of possible ligation scenario choices. For example, the TRAV13-1*01 and TRAJ48*01 gene pair shows potential
for terminal-microhomology-mediated ligation (e.g. ligating the untrimmed sequences—both genes trimmed at
the -2 site—using nonzero microhomology), as well as interior-microhomology-mediated ligation. In contrast, the
TRAV13-1*01 and TRAJ37*02 gene pair lacks potential for terminal-microhomology-mediated ligation (e.g. the
untrimmed sequences can only be ligated using zero microhomology) but has substantial potential for interior-

microhomology-mediated ligation. Only the most frequently used gene pairs are plotted here.
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Figure E.7: Parameters inferred from simulated data emulating varying levels of microhomology involvement in
V(D)J recombination trimming and ligation (see Appendix F). The model was trained using four different simu-
lated datasets. (A) Parameters inferred from data where microhomology does not influence trimming or ligation
choices. In this scenario, the microhomology-related parameters show no signal. (B) Parameters inferred from
data where microhomology increases ligation probabilities but does not affect trimming probabilities. Here, the
trimming-related microhomology parameter shows no signal, while the ligation-related parameter shows a strong
positive signal. (C) Parameters inferred from data where microhomology increases trimming probabilities but does
not affect ligation probabilities. In this case, the ligation-related microhomology parameter shows no signal, while
the trimming-related parameter shows a strong positive signal. (D) Parameters inferred from data where microho-
mology increases both trimming and ligation probabilities. As expected, both microhomology-related parameters
exhibit strong positive signals. The patterns observed in this simulated dataset closely matches those inferred
from actual data. All trimming motif and two-side base count parameters remain consistent across all simulated

datasets.
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Figure E.8: Parameters inferred from a model trained on sequences with N-insertions, which lack germline-
dependent ligation. Due to the unknown composition of inserted nucleotides prior to ligation, ligation patterns
cannot be detected, allowing this model to specifically explore trimming probabilities independent of ligation (see
Appendix F). The ligation-related microhomology parameter was excluded from this model. Inferred trimming
motif and two-side base count parameters align with previous analyses of individual V- and J-gene sequences [3].
The inferred trimming-related microhomology parameter indicates that microhomology has only a minimal effect

on trimming probabilities, suggesting a limited independent role of microhomology in trimming.
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Figure E.9: Both MH-related parameters (gold) exhibit large effect sizes, with the trimming-related MH parameter

showing the strongest positive effect. Stars indicate parameters significant at a Bonferroni-corrected threshold of
0.0016.
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log10 sequence generation probability from MH model (per gene-pair)
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log10 sequence generation probability from no-MH model (per gene-pair)
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Figure E.10: Sequence generation probabilities differ slightly between models that include microhomology effects
and those that do not. Both the model parameterizing microhomology (MH model) and the one that does not
(no-MH model) include trimming motif and base-count parameters and are identical except for the inclusion
of microhomology terms. For each model, we calculate sequence generation probabilities as the aggregated
probability of all possible trimming and ligation scenarios for a sequence, normalized across all sequences for a

given V-J pair.
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(MH vs no-MH model)
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count i
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Figure E.11: As the average number of microhomologous nucleotides across possible annotation scenarios for a
given sequence increases, the difference in sequence generation probabilities between the model parameterizing
microhomology (MH model) and the one that does not (no-MH model) becomes larger. Both models include
trimming motif and base-count parameters and are identical except for the inclusion of microhomology terms.
The plotted differences are calculated using probabilities normalized across all possible sequences for each V-J

gene pair, ensuring the sum of these differences is zero.
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V-gene : trimmed J

5" CTCTGACTATAS'
CATGGACACGG5

J-gene : trimmed V

Figure E.12: Cartoon showing the alignment of V-gene (purple) and J-gene (green) sequences at their inferred
trimming sites (marked with scissors) without gaps. Trimmed regions of each sequence are shown in orange.
We focus on two regions: (1) overlap between V-gene and trimmed J-gene (V-gene:trimmed-J) and (2) overlap
between J-gene and trimmed V-gene (J-gene:trimmed-V). The function h in (F.1) counts contiguous, comple-
mentary nucleotides from the aligned trimming site (indexed as zero). Arrows show the counting direction for each
region. Contiguous, complementary nucleotides are counted only if adjacent to the trimming site. In this example,

V-gene:trimmed-J has 0 contiguous complementary nucleotides, and J-gene:trimmed-V has 2.
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possible MH-mediated trimming
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Figure E.13: (A) Diagram illustrating V(D)J recombination steps, emphasizing possible internal/intermediate
microhomology during trimming. This intermediate microhomology may occur in both single-stranded overhangs
and double-stranded regions due to sequence breathing. The final joined sequence, post-N-insertion (pink), is
shown in the last box. (B) Definition of overlapping sequence regions for specified V-gene, J-gene, and trimming
scenario. The top strand of a V-gene and the bottom strand of a J-gene are each shown with one nucleotide
removed (trimmed nucleotides in orange). Overlapping regions (highlighted in gray) are obtained by aligning the
sequences such that an integer value, a, of nucleotides 5’ of each trimming site overlap. The value of a ranges
from 1 to 4 nucleotides. Despite what is shown in this example, two genes can be trimmed by different amounts
and still yield these overlapping regions. Complementary nucleotides in these regions are indicated by vertical

yellow lines. The final joined sequence post-trimming and insertion is shown in the last box of panel (A).
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Table E.1: Summary of all notation used in our modeling.

