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ABSTRACT: The diversity of immunoglobulin (IG) and T cell receptor (TR) chains depends on several mechanisms: combi-

natorial diversity, which is a consequence of the number of V, D and J genes and the N-REGION diversity, which
extensive and clonal somatic diversity at the V-J and V-D-J junctions. For the IG, the diversity is further increased by s¢
permutations. The number of different junctions per chain and per individual is estimated {3 b&/éhave chosen the hun
TRAV-TRAJ junctions as an example in order to characterize the required criteria for a standardized analysis of the
V-Jand V-D-Jjunctions, based on the IMGT-ONTOLOGY concepts, and to serve as a firstIMGT junction reference s&}
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(IMGT

http://imgt.cines.fr). We performed a thorough statistical analysis of 212 human rearranged TRAV-TRAJ sequences, which

ere aligned and analysed by the integrated IMGT/V-QUEST software, which includes IMGT/JunctionAnalysis, then
expert-verified. Furthermore, we compared these 212 sequences with 37 other human TRAV-TRAJ junction seq

hich some particularities (potential sequence polymorphisms, sequencing errors, etc.) did not allow IMGT/Junctio
to provide the correct biological results, according to expert verification. Using statistical learning, we constructed an

arning system to predict if new, automatically analysed TRAV-TRAJ sequences should be manually re-checked. We
the robustness of this automatic warning system.
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INTRODUCTION

The diversity of the chains of the antigen receptors, immunoglobulins (IG) or antibodies anc
receptors (TR) depends on several mechanisms: the combinatorial diversity, which is a conseg
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the number of variable (V), diversity (D) and joining (J) genes in the IG and TR loci, and the N-REGION
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Fig. 1. The process of TRAV-TRAJ JUNCTION formation. The average length values in number of nucleotides are in
parentheses. P-REGIONSs (not shown) are only observed with an untrimmed 3'V-REGION and/or 5'J-REGION. |The first
nucleotide of the 3'V-REGION is the first nucleotide of the 2nd-CYS cdd8h The last nucleotide of the 5'J-REGION is the

third nucleotide of the J-PHEcodon (for the TRAJ gene) [8].

diversity, which creates an extensive and clonal somatic diversity at the V-J and V-D-J junctions (for
review [1,2]). For the IG, the diversity of the variable domains (V-J-REGION of the light chains and
V-D-J-REGION of the heavy chains) is further increased by somatic hypermutations [2].
The number of different junctions per chain and per individual is estimated to BariBumans and
the only limiting factor seems to be the number of B cells (for the IG) and T cells (for the TR) which is
genetically programmed in a given species. In the human genome, the IG and TR genes are localized in
seven major loci, three IG (IGH, IGK and IGL) loci and four TR (TRA, TRB, TRG and TRD) loci [[L,2].

We have chosen V-J rearrangements in the human TRA locus (TRAV-TRAJ junctions) as an example
in order to characterize the required criteria for a standardized analysis of the IG and TR V-J and V-D-J
junctions, based on the IMGT-ONTOLOGY concepts [3,4,5], and to serve as a first IMGT junction
reference set. Indeed, rearranged TRAV-TRAJ sequences are an ideal starting point for antigen receptor
junction sequence analysis because of their lack of somatic mutations [1], which means that automatic
alignment with archived variable (V) and joining (J) germline genes is usually very precise. Moreover,

in contrast to the TRB or TRD loci, there is no D gene involved in the rearrangement [1].

IMGT® the international ImnMunoGeneTics information sys®thttp://imgt.cines.fr) [6], the widely
acknowledged reference in immunogenetics and immunoinformatics [4,5], has developed tools for the
analysis of the antigen receptor rearranged sequences, based on the IMGT Scientific Chart|rules for
the classification, description and numerotation of the 1G and TR genes [3]. These tools, widely used
and available on the website, comprise IMGT/V-QUEST [7], a software which automatically aligns a
sequence with the closest (in terms of the proportion of correctly matched nucleotides in the alignment
to the total number of nucleotides) germline V and J genes of the IMGT reference directory, and
IMGT/JunctionAnalysis [8], a tool which predicts exactly what has happened at the junction| of the
V-J and V-D-J recombining genes. Indeed, several nucleotides may be trimmed at the ends of the
3'V-REGION? and 5'J-REGION of the respective genes and a number of nucleotides (N-REGION)

12nd-CYS and J-PHE are IMGT labels and thus are in capital letters. 2nd-CYS defines the second cysteine (Cys) of the
disulfide bridge in the V-LIKE-DOMAIN. J-PHE defines the phenylalanine (Phe) of the J-REGION at position 118 in the IMGT
Collier de Perles. Cys and Phe are abbreviations according to the [IUPAC-IUB Joint Commission on Biochemical Nomenclature.

