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SYSTEMS AND METHODS FOR HIGH-ACCURACY VARIANT CALLING

[0001] This application claims priority to U.S. provisional application with the serial number

62/209,838, filed August 25, 2015.
Field of the Invention

[0002] The field of the invention 1s systems and methods of in silico analysis of nucleotide
sequences, especially as it relates to high-accuracy calling of SNPs, multi-nucleotide variants,

indels, structural variants, and HLA typing.

Background of the Invention

[0003] The background description includes information that may be useful in understanding
the present invention. It 1s not an admission that any of the information provided herein 1s

prior art or relevant to the presently claimed invention, or that any publication specifically or

implicitly referenced 1s prior art.

[0004] All publications and patent applications herein are incorporated by reterence to the
same extent as 1f each individual publication or patent application were specifically and
individually indicated to be incorporated by reference. Where a definition or use of a term 1n
an incorporated reference 1s inconsistent or contrary to the definition of that term provided
herein, the definition of that term provided herein applies and the definition of that term 1n

the reference does not apply.

[0005] Varniant detection for high-throughput sequencing data has become increasingly
important for accurately aligning highly related genomic sequence segments that are often
misaligned due to the minor changes 1n the sequence reads, leading either to 1naccuracies or
loss of variant information. Several attempts have been undertaken to improve alignment of
highly related sequences. For example, “Platypus™ (The Wellcome Trust Centre for Human
Genetics) 1s a tool designed for relatively etficient and accurate variant-detection 1n high-
throughput sequencing data. By using local realignment of reads and local assembly, Platypus
achieves relatively high sensitivity and high specificity tor detection of SNPs, MNPs, short
indels, replacements and deletions up to several kb. While Platypus 1s often more accurate as
traditional alignment systems, various difficulties nevertheless remain. Among other things,
processing genomic data covering the entire genome 1s problematic, and accuracy may be

less than desirable where multiple sequences with high stmilarity are present. Similarly,
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DISCOV AR (Broad Institute) 1s a relatively accurate tool to assemble sequences and 1dentity

variants. However, DISCOVAR 1s generally not suitable for processing of massive data

quantities.

[0006] In another approach, Big Genomics Inference Engine (BIGGIE; Bioinformatics,
vol.25, pp.2078-9, 2009), processing speed 1s increased by first classifying a genome into
high- and low-complexity regions and subsequently allocating resources accordingly. While
such approach tends to reduce demand on computational resources, variant calling 1s often
less than desirable where variations occur 1n low complexity regions. In addition, most of the
known variant callers for next-generation sequencing data employ a probabilistic framework
(e.g., using Bayesian statistics) to detect variants and assess confidence 1in them. While such
approach generally works satistactorily, various factors such as extreme read depth, pooled
samples, and contaminated or impure samples tend to contound analysis. To overcome such
problems, VarScan (Genome Res. 2012 22: 568-576) employs a heuristic/statistic approach to
call variants that meet desired thresholds for read depth, base quality, variant allele
frequency, and statistical signiticance. However, such approach will generally not 1identify

larger changes 1n the genome that are not spanned by a single read.

[0007] In a still further known method, a colored DeBruijn graph i1s generated from (Nat
Genet. 2012; 44(2): 226-232) sequencing data using relatively long k-mers (e.g., k 1s at least
55) and a hash table that implicitly encodes the graph. However, for 1solated SNPs, short
indels (1-100bp) and small complex combinations of SNPs and indels (1-100bp) the authors
reported only 80% power to detect heterozygous sites and 90% power to detect homozygous
variant sites. Moreover, for moderate size (100-1000bp) indels and complex variants, power
1s S0% and 75-80% for heterozygous and homozygous sites respectively, and for large
variants (1-50kb) the authors reported only power to detect homozygous variant sites (35%).
Consequently, while a colored DeBruijn graph as described facilitates analysis of SNPs and
indels to at least some degree, accuracy and detection power 1s less than desirable. As such,
the major strength of that approach lies 1n the simultaneous analysis of multiple genomes,
which enables powertul and accurate approaches to variant detection without any need of a

reference ZCNOIC.