Variable

Description

General notation

X
X
V,J
VJ

MH

delV, delJ

delVJ

delV;, delJ;

Ax

arbitrary sampled sequence

set of sampled sequences

random variables for the V- and J-gene

ordered pair of genes, (V,J)

random variable for number of N-insertions

deterministic variable for sequence productivity

random variable for number of microhomologous nucleotides
within the observed sequence; also referred to as a “ligation
scenario”

random variables for trimming amounts from V/J-gene
pair of trimming amounts, (delV,delJ); also referred to as
a “trimming scenario”

random variables for nucleotides deleted from the V/J-gene,
inferred directly by IGoR

set of possible trimming and ligation annotations for a se-

quence X

Motif parameter notation

motif motif
14 s M

fmotif (delV7 V7 /BI\H/(')tif)
fmotif (delJ; Ja IBmJOtif)

set of all V/J-gene motif parameters, defined in detail within
Appendix F
V-gene motif weight function (F.5)

J-gene motif weight function (F.5)

Base count parameter notation

AT GC
Vo MV
AT GC
Jor MJ

fcount (delV7 V7 /6?/?, (‘}/C)
feount (delJ, J; ﬁl}Ta (jc)

V-gene AT/GC base count parameters, defined in detail
within Appendix F

J-gene AT /GC base count parameters

V-gene base count weight function (F.10)

J-gene base count weight function (F.10)
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Microhomology parameter notation

ﬁtrimMH ﬂligMH
ftrimMH (delVJ7 VJ7 BtrimMH)
Jrigm(MH; 51ie"H)

trimming/ligation microhomology parameters
trimming-related microhomology weight function (F.11)

ligation-related microhomology weight function (F.12)

Model notation

ﬁtrim

ﬁlig

ferin(delVI, VI; Bipin)

frig(delVI,MH, VJ; Blig)

P(delVJ,MH | VJ,Q,1= O;ﬁtrim,ﬁlig)
Pannot (delV.I, MH |
0; X, Brigs Berin)
U(Brigs Birin | Prigs Berims X, Q1 =10)
L(Brig: Birin | Brigs Berimi X, Q,1=10)

VJ,Q,1

set of all trimming-related model parameters:
motif motif AT AT GC GC trimMH
\4 y M YV T PV M ﬂ

set of all ligation-related model parameters: S1igMH
trimming-related weight function (F.2)

ligation-related weight function (F.3)

two-step conditional logit model (F.17)

model-derived trimming and ligation annotation probabil-
ity (F.18)

expected log-likelihood for single sequence (F.19)

log-likelihood for observed sequences (F.20)
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Table E.2: Summary of all parameters and parameter-specific weights for an arbitrary gene pair VJ = (V,J)

and trimming scenario delV.J = (delV, delJ). Detailed definitions of each parameter and corresponding weights

are located within Appendix F.

parameters

several nucleotides on either side of
the J-gene trimming site

Parameter | Description Notation Parameter weight
V-gene parameterizes the importance of notit faotiz (delV, V; 3150 (F.5)
motif several nucleotides on either side of

parameters the V-gene trimming site

J-gene motif | parameterizes the importance of o faotiz (deld, J; B%H) (F.5)

V-gene base
count
parameters

parameterizes the importance of the
counts of GC and AT nucleotides
beyond the V-gene trimming motif

¥ and B

feouns (delV, V; 837, BY) (F.10)

J-gene base
count

parameterizes the importance of the
counts of GC and AT nucleotides

B and B

feount(deld, J; 8%, B) (F.10)

parameters beyond the J-gene trimming motif

inter- parameterizes the importance of the B Sum(delV,delJ, V, J; M) (F.29)
mediate average number of non-contiguous

microhomol- | intermediate microhomology between

09y a gene pair given a trimming scenario

parameters

trimming- parameterizes the importance of the Frrintt Ferimm(delVI, VJ; gerimt) (F 17)
related average number of contiguous

observed mi- | microhomology across all possible

crohomology | ligation scenarios for a given trimming

parameters scenario and gene pair

ligation- parameterizes the importance of the prietH Jrigm (MH; g18") (F.12)

related number of contiguous

observed mi- | microhomologous nucleotides for a

crohomology | given ligation scenario, trimming

parameters scenario, and gene pair
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Appendix F

SUPPLEMENTARY METHODS FOR CHAPTER 4

F.1 Extended dataset descriptions

TCR« training dataset

We downloaded TCRa repertoire sequence data from thymocyte samples of 10 immunolog-
ically healthy infants (aged 0-1 years) from the Adaptive Biotechnologies immuneACCESS
database, following links provided in the original publications [118, 119].

Initial V(D)J recombination annotations were assigned to each sequence using the IGoR
software (version 1.4.0) [11], which generates potential recombination annotations alongside
their corresponding likelihoods. For each sequence, we identified the ten highest-probability
recombination annotations and sampled one annotation based on posterior probabilities to
assign an initial annotation. This included V- and J-gene assignments, trimming lengths,
and the number of N-insertions.

Using these initial annotations, we filtered out sequences with inferred N-insertions
(as determined by IGoR) to focus on potential germline microhomology-mediated ligation
events. Sequences with N-insertions were excluded because their presence likely indicates
that ligation did not involve germline microhomology. For the remaining sequences, we

processed the initial annotations to determine all possible trimming and ligation scenarios
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based on the IGoR-inferred V- and J-gene assignments and N-insertion amounts. Since IGoR
does not explicitly account for microhomology and assigns shared nucleotides to only one
gene segment, we did not directly use the IGoR-inferred trimming annotations. Instead, we
adapted the trimming scenario annotations to account for germline-encoded microhomology,
generating a set of possible trimming and ligation scenarios for each sequence, including sce-
narios involving germline-encoded microhomologous nucleotides (see later Appendix sections
for more details).

To finish preparing the training dataset, we excluded sequences that had more than
fourteen nucleotides trimmed from either the V-gene or J-gene, as more extensive trimming
is uncommon and could suggest an alternative trimming mechanism. We also focused only on
non-productive sequences to avoid the potential confounding effects of selection in recombi-
nation statistics. After applying these filtering criteria, the final training dataset consisted of
1,257,528 sequences. To validate our model, we used a separate dataset of 983,514 productive

sequences.