2IMGT® labels from the DESCRIPTION concept of IMGT-ONTOLOGY are in capital letters [3,4,5].
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Fig. 2. Histograms of the JUNCTION length (A) and N-REGION length distribution (B) for the set of 212 human rearranged

TRAV-TRAJ junction sequences.

may be added at random by the terminal deoxynucleotidyltransferase TdT [9] before the joinin
rearranging V and J genes (for review [1,2]). If there is no nucleotide trimming, P-REGION nucl
may be observed [10]. These are short inverted-repeat sequences identified at the V-J junction,
from the dissymetric opening of the hairpin formed at the ends of the coding regions duri
recombination [1,2,10,11].

The rich and apparently random mechanisms that regulate the trimming at the 3'V-REGI(
5'J-REGION ends of the V and J genes and the addition of the N-REGION sequence betwe

g of the
potides
resulting
ng V-J

DN and
en these

two genes lead to a diversity of nucleotide junction sequences, hence of the resulting amino acids and

the proteins coded from these. The mechanisms of nucleotide trimming and N-diversity are t
of the reason for the large diversity of antigen receptors of the human adaptive immune resp&t
antibodies and 16 T cell receptors per individual [1,2].

As far as we know, no systematic standardization of human T cell receptor junction variables,
detailed statistical analysis of these variables has previously been undertaken. This in partis due
ficulty in compiling large, clean data sets until very recently. This has been overcome by the deve
of the IMGTfi specialised sequence and gene databases IMGT/LIGM-DB and IMGT/GENE-DB |

hus part
nse, 10

nor any
to the dif-
lopment
12,13],

tools for sequence analysis, IMGT/V-QUEST and IMGT/JunctionAnalysis [7,8], and related Web re-

sources (IMGT Repertoire) [4,5,6]. To answer current needs due to an increase of experimer
IMGT/V-QUEST [7] was improved in May 2006. The new version with additional functionalities

ntal data,
llows

analysis by batches of sequences, provides a detailed description of the mutations and integrates the re-
sults of IMGT/JunctionAnalysis [8]. This leads to a change of scale, making data available for statistical
analysis. Owing to the complexity of the mechanisms involved in the high diversity of the junctional
process, the aim of this paper was to characterize the criteria required for a standardized and meaningful
statistical analysis of the junctions. We performed a thorough statistical analysis of 212 archived human T
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Table 1
Statistical summary of the ten important length variables for human TRAV-TRAJ sequences

Variables Mean Var. Min. 1stQ. Median 3rdQ. Max.
JUNCTION length (Junc) 418 30.7 27 39 42 45 54
N-REGION length (N) 48 122 0 2 4 7 15
germline 3'V-REGION length (¢/) 13.8 2.3 10 13 13 14 17
post-trimming 3'V-REGION length (pos¢t) 10.8 6.9 4 9 11 13 17
germline 5'J-REGION length (d) 30.8 13.9 23 29 31 32 38
post-trimming 5'J-REGION length (pos) 26 25.2 9 23 26 29 38
number of timmed V nucleotides (#V) 3.1 6.1 0 1 3 5 10
number of trimmed J nucleotides (#J) 48 11.8 0 2 4 6 21
P3'V length (P3'V) 0.2 0.3 0 0 0 0 3
P5'J length (P5'J) 0.1 0.2 0 0 0 0 3

The lengths of the ten variables are in number of nucleotides. The analysis was performed on a set of 212
sequences extracted from IMGT/LIGM-DB [12], analysed by IMGT/V-QUESTCTA [7,8] and expert
verified. Abbreviations used in Table 2 shown in parentheses.

cell receptor rearranged TRAV-TRAJ sequences, which were extracted from IMGT/LIGM-DB [12] and
analysed by IMGT/V-QUEST [7] with integrated IMGT/JunctionAnalysis [8] (which we designate from
now on IMGT/V-QUEST+ JCTA). IMGT/V-QUEST automatically aligns the rearranged sequences
with germline V and J genes, and selects the closest V and J germline genes from the IMGT reference
directory [7]. Next, IMGT/JunctionAnalysis analyses each nucleotide sequence in the junction of the
TRAV and TRAJ genes, and its results indicate which and how many nucleotides have been trimmed
from the 3’ end of the V-REGION and the 5’ end of the J-REGION, or predicts the existence of a
short P-REGION sequence at either end. Finally, IMGT/JunctionAnalysis predicts which and how many
N-REGION nucleotides have been inserted between the 3'V and the 5'J ends.
The paper is structured as follows. First we introduce a list of important variables related to these
TRAV-TRAJ junction sequences which can be represented mathematically, and use standard statistical
methods to describe and visualise these variables and the relationships between them. We then take a
first step to examine the hypothesis that specific nucleotide sequences have an effect on the quantity
of trimming of the 3'V-REGION and 5’J-REGION sequences. Following this, we perform statistical
analyses on variables related to the frequencies and proportions of A, C, G and T nucleotides in the
TRAV-TRAJ junction sequences. Next, we look for differences between the mathematical properties of
the 212 TRAV-TRAJ junction sequences which were identified correctly by IMGT/V-QUESCT.
(according to manual verification by an expert) and those of 37 sequences for which IMGT/V-
JCTA provided potentially incorrect or dubious biological results due to sequence polymorphisms,
sequencing errors or other doubts on the junction (again according to manual verification by an expert).
Using a statistical learning approach, we have created an algorithm which can predict whether a new
(unseen) sequence has been correctly analysed by IMGT/V-QUESITA. This might be integrated
into IMGT/V-QUEST + JCTA as an automatic warning for the user to manually check the automatic
IMGT/JunctionAnalysis results. Error estimations are presented.

