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Abstract To appropriately defend against a wide array of pathogens, humans somatically
generate highly diverse repertoires of B cell and T cell receptors (BCRs and TCRs) through a
random process called V(D)J recombination. Receptor diversity is achieved during this process
through both the combinatorial assembly of V(D)J-genes and the junctional deletion and inser-
tion of nucleotides. While the Artemis protein is often regarded as the main nuclease involved

in V(D)J recombination, the exact mechanism of nucleotide trimming is not understood. Using a
previously published TCRp repertoire sequencing data set, we have designed a flexible proba-
bilistic model of nucleotide trimming that allows us to explore various mechanistically interpre-
table sequence-level features. We show that local sequence context, length, and GC nucleotide
content in both directions of the wider sequence, together, can most accurately predict the
trimming probabilities of a given V-gene sequence. Because GC nucleotide content is predictive
of sequence-breathing, this model provides quantitative statistical evidence regarding the extent
to which double-stranded DNA may need to be able to breathe for trimming to occur. We also
see evidence of a sequence motif that appears to get preferentially trimmed, independent of
GC-content-related effects. Further, we find that the inferred coefficients from this model provide
accurate prediction for V- and J-gene sequences from other adaptive immune receptor loci.
These results refine our understanding of how the Artemis nuclease may function to trim nucle-
otides during V(D)J recombination and provide another step toward understanding how V(D)J
recombination generates diverse receptors and supports a powerful, unique immune response in
healthy humans.

Editor's evaluation

Russell et al. study and reveal compelling evidence for potential sequence-based factors that may
drive VDJ trimming, a mechanism involved in VDJ recombination that shapes adaptive immune
repertoire generation. The work is based on a rigorous statistical comparison of logistic regression
models to reveal the role and function of cutting enzymes in shaping T- and B-cell receptor diversity
which could provide fundamental new insights into these processes.
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Introduction

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 receptors (TCRs) through a random process called
V(D)J recombination. After generation, TCRs undergo a selection process to ensure proper expres-
sion, MHC recognition, and limited autoreactivity. The collection of TCRs in an individual comprises
their TCR repertoire.

The majority of human T cells express o- receptors that consist of an a and a [ protein chain.
During the V(D)J recombination process of the B 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 TCRp locus over
a series of steps. To begin this process, the recombination activating gene 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 (Gellert, 1994; Fugmann et al., 2000, Schatz and
Swanson, 2011). Each hairpin loop is then nicked open, typically in an asymmetrical fashion, by the
Artemis:DNA-PKcs protein complex (Ma et al., 2002; Lu et al., 2007). This asymmetrical hairpin
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)
(Gauss and Lieber, 1996; Nadel and Feeney, 1997; Ma et al., 2002; Jackson et al., 2004; Lu et al.,
2007). 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) (Lu et al., 2007). From here, nucleo-
tides may be deleted from each gene end through an incompletely understood mechanism suggested
to involve Artemis (Feeney et al., 1994; Nadel and Feeney, 1995; Nadel and Feeney, 1997; Jackson
etal., 2004; Gu et al., 2010; Chang et al., 2015; Chang and Lieber, 2016; Zhao et al., 2020; Russell
et al., 2022b). This nucleotide trimming can remove traces of P-nucleotides (Gauss and Lieber, 1996;
Srivastava and Robins, 2012). Non-template-encoded nucleotides, known as N-insertions, can also
be added to each gene end by the enzyme terminal deoxynucleotidyl transferase (Kallenbach et al.,
1992; Gilfillan et al., 1993, Komori et al., 1993). Once the nucleotide addition and deletion steps
are completed, the gene segments are paired and ligated together (Zhao et al., 2020). From here,
the process is repeated between a random V-gene and this combined D-J junction to complete the
TCRB chain. A similar TCR chain recombination then proceeds, though without a D-gene, to complete
the a-B TCR. Other adaptive immune receptor loci, such as TRG, TRD, and all IG loci, also undergo
V(D)J recombination during the development of y-& 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 varia-
tions in gene sequence have been shown to lead to large changes in the extent of nucleotide deletion
(Nadel and Feeney, 1995; Gauss and Lieber, 1996, Nadel and Feeney, 1997; Jackson et al., 2004).
For example, sequences with high AT content suffer greater nucleotide loss than sequences with high
GC content (Gauss and Lieber, 1996). 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, Tsai et al.,
2009), 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 recombination
(Chang et al., 2015; Chang and Lieber, 2016; Zhao et al., 2020). Artemis is a member of the
metallo-3-lactamase family of nucleases (Moshous et al., 2001) and is widely regarded as a structure-
specific nuclease as opposed to a nuclease that binds specific DNA sequences (Ma et al., 2005;
Chang et al., 2015; Chang and Lieber, 2016; Yosaatmadja et al., 2021). Members of this family
are characterized by their conserved metallo-B-lactamase and B-CASP domains and their ability to
nick DNA or RNA in various configurations (Dominski, 2007, Pettinati et al., 2016). Alone, Artemis
possesses intrinsic 5'-to-3’ exonuclease activity on single-stranded DNA (Li et al., 2014). On double-
stranded DNA, Artemis, in complex with DNA-PKcs, has endonuclease activity on 5" and 3' DNA over-
hangs and on DNA hairpins (Ma et al., 2002; Lu et al., 2007, Lu et al., 2008). It has been proposed
that the Artemis:DNA-PKcs complex binds single-stranded-to-double-stranded DNA boundaries
prior to nicking (Ma et al., 2002; Ma et al., 2005; Lu et al., 2007; Chang and Lieber, 2016); for
blunt DNA ends, previous work has concluded that sequence-breathing is required to achieve this
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structural configuration prior to Artemis action (Chang et al., 2015). Further, Artemis, in complex with
XRCC4-DNA ligase IV, has additional endonuclease activity on 3' DNA overhangs and preferentially
nicks one nucleotide at a time from the single-stranded 3’ end (Chang et al., 2016; Gerodimos et al.,
2017). 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 (Nadel and Feeney, 1995; Gauss
and Lieber, 1996, Nadel and Feeney, 1997, Jackson et al., 2004), 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 explora-
tion of the in vivo V(D)J recombination mechanism outside of model organisms. 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 hypermu-
tation. There, researchers have found quite significant connections between local sequence identity
and mutation patterns, leading to a rich literature (Rogozin and Kolchanov, 1992, Dunn-Walters
et al., 1998; Cohen et al., 2011; Yaari et al., 2013; Elhanati et al., 2015; Wei et al., 2015; Cui et al.,
2016; Feng et al., 2019, Spisak et al., 2020).

In contrast, we are only aware of one statistical analysis connecting sequence identity to trimming
lengths (Murugan et al., 2012). This one existing analysis (Murugan et al., 2012) has shown that a
simple position-weight-matrix style (PWM) model does a surprisingly good job of predicting the distri-
bution of 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 mechanism relies
solely on a sequence motif and, as such, is not designed in a way that allows us to explore alternative
hypotheses.