TCR« testing dataset

We downloaded TCRa« repertoire sequence data from peripheral blood samples of 10 healthy
individuals (aged 3-14 years) from the Adaptive Biotechnologies immuneACCESS database
using the link in the original publication [119]. This cohort differs from the training cohort in
demographics and sampling location. All individuals were heterozygous for HLA-DR3/DR4
and had siblings diagnosed with Type-1 Diabetes, but they showed no clinical symptoms of
diabetes at the time of sampling or in the subsequent years. We applied the same IGoR-
based annotation and filtering procedures to this testing dataset as used for the training
dataset. For model validation, we separately analyzed 98,244 non-productive and 141,676

productive sequences.

215



TCRy testing dataset

Annotated TCR~y repertoire sequence data for 23 healthy bone marrow donor subjects was
downloaded from the Adaptive Biotechnologies immuneACCESS database [102]. We applied
the same filtering procedures to this testing dataset as used for the training dataset. For
model validation, we separately analyzed approximately 44,673 non-productive and 20,681

productive sequences.

F.2 Identifying the set of possible sequence trimming and ligation annotations

We aim to identify all feasible combinations of trimming and ligation values (delV, delJ, and
MH) that could account for the observed sequence X. Recall that V and J represent the
V-gene and J-gene, which each define a V-gene and J-gene sequence, respectively. For ease
of notation, these sequences are both oriented in the 3’-to-5’ direction and are represented
as ordered lists of nucleotides. Although the top strand of the V-gene typically follows a
5’-to-3’ orientation, we reverse it here for notational convenience.

Recall that each sequence receives an initial annotation inferred by IGoR, consisting of
a V-gene and J-gene assignment, trimming scenario, and N-insertion amount. While we use
the gene and N-insertion assignments directly, we do not use the IGoR-inferred trimming sce-
nario as-is. This is because IGoR does not explicitly account for microhomology and assigns
shared nucleotides to only one gene segment. Instead, we adapt the trimming annotations
to incorporate possible germline-encoded microhomology, generating a set of possible trim-
ming and ligation scenarios for each sequence, including those involving microhomologous
nucleotides.

To begin, let delV; and delJ; represent specific V- and J-gene trimming amounts inferred
by IGoR in the initial annotation. Since IGoR assumes MH = 0, the initial set of possible
annotations, Ay, includes only (delV = delV;,delJ = delJ;, MH = 0). To expand Ax to
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include annotations with microhomology (MH > 0), we introduce a function h(z,y), which
quantifies the number of contiguous complementary nucleotides between two overlapping,

equal-length sequence regions x and y. This function is defined as:

len@) 11 if 2(j) is complementary to y(j) for all j € {0,...,i}
Moy = 3 (F.1)

=0 10 otherwise.

We apply this function to assess complementarity in overlapping regions between a V-gene
sequence (V) and a J-gene sequence (J), aligning the sequences without gaps at the IGoR-

inferred trimming sites delV; and delJ; (Figure E.12). The overlapping regions are:

1. The V-gene:trimmed-J region, where $€0,,immeq(J, delJ;) represents the trimmed J-gene
sequence oriented 5-t0-3", and $€Q,yep14p(V, delVy, delJ;) represents the overlapping V-

gene sequence oriented 3’-to-5’.

2. The J-gene:trimmed-V region, with $€Q,,;mmeq(V, delV;) and $€0Q,,¢p14,(J, deld;, delVy)
representing the trimmed V-gene and overlapping J-gene sequences oriented 5-to-3’

and 3’-to-5’, respectively.

We define k; and ky as the counts of contiguous complementary nucleotides in these regions:
ky = h(S€dgyer1ap(V, delV;, del];), S€0¢ immea(J, dell;))

and

kv = h(S€dgyer1ap(J, dell;, delV;), $€0, immea(V, delV;)).

Given these values, a sequence X with an initial IGoR~inferred trimming scenario (delV =
delV;, delJ = delJ;, MH = 0) can also be annotated with microhomologous nucleotide counts

MH ranging from 0 to ky + k;. For each of these values of MH, the corresponding trimming
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amounts (delV and delJ) are adjusted accordingly to ensure the same observed sequence is

generated. This expands the set of possible annotations Ay to:

Ax = {(delV;,del];, 0)} U {(delV,,, delJ,,, m) | conditions}.

The conditions are:

1. For each possible annotation, delV,, and delJ, (realizations of delV and delJ) are
within the range of initial IGoR~inferred trimming values adjusted by the contiguous

nucleotide count: delV; — ky < delV,, < delV; and delJ; — k; < delJ,, < delJ,.

2. The microhomologous nucleotide count m (a realization of MH) ranges from 0 to the

sum of contiguous complementary nucleotides: 0 < m < ky + k.

3. The sum of the trimming amounts delV,, and delJ, and the microhomologous nu-
cleotide count m equals the sum of the initial [GoR-inferred trimming amounts: delV,,+

delJ,, + m = delV,; + delJ;

This process can be repeated to identify the sets of all possible sequence annotations for each

sequence sampled from a TCRa repertoire.

F.3 Defining a model weight function

We aim to model the influence of various sequence-level parameters, including microhomology
related parameters, on joint trimming and ligation scenario probabilities, P(delVJ, MH |
VIJ,Q,1 = 0), where delVJ represents the trimming scenario (defined by delV and delJ),
MH represents the number of microhomologous nucleotides used in ligation, VJ represents
the gene pair, Q represents the productivity of the sequences, and I = 0 represents zero N-
insertions. For our modeling purposes, we assume the following about V(D)J recombination

biology:

218



1. The DNA hairpin of each joining gene is nicked open by a single-stranded break |26,
27, 29-31|.

2. This hairpin nick occurs at the +2 position, creating a 4-nucleotide-long 3’-single-

stranded overhang, with the two 3’-most nucleotides being P-nucleotides [29, 31].