A CLASSICAL STATISTICAL ANALYSIS

Ten important variables were extracted from XML documents that had been created from the output
of the alignment (Denis Chaume, V.G. and M.-P. L., unpublished data) and analysis of the 212 TRAV-
TRAJ junction sequences by IMGT/V-QUEST+JCTA. This extraction was performed using a detailed

Perl language script (called IMGT-PERLSTAT) written especially for these XML documents (written
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Fig. 3. Histograms of the germline 3'V-REGION length (A) and post-trimming 3'V-REGION length distribution (B) for
of 212 human rearranged TRAV-TRAJ junction sequences.

by K.B.). Its job was to automatically remove the 10 important variables from the XML and to S
in text files which could be read using standard mathematical software packages, in particulaf
andR. This collection of variables, shown with some basic statistical results in Table 1, comprisé

— The total length of the JUNCTION sequence (in nucleotides, not in amino acids) from tt
nucleotide of the 3'V-REGION to the last nucleotide of the 5’'J-REGION (“JUNCTION len
Fig. 2A).

— The length of the N-REGION added between the 3'V-REGION and the 5’J-REGION (“N-RE
length”, Fig. 2B).

— The length of the 3'V-REGION before trimming has occurred (“germline 3'V-REGION len
Fig. 3A).

Fig. 3B).
Fig. 4A).
Fig. 4B).

— The number of V nucleotides trimmed off the end of the germline 3'V-REGION (“numb
trimmed V nucleotides”, Fig. 5A).
J nucleotides”, Fig. 5A).

— The length of the P-REGION downstream of the 3'V-REGION (“P3'V length”), if it exists.
— The length of the P-REGION upstream of the 5’'J-REGION (“P5’J length”), if it exists.

he set

tore it
Matlab
bS:

ne first
gth”,

GION

gth”,

— The length of the 3'V-REGION after trimming has occurred (“post-trimming 3'V-REGION length”,
— The length of the 5'J-REGION before trimming has occurred (“germline 5'J-REGION length”,

— The length of the 5’'J-REGION after trimming has occurred (“post-trimming 5'J-REGION length”,

er of

— The number of J nucleotides trimmed off the end of the germline 5’J-REGION (“number of trimmed

Figure 1 gives a simple diagram showing the process of TRAV-TRAJ recombination, with the average

length values in parentheses. The histograms in Figs 2, 3, 4 and 5 show all of the pertinent information
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Fig. 4. Histograms of the germline 5'3-REGION length (A) and post-trimming 5'J-REGION length distribution (B) for
of 212 human rearranged TRAV-TRAJ junction sequences.

for these variables in visual terms (except for the P3'V length and P5’J length variables whic
almost always zero, see Table 1).

Analysis of These Variables

Some preliminary observations of Table 1 are in order. We remark that for every variable, the
very close to the median, and the 1st and 3rd quartiles are also very close to the mean and mec
means that at least half of the data (related to each variable individually) is grouped closely art
mean and median. However, there is often a significant amount of data far from the mean and
which can be seen quantitatively in the (usually) large variances.

Individual commentaries should be made about several of the variables:

— The JUNCTION length (Fig. 2A) is typically a multiple of three for this data, reflecting the fag
the great majority of the sequences treated (206 out of 212h dre@me that is the nucleotides
groups of three (codon triplet) are able to code for amino acids. This reflects the bias that se
submitted by researchers to the databases are more frequently expressed sequences that a
In a random uniform process, we would predict two thirds of naturally occurring sequence
out of frame. However, the JUNCTION length bias has no obvious effect on the other va
analysed here.