In this paper, we explore the sequence-level determinants of nucleotide trimming during V(D)
J recombination using statistical inference on high-throughput TCRP repertoire sequencing data
(Emerson et al., 2017). With the goal of informing our mechanistic understanding in a quantitative
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 probabilities 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 process. 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 probabilities 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 indepen-
dent TCRB-sequencing data set, and also extends well to TCRa, TCRy, and IGH sequences. Further,
we demonstrate that genetic variations within the gene encoding the Artemis protein that were previ-
ously identified as being associated with increasing the extent of trimming (Russell et al., 2022b) are
also associated with changes in several model coefficients.

Results

Training data description

We worked with TCRB-immunosequencing data representing 666 individuals (Emerson et al., 2017).
V(D)J recombination scenarios were assigned to each sequence from each individual using the IGoR
software which is designed to learn unbiased V(D)J recombination statistics from immune sequence
reads (Marcou et al., 2018). Using these V(D)J recombination statistics, IGoR output a list of poten-
tial recombination scenarios with their corresponding likelihoods for each TCRB-chain sequence in
the training data set. We annotated each sequence with a single V(D)J recombination scenario by
sampling from these potential scenarios according to the posterior probability of each scenario (see
Materials and methods for further details).

Annotated TCR sequences can be separated into two categories: ‘productive’ rearrangements
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 process produces a
sequence that is either out-of-frame or contains a stop codon. Each T cell contains two loci which can
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undergo the V(D)J recombination process. When the first recombination 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
generation process (Robins et al., 2010, Murugan et al., 2012; Sethna et al., 2019). 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 recom-
bination 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.

Replicating a previous model of nucleotide trimming

The extent of nucleotide trimming varies substantially from gene to gene (Nadel and Feeney, 1995;
Nadel and Feeney, 1997; Jackson et al., 2004; Murugan et al., 2012). Previous work has identified
an interesting impact of sequence features, such as sequence nucleotide context, on trimming prob-
abilities using a PWM model (Murugan et al., 2012). 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 2 nucleotides 5’ of the trimming site and 4 nucleo-
tides 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 (Murugan et al., 2012), 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 2—figure supplement 1). We will refer to this model as the 2x4 motif model.
It is important to note that this PWM model is not the primary model described in Murugan et al.,
2012, but again is the only one that relates nucleotide identity to trimming.

Model set-up overview

While the 2x4 motif model has good predictive accuracy and model fit (Murugan et al., 2012), 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.

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 1. To parameterize DNA-shape, we used
previously developed methods (Zhou et al., 2013; Chiu et al., 2016) to estimate various DNA-shape
values (i.e. roll, twist, electrostatic potential, minor groove width, etc.) for each single-nucleotide posi-
tion within a sequence window surrounding the trimming site. To parameterize 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 potential for sequence-breathing compared to GC nucleotides within
a sequence (Jose et al., 2009), 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 2).

With these features, we designed models containing various feature combinations (Figure 1B).
Collectively, these models allow us to explore other possible sequence-level determinants of nucle-
otide trimming, in addition to the previously proposed (Murugan et al., 2012) "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
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Figure 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 (2 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 é 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'-to-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 2 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

Figure 1 continued on next page
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Figure 1 continued

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.

held-out data groups (Figure 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:

» many random, held-out subsets of the V-gene training data set;

o 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 3 for
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Figure 2. Overview of analysis strategy. The T cell receptor (TCR)B V-gene training data was used to train each trimming model containing various
combinations of sequence-level features (Figure 1) by minimizing the associated loss function. The loss function is given by a sum across individuals i,
genes o, and trimming lengths n of the sampling probability of each observation Py multiplied by the gene-specific trimming probability predicted by
a model with § parameters (see Materials and 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 TCRp 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 TCRB V-gene training run were validated using several independent testing data sets including TCRB, TCRa, TCRy,
and IGH sequences. At each stage, the performance of each model was compared to a null model (containing zero parameters, see Materials and
methods).

The online version of this article includes the following figure supplement(s) for figure 2:

Figure supplement 1. Using a different, and much larger, repertoire sequencing data set, we have closely replicated previous work (Murugan et al.,
2012) which illustrated that a simple position-weight-matrix-style model has good predictive accuracy for many T cell receptor  V-genes.
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Figure 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 3). 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.

The online version of this article includes the following source data and figure supplement(s) for figure 3:
Source data 1. Expected per-sequence conditional log loss reported for each model and validation data set.

Figure supplement 1. 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.

further details) prior to computing the loss. A lower expected per-sequence conditional log loss indi-
cated 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 previous TCRp V-gene training run and
computing the expected per-sequence conditional log loss of the model using several independent
testing data sets (Figure 2).

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 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 and Figure 3—figure
supplement 1). This model contains a 1x2 motif, including 1-nucleotide position 5’ of the trimming
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site and 2-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 1). Despite
containing fewer total parameters than the original 2x4 motif model (Murugan et al., 2012) (12
parameters compared to 18 parameters), the 1x2 motif + two-side base-count beyond model had
better predictive accuracy (Figure 4 and Figure 4—figure supplement 1).

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 coefficients). With
this threshold, we found that many of the inferred model coefficients were significant and quan-
tified mechanistic patterns. Each coefficient represents 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. Within the nucleotides immediately surrounding the trimming site, bases 5’ of the trim-
ming site have a slightly stronger effect on the trimming probability than bases 3' of the trimming
site (Figure 4B). Specifically, 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 nega-
tive effect (logycoefficienta = —0.108 and log; coefficientt = —0.137). In contrast, immediately
3’ of the trimming site, G and T nucleotides have a positive effect on the trimming probability
(log; coefficientg = 0.093 and log,, coefficientr = 0.125) whereas C nucleotides have a negative effect
(log, coefficient = —0.174). These results suggest a different possible mechanistic pattern than previous
motif-only models (Murugan et al., 2012; Figure 2—figure supplement 1B). Further, beyond the 1x2
motif sequence window, the count of GC nucleotides 5’ of the motif (within a 10-nucleotide window)
has a strong positive effect on the trimming probability (log, coefficient = 0.164) (Figure 4C). The
counts of both AT and GC nucleotides 3’ of the motif have a strong negative effect on the trimming
probability (log, coefficientat = —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
coefficients were reported to be smaller than machine tolerance (2.23 x 10~3%)
variation in the magnitude of each inferred coefficient even when changing the number of sequences
included in the training data set (Figure 4—figure supplement 7).

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) (Ma et al., 2002; Lu et al., 2007). 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 coefficients and model fit (Figure 4—
figure supplement 2). 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 1x2 motif + two-side base-count beyond model with other possible hairpin-opening-
position assumptions and noted minimal variation in model fit (Figure 4—figure supplement 3).

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 1x2
motif) achieve similar predictive accuracy and are more generalizable compared to models containing
a larger motif (Figure 4—figure supplement 4).

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 coeffi-
cients for the 1x2 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 1x2 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 4—
figure supplement 5 and Figure 4—figure supplement 6).

. We noted minimal
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Figure 4. Performance of the 1x2 motif + two-side base-count beyond model. (A) Inferred trimming profiles using the 1x2 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 highest 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 nucleotide 5’ of the trimming site and 2 nucleotide 3’ of the trimming site from fitting the 1x2 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 1x2 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.

The online version of this article includes the following source data and figure supplement(s) for figure 4:
Source data 1. Inferred and observed trimming profiles for the most frequently used V-genes in the V-gene training data set.
Source data 2. Inferred 1x2 motif + two-side base-count beyond model coefficients.