3. If any part of the original gene sequence is deleted, all P-nucleotides will also be

deleted [26, 47].

These assumptions allow us to determine the germline nucleotide sequence on both sides of
each trimming site and define sequence-level model features. We assume that observations
can be drawn from a model where these features vary across trimming and/or ligation sce-
narios for a given gene pair. Using these assumptions, we previously demonstrated that local
nucleotide identity surrounding trimming sites (the “trimming motif”) and the counts of GC
or AT nucleotides beyond these motifs (the “5” base-count” and “3’ base-count”) are highly
predictive of trimming probabilities for single gene sequences [3|. Building on this founda-
tion, we aim to integrate these established parameters with newly developed microhomology-
related parameters to assess the combined effects on the processes of trimming and ligation.

For our model, we define two sets of parameters, one trimming-related and one ligation-
related, to model the probabilities of trimming and ligation scenarios. We model trimming
scenario probabilities using established trimming motif (given by Bi**f and B%**) and

5 and 3’ base count (given by @', B, B, and B%) parameters for each gene, along

with a new parameter related to microhomology (given by S*™*™H)  This new parameter
measures the trimming-related effect of the average number of microhomologous nucleotides
across all possible ligation scenarios for a given trimming scenario. Additionally, we model
ligation scenario probabilities using another new parameter related to microhomology (given

by /™) which measures the ligation-related effect of the number of microhomologous

nucleotides within the ligation scenario. Using these model parameters, we define weight
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functions for the trimming choice firin and the ligation choice f1;, such that our model of
P(delVJ,MH | VJ,Q,I = 0) will be a normalized version of these weights.
The trimming-related weight function fi.i, aggregates the desired parameter-specific

weight functions (defined in Table E.2) as follows:

ftrim(delV‘L V‘L ﬁtrim)
= faovie (delV, V; BY) + fons(deld, J; B7) .2
.2
+ fcount (delvu V7 /6?/:[‘7 (\}/C) + fcount (delJ7 Ja /8‘}'1'7 f}]c)

+ ftrimMH(delVJ7 VJ, ﬁtrimMH)‘

For notational convenience, 3,,;, represents the set of all trimming-related regression pa-
rameters, VJ = (V,J) represents a gene pair, delVJ = (delV,delJ) represents a trimming
scenario, and MH represents the number of microhomologous nucleotides within the ligation
scenario.

Additionally, we define a ligation-related weight function f1;, that consists of the relevant

parameter-specific weight function (defined in Table E.2) as follows:
f]_ig(de].VJ, MH, VJ, IBlig) = fligMH(MH; BligMH) (FS)

where (3,;, represents the set of all ligation-related regression parameters, which for our
purposes includes only S*&™,
We further define each of these trimming-related and ligation-related regression param-

eters, along with their corresponding weight functions, within the following sections:
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Eaxtended parameter description

Defining “trimming motif” parameters: As in our previous work [3|, we define trimming
motif parameters to include one nucleotide position 5’ of the trimming site and two nucleotide
positions 3’ of the trimming site. We describe this definition for a V-gene sequence and V-
gene trimming amount, but it applies similarly to a J-gene sequence and J-gene trimming
amount.

Recall that V represents the V-gene which defines a V-gene sequence. For ease of
notation, we orient this sequence in the 3’-to-5’ direction and represent it as an ordered
list of nucleotides. Recall that delV is a random variable representing a V-gene trimming
amount. Let V(delV +2— j) represent the nucleotide identity at the trimming motif position
j €40,...,2} where positions j < 0 represent motif positions 5’ of the trimming site and
positions j > 0 represent motif positions 3’ of the trimming site. The trimming motif

sequence (oriented 5-t0-3’) is given by the ordered list:
)2
(V(delV +2 — 7)), (F.4)

Depending on delV, this trimming motif may or may not include P-nucleotides. For delV > 2,
the two 3’ trimming motif nucleotides will include the two deleted gene sequence nucleotides
3’ of the trimming site (and no P-nucleotides). Since we are assuming that the initial hairpin
nick occurs at the +2 position, there will be two P-nucleotides present in the 5’-to-3’ gene
sequence. For 0 < delV < 2, P-nucleotides will be included in the trimming motif sequence.
Likewise, as a result of the +2 hairpin nick position assumption, TCRs that have delV < 0
will not have a full-length nucleotide trimming motif. For these “off-the-end” motif cases, we
assign zero influence to the missing nucleotides during model fitting.

Let S20** be a (log) position-weight-matrix parameter for trimming motif position j €

J

{0,...,2} and nucleotide k € {A,T,C,G}. The set of all such parameters for the V-gene is
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denoted by B1*. We can define an un-normalized position-weight-matrix weight:

2

Faorae (AelV, V; BeHE) := Y " gmotie o ) (F.5)

j=0

that will serve as a motif-specific weight function in subsequent modeling. As described
above, since we are considering “off-the-end” motif cases, V(delV + 2 — j) will represent the
nucleotide identity at sequence position 7 where positions j < 0 represent sequence positions
5" of the trimming site and positions 7 > 0 represent sequence positions 3’ of the trimming

site.

Defining “base count” parameters: As in our previous work [3], we will also define
parameters for the counts of GC and AT nucleotides on either side of each trimming site.
We describe this definition for a V-gene sequence and V-gene trimming amount, but it applies
similarly to a J-gene sequence and J-gene trimming amount. For an arbitrary sequence =,

we can count the number of AT and GC nucleotides within the sequence as
CM(z) = C*z) + C"(2) (F.6)

and

C%(x) = C%(z) + C%(x), (F.7)

respectively.