— The N-REGION length data can be divided into two disjoint satssc 10 and N > 10 (Fig. 2B)
Specifically, forN > 10 there is a sharp cutoff in the number of sequences. It is tempt
hypothesize that the N-REGION is formed under a strict time limit. We note also that
examples, there is no N-REGION formed.
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Fig. 5. Histograms of the number of trimmed V nucleotides and number of trimmed J nucleotides for the set of 212 human

rearranged TRAV-TRAJ junction sequences.

— The germline 3'V-REGION lengths range between 10 and 17 (Fig. 3A). Nearly half of the ge
3'V-REGION lengths are 13, which is in agreement with the germline human TRAV repert
described in IMGT Alignment of Alleles [1,2] and IMGT/GENE-DB [13].

— The germline 5’J-REGION lengths are distributed rather strangely (Fig. 4A). There is a fairly|
increase in the frequencies at intervals of 3: 29, 32, 35, 38, which corresponds to the presen
nucleotides between the recombination signal and the first complete codon of the J-REGI(
giving multiples of 3, plus 2). This is in agreement with the heterogeneity of the TRA ge
5'J-REGION lengths in IMGT Alignment of Alleles [1,2] and IMGT/GENE-DB [13].

— The number of trimmed V nucleotides and the number of trimmed J nucleotides are potentia
interesting variables (Fig. 5). One of the future goals of this work is to characterize this tri
mechanism better. Why does it start? Why does it stop? Are the N-REGION nucleotide se
related to the trimmed sequences? Quantitatively, we see that whilst the largest observe(
of trimmed J nucleotides was 21 in this data set, the great majority of germline TRAJ sec
were trimmed by at most 10 nucleotides. In the case of the germline TRAV sequences, the
observed number of trimmed V nucleotides from such a sequence was 10.

— We remark that the average percentage trimming of the germline 3'V-REGION was 22%, co
with 16% for the germline 5’'J-REGION. Nevertheless, the overall average germline 5'J-RE
length is 2.3 times larger than the overall average germline 3'V-REGION length. This mea
even with a smaller average trimming percentage, 1.6 times more J nucleotides are trimme
nucleotides, on average. However, when junction sequences are examined one by one, we
this does not imply that systematically, in each particular junctiooreJ nucleotides are trimm
than V nucleotides. In fact, in more than one third of the junctitessJ nucleotides were trimm
off the end of the 5’J-REGION than V nucleotides off the end of the 3'V-REGION.
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Fig. 6. Empirical probabilityP. (x) that trimming stops aftet nucleotides.

— The P3'V and P5'J length was almost always zero, with a maximum length in this data set of 3
nucleotides. The P3'V length was equal to 0, 1, 2, 3 exactly 190, 8, 12, 2 times, respectively. The
P5'J length was equal to 0, 1, 2, 3 exactly 199, 6, 5, 2 times, respectively. There was no example of
the existence of both a P3'V and P5'J sequence in the same junction in this data set.

Probabilities of the number of trimmed 3'V-REGION and 5'J-REGION nucleotides

Whilst there is no known biological mechanism involved, we nevertheless initiated an investigation
into whether previously trimmed 3'V-REGION and 5’J-REGION nucleotides had an effect on the
continuation of the very same trimming process. More specifically, using the empirical frequencies of
trimmed 3'V-REGION and 5’J-REGION nucleotides, we considered the following quesBwen that
x nucleotides have been trimmed, what is@@mpirical) probability P, (x) that the trimming will stop at
x and not continue on t® + 1 or beyon® This calculation allows us to see quite clearly which trimming
lengths tend to be the lengths for which the trimming stops. The results are shown in Fig. 6.

For the 3'V-REGION data (Fig. 6A), we see from 1 to 7 trimmed nucleotides an increasing probability
function. Essentially this means that as the number of trimmed V nucleotides increases, the prpbability
of the trimming stopping increases, or equivalently the probability of the trimming process continuing
decreases as the number of trimmed V nucleotides increases. However, for the 5’ J-REGION data
(Fig. 6B), the probability function fluctuates markedly, such as the peak at 8 and the sudden drop at 9.
This results directly from the perhaps abnormally large number of sequences for which 8 J nucleotides
were trimmed compared with the small number of sequences which had 9 trimmed J nucleotides. This
kind of fluctuation might have a biological explanation but equally may just be due to the limited
sample size of our data, meaning that occasionally this finite data set approximates poorly the assumed
underlying probability distribution.
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Table 2
Correlations between the 10 length variables for the IMGT junction reference set of human TRAV-
TRAJ junctions

Junc N gV postV gJd post] #V #J P3V  P5J
Junc 1 037 026 019 062 072 -004 -039 013 0.6
1 ~0.04 -024 007 -014 023 028 -0.03 -0.13
1 039 017 011 020 003 002 001
postV 1 -0.13 -0.18 -082 012 0.38 -0.08
g-J 1 073 025 002 -0.10 -0.13
postJ 1 026 -069 -0.14 0.2
#V 1 -011 -0.40  0.09
#J 1 0.09 -0.33
P3'V 1 -0.07
P5J 1

The ten variables are defined in the text and reported in Table 1: JUNCTION length (Junc),
N-REGION length (N), germline 3'V-REGION length {g), post-trimming 3'V-REGION length
(postV), germline 5'J-REGION length (d), post-trimming 5'J-REGION length (pe3}, number of
trimmed V nucleotides (#V), number of trimmed J nucleotides (#J), P3'V length (P3'V) and P5'J
length (P5'J).