Figure supplement 1. 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.

Figure supplement 2. Including all gene sequence nucleotides in the two-side base-count terms, instead of restricting to double-stranded nucleotides,
leads to very similar inferred coefficients and model fit.

Figure supplement 3. The assumed position of the initial hairpin-opening nick during the early stages of V(D)J recombination has little effect on the
inferred coefficients and model fit.

Figure 4 continued on next page

Russell et al. eLife 2023;12:€85145. DOI: https://doi.org/10.7554/eLife.85145 9 of 40


https://doi.org/10.7554/eLife.85145

e Llfe Research article

Figure 4 continued

Computational and Systems Biology | Immunology and Inflammation

Figure supplement 4. Models containing a small motif (e.g.a 1x2 motif) achieve similar predictive accuracy and are more generalizable compared to

models containing a larger motif.

Figure supplement 5. Inferred coefficients from a 1x2 motif + two-side base-count beyond model trained using only J-gene sequences are highly

similar to those from the model trained using the V-gene training data set.

Figure supplement 6. Inferred coefficients from a 1x2 motif + two-side base-count beyond model trained using only productive V-gene sequences are
highly similar to those from the model trained using the non-productive V-gene training data set.

Figure supplement 7. The magnitudes of the inferred coefficients from the 1x2 motif + two-side base-count beyond model have minimal variance
when changing the number of sequences included in the training data set.

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, indi-
rectly, length) has the best model fit and generalizability across all held-out groups tested (Figure 3).
As such, these GC-content features, which are likely parameterizing 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 previous observations that Artemis may act as a structure-specific
nuclease as opposed to a nuclease that binds specific DNA sequences (Ma et al., 2005; Chang et al.,
2015; Chang and Lieber, 2016; Yosaatmadja et al., 2021).

Inferred local sequence context coefficients suggest a biological
trimming motif

A persistent concern with the 1x2 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 1x2 motif + two-side base-count beyond model, we identified a group of V-genes which
had drastically lower prediction error when the 1x2 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 5A). The genes included in this group were TRBV5-3, TRBV7-3*01, TRBV7-3*04, TRBV7-4,
TRBV9, 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 (Figure 5B and C), showing
the generalizability of these features. The inferred model coefficients from this 1x2 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 5B and 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.

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 nucle-
otide polymorphisms (SNPs) within the gene encoding the Artemis protein that are associated with
increasing the extent of V- and J-gene trimming (Russell et al., 2022b). 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 TCRB-immunosequencing data representing 611
of the original 666 individuals in the V-gene training data set used here. Our previous work Russell
et al.,, 2022b 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
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Figure 5. The 1x2 motif coefficients represent a gene-segment-wide trimming motif. (A) Distribution of the difference in per-gene root mean squared
error (RMSE) between the 1x2 motif + two-side base-count beyond model and the two-side base-count model. V-genes with an RMSE difference

less than —0.127 (gray vertical line) were in the lowest 10% of all RMSE differences. These ‘improved genes’ showed a large RMSE improvement when
including motif terms in the model. (B) Inferred trimming profiles for TRBV?, the gene which showed the largest RMSE improvement in (A). TRBV9 had
an RMSE difference of -0.31. (C) Inferred trimming profiles for TRBV13, the gene which showed the second largest RMSE improvement in (A). TRBV13
had an RMSE difference of -0.15. The inferred trimming profiles for TRBV? and TRBV13 using models which contain motif terms have very 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 4B) are highlighted in orange.

The online version of this article includes the following source data for figure 5:

Source data 1. Per-gene mean squared error difference between the 1x2 motif + two-side base-count beyond model and the two-side base-count
model.

Source data 2. Inferred and observed trimming profiles for the genes with largest root mean squared error (RMSE) improvement.

whether the inferred coefficients from the V-gene-specific 1x2 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 (Russell et al., 2022b). 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 beyond
model coefficients varied significantly in the context of the Artemis-locus SNP rs41298872 (Figure 6).
Specifically, we found that 3’ of the trimming site, the negative effect of A nucleotides on the trim-
ming 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 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
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Figure 6. Inferred single nucleotide polymorphism (SNP)-parameter-interaction coefficients from fitting the 1x2 motif + two-side base-count beyond
SNP-interaction model. Note that the inferred coefficients for each main parameter (as shown in Figure 4) are not displayed here; only the inferred
interaction coefficients between the SNP and each parameter are shown. (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 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 between 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.

The online version of this article includes the following source data and figure supplement(s) for figure 6:
Source data 1. Inferred 1x2 motif + two-side base-count beyond, single nucleotide polymorphism (SNP) interaction model coefficients.

Figure supplement 1. The significance of the 3'-AT-nucleotide count single nucleotide polymorphism (SNP)-interaction coefficient appears to be
related to length effects rather than nucleotide content.

varied strongly in the context of the SNP (log, interaction coefficient = 0.010, p = 1.47x10~'2). 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 significantly in the context of the SNP (log, interaction coefficient = 0.005,
p = 6.24x107%3), but the 3'-AT-nucleotide-proportion term did not (Figure 6—figure supplement 1).
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).

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 sequence from other receptor loci

To validate our previously trained models, we worked with TCRa- and TCRB-immunosequencing data
representing 150 individuals, TCRy-immunosequencing data representing 23 individuals, and IGH-
immunosequencing data representing 9 individuals from three independent validation cohorts. Before
analyzing these data, we ‘froze’ our trained model coefficients in git commit 093610a on our reposi-
tory. In contrast to the training data cohort, these validation cohorts contain different demographics
and were each processed using different sequence annotation methods (see Materials and methods).
To explore the potential effects of using a different sequence annotation method, we re-annotated
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Figure 7. Expected per-sequence conditional log loss computed for various models using the T cell receptor B V-gene training data set and non-
productive V- and J-gene sequences from several independent testing data sets. Each model was trained using the full non-productive TCRp V-gene
training data set. Lower expected per-sequence log loss corresponds to a better model fit. The 1x2 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 TCRB V-gene training data set.

The online version of this article includes the following source data and figure supplement(s) for figure 7:

Source data 1. Expected per-sequence conditional log loss reported for each model and testing data set.

Figure supplement 1. Differing methods of sequence annotation have little to no effect on the model fit or performance.

Figure supplement 2. Model performance is similar for productive sequences compared to non-productive sequences from each testing data set.

Figure supplement 3. Using the 1x2 motif + two-side base-count beyond model, the weight of the two-side base-count beyond terms are dominant
relative to the 1x2 motif terms for every testing data set.

Figure supplement 4. Sequence motifs appear at varying frequencies within the germline TRB and IGH genes.

the TCRp training data set using the same annotation method as the TCRa-p testing data and found
that it had little to no effect on the model fit or performance (Figure 7—figure supplement 1).

To evaluate the performance of the 1x2 motif + two-side base-count beyond model using these
testing data, we used the model coefficients from the previous TCRp V-gene training run and computed
the expected per-sequence conditional log loss of the model using each testing data set (TCRB
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 TCRp
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testing data set (Figure 7). The model also extends well to non-productive V- and J-gene sequences
from the TCRa and TCRy 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 produc-
tive V- and J-gene sequences from each testing data set (Figure 7—figure supplement 2).