Since the count of AT or GC nucleotides within the sequences 5’ and 3’ of the trimming
site may influence the probability of trimming differently, we calculate the counts separately
and exclude nucleotides already included in the motif parameterization. As above, recall
that delV represents a V-gene trimming amount and V represents a V-gene which defines a

V-gene sequence. For ease of notation, we orient this sequence in the 3’-to-5’ direction and
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represent it as an ordered list of nucleotides. Let V(delV + 2 — j) represent the nucleotide
identity at the trimming motif position j € {0,...,2} where positions j < 0 represent motif
positions 5" of the trimming site and positions j > 0 represent motif positions 3’ of the
trimming site. As in our previous work, we include the ten nucleotides 5’ of the motif in the
5" nucleotide counts. Since we include one nucleotide 5’ of the trimming site in the “trimming
motif” parameters (as described in the previous section), the nucleotide sequence 5’ of the
trimming site, beyond the “trimming motif”, is given by the ordered list

—1
j=—11"

seq;(delV, V) = (V(delV + 2 — j)) (F.8)

To count the number of AT and GC nucleotides in the sequence 3’ of the trimming
site, we include all nucleotides located 3’ of the trimming site beyond the “trimming motif.”
Since we are interested in using GC nucleotide content as a proxy for sequence-breathing,
which is relevant only for paired nucleotides, we exclude nucleotides within the 3’ single-
stranded overhang. Assuming the initial hairpin nick occurs at the +2 position, leading to
a 4-nucleotide-long 3’ single-stranded overhang, for delV > 2, the nucleotide sequence 3’ of
the trimming site, beyond the “trimming motif” (which contains two nucleotide positions 3’

of the trimming site), is given by the ordered list:

(delV—-2)

(V(delV +2 —j)) if (delV —2) >3

seq;(delV,V) = (F.9)

() if (delV —2) < 3.

For (delV — 2) < 3, all nucleotides 3’ of the trimming site are considered single-stranded,
and thus no nucleotides will be included in the sequence used to calculate the AT and GC
base-counts.

AT AT GC

With these sequences 5" and 3’ of the trimming site, we define Sil, 531, Ao, and Sav

to be V-gene specific base count model parameters for 5" and 3’ sequence base-counts of AT
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and GC beyond the “trimming motif”, respectively. The set of all such parameters for the
V-gene are denoted by 3y and B%°. With these parameters, we define a base count weight
function:

feount (delV, V; B3, B5°) == BEL - C* (seqs(delV, V)) + Bar - C*(seqy(delV, V)) F.10)

£ B85 - C%(soq (delV, V) + G55 - C%(seqy (delV, V).

using the functions C*T and C as defined in (F.6) and (F.7), respectively. As defined, these
GC and AT base-counts for the 3’ sequence are dependent on sequence length and provide

a parameterization of both GC nucleotide content and length.

Defining “microhomology” parameters for trimming scenario choice: We can pa-
rameterize the average number of microhomologous nucleotides across possible ligation sce-
nario choices for a given trimming scenario and define S**™¥ to be an microhomology model
parameter specific to trimming choice. We define a function g that returns this average value

as follows:
!

’ M
g(delVJ, VJ) = ZMH EMvyJdelvy

| My devil
such that Myjqervs is the set of all possible ligation scenarios for the chosen trimming
scenario delVJ and gene pair VJ. With this function, we can define a microhomology weight

function

ferimm(delVI V; gErimi) .= gerinfl. g(delV ], V). (F.11)

Defining “microhomology” parameters for ligation scenario choice: We can directly
use MH, which represents the number of microhomologous nucleotides in an observed liga-
tion scenario, as a parameter. We then define 3" as the microhomology model parameter
for predicting the choice of ligation scenario. We use the term “observed” for this microho-

mology parameter because these particular microhomologous nucleotides directly participate
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in the ligation process and are homologous in the final sequence. As such, we can define a

microhomology weight function:

fligMH(MH; ﬁligMH) = /BligMH . MH (F12)

F.} Extended model formulation and training description

We aim to model the influence of various sequence-level parameters, including microhomology-
related parameters, on joint trimming and ligation scenario probabilities, P(delVJ, MH |
VJ,Q,I = 0), where delVJ represents the trimming scenario, MH represents the number
of microhomologous nucleotides used in ligation, VJ represents the gene pair, () represents
the productivity of the sequences, and I = 0 represents zero N-insertions. Modeling this
probability is complex because the true trimming and ligation annotation of each sampled
sequence is a latent variable that will depend on the model parameters. As described earlier,
we obtain the set of possible trimming and ligation scenario annotations (delVJ and MH),
denoted as Ay, for a given sequence X by transforming the initial IGoR-inferred annotation.
We assign probabilities (or weights) to each potential annotation, and since these probabil-
ities depend on the model parameters, we use an expectation-maximization algorithm for
parameter inference. Below, we provide a detailed description of these steps.

We employ a two-step conditional logit model to capture the decision-making involved
in selecting trimming and ligation scenarios for V-J gene pairs. Our model describes a

generative process in two steps:

1. We model the probability, P(delVJ | VJ,Q,I = 0), of choosing a trimming scenario
delVJ for a given V-J gene pair VJ, sequence productivity Q, and N-insertion amount

I = 0. This probability is modeled by parameters specific to trimming scenarios.
2. We model the probability, P(MH | delVJ,VJ, Q,I = 0), of choosing a ligation scenario
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MH for a given trimming scenario delVJ, V-J gene pair VJ, sequence productivity Q,
and N-insertion amount I = 0. This probability is modeled by parameters specific to

each ligation scenario.

The joint probability of a trimming scenario delVJ and a ligation scenario MH for a given
V-J gene pair VJ, sequence productivity QQ, and N-insertion amount I = 0 can be factored

as:

P(delVI,MH | VJ,Q,1 = 0) = P(delVJ | VJ,Q,1 = 0) x P(MH | delVJ], V], Q,1 = 0).