Correlations between Variables

The next analysis involved calculating the correlations between each of these 10 variables. Firstly,
the correlations were estimated using the standard Pearson product-moment correlation coefficient [14].
The results are shown in Table 2, with the most significant correlations shown in bold type. We followed
this correlation analysis with a more general analysis of the dependence between each pair of the 10
variables X, Y"), using the standard definition ofutual information

I(X,Y)=)" Zp(x,y)log%
rzeX yeY

wherep is the joint probability distribution ofX andY, and f and g are the marginal probability
distribution functions ofX andY’, respectively [15]. I is able to quantify more generally than the
Pearson correlation any functional dependencies between two variables. The larger the Yathe of
moresimilar the variablesX andY. In the absence of the actual probability distributionskoéndY’,
we calculated empirically.

We show that all of the most significant correlations (shown in bold type in Table 2) do not indicate any
particularly new biological insights. The correlations between JUNCTION length and post-trimming 5'J-
REGION length (0.72) or germline 5’J-REGION length (0.62) can be explained by the strong dependence
of the overall junction length on the length of the (post-trimming or germline) 5'J-REGION. i.e, if the
junction is long, it is usually because the 5'J-REGION is long, @ind versa The correlation between
the post-trimming 3'V-REGION length and the number of trimmed V nucleotidds§?2) is expected
since the germline 3'V-REGION lengths do not vary very much [1,8] (and these two afore-mentioned
variables sum to give the germline 3'V-REGION length). The same is true for the correlation between the
post-trimming 5’'J-REGION length and the number of trimmed J nucleotid@s69). The correlatign
between the post-trimming 5'J-REGION length and the germline 5'J-REGION length (0.73) is|due to
the fact that on average only 16% of the germline 5’J-REGION genes are trimmed, and consequently the
relationship between these two variables is almost linear, hence the high correlation. Interestingly, there
is almost no correlation between the number of trimmed V nucleotides and the germline 3'V-REGION
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Fig. 7. Total number of each nucleotide type summed over all N-REGION sequences.

or 5’J-REGION is not linearly related to the original germline 3'V-REGION or 5'J-REGION len
respectively.
The mutual information criterioti did not reveal any extremely significant relationships betwee

for this.

Nucleotide-Specific Variables

rather than just those related to lengths of parts of the junction:
— The overall frequency of each type of nucleotide in the N-REGION.

sequences.

We calculated the frequencies of the A, C, G and T nucleotides, summed over all the N-REG
the data set. This is shown in Fig. 7.
We see that the N-REGION is formed with a clear preference for C/G nucleotides over £
observation often found in the literature. C/G represents 63% of the N-REGION nucleotides,
A/T represents 37%. Two possibilities: If the random availability of each of A, C, G and T nucle
is equal in the cell, then clearly the creation of the N-REGION is not entirely a random process.

.10

length (0.20), nor between the number of trimmed J nucleotides and the germline 5’ J-REGION length
(0.02). This indicates that the number of V and J nucleotides trimmed at the end of the 3'V-REGION

gths,

n the

10 variables. However, we note in passing the largest interesting mutual information was found pbetween
the N-REGION length and the post-trimming 5'J-REGION length. There is no immediate explanation

To finish this section, we briefly looked at variables related to the actual nucleotides in the sequences,

— The overall frequency of each type of nucleotide in the trimmed 3'V-REGION and 5'J-REGION

IONs in

A/T, an
whereas
otides
Indeed,
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Fig. 8. Total number of each nucleotide type summed over all timmed 3'V-REGION (A) and 5'J-REGION (B) sequ

TdT is thought to prefer C/G [9]. The second possibility is that the availability of A/T is inferior t
availability of C/G during the recombination process.
Next, we calculated the overall frequency of A, C, G and T nucleotides in the trimmed 3'V-RE
and 5'J-REGION. This is shown in Fig. 8.

is also representative of the typical richness of A and T nucleotides at the end of the 5’J-REGIC
recycled into forming the N-REGION. Whilst we are not currently in a position to make any

5'J-REGION are systematically recycled to be used as the C nucleotides in the N-REGION
upon adding over the 212 sequences, there were only 261 available C nucleotides, yet a total
nucleotides were found in the N-REGIONs. Whilst this does not mean that C nucleotides ca
recycled, it does however imply that sometimes C nucleotides must be recruited from elsewher
looking closer at individual sequences, we ascertained that the same is true for A, G and T nuc
since it is common that nucleotides in the N-REGION are not found in the corresponding tr
3'V-REGIONs and 5'J-REGIONSs.