[0008] Thus, even though numerous systems and methods for variant calling are known in
the art, there remains a need for improved systems and methods for high-accuracy variant

calling, especially as 1t relates to in silico HLA typing.
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Summary of The Invention

[0009] The inventive subject matter 1s directed to various systems, methods and devices for
high-accuracy variant calling from patient sequence data, and especially as it relates to HLA
typing using DNA and/or RNA sequences from sequencing machines. In especially preferred
aspects, the patient sequence reads and a reference sequence comprising multiple HLA alleles
are processed 1n a De Bruijn graph approach. Each patient sequence read provides a weighted
vote for the various alleles, and the total votes for each allele are then used to rank the alleles.
The topmost allele 1n the ranking 1s the first HLA-type, and a re-ranking of remaining alleles
with bias against k-mer matching the first HLA-type then provides the second HLA-type.

[0010] In one aspect of the inventive subject matter, the inventor contemplates a method of in
silico predicting an HLA-type for a patient 1n which a reference sequence 1s provided that
includes a plurality of sequences ot known and distinct HLA alleles, and 1in which a plurality
of patient sequence reads are provided, wherein at least some of the patient sequence reads
include a sequence encoding a patient specific HLA. In a further step, the patient sequence
reads are decomposed 1into a plurality of respective sets of k-mers, and a composite de Bruin
graph 1s then generated using the reference sequence and the plurality of respective sets of k-
mers. It 1s further contemplated that each of the known and distinct HLA alleles are ranked
using a composite match score that 1s calculated from respective votes of the plurality of
patient sequence reads, wherein each vote uses k-mers that match corresponding segments 1n

the known and distinct HLLA alleles.

[0011] Most typically, the retference sequence includes alleles for at least one HLA type that
have an allele frequency of at least 1%, or the reference sequence includes at least ten
different alleles for at least one HLA type, and/or alleles for at least two distinct HLA types.
With respect to the HLA type 1t 1s contemplated that suitable HLA-types include an HLA-A
type, an HLA-B type, an HLA-C type, a HLA-DRB-1 type, and/or a HLA-DQB-1 type.

[0012] Patient sequence reads will typically comprise at least one of a plurality of DNA
sequencing reads and RNA sequencing reads, and will typically map to chromosome 6p21.3.
Most typically, the patient sequence reads are next generation sequencing reads and further
comprise metadata, and/or have a length of between 50 and 250 bases. With respect to k-mers
it 1s contemplated that preferred k-mers will have a length of 10-20, and/or will have a length

of between 5% and 15% of a length of the patient sequence read. While not limiting to the
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inventive subject matter, 1t 1s generally preterred that the composite match score 1s a sum of
all votes from the plurality of patient sequence reads, wherein the vote 1s typically a value
representing a fraction of matching k-mers to total number of k-mers per patient sequence

read.

[0013] Therefore, and using the composite match score, contemplated methods may comprise
a step of identifying a top-ranking HLLA allele as a first HLA-type of the patient. Where
desired, an additional step of re-ranking the remaining non-top-ranking known and distinct
HLA alleles may be implemented using an adjusted composite match score to 1dentify an
adjusted top-ranking HLLA allele as a second HLA-type of the patient. Most typically, the
adjusted composite match score may be calculated from respective adjusted votes of the
plurality of patient sequence reads, and the adjusted votes may be calculated by devaluing a

welght of a k-mer that matches the first HLA-type.

[0014] Considering the above, the inventor therefore also contemplates a computer system
tor in silico predicting an HLA-type for a patient. Viewed form a ditferent perspective, the
inventor also contemplates s non-transient computer readable medium containing program
instructions for causing a computer system in which a reference sequence database and a
patient sequence data source are informationally coupled to an analysis engine. With respect
to suitable reference sequences, patient sequence reads, HLA-types, k-mers, composite match

scores, and additional re-ranking steps, the same considerations as provided above apply.

[0015] Various objects, teatures, aspects and advantages of the inventive subject matter will
become more apparent from the following detailed description of preferred embodiments,
along with the accompanying drawing figures in which like numerals represent like

components.

Brief Description of The Drawing

[0016] Figure 1 1s a schematic of one exemplary method according to the present inventive

subject matter.

[0017] Figure 2 1s a schematic of one exemplary computer system according to the present

inventive subject matter.
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Detailed Description

[0018] The inventor has discovered that highly accurate alignment ot various closely related
sequences 1s readily achievable 1n an approach 1in which the sequences are processed using de
Bruijn graph-based methods 1n conjunction with a reference sequence with known sequence
information, and statistical and heuristic analysis. Such analysis 1s particularly advantageous
for HLA determination from DNA and/or RNA sequencing information since each HLA-type
has numerous often very similar alleles, and as traditional alignment methods typically fail to

have significant differentiation capabilities where sequences have high degree of stmilarity.