Figure 2 depicts the two-step structure of our model, illustrating the decision-making process
for an example V-J gene pair.

To incorporate characteristics of each possible trimming and ligation scenario in our
model, we define parameter-specific weight functions such that our model of P(delV.J, MH |
VJ,Q,I = 0) will be a normalized version of these weights. In our previous work, we
established that local nucleotide identities at trimming sites (the “trimming motif”) and
the counts of GC or AT nucleotides beyond these motifs (the “5’ base-count” and “3’ base-
count”) are strong predictors of trimming probabilities for single gene sequences [3]. Building
on this foundation, we have integrated these established parameters with newly developed
microhomology-related parameters to assess the combined effects on the processes of trim-
ming and ligation. First, we define the trimming-related weight function firi,(delVI, VI; B in)
parameterized by as set of trimming-related parameters 3,,;,, which includes previously
established trimming motif and base count parameters, and a new trimming-related mi-
crohomology parameter. This new parameter measures the effect of the average number
of microhomologous nucleotides between two sequences, a value that varies depending on
the chosen trimming scenario. Similarly, we define the ligation-related weight function

frig(delVI, MH, VJ; By;,) parameterized by a new ligation-related microhomology param-
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eter B,;, which measures the effect of the number of microhomologous nucleotides between
two sequences, a value that varies depending on the chosen trimming and ligation scenario.
These parameters and weight functions are summarized in Table E.2 and defined in detail
in previous Appendix sections.

With these weight functions, our model estimates the joint probability of a trimming
and ligation scenario (given by delVJ and MH) for a given V-J gene pair VJ, sequence

productivity Q, and N-insertion amount /I = 0, combining influences of regression parameters

ﬁtrim and IBIig:

P(delVI, MH | VJ,Q, I = 0; Bypin, Brsg) =

P(delV | VI,Q,1 = 0; Byim, Brsg) ¥ P(MH | delVI, VI, Q,1= 0; B3,).
(F.13)

To model the trimming scenario probability P(delVJ | VJ,Q,1 = 0; B;yip, B11g), We expand

conditional probability, giving:

P(delVJ,VJ, QaI = Oa Btrim?/glig) = P<Q7I =0 ‘ delV‘LVJ;IBlig) X P(delv‘LVJHBtrlm)

This probability P(delVJ | VJ,Q,1 = 0) is parameterized by both trimming- and ligation-
related parameters (B,,;, and B,;,) because the model is conditioned on sequence produc-
tivity (Q), which is jointly determined by trimming and ligation. This dependency ensures
that trimming probabilities properly account for how productivity constraints prune the
space of possible ligation scenarios associated with each trimming scenario, correcting for

any biases introduced by this non-uniform pruning. As such, we model P(delVJ | VJ, Q,1 =
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07 :Btrimv Blig) as:

P(delVJ ’ V], Q, 1= O;IBtrimnBlig)
. P(delVJ, VJa Qa I= 0; /8trim7 Blig)
ZdelVJ’ED P(delVJ/7 VJ7 Q> I = 07 IBtrim? IBIig)
B P(Q,1=0]delVI,VJ; Byy,) - P(delVI, VI; Be.sn) (F.14)
Bl ZdelVJ’E’D P(QaI =0 ‘ delVJ’, VJ? /Blig) ’ P(delVJ’, VJ7 IBtrim)
o P(Q,I1=0|delV],VJ; By,) - exp (ferin(delVI, VI; By pin))
C Y evyen P(QI=0delV', VI Byy,) - exp (ferin(delVI, VI Byrin))

where firin is the trimming-related weight defined in (F.2) and D is the set of all possible
trimming scenarios for the specified sequence productivity Q and N-insertion amount I = 0.

We model P(Q,I=0|delVJ,VJ;B,,,) as:

P(delVJ, V], Q,1=0;8;,)
P(delVJ, VJ; By,,)

St ens, PMH;, delVI, VI, Q,1 = 0; By,)
N > vitent, P(MHz, delVI, VI; By,,)
D ument, POMHy, delVI, VI By,
Y vien, P(MHy, delVI, VI; By, )
Y umyen, €D (frig(delVI, MHy, VI; By4,))
i en, &P (frig(delVI, MH,, VI; By5,))

P(Q,1 = 0[delVJ, VJ; By,) =

(F.15)

given that P(MH,delVJ,VJ,Q,1 = 0;B,;,) = P(MH,delVJ,VJ;8,,,). Here, fi;, is the
ligation-related weight defined in (F.12), M; is the set of all possible ligation scenarios for
the chosen trimming scenario delVJ, sequence productivity Q, and N-insertion amount I = 0
and M, is the set of all possible ligation scenarios for the chosen trimming scenario delVJ.

Similarly, we model the ligation scenario probability P(MH | delVJ,VJ,Q,T = 0; B,;,)
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as:

P(MH, delV], V],Q,I = 0; By;,)
T vt P(MH,, delVI, VI, Q,1= 0; B,,)
B P(MH, delVJ, VJ; By,,)
© Yomenm, P(MHy, delVI, VI; By, )
- exp (frig(delVJ, MH, VJ; ﬁlig))
T Y vimen, &P (frig(delVI, MHy, VI; By5,))

P(MH | delVJ,VJ, Q?I = O;IBIig)

(F.16)

Combining these, our model becomes

P(delVJ, MH | VI, Qa:[ = 0; IBIig7 Btrim)

= P(delV] | VI, Q,1=0; Bypin, Brsg) x P(MH | delVI, VI, Q,1 = 0; By,)
. P(Qal = 0 | delVJ, VJa /Blig) - €Xp (ftrim(delv‘]v VJ, /Btrim))
. Y devyrep P(QI=0| delVJ’,VJ;ﬁhg) - exp (ftrim(delVJ',VJ;Btrim))
exp (flig(deIVJ, MH, VJ; ﬁlig))

S ontient; €XP (frig(delVI, MHy, VJ; Byy,))
(F.17)

where P(Q,1 =0 | delVJ, VJ; B,;,) is defined in (F.15).