IMPROVING IMGT/V-QUEST + JCTA USING STATISTICAL LEARNING

In this section, we show how statistical learning could be used to implement a warning si

.11

ences.

o the

GION

We see in Fig. 8A that A and G nucleotides make up 76% of all timmed 3'V-REGION nucleotides.
This is representative of the fact that the end of the 3'V-REGION is typically rich in A and G nucleptides.
Figure 8B shows that A and T nucleotides make up 64% of all trimmed 5'J-REGION nucleotides. This

N.

We briefly looked at the possibility that the trimmed 3'V-REGION and 5'J-REGION nucleotides were

broad

conclusions, one thing is sure: it is impossible that C nucleotides from the trimmed 3'V-REGION and

, since,
of 322 C
nnot be
e. Upon
leotides,
immed

gnal in

IMGT/V-QUEST+JCTA for the user to manually check the automatic alignment and analysis per

formed
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by this software in the case of unusual sequences (potentially new polymorphisms, sequencing errors).
In this case we are dealing with what is commonly calb@thry classificatiorf16,17,18,19], since we
are aiming to predict a label of1 or —1 for each input sequence,l if we think the sequence was
incorrectly analysed;-1 if we think the sequence was correctly analysed. The general ideais to find a
function (also called in this contextale or classifie) that mathematically maps each sequence to either
the valuet+1 or—1 in such a way that this function does not make many misclassifications. The guality
of a classifier is therefore represented by how much of the time it correctly predicts the label.

In order to choose a good function, we must use the data we have already to test which function is the
best for us. Unfortunately, we can always find a rule that works 100% correctly on the data we know, but
works arbitrarily bad on new data (this is calleeerfitting see [18], chapter 12). A common strategy to
deal with this problem is to choose a rule that classifies correctly most of the known data, but sg that the
rule is as uncomplicated as possible in a mathematical sense. As a simple example, an uncomplicated
rule would be to draw a straight line across a plane and say that any data falling on one side of the line
be labelled+1, and on the other sidel. A more complicated rule would be to choose a polynomial
curve to cut the plane into two halves. Indeed, such a rule may better divide the known data, but as the
rule becomes more complicated (e.g., the degree of the polynomial becomes larger) we become less and
less sure of the robustness of the rule, that is, the ability of the rule to generalise to new unseen data.

Of course, we only have a finite set of data, and so it is not simple to use this data both to choose
a function, and also to predict how well this function will work on new, unseen data. A standard
methodology called leave one out [19] involves putting aside one object, then using all of the other data
to choose a classification rule, and finally to test this rule on the left-out object. This process is repeated
once for each object, which gives us at the end an approximation to the probability that this rule gorrectly
classifies data.

Mathematical Preliminaries

We suppose our dataX(, Y;),—1,.., are independent and identically distributed random variables,
with X; € R? andY; € {—1,+1} representing the label fak;. Our aim is to design a function
g : RY — {—1,+1} which predictsY” from X. The performance of this function is measured by the
risk:

R(g) = P{g(X) # Y},

that is, the probability thag incorrectly predicts the label of . In the ideal caseR(g) should be cloge
to theBayes riskR* which is the minimal probability of error
1

R* =inf,R(g) = =

>~ SE(12n(X) 1]},

where the infimum is over all (measurable) functignsR? — {—1,+1}, andn(z) = P{Y = +1|X =
x} is the posterior probability{ indicates the calculation of a probability alicdhe calculation of the
expected/average value of the random variable). It is well known (see for example [16,17,18]) that the
infimum for R* is achieved by the Bayes classifigk (z) = 2 1 ;2)>1/2y — 1.
Unfortunately, we do not know the law ofX(, Y), so we cannot calculate(g) and must choose
our functiong another way. We propose to use a strategy called:thearest neighbor rulg:{NN)
in which we predict the label of a new data object by taking a majority vote over the labelskof its
nearest neighbors. To keep this simple, we can consider only.oddhe £-NN rule is a very popular
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non-parametric method (see [20], who provides a collection of around 140 important papers).

is to find thebestk, in the sense we will now describe. One standard method to find thé pastolve
simple data-splitting, the data points we have are split into two set$ ahdm points (i.e;n = [ +m),
respectively called theaining setandtest se{18]. For eachkt isn’t in document{1, 3, .., kpax }, W
re-predict the labels of the test set via themmearest neighbors in the training set. We then chooskeghe
which correctly re-predicts the largest fraction of the labels, thus defining our classification fute:
majority vote overk, nearest neighborsThis procedure can be shown to find a rule with an error that
converges to the minimum possible error, the BayesRisk18].