[0019] In one exemplary aspect of the inventive subject matter, a relatively large number of
patient sequence reads mapping to chromosome 6p21.3 (or any other location near/at which
HLA alleles are found) 1s provided by a database or sequencing machine. Most typically the
sequence reads will have a length of about 100-300 bases and comprise metadata, including
read quality, alignment information, orientation, location, etc. For example, suitable formats
include SAM, BAM, FASTA, GAR, etc. While not limiting to the inventive subject matter, 1t
1s generally preferred that the patient sequence reads provide a depth of coverage of at least

Sx, more typically at least 10x, even more typically at least 20x, and most typically at least

30x.

[0020] In addition to the patient sequence reads, contemplated methods further employ one
or more reference sequences that include a plurality ot sequences of known and distinct HLA
alleles. For example, a typical reference sequence may be a synthetic (without corresponding
human or other mammalian counterpart) sequence that includes sequence segments of at least
one HLA-type with multiple HLLA-alleles of that HLA-type. For example, suitable reference
sequences 1nclude a collection of known genomic sequences tfor at least S0 different alleles of
HLA-A. Alternatively, or additionally, the reference sequence may also include a collection
of known RNA sequences for at least 50 different alleles of HLA-A. Of course, and as further
discussed 1n more detail below, the reference sequence 1s not limited to 50 alleles of HLA-A,
but may have alternative composition with respect to HLA-type and number/composition of
alleles. Most typically, the reference sequence will be 1n a computer readable format and will
be provided from a database or other data storage device. For example, suitable reference
sequence formats include FASTA, FASTQ, EMBL, GCG, or GenBank format, and may be
directly obtained or built from data of a public data repository (e.g., IMGT, the International
ImMunoGeneTics information system, or The Allele Frequency Net Database, EUROSTAM,
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www.allelefrequencies.net). Alternatively, the reference sequence may also be built from

individual known HLA-alleles based on one or more predetermined criteria such as allele

frequency, ethnic allele distribution, common or rare allele types, etc.

[0021] Using the reference sequence, the patient sequence reads can now be threaded through
a de Bruyn graph to 1dentity the alleles with the best fit. In this context, it should be noted
that each individual carries two alleles for each HLA-type, and that these alleles may be very
similar, or 1n some cases even identical. Such high degree of similarity poses a significant
problem for traditional alignment schemes. The inventor has now discovered that the HLA
alleles, and even very closely related alleles can be resolved using an approach 1in which the
de Bruyn graph 1s constructed by decomposing a sequence read into relatively small k-mers
(typically having a length of between 10-20 bases), and by implementing a weighted vote
process 1n which each patient sequence read provides a vote (“quantitative read support™) for
each of the alleles on the basis of k-mers of that sequence read that match the sequence of the
allele. The cumulatively highest vote for an allele then indicates the most likely predicted
HLA allele. In addition, 1t 1s generally preferred that each fragment that 1s a match to the
allele 1s also used to calculate the overall coverage and depth of coverage for that allele as 1s

also shown 1n more detail below.

[0022] For identification of the second allele tor the same HLA-type, the inventor discovered
that even relatively similar second alleles can be resolved 1in a more heuristic approach where
the top-ranking HLLA-allele 1s removed from further consideration, and where the remaining
alleles are re-ranked using an adjusted (“scaled™) vote. More specifically, the re-ranking 1s
performed such that the vote value for k-mers that had a match with the top-ranking allele 1s
reduced 1n the re-ranked vote. Such adjusted voting reduces (but not eliminates) the weighted
votes tor genotypes that are similar to the top-ranking allele, and thus give genetically less
related alleles more weight. At the same time, similar alleles are not 1gnored. Ranking can be
further refined by taking into consideration overall coverage and depth of coverage. For
example, a first re-ranked allele may score higher with substantially lower overall coverage
and depth of coverage than a second re-ranked allele. In such case, the second re-ranked
allele may be more likely the correct allele. The top-ranking re-ranked allele 1s then the
second allele for the same HLA-type. Of course, and as noted above, re-ranking may factor in
overall coverage and depth of coverage, and may even lead to disqualification of an allele

where the overall coverage and/or depth of coverage falls below a user defined threshold
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(e.g., overall coverage less than 94%, and/or depth of coverage less than 10x). In addition,
using matching k-mers as a vote also allows 1dentification of unique k-mers 1n a particular
vote, which may serve as further guidance whether or not the particular vote 1s likely a
correct prediction. Table 1 below provides an exemplary prediction of alleles for various
HLA-types (HLA-A, HLA-B, HLA-C, DRB1, DQB1) using a de Bruijn graph approach and
a single genome (YRI) from 1000 the Genomes Project (IGSR: The International Genome

Sample Resource).