We hypothesized that the weight of the 1x2 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 TCRB 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 1x2 motif terms for every data set
(Figure 7—figure supplement 3A). The scale coefficient for the 1x2 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 7—figure supplement 4), perhaps
explaining the weakness of the motif-related signal. When 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 7—figure supplement 3B).

Discussion

The junctional deletion and insertion steps of the V(D)J recombination process are essential 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 nucleotide trimming has yet to be
understood in a human system. Using a previously published high-throughput TCRp 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 current 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, quan-
tifying how double-stranded DNA needs to be able to breathe for trimming 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 most accurately predict
the trimming probabilities of a given TCRB gene sequence. In addition to having fewer parameters,
this model also had better predictive accuracy than a previously proposed sequence context model
(Murugan et al., 2012). 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
(Slabodkin et al., 2021; Russell et al., 2022b). Here, our results support a universal, sequence-based
trimming mechanism underlying this variation across TR and IG loci in humans. Specifically, in addi-
tion to TCRB 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, TCRy, 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 4-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 (Feeney et al., 1994; Nadel and Feeney, 1995; Nadel and Feeney, 1997, Jackson
etal., 2004; Gu et al., 2010; Chang et al., 2015; Chang and Lieber, 2016; Zhao et al., 2020; Russell
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et al., 2022b). The Artemis protein, with and without DNA-PKcs, has been shown to bind single-
stranded-to-double-stranded DNA boundaries prior to nicking DNA (Ma et al., 2002; Ma et al., 2005;
Chang et al., 2015; Chang and Lieber, 2016). 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, previous 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 (Chang et al., 2015). Using our
model of nucleotide trimming, we have shown that trimming probabilities are highest for DNA posi-
tions closer to the end of the sequence. Because these DNA positions have fewer double-stranded
nucleotides on the 3'-side 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 previ-
ously identified through in vitro DNA nuclease assay studies involving Artemis (Chang et al., 2015).

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 nucle-
olytic activity, however, Artemis is widely regarded as a structure-specific nuclease as opposed to a
nuclease that binds specific DNA sequences (Ma et al., 2005; Chang et al., 2015; Chang and Lieber,
2016; Yosaatmadja et al., 2021). 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 nucle-
otide 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 TCRp V- and J-gene trimming (Russell et al., 2022b). While
many previous studies have reported a high consistency of TCRp trimming profiles across individuals
(Murugan et al., 2012, Marcou et al., 2018; Sethna et al., 2020), 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 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
rs41298872, however, their mechanistic interpretation remains unclear. Earlier, we noted that A nucle-
otides 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 Aor 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
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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-selection repertoire. However, as is common in the literature (Robins et al., 2010;
Murugan et al., 2012, Marcou et al., 2018; Sethna et al., 2019; Sethna et al., 2020), we assume
that the two recombination events are independent and that the non-productive rearrangements
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 annota-
tion 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 probabilities of TR and IG
gene sequences. These results refine our understanding of how nucleotides 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 toward understanding how V(D)J recombination generates diverse receptors and supports a
powerful, unique immune response in humans.

Materials and methods

Training data set

TCRp repertoire sequence data for 666 healthy bone marrow donor subjects was downloaded from
the Adaptive Biotechnologies immuneACCESS database using the link provided in the original publi-
cation (Emerson et al., 2017). V(D)J recombination scenarios were assigned to each sequence for
each individual using the IGoR software (version 1.4.0) (Marcou et al., 2018) as follows. The IGoR
software can learn unbiased V(D)J recombination statistics from immune sequence reads. Using these
statistics, IGoR can output a list of potential recombination scenarios with their corresponding like-
lihoods for each sequence. As such, using the default IGoR V(D)J recombination statistics, the 10
highest probability V(D)J recombination scenarios were inferred for each TCRB-chain sequence in the
training data set (Marcou et al., 2018). We then annotated each TCRpB-chain sequence with a single
V(D)J recombination scenario by sampling from these 10 scenarios according to the posterior prob-
ability of each scenario. We filtered these sequences for rearrangements which contained more than
1 trimmed nucleotide and less than 15 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 trim-
ming length distributions from 21,193,153 non-productive sequences for all model training. To test
each trained model, we used V-gene trimming length distributions from the remaining 107,121,841
productive sequences (as described in Appendix 3). 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.

Testing data sets
TCRa and TCRp testing data sets

Annotated TCRa and TCRp repertoire sequence data for 150 healthy subjects was downloaded using
the link provided in the original publication (Russell et al., 2022b). In contrast to the training data
cohort, this cohort contains different demographics, shallower RNA-seg-based TCR sequencing, and
was processed using a different sequence annotation methods (i.e. TCRdist [version 0.0.2] [Dash
et al., 2017] as described in a previous publication [Russell et al., 2022b]). 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 produc-
tive sequences and J-gene trimming length distributions from 141,451 non-productive sequences
and 1,101,114 productive sequences to test each model. From the TCRP data set, we used V-gene
trimming length distributions from 64,738 non-productive sequences and 1,435,153 productive
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sequences and J-gene trimming length distributions from 59,608 non-productive sequences and
1,496,953 productive sequences to test each model.

TCRy testing data set

Annotated TCRYy repertoire sequence data for 23 healthy bone marrow donor subjects was down-
loaded from the Adaptive Biotechnologies immuneACCESS database (Robins and Pearson, 2015).
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 1gG class non-productive IGH repertoire sequence data for nine healthy subjects was
obtained from the authors of a previous publication (Spisak et al., 2020). The raw sequence data is
available using the link provided in the original publication (Briney et al., 2019). 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 [Vander Heiden et al., 2014] and IgBlast [Ye et al., 2013] as described in a previous
publication [Spisak et al., 2020]). 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 four healthy subjects was downloaded using
the link provided in the original publication (Jaffe et al., 2022) and the sequences were annotated
using partis (version 0.16.0) (Ralph and Matsen, 2016). 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 to test each model.

Artemis-locus SNP data set

Genome-wide SNP array data corresponding to 611 of the training data set individuals was down-
loaded 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
(Martin et al., 2020). 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 (Russell
et al., 2022b).

Notation
Let 7 be a set of individuals. For each subject i € 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.

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
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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< ) <K; represent the number of TCRs that use gene allele group o. Let 0 < O, o) < 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:

C(i)(n, o)

Pemp(N=n|S=G,l)=W.

(1)

Using these TCR 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 trim-
ming 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
(Murugan et al., 2012) exploring the relationship between sequence context and nucleotide trim-
ming 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 Appendix 1—table 1.

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 (Gauss and Lieber, 1996; Nadel and Feeney, 1997, Ma et al., 2002; Jackson
et al., 2004; Lu et al., 2007).

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) (Ma et al., 2002, Lu et al.,
2007). 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 the appendix.

3. If any nonzero amount of the original gene sequence is deleted, all P-nucleotides will also be
deleted (Gauss and Lieber, 1996; Srivastava and Robins, 2012).