he goal

Implementing: -NN for IMGT/V-QUESH JCTA

We implemented the describéeNN data-splitting algorithm on the 249 TRAV-TRAJ sequences, of
which 212 had the label 1 (correctly analysed) and 37 the label (potentially incorrectly analysed),
using leave one out to estimate the true error probability of the chosem yul&Each sequence was
represented by a vector I®°, the 5 (out of 10) variables retained being post-trimming 3'V-RE
length, N-REGION length, post-trimming 5'J-REGION length, number of trimmed V nucleotides and
number of trimmed J nucleotides, since the other variables are either too rare to help with prediction
(P3'V length and P5’J length) or are almost always formed by linear combinations of the 5 retained
variables (JUNCTION length, germline 3'V-REGION length and germline 5'J-REGION length).| Each
of the 249 trials involved removing one sequence, randomly dividing the remaining 248 sequences into
two equally sized sets df = m = 124 sequences, then using the test:sebn the training set to
automatically select thé, that minimises the fraction of incorrectly predicted labels. Then &pis
was used to re-predict the label of the left-out sequence. The fraction of the 249 trials for which this
re-prediction was wrong gave us an estimate of the true error probability &M rule g,, selecte
using this algorithm.

Due to potential instability in the data-splitting method, we performed the entire algorithm 500 times
in order to not only calculate the average fraction of incorrectly predicted labels, but to show how much
the calculated fraction of incorrectly predicted labels varied around this average value. We faund the
average fraction of incorrectly predicted labels to be 0.1256 with a standard deviation of 0.0097, Whilst
at a first glance this seems to be a reasonably good result, we recalf {Bd9 = 14.68% of the dat
has the label-1 (i.e, potentially incorrectly analysed). Therefore we could have almost found the same
result just by classifyingverysequence as 1, so we must deepen our analysis to show that we have
indeed a useful result. In a way, we are more interested in seeing how good the classification is on
the +1 labelled sequences, that is, how good are we at identifying these potentially incorrectly analysed
sequences. To examine this, we focus on two important varighlespositiveg TP) andfalse positive
(FP). A TPis when we predict the labell and the real label is indeegll, whereas &P is when w
predict+1 but the real label is-1. We simultaneously want the numberTd?¥'s, | TP| to be large and the
number ofFP’s, |FP| to be small, though we would like to control the relative importance of these two
criteria.

Obviously, by minimising the fraction of incorrectly predicted labels, we have no direct control on
making |TP| large and/FP| small exactly in the way we would like. We therefore considered a two-
pronged analysis. First we formed empirical estimateld Bf and|FP| calculated during the previous
analysis where we minimised the fraction of incorrectly predicted labels, to see whether nevertheless
we find useful results. Indeed, we found féiP| and|FP| the means 8.4480 and 4.7280, with standard
deviations 1.8510 and 1.7286, respectively. This means that on average, we correctly removed 8.4480/37
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— 22.83% of the potentially incorrectly analysed sequences. As well as this, on average 8.4480/(8.4480

-+ 4.7280)= 64.12% of the sequences we predicted to be potentially incorrectly analysed actually were.
Secondly, we decided to slightly alter the algorithm to, instead of minimising the fraction of incorrectly

predicted labels, actually maximise a function of the form

f(TP],|FP|) = a|TP| - b|FP|,

with a, b > 0. The choice of; andb will reflect the relative importance we place R andFP. In fact
minimising the fraction of incorrectly predicted labels as we did before is the special case where we set
a = b = 1. In the present altered algorithm, we chase- 1 andb = 1/20 to reflect the fact that
want to especially maximisd@ P| and we don’t mind too much {FP| is a little larger than before. This
schema is similar to the medical situation where for example in a blood test, we want to maximise the
probability of detecting a virus, and simultaneously control probability of incorrectly telling someone
they have the virus. We remark also that maximising this functisequivalent to minimising

a Z Lig(xi)#v,,vi=1y +0 Z Lig(x)#Y:,vi=—1}
=1 i=1

which shows more clearly that maximisirfgcorresponds to minimisingra-weightingof the two type
of error which make up the incorrectly predicted labels. We implemented this adapted algorithm, and
again ran it 500 times to account for potential volatility due to the random data-splitting. We found for
|TP| and|FP|, the means 14.7020 and 15.1800, with standard deviations 2.0779 and 2.7617, respectively.
This means that on average, we correctly removed 14.7028/39.74% of the incorrectly analysed
sequences. As well as this, on average 14.7020/(14.7026.1800)= 49.2% of the sequences we
predicted to be incorrectly analysed actually were. In reality, this means that with this new algorithm
we almost double the average percentage of potentially incorrectly analysed sequences we automatically
detect from 22.83% to 39.74%, but at the same time, the percentage of the predittddat actuall
have the real label-1 drops from 64.12% to 49.2%. In terms of implementing a warning system in
IMGT/V-QUEST + JCTA, it is perhaps preferable to have a laidé} as we do in the adapted algorithm,
even if it means an increase [iRP|, so long agFP| remains reasonably small. We remark finally that