7 I(h ,'\.‘-‘\ :‘r’:x' h
7 B -
N A X "«? a:'f?‘f?
.- ?L':‘ & = ;~' o \}’" \‘5 N
~ \-:.:‘. 3 {E::“ - ) ) a8 :.}
‘__bl‘:} Jone A L U )
N 3 O A3 ; AN
oy iy i A N N
o % ™ W W N
e & N o S
3 O : -~ ", o
-:\:* o ?35:0 L) < '\.rs.

Q\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\.\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

\MAI238 Hia-a 23721 23721 1,888 21.8 2,925 a%3§:81:91 g
\NAL9238 HLA-£ 15272 22187 @.26% 28,5 9.925 A%34:43 \
\MAIR23E HLa-d4 3595 9669 ©.814 11,8 2,938 A%38:1g §
INA1OZ38 HiA-A 2164 5211 €.831 6.8 #.973  A%38:53 \
gwaiezJa RLA-& 1573 3584 @.887 19.3  2.948 A*3@:111:81 §
INA19Z38 BLA-B 17523 17523 1.88¢ 16.3  €.921 8%53:81:¢1 §
§~A19:-- HLA-B 15938 16485 #.78% 15.3 8,913  3%57:43:81 \
INA1G238 HLA-B 5864 12275 &.88¢ 11.4  8.921 §%58:81:91 §
NALS238 HLA-B 4838 11329 e.ee&  12.%  $.926 3%57:83:1 \
\MAIS238 HLA-B 1915 9486  ©.898 8.8 2.921  B%5E:81:87 §
NALS238 HLA-B 782 a835  @.837 5.1 8.925  B%35:27 \
\MAI2238 HLA-B 318 4559  @.@08 9.2 2.976 B*S58:36 §
\NAIS238 HLA-C 28463 28483  1.888 2.2 2,928 CViz® \
1N81323% HLA-C 18111  2618¢ @.317 24.1  8.324 £*24:01:61:81, C*84:181:01:82, (*@4:61:81103, |
YC*@4:81:81 84, CtR4:@1:681:85, {F84:82 \
IN3IS23E KLA-U 4328 14117 e.eli  17.5 2,927 Y4141 §
INA1G238 HLA-C 723 3173 8.842 6.8 8.914 {84134 \
INALS238 DR3B1 19998 19988 1.@8@ 25,4 8,916 DRBI*1&:82:81 \
INA2G238 DRS1 17412 19853  £.38%  25.4  &.914  DREIN11:01:82 \
\NA19238 DR31 3119 8318 @.8e8  11.7  8.98%  ORBI*13:97 \
\MAIG238 DR81 2411 2789  ©.655 18.8  1.888 DREI1¥15:94 \
\NAI9238 DR31 1278 2878 @.885 7.6 2,928 DRB1%¥11:91:83 \
14213238 DRI 893 165 9.888  S.5 2.934  DRB1*16:23 \
\NAI9238 DGE1 17318 1738 1.88@ 22.4 8,933  DQB1Y9S:92:81 \
1NB13238 [QB1 16398 16572 ©.895 21.5  2.333  DOBI*@5:82:81 §
S —
Table 1