Recall that our data consists of sequences and we are considering sets of all possi-
ble sequence annotations Ay for each sampled sequence X. Each annotation includes a
trimming scenario delVJ and ligation scenario MH. To infer the parameters of our model
P(delVJ,MH | VJ,Q,I = 0; B4, Birin), defined in F.17, while marginalizing over all possi-
ble sequence annotations for each sequence, we employ an expectation-maximization (EM)
approach. This iterative algorithm proceeds as follows: starting with initial model parame-
ters B4;, and By,4,, We aim to update to improved parameters B'lig and 3,,,.. We define the

normalized conditional probability of a specific sequence annotation (delVJ = delVJ;, MH =
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MH;) € Ax given a sequence X with gene pair VJ = VJ; as:

Pann0t<d61VJ = delVJh MH = MHI | V] = Vle Q - leI - 07 X? /Bliguﬁtrim)
P(delVJ;,MH; | VJ1,Qq, I = 0; /Blig7 Birin)

Z(delVJn,MHn)eAx P(delVJ,, MH,, | VJ1,Qi, I = O;ﬁligH@trim)‘
(F.18)

Here, P(delVJy, MH; | VJ1, Q1,1 = 0; By, Birin) is computed according to (F.17). With
this, we then define the expected log-likelihood of new parameter estimates 81;, and B,

given the current estimates 3;;, and 8,4, for a single sampled sequence X as:

E(B?Lig?l@fcrim | /Bligvlgtrim; X? Q’I = 0)

= > Panot(delVI = delVJ,, MH = MH,, | VJ = VJ,,Q,I = 0; X, B11,. Berin)
(delVJ,,MH,)€Ax

x log P(delVJ = delVJ,, MH = MH, | VI = VJ,,Q,1= 0; 8;,,. B1rn)
(F.19)

where Pannot(delV‘L MH | VJa Q7 I= 07 X7 Bliga IBtrim) and P(delVJ, MH ’ V‘L Q?I = 0, /8/11g7 B:;rim)
are defined in (F.18) and (F.17), respectively. Similarly, we define the log-likelihood function

for a random sample of observed sequences X as:

‘C(Igg.igwﬁizrim | /BligHBtrim; X? QuI = O) = Z C(X) X g(ﬁiig?ﬁ;rim ’ ﬁlig?/gtrim; X7 Q:I = O)
Xex

(F.20)
where C'(X) represents the observed count of a specific sequence X € X in the sampled data
and £(B1ig Birin | Brig Brrins X, Q, 1 = 0) is defined as in (F.19). The calculation of this
expectation L constitutes the E-step of our EM procedure. Subsequently, in the minimization
step (M-step), we update the model parameters by minimizing the negative log-likelihood
of the observed data obtained in the E-step. This minimization step is performed using

gradient descent with the JAX and JAXopt packages in Python [121, 122]|. The algorithm

iterates between the E and M steps until changes in the negative log-likelihood between
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successive iterations fall below a predefined threshold, indicating convergence.

F.5 Fvaluating model using simulated data

To ensure our model returned expected outputs, we designed a data simulator capable of
generating data under specific microhomology regimes. The simulator first samples a V-
gene and J-gene according to IGoR-derived gene usage probabilities. Next, we establish
probabilities for each trimming scenario using outputs from a version of our model that
excludes microhomology terms, incorporating only trimming motif and base count terms.
We then adjust these trimming probabilities using a tunable parameter to simulate the effect
of microhomology, and the simulator samples a trimming scenario based on these adjusted
probabilities. Finally, the simulator samples a ligation scenario uniformly, unless adjusted
for microhomology effects by another tunable parameter. These two tunable parameters
allow us to control the influence of microhomology on trimming and ligation choices. This
process generates an observed simulated sequence, and by repeating it, we obtain a large set

of simulated sequences to train and evaluate our model. We ran the simulator in four modes:

1. No microhomology effect: Both tunable microhomology parameters set to zero;

microhomology does not influence trimming or ligation choices.

2. Microhomology affects both trimming and ligation: Both tunable microhomol-
ogy parameters set to nonzero, positive values; microhomology increases probabilities

for both trimming and ligation choices.

3. Microhomology affects trimming, but not ligation: Trimming-related parameter
set to a nonzero, positive value and ligation-related parameter set to zero; microhomol-

ogy increases trimming choice probabilities but does not affect ligation probabilities.

4. Microhomology affects ligation, but not trimming: Ligation-related parameter
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set to a nonzero, positive value and trimming-related parameter set to zero; microho-

mology increases ligation choice probabilities but does not affect trimming probabilities.

Using these simulated datasets, we trained our model to ensure that the expected inferred
parameters were obtained. We also adjusted the strength of the microhomology-related

effects using these tunable parameters to ensure our model could capture these signals.

F.6 FExploring the relationship between microhomology and trimming probabil-
ities, independent of ligation

To quantify the effect of microhomology on trimming scenario probabilities independently of
ligation, we restrict our training dataset to non-productive sequences containing N-insertions,
as their presence suggests that ligation exclusively involving germline microhomology did not
occur. We aim to determine the influence of various sequence-level parameters on P(delV] |
VJ,Q,1> 0), where delVJ represents the trimming scenario, VJ represents the gene pair, Q
represents the sequence productivity, and I > 0 represents nonzero N-insertions.