the average fraction of incorrectly predicted labels found for this adapted algorithm was 0.1414, so we
have not lost too much in the global quality of the result (the average fraction of incorrectly predicted
labels found earlier was 0.1256) when we implement this adapted algorithm.

DISCUSSION

This paper had two important and different goals: the setting Gpesfdardizatiomnd the development
of an Automatic Warning Systeto detect suspiciously aligned or analysed TRAV-TRAV junction
sequences.

For that which concerns standardization, we have defined and given intuitive names to ten variables
that we consider important when analysing TRAV-TRAJ junction sequences. As well as this,
provided detailed statistical results, both graphically and numerically based on a set of 212 TR
junction sequences which had first been extensively verified, one by one in minute detail by an expert
to have been correctly sequenced and analysed by IMGT/V-QUESICTA. This IMGT junctio
reference set is available on the IM&TWebsite (http://imgt.cines.fr) and will serve as a statistical
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frame of referencagainst which repertoires in diverse normal and pathological situations can now be
compared, as well as repertoires between species.

Secondly this paper dealt with the creation of an automatic warning system for IMGT/V-QUEST
JCTA, whose goal was to identify suspiciously aligned or analysed sequences. In the current version
of IMGT/V-QUEST + JCTA, a sequence entered by the user is aligned and annotated. Current in-built
rules allow approximately 85% of entered sequencesto be correctly automatically aligned and annotated.
For the remaining 15%, problems may occur due to several types of atypical sequences: there may be
an unusual N-REGION owing to extensive trimming (upstream of the 2nd-CYS codon and downstream
of the J-PHE codon), there may be a new polymorphic site, a J primer may have been used or there was
simply a sequencing error. Indeed, it is unrealistic to expect an automatic tool to be able to consider
everybiological possibility. At present, users can simply manually verify the alignment and analysis of
their sequence by comparison with IMGT Alignment of Alleles [1,2].

However, the new version of IMGT/V-QUEST will allow treatment of sequences by batches| of 50,
hence the interest in implementing an automatic warning system that can identify sequences that have
been potentially misaligned or misanalysed for whatever reason, rather than expecting users|to spend
\vast amounts of time manually re-checking every sequence’s alignment and analysis. This i$ doubly
important if users expect to obtain biologically pertinent results in subsequent analyses they |perform
using the automatic outputs of IMGT/V-QUEST - otherwise ioésedue to the incorrectly analysed
sequences may have an adverse effect on their subsequent analyses and conclusions.

In this paper we have made a first step in creating such an automatic warning system using|a simple
k-NN algorithm inR>. To cast the presentresultinto a practical light, if we suppose someone arrives with
1000 new TRAV-TRAJ junction sequences, we currently expect approximately 150 of them (i.e, 15%) to
be potentially incorrectly analysed. With this néwNN model we can expect to automatically identify
about 60 of them, and well as wrongly suspecting around 60 other sequences to be potentially incorrectly
analysed. Consequently, we also expect ardéfnd-60 = 90 potentially incorrectly analysed sequences
to be undetected. Whilst this is surely an improvement on having 150 potentially incorrectly analysed
seguences remain undetected, we do hope in future work to improve the quality of this warning|system,
so that we can detect a larger percentage of these 150 suspicious sequences, perhaps by using a larger
number of predictive variables or by implementing a more sophisticated algorithm.

We remark next that this work has been especially useful in leading to improvements in@NM@IE
Indeed, of the 37 sequences which were considered suspicious, 25 would now not be detected [as such if
the same analysis was done again. In effect, as a result of our analysis, 13 of these sequences allowed us
to update 8 entries of the IMGT reference directory of IMGT/V-QUEST and IMGT/JunctionAnalysis,
and in addition 11 sequences allowed us to identify without ambiguity 3 new allelic polymorphisms and
these new alleles have been added to the IMGT Alignment of Alleles and to the IMGT/V-QUEST and
IMGT/JunctionAnalysis tools. For the remaining 13 sequences, 5 correspond to sequencing efrors and
8 to potential polymorphisms.

Finally, we note that in future work, it will be of great interest to use the same standardization|criteria
and to compare these results with non-human data such as mouse data, as well as with T cell receptor
TRB, TRG and TRD junctions for both human and non-human data.
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