4. Nucleotide trimming occurs before N-insertion.

With these assumptions, we can resolve the nucleotide sequence on both sides of the trimming
site and define mechanistically interpretable model features using these two sequences. Specifically,

Table 1. Summary of all parameter-specific coefficients 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 ¢ 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

fi(n, o ﬁ"mtif, a, b) (Equation 14)

Motif parameters ,BmOtif coefficients

Base-count-beyond parameters ,BAT and ,BGC coefficients fz(n, g, BAT, ,BGc ,a, b, c) (Equation 17)
DNA-shape parameters ﬂshape coefficients f3 (n, a; BShapes a, b) (Equation 19)
Length parameters /Bldist coefficients f4(}’l, g, /BldiSt) (Equation 20)
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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 proximity 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 2 for further details). An example of how an arbitrary
V-gene sequence is transformed into features for modeling is shown in Figure 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.

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 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 PWM model (Murugan et al., 2012) to a model that allows for arbitrary
sequence features. For example, we replicate this PWM model using the model covariate function,
filn, o3 Bt 4 =2 b = 4), where n represents the number of trimmed nucleotides, o represents the
gene-allele-group sequence, 8% 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 (Equation
14). To extend this model to a model containing motif parameters and base-count-beyond parame-
ters, the model covariate function will be

fln, o3 PR AT BSC 4 b, ¢) = fi(n, o5 B, 4, b) + f(n, o3 BT, B, a, b, ¢) )

where f, represents the base-count-beyond model covariate function (Equation 17), B* and B¢
represent base-count-beyond-specific parameter coefficients, and ¢ represents the number of nucle-
otides 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 sections, 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 parame-
terize length). Likewise, motif and DNA-shape coefficients will never both be included in a model
covariate function.

Predicting trimming probabilities using conditional logistic regression
We will be using the motif and base-count-beyond parameters given by (Equation 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 1). As such, we can fit a conditional logit model
which posits that

exp(fin, o; B, B4, 3%C 4, b, ¢))

P a; 3", M, 8%, a,b,0) = .
Swen exp(fn, o B, BT, 3% 4. b, c))

A3)

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, ¢ represents the
number of nucleotides 5’ of the trimming site to be included in the base-count parameters, and
fn, oy Bt BAT 35C 4, b, ¢) is the model covariate function for the motif and base-count-beyond
model given by (Equation 2). We will let P(n | o; B8RO BAT 36C 4 b ¢) denote the conditional proba-
bility that a given gene will be trimmed by n nucleotides.

Let yion €qual 1if a gene allele group o is trimmed by n nucleotides for TCR k from subject i, and
equal 0 otherwise. With this, we can define a likelihood function, L(B™%E 82T 3%C 4. b, ¢), such that
for a random sample of subjects, L(B™°%E, g4 35C 4. b, ¢), is the likelihood of the model parameters,
Bt BAT and B%C, given that we observed a set of trimming amounts for a set of given genes. As
such, the log-likelihood function can be written as
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IOgL(ﬂmOtif,ﬁAT,,BGc,a, b,c) = Z YVikon - log P(n | U;ﬂmOtif,ﬁAT,,BGC,a, b, ¢)

ik,o.n

where P(n | o; 8%, 3 AT 3% 4 b, ¢)is given by (Equation 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‘(i)(n, o) is the count of observations which will have the same trimming probabilities
P(no; 8%t 3 AT 3% 4 b, ¢) and will have been trimmed by n for subject i and gene allele group
o. Thus, using this aggregated data from all subjects i € I, we can re-write the log-likelihood function
equivalently as

log L(IBmotif’IBAT’ﬁGC’a’b’ €)= Z C(i)(n, o) - log P(n | U;Bmotif’BAT’IBGC’a’ b, c). @

i,o.n

As above, for a random sample of subjects, L(3™*%, 32T, B%€ 4, b, ¢) is the likelihood of the model
parameters, 3%, BAT and 3%, 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 @™t 82T and 3% 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 i uniformly
at random, then we sample TCR sequences from their repertoire according to a given distribution, as
follows. For a single TCR sequence from such a sample, let S be a random variable representing the
gene of the sequence, and let N be a random variable representing the number of deleted nucleo-
tides. We can sample each TCR sequence with probability Psamp(N = 1, S = o) which we will specify
later. Also, given random S and N, the log-likelihood of the model parameters, BrotiE gAT and Be¢,
is given by

log L(B™, B, 8%, a,b,c; N, 8) = log PN | S; 8%, BT, 8% a, b, 0).

With this, the expected log-likelihood of the model parameters, 8®°*, BAT and 8% given this
random sample is given by
Ellog (8™, BAT, B9€, a,b,¢) 1 1= i]
= ZPsamp(NZ n,SZ 0')
n,o
log P(N = n, S = o3 ™%, BT 3% 4, b, )
=3 Pamp(N = 1,5 = 0)
n,o

JogP(N=n1S = o; 8%, g*T 8% 4. b, ).

We can define a new, weighted log-likelihood function, log Lexpected(ﬂ"‘“if,,@AT,ﬂGC,a,b, ¢), equivalent
to this expected log-likelihood:

log Lexpecled(ngtif» ﬂATv IBGC’ a,b,c) ;= Z Ellog L(ﬂmotif’ IBAT’ ﬁGc, a,b,c) I I=1i]. (5)

1

Forarandom sample of subjects, the weighted likelihood, Lexpectea(3™***, BT, B, a, b, ¢), represents
the likelihood of the model parameters, 3%, BT, and B°¢, given that we observed a set of trimming
amounts for a given set of gene allele groups after weighting observations according to the sampling
procedure Pgamp(N =n,S = 0). We can use whichever sampling procedure, Psamp(N =n,S = 0), we
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want. For example, recall that we originally formed the empirical conditional PDFs in (Equation 1)
for each subject i by uniformly sampling from each TCR repertoire to get a total repertoire size of K;:

i)
Pemp(N =nlS=o0,i)= C;(ig?f)),

(@)
Pemp(S = 0 1i) = S,

and

Pemp(i) = %

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

Psamp(N=n,S =0) = Pemp(N=n,5=0)
= Pemp(n 1 0,1) - Pemp(o 1 i) - Pemp(i) (6)

With this sampling procedure,
10g Lexpeciea (8™, 8. 8%, a. b, 0)
= 3 i0n Pemp( 1 0,1) - Pemp(or 1 §) - Pemp(i)
log P(n | o; @™t gAT 35C 4 b, 0). @)

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 Bm‘;tif, 8T,

and B% inference, we propose a subject-independent gene-allele-group sampling scheme. While we
could use any distribution on ¢, including a uniform weight by gene allele groups, we have chosen to
define:

1
Pmarg(o') = ? ZPemp(U I'0).

We can reformulate the sampling procedure which is an empirical average per-gene-allele-group
frequency such that:

Psamp(N = n, S = 0) := Pemp(n | 0, 1) - Pmarg(0)  Pemp (). (8)

With this subject-independent gene sampling procedure, we can define a weighted likelihood
Ly(B™", BT, 3% 4, b, ¢) such that
log (8™, B*, 8%, a,b,¢)
= Zi,o‘,n Pemp(n | g, l) . Pmarg(O') . Pemp(l)
log P(n | oy ™%, B, 3% 4, b, ¢) &)

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(B™°%E 82T 3%C 4. b, ¢), to estimate
the log-probabilities 87t BAT and €, where g7t s equivalent to a (log) position-weight-matrix.
To estimate each coefficient, we can solve the weighted maximum likelihood estimation problem:

(Bt BAT 36C) = argmax guovis gt gec log LB, AT, 8%C. 4, b, ¢) (10)

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 1).
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We compare our inferred coefficients to the existing PWM model which was designed and trained
using least squares (Murugan et al., 2012). When replicating this model using our methods described
above (i.e. the 2x4 motif model), we note highly similar results (Figure 2—figure supplement 1).