We previously demonstrated that local nucleotide identity surrounding trimming sites
(the “trimming motif”) and the counts of GC or AT nucleotides beyond these motifs (the
“5” base-count” and “3’ base-count”) are highly predictive of trimming probabilities for sin-
gle gene sequences [3]. Here, we model the probabilities of trimming scenarios for gene
pairs using these established parameters along with a new parameter related to “intermedi-
ate microhomology.” This new parameter measures the importance of the average number
of microhomologous nucleotides between two trimmed sequences, which, notably, are not
homologous in the final rearranged sequence, see following section for definition. A sum-
mary of these model parameters and their corresponding weights for an arbitrary gene pair
VJ = (V,J) and trimming scenario delVJ = (delV, delJ) is given in Table E.2.

Using these model features, we define a weight function f such that our model of

P(delVJ; | VJ,Q,1 > 0) will be a normalized version of this weight. We parameterize f
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using 3, the set of all model parameters, as follows:

F(delVI, VI; B) = f(delVI, VI; B, g7, g, BF, BY, B, p1™)
= faoras (AelV, Vi BY™) + fuose (deld, J; B7)
+ Jeoune (AeIV, Vi B, BYF) + feoums (deld, J; B, B5)

+ fiMH(delV, delJ, V, J; 5iMH).

(F.21)

Here, the parameter-specific weights fuotit, feount, and fiwy are summarized in Table E.2 and
in the following section.

With this weight formulation, we can fit a conditional logit model which posits

o exp (f(delVI, VJ; 3))
P(delV] | VI, Q1> 0;8) == > erva.ep XD (£(delVI,, VI; 3))

(F.22)

Here, VJ and delVJ are random variables representing the V-gene and J-gene pair and
trimming scenario, respectively, and D is the set of all reasonable trimming scenarios.

The likelihood function ¢(3) for a random sample of sequences is the likelihood of the
model parameters 3 given a set of observed trimming scenarios for specific gene pairs. The

log likelihood function is:

log ((8)
=Y Y C(delV],, V], Q1> 0)log P(delV], | VI, Q,1>0;8)

VIn€S delVI,eD

(F.23)

where S represents the set of all gene pairs and D represents the set of all reasonable IGoR-
inferred trimming scenarios. Here, C'(delVJ,,VJ,,Q,1 > 0) is the count of sequences with
IGoR-inferred trimming scenario delVJ,,, gene pair VJ,,, nonzero N-insertions, and sequence
productivity Q and P(delV], | VJ,,Q,I > 0;8) is given by Equation (F.22).

We include an additional regularization term for the intermediate-microhomology-specific
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parameters to help prevent over-fitting during model training. As such, we define a log loss

function as

L(B) = —logl(B) + X~ (B™)* (F.24)

where log ¢(3) is given by (F.23) and A is a L2 regularization hyperparameter. We min-
imize this log loss function using gradient descent with the JAX and JAXopt packages in
Python [121, 122]. We use a grid search to optimize the L2 regularization hyperparameter,
A. Notably, training this model without regularization (i.e. A = 0) yields the same results as
using the mclogit package in R, another implementation of conditional logistic regression

that does not allow for regularization.

Defining “intermediate microhomology” parameters

In addition to the previously defined parameters, we define new microhomology-related pa-
rameters to model possible intermediate effects of microhomology on the observed trimming
scenario, specifically when exploring the relationship between microhomology and trimming
probabilities independent of ligation (as described above). We use the term “intermediate”
because these nucleotides, while not directly participating in the final ligation, may tem-
porarily influence intermediate steps such as trimming. Let a be a non-negative integer
value that represents the number of nucleotides 5 of each trimming site which are allowed
to overlap between the two sequences when orienting the top strand of the V-gene sequence
5-to-3" and the bottom strand of the J-gene sequence 3’-to-5’ (e.g. as highlighted in yel-
low in Figure E.13). Given a value of a, random variables V and J representing a V-gene
and J-gene which each define a V-gene and J-gene sequence (both oriented 3’-to-5 as or-
dered lists), and random variables delV; and delJ; representing V-gene and J-gene trimming

amounts (inferred directly from IGoR), the sub-sequences corresponding to this overlapping
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region are defined by the following ordered lists

(V(delVi+2 - )], ifa>1
seQy(V, delV;, a) = = (F.25)
() ifa=0
and
(J(delJ; +2— i)' ifa>1
seq,,(J, dell;, a) = = (F.26)
() if a =0.

Here, V(delV; 4+ 2 — j) and J(delJ; + 2 — j) represent the nucleotide identities at a sequence
position 7 where positions j < 0 represent sequence positions 5’ of the trimming sites and
positions j > 0 represent sequence positions 3’ of the trimming sites. The resulting sub-
sequences, S€Qy,(V,delV;, a) and seqy,, (J, delJ +1i,a), are oriented in the 5’-to-3” and 3’-to-
5" directions, respectively, making them complementary. To quantify microhomology, we can
define a function g which will count the number of complementary (i.e. microhomologous)

nucleotides between two arbitrary overlapping, equal-length sequence regions, x and y, as

len(#) 11 if 2(i) is complementary to y(i)
sy = Z (F.27)
=0 10 otherwise.

It has been established that classical non-homologous end joining, which is the joining
process used during V(D)J recombination, may involve up to four nucleotides of microhomol-
ogy [109]. As such, we quantify the average number of non-contiguous microhomologous nu-
cleotides across these overlapping interior sub-sequences corresponding to each a € {1, 2, 3,4}

as follows:

Zae{1,2,3,4} g (SeCIth<Va delV;, a), s€qzy, (J, delJ;, a))
4

m(V,J,delV,, dell;) := (F.28)
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With this average number of microhomologous nucleotides, we define an intermediate
microhomology model parameter, ™ and a corresponding weight function for a pair of

IGoR-inferred trimming sites delV; and delJ; and genes V and J:

fom(delV;, deld;, V, J; g7) == g™ . m(V, J, delV;, delJ;) (F.29)

using the previously defined sequences and the function m as defined in (F.28).
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