Evaluating 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 3. 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 (Equation 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

LM | H)
=— Zw,n Pempy(n,0,1) - log P(n | 3 M)
= — Yo Pempy (11 0.) - Pempyy (0 1) - Perpyy (i)
-log P(n | o; M)

(11)

where i 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, i), 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.

Assessing significance of model coefficients

During model fitting, we estimated the model coefficients 8™, g*T and 3% by maximizing the
weighted likelihood function given by (Equation 9). To measure the significance of each of these
model coefficients 3 € {,8“‘°“f ,BAT ,BGC} we want to test whether each coefficient 3 = 0. To 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 (Equation 9) to re-estimate each coefficient. We
repeated this bootstrap process 1000 times and used the resulting 1000 coefficient estimates to esti-
mate a standard error for each model coefficient. With this estimated standard error of each inferred

model coefficient 3 € {871, BAT, B5C}, we test whether 3 = 0 by calculating the test statistic

B

T3 =
se(B)

(12)

and comparing T(B) 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.

Evaluating 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 (Russell et al.,
2022b). Recall that we trained this model using the model covariate function given by (Equation 2).
During model fitting, we estimated the model coefficients 8*°**, g*T and 3% by maximizing the
weighted likelihood function given by (Equation 9).

We have previously identified a set X of SNPs within the gene encoding the Artemis protein
that are significantly associated with increasing the extent of trimming (Russell et al., 2022b).
For each SNP x € X and individual i € {1,...,I}, we measure the number of minor alleles in the
genotype, gix € {0,1,2}. We are interested in whether each of the inferred model coefficients
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B e {8t BT, B5C} vary in the context of genotype for each genetic variant x € X. As such, for each
SNP of interest, we can adapt the 1x2 motif + two-side base-count beyond model covariate function
to allow for genotype-specific variation of each model coefficient by incorporating additional inter-

action coefficients B, € {87, 84T, 3%} to model the relationship between each model parameter

and the SNP x genotype. We can then estimate the coefficients of this new model, ﬂ"“;tif, ,BKT, Héc,
grotit ghT and B8 as before by maximizing the weighted likelihood given by (Equation 9) using
the adapted model covariate function. We can measure the significance of each of the model coeffi-
cients using the methods described in the previous section. Ultimately if a SNP-coefficient interaction

term By € {8, BAT, gEC} 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.
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Appendix 1—table 1. Summary of all notation used in our modeling.

Variable

Description

General notation

1

Set of all individuals

Index for an individual in the set I of all individuals

=

Total number of TCRs in the repertoire of individual i

Index of a sequence in the TCR repertoire of individual i

Random variable that represents the gene sequence

General notation for a gene-allele-group sequence oriented 5'-to-3'

V-gene-allele-group sequence (‘top’ strand oriented 5'-to-3’)

J-gene-allele-group sequence (‘bottom’ strand oriented 5'-to-3')

Random variable that represents the number of deleted nucleotides

Number of deleted nucleotides from the 3'-side of a gene sequence

Lower bound of ‘reasonable’ trimming amounts, we have defined
L=2

U

Upper bound of ‘reasonable’ trimming amounts, we have defined
U=14

(o)

The number of TCRs that use gene allele group & in the sampled
repertoire of individual i

P, o)

The number of TCRs that have gene allele group ¢ and n nucleotides
deleted in the sampled repertoire of individual i

Nl

Set of all ‘reasonable’ trimming amounts; N = {2,...14}

Empirical conditional probability density function (Equation 1)

Motif parameter-specific notation

Non-negative integer value that represents the number of nucleotides
5" of the trimming site to be included in the ‘trimming motif’

b

Non-negative integer value that represents the number of nucleotides
3" of the trimming site to be included in the ‘trimming motif’

o +)),

‘Trimming motif’ sequence (Equation 13)

motif
s

(Log) position weight matrix coefficient for trimming motif position
j€{—a,...,b—1}andnucleotide s € {A,T,C,G}

IBmotif

Set of all motif coefficients ,8]9';°tif for all positions
j€{—a,...,b—1}andnucleotide s € {A,T,C,G}

f(n, o ﬁmotif’a, b)

Motif-specific covariate function (Equation 14)

Base-count-beyond parameter-specific

notation

[

Non-negative integer value that represents the number of nucleotides
5’ of the trimming site to be included in the 5" base-count-beyond the
‘trimming motif’

CAT (x)

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
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Appendix T—table 1 Continued

Variable Description

The nucleotide sequence 5’ of the trimming site, beyond the
seqs(n, 0,a,c) ‘trimming motif’ (Equation 15)

The nucleotide sequence 3’ of the trimming site, beyond the
seqs(n, o, b) ‘trimming motif’ (Equation 16)

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

S%‘grof AT-base-count-beyond model coefficients (includes ,BQT and
I@AT ﬁ3 )

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

SeG‘E:of GC-base-count-beyond model coefficients (includes Bgc and
ﬁGC ﬁs )
fn, o3 B, B%€,a,b,¢) Base-count-beyond-specific covariate function (Equation 14)

DNA-shape parameter-specific notation

‘Expanded trimming sequence window' (Equation 18); consists of the
‘trimming motif’ sequence extended by 2 nucleotides in both the 5’

S€lexpd(1, 0, a, b) and 3' direction

E Nucleotide electrostatic potential

W Nucleotide minor groove width

P Nucleotide propeller twist

R Di-nucleotide roll

H 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

shape”(j, seqexpq (1, 7, a, b)) sequence window’ seqeypq(n, 0, a, b)

Measure of di-nucleotide shape v € {R, H} for the di-nucleotide at
positiond € {—a + 1,...,b — 1} within the 'expanded trimming
shape’(d, S€expd (1, 7, @, b)) sequence window’ seqexq(n, 0, a, b)

DNA-shape coefficients for nucleotide shape type u € {E,W,P}
shape and ‘expanded trimming sequence window’ nucleotide position
fehean j€f{-a,....b—1}

uj

DNA-shape coefficients for di-nucleotide shape type v € {R,H}
and ‘expanded trimming sequence window’ di-nucleotide position

e de{—a+1,....,b—1)
(3shape Set of all nucleotide and di-nucleotide DNA-shape coefficients
fn, o3 B8P 4. b) DNA-shape-specific covariate function (Equation 19)

Length parameter-specific notation

graist Length specific model coefficient

fn, o; A5t Length-specific covariate function

Modeling notation

) Example model covariate function including motif and base-count-
fn, oy B, BAT B5€ 4, b, ¢) beyond model parameters (Equation 2)

) Conditional logit model formulation using the motif and base-count-
P(no; 8% 3 AT 3% 4 b, c) beyond model covariate function (Equation 3)
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Description

log L(B"™"1, B*T, 3%, a, b, ¢)

Aggregated log-likelihood for the conditional logit model; this
likelihood function is un-weighted (Equation 4) and gives every
observation uniform treatment in the likelihood

Psamp(N = n,S = o)

Sampling procedure for the construction of the expected likelihood

log Lexpected (/BmOtif > ﬁAT, BGC, a,b,c)

Expected log-likelihood for the conditional logit model; this likelihood
function (Equation 5) weights each observation by its sampling
probability, Psamp(N = n,S = o)

log Lemp(,@lmtif s ﬂAT, ﬂGC, a,b,c)

Expected log-likelihood for the conditional logit model; this likelihood
function (Equation 7) weights each observation by its sampling
probability from the empirical joint PDF (Equation 6)

Pmarg(0)

Empirical average per-gene-allele-group frequency used in
formulating a subject-independent gene sampling procedure
(Equation 8)

log Lw(8 ", BT, B, a, b, ¢)

Expected log-likelihood for the conditional logit model; this likelihood
function (Equation 9) weights each observation using a subject-
independent gene sampling procedure (Equation 8)

Model evaluation notation

M An arbitrary model trained on a specified training data set
A% Full V-gene data set
J Full J-gene data set
H Arbitrary held-out data set
P(H) Probability of the arbitrary held-out data set (Equation 21)
Expected per-sequence conditional log loss (Equation 11) of a
LM | H) trained model M evaluated on a data set H
Expected per-sequence conditional log loss across 20 random held-
E[{(M)] out data sets (Equation 22)
Per-gene mean squared error (Equation 23) for a gene o using a
RMSE(c, M, V) model M trained using the V-gene training data setV

Coefficient evaluation notation

Test statistic (Equation 12) for evaluating the significance of a single

T(B) inferred coefficient 3
Set of SNPs within the gene encoding the Artemis protein that were
previously identified to be associated with increasing the extent of
X trimming (Russell et al., 2022b)
Number of minor alleles in the genotype of an individual i € I for SNP
8ix xeX

{ motif QAT GC}
X s Mx o Mx

Set of interaction coefficients between each model parameter and the
SNP x genotype
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Appendix 2

Extended parameter description
Defining the ‘trimming motif’ and position-weight-matrix weight for a given
gene and trimming site

< N N N RN RN BN BN BN BN BN BN BN BN BN OB BB n=5

A *"AGACGACAGCACCGG=

*-------------- n=3

B >sAGACGACAGCACCGG-=

o n=1

C >AGACGACAGCACCGG-

Appendix 2—figure 1. Summary of trimming motif parameters. Let a = 2 and b = 4. The 6-nucleotide trimming
motif given by (Equation 13) 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) For n = 1, the trimming motif will contain two P-nucleotides and
will be 'incomplete’ (contain less than é 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 lengths for a variety
of genes (Murugan et al., 2012). This simple PWM model uses a trimming motif containing 2
nucleotides 5’ of the trimming site and 4 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

(ot +)), (13)

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) (Appendix 2—figure 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 » — n P-nucleotides and n deleted gene sequence nucleotides
(Appendix 2—figure 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 (Appendix 2—figure
1C). For these ‘off-the-end’ motif cases, we assign zero influence to the missing nucleotides during
model fitting.
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With this trimming motif, let ﬂ_}'}"tif be a (log) position-weight-matrix coefficient for trimming
motif position j € {—a,...,b— 1} and nucleotide s € {A,T,C,G}. We can define an un-normalized
position-weight-matrix weight

b—1
fin,0: B a,b) = Y A (14)

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 j > 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

My =)+ )
and
%) = C¥() + C°(),

respectively.

Because 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 will calculate the counts separately. We
will not include nucleotides that were already included in the motif parameterization. As above, for
a gene-allele-group sequence o and a number of deleted nucleotides n, let o(n +) represent the
nucleotide identity at sequence position j where positions j < 0 represent sequence positions 5’ of
the trimming site and positions j > 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 (Appendix 2—figure 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, 0,a,¢) = {o(n +j)}j(.a:J(r;?rl). (15)
Within this sequence seqs(n, 0, a, ¢), we can count the number of AT and GC nucleotides as
CAT(seq5(n, 0,a,c)) = CA(seqS(n, 0,a,c))+ CT(seqS(n, 0,a,c))
and
CGc(seqS(n, 0,a,c)) = CG(seqS(n, 0,a,c)) + Cc(seqs(n, 0,a,c)),

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 (Appendix 2—figure 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
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- fb if 3>
seqsz(n,o,b) = {g(n+1)}j=3—n if (n ) > »

{} ifn—3)<b

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 (Appendix 2—figure 2C).
Within this sequence seqs(n, o, b), we can count the number of AT and GC nucleotides as

CM(seqs(n, 0, b)) = CA(seq;(n, o, b)) + C*(seqs(n, o, b))
and
CGC(seq3(n, o,b)) = CG(seq3(n, o,b)) + Cc(seq3(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 6;”, BQT, B, and ﬂgc 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:

fn, J;,@AT,ﬂGC,a,b, c) = ,B?T . CAT(seqS(n, o,a,c)) + BQT . CAT(seq3(n, o, b))

17
+/85GC . CGC(SeQS(nv o,a, C)) + /B3GC . CGC(seqS(n’ o, b)) ( )

D T 1

A s"AGAGACGACAGCACCGG-#

Dy

B *"AGAGACGACAGCACCGG=

¢mmmmmmmmmmmm=—— =4

C sAGAGACGACAGCACCGG-

Appendix 2—figure 2. Summary of base-count parameters. 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 (Equation 13), 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 (Equation 15) 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 (Equation
16) 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.
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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 2 neighboring nucleotides on both sides of the nucleotide
of interest (Zhou et al., 2013; Chiu et al., 2016). As such, these methods use a sliding-pentamer
model, centered at each nucleotide of interest, to derive the structural features of nucleotides within
a sequence 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 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 (Equation 13), 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 2 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 o 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 j > 0 represent expanded trimming sequence window positions 3’ of the trimming site. As
such, the expanded trimming sequence window is given by

Sedexpa(rt, 0., b) = {o(n + DY L (18)
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)
(Appendix 2—figure 3A). For b <n<b+2, the (b+2) 3" expanded trimming sequence window
nucleotides will include (b+2)—n P-nucleotides and n deleted gene sequence nucleotides
(Appendix 2—figure 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, (@ + b + 4)-length nucleotide expanded trimming sequence
window (Appendix 2—figure 3C). The sliding-pentamer model (Zhou et al., 2013; Chiu et al.,
2016) requires a full 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 7 in the data set.

For each nucleotide position j € {—a,...,b — 1} within the expanded trimming sequence window
SeQexpd(n, 0, @, b), we can estimate the nucleotide electrostatic potential,shapeE(j, S€expd(, 0, a, b)),
minor groove width, shapew(j, Sedexpd (1 0, a, b)), and propeller twist, shapep(/', Sedexpd (1, 0, a, b)). We
Ls;]ape
shape model coefficient for nucleotide shape type u € {E,W,P} and trimming sequence window
nucleotide position j € {—a,....b — 1}.Letd € {—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 positions
3’ of the trimming site. For each di-nucleotide d € {—a + 1, ...,b — 1} within the expanded trimming
sequence window S€expd (11, 0, @, b), we can estimate the di-nucleotide roll, shape®(d, S€expd (11, 7, a, b))
and helical twist, shape®(d, S€dexpd (1, 7, a, b)). As above, we then standardize the estimated values for
each di-nucleotide shape type. We can define 5%5°F° to be a di-nucleotide shape model coefficient
for di-nucleotide shape type v € {R,H} and trimming sequence window di-nucleotide position
de{—a+1,...b—1}. We use the R package DNAshapeR (Chiu et al., 2016) to estimate these
DNA-shape parameters for each trimming sequence window. With these standardized DNA-shape

estimates, we can define a DNA-shape covariate function for each trimming site n and gene o

then standardize the estimated values for each shape type. We can define 3 to be a nucleotide
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+ Z Z ﬂShape shape”(d, seqexpa (1, 0, a, b)).

d=—a+1 ve{RH}
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*-------------- n=3
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Appendix 2—figure 3. Summary of DNA-shape parameters. Let a = 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 3'4:5* to be a length model coefficient.
As such, we can define a length covariate function for each trimming site n

fin, o, gRaist) . gldist (20)
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Appendix 3

Extended 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 (Equation
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 (Equation 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 in each 'held-out testing set.” As such, we can sample each gene oy with
probability

1
Psa.mple(S =oy) = 5

such that the probability of each ‘held-out testing set’ H is given by

GI&S!
PH) = [ Poampie(S = ov)
=1
Uélesl (21 )

1
a‘v=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 (Equation
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 (Equation 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

20
E[(M)] = P(H) - (M | H). (22)

H=I

We use the same, unique held-out testing sets to calculate the expected per-sequence conditional
log loss of each model of interest, and thus, we can compare model fit and generalizability 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 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 conditional
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 performance
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 hamming distances
(Appendix 3—figure 1A). 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
(Appendix 3—figure 1B).

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 ‘training set’ T. Using this ‘training
set,’ we can train each model of interest as described above in (Equation 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 (Equation 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

Appendix 3—figure 1. 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 (Equation
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 (Equation 11). Here, we use the full V-gene data set as the training
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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 model is a better fit and
is more generalizable.

Evaluating TCRp 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 TCRB-immunosequencing
data representing 150 individuals, TCRy-immunosequencing data representing 23 individuals, and
IGH-immunosequencing data representing 9 individuals from three independent validation cohorts
(described above). With these data, we used the model coefficients from the previous TCRB 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.
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Appendix 4

Extended experimental analyses

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 (Equation 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 calculate the per-gene root mean squared error,
RMSE, for each gene o such that

I 14

ZZ (Pemp(n 1 0,i) — P(n | U;M))z -
RMSE(c, M, V) = || =Lr=2

Il

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 1, Pemp(n | 0,i) is the empirical conditional PDF
given by (Equation 1) for trimming length n, gene o, and individual i € I, and P(n|o; 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.

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
(Appendix 4—figure 1). While the hairpins are assumed to be nicked at the +2 position most
frequently (Ma et al., 2002; Lu et al., 2007), 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, 0,41,4+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 (Equation 10) and calculate the expected per-
sequence conditional log loss of the model using (Equation 11). We can compare these expected
per-sequence conditional log losses to evaluate the sensitivity of the model to the +2 hairpin nick
assumption.

resulting 5'-to-3' sequence

“"AGACGACAGCA
"AGACGACAGCAC

(5]

(3]

s-AGACGACAGCACC
TCTGCTGTCGTGG

(%]

"AGACGACAGCACC

(%]

"~AGACGACAGCACCG
"AGACGACAGCACCGG
"AGACGACAGCACCGGT

Appendix 4—figure 1. An arbitrary DNA hairpin can be nicked opened at various positions near the hairpin
(left figure). Hairpin nick position O refers to a nick at the tip of the hairpin, position —1 refers to a nick before the
Appendix 4—figure 1 continued on next page

(%]

(3]
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Appendix 4—figure 1 continued

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 gt, lead to
5'-to-3' sequences that contain P-nucleotides, nick positions equal to zero lead to 5'-to-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.

Evaluating 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 1x2 motif and two-side base-count
beyond model terms within the full 1x2 motif + two-side base-count beyond model. Recall that we
trained the full 1x2 motif + two-side base-count beyond model using the model covariate function
given by (Equation 2)

ﬂn, O—V;ﬂmOtif,ﬁAT,ﬁGC,a, b, C) :=ﬂn, U'V;,BmOtif,a, b) +f(n, O—V;ﬁAT,ﬁGC,a, b, C)

where n represents the number of trimmed nucleotides, oy represents the V-gene-allele-group
sequence, 8%t represents motif-specific parameter coefficients, BT and 8% represent base-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, 87t BAT and 8¢,
from a previous training run and define a new two-parameter model containing a scale coefficient for
the 1x2 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

. qmotif AT AGC . . qmotif
fn,ov; B, B, B, amotif, Qcount, d, b, ©) = omotis - fn, ov; B ,a,b)
. aAT 4GC
+Qcount 'ﬂn, UVyﬁ aIB ,a,b,c)
where anotif is the scale coefficient for the 1x2 motif terms and acount 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.

Russell et al. eLife 2023;12:€85145. DOI: https://doi.org/10.7554/eLife.85145 40 of 40


https://doi.org/10.7554/eLife.85145

	Statistical inference reveals the role of length, GC content, and local sequence in V(D)J nucleotide trimming
	Editor's evaluation
	Introduction
	Results
	Training data description
	Replicating a previous model of nucleotide trimming
	Model set-up overview
	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
	Inferred local sequence context coefficients suggest a biological trimming motif
	Trimming-associated variation within the Artemis locus is associated with a change in model coefficients
	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 sequence from other receptor loci

	Discussion
	Materials and methods
	Training data set
	Testing data sets
	TCRα and TCRβ testing data sets
	TCRγ testing data set
	IGH testing data sets

	Artemis-locus SNP data set
	Notation
	V(D)J recombination modeling assumptions
	Defining a model covariate function
	Predicting trimming probabilities using conditional logistic regression
	Evaluating model fit and generalizability across genes
	Assessing significance of model coefficients
	Evaluating model coefficient variation in the context of SNPs

	Acknowledgements
	Additional information
	﻿Funding
	Author contributions
	Author ORCIDs
	Decision letter and Author response

	Additional files
	Supplementary files

	References
	﻿Appendix 1﻿
	Extended notation

	﻿Appendix 2﻿
	Extended parameter description
	Defining the ‘trimming motif’ and position-weight-matrix weight for a given gene and trimming site
	AT and GC base-count-beyond the trimming motif
	DNA-shape around the trimming site
	Length


	﻿Appendix 3﻿
	Extended model validation methods
	Calculating the expected per-sequence conditional log loss across the full V-gene training data set
	Calculating the expected per-sequence conditional log loss across held-out samples
	Calculating the expected per-sequence conditional log loss across held-out samples of the ‘most-different’ V-genes
	Calculating the expected per-sequence conditional log loss across the full J-gene data set
	Evaluating TCRβ V-gene trimming models using the expected per-sequence conditional log loss across testing data sets


	﻿Appendix ﻿4
	Extended experimental analyses
	Exploring the gene specificity of the ‘trimming motif’
	Sensitivity analysis for hairpin nick position
	Evaluating the weight of the ﻿1﻿﻿×﻿﻿2 motif﻿ and ﻿two-side base-count beyond﻿ model terms across data sets