[0023] As can be readily seen from the exemplary analysis, the top-ranking HLA allele for
each type 1s readily distinguished, with the second ranking allele being substantially distinct
from the remaining alleles 1n the same HLA-type, particularly where the weighted score 1s
observed. The choice of the first and second HLA alleles for each HLA-type 1s also well
supported by the significantly higher coverage depth and to some degree coverage. It should
also be appreciated that the % unique k-mers (relative to top ranking) also provides a good
indication of similarity and distinguishing power of the systems and methods presented

herein.
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[0024] Of course, 1t should be appreciated that the analysis and HLA prediction need not be
limited to the particular HLA-types shown above, but that all HLA-types and allelic variants
are contemplated herein, including HLA-E, HLA-F, HLA-G, HLA-H, HLA-J, HLA-K, HLA-
L, HLA-V, HLA-DQA1, HLA-DMA, HLA-DMB, HLA-DOA, HLA-DOB, HLA-DPAI,
HLA-DPB1, HLA-DRA, HLA-DRB345, HLA-MICA, HLA-MICB, HLA-TAP1, HLA-
TAP2, and even newly discovered HLA types and their corresponding alleles. Moreover, 1t
should be appreciated that the analysis need not be limited to a single HLA-type, but that
multiple HLA-types are suitable for use herein. Consequently, the reference sequence may
include two, three, four, or more HLA-types, with a collection of alleles tor the respective
HLA-types. As each HLA-type has a significant number of alleles, 1t 1s contemplated that not
all of the known alleles need to be included 1n the reference sequence. For example, the
reference sequence may include alleles with an allele frequency above a particular threshold
such as an allele frequency of at least 0.1%, or at least 0.5%, or at least 1%, or at least 2%, or
at least 5%. Therefore, and viewed from a different perspective, suitable reterence sequences

may include at least 10, or at least 30, or at least 50, or at least 100, or at least 200 or at least

500, or even more different alleles for at least one HLA type.

[0025] Simularly, 1t should be appreciated that the nature and type ot the patient sequence
reads may vary considerably. For example, contemplated patient sequence reads will include
DNA and RNA sequences, each of which may be obtained using all methods known 1n the
art. Moreover, such sequence reads may be provided from a data storage (e.g., database) or
from a sequencing equipment. For example, DNA sequence reads may be derived from an
NGS sequencing machine, and RNA sequences may be derived from rtPCR sequencing
devices. Thus, the length of the patient sequence reads will typically be longer than 20 bases,
more typically longer than 50 bases, and most typically be longer than 100 bases, however,
generally shorter than 5,000 bases, or shorter than 3,000 bases, or shorter than 1,000 bases.

Consequently, contemplated patient sequence reads may have a length of between 100 and

500 bases or between 150 and 1,000 bases.

[0026] To reduce computing time and data storage and/or memory requirement, it 1s further
preferred that the patient sequence reads will be preselected to genomic areas where HLA -
type genes are located. For example, patient sequence reads that map to chromosome 6p21.3
are especially contemplated. Likewise, the patient sequence reads may also be selected on

the basis of one or more annotations that indicate likely position to a genome where HLA
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allele loc1 are known. Alternatively, the annotation may also directly reference the likelihood

of the sequence as being an HLA allele.

[0027] Regardless of the length of the patient sequence reads, 1t 1s generally preferred that the
patient sequence reads are decomposed 1n k-mers having a relatively short length, and
particularly preferred lengths will typically be between 10 and 30. Notably, such short k-mer
length allows for a higher resolution and accuracy 1n variant calling, particularly due to the
welghted vote for a fragment containing such k-mers. Thus, k-mer length 1s typically between
10-30, or between 135-33, or between 20-40. Viewed from a different perspective, k-mers will
preferably have a length of less than 60, even more preterably less than 50, and most
preferably less than 40, but longer than 5, more typically longer than 8, and most typically
longer than 10. For example, suitable k-mers will therefore have a length of between 5% and

15% of a length of the patient sequence read.

[0028] With respect to ranking and the composite match score, it should be noted that in most
preferred aspects a match score will be generated on the basis of all k-mers that are present 1n
the patient sequence reads, and that each voting (i.e., matching) k-mer has 1dentical voting
power. As a result, a patient sequence read will have a specific quantitative read support for
each of the alleles 1n the reference sequence. Moreover, as 1n most instances each position 1n
the genome has a >1 sequencing depth, and as each patient sequence read will only cover a
fraction of the full length of an allele, each allele may receive multiple votes from multiple
patient sequence reads. Most typically, all of the votes for an allele are added to so arrive at a
composite match score for that allele. The composite match score for each of the alleles 1s

then used for ranking and further analysis.

[0029] However, 1n alternative aspects of the inventive subject matter, it should be noted that
the scoring and calculation of a composite score may also be modified to achieve one or more
specitic purposes. For example, a match score for a fragment need not be calculated from all
of the matching k-mers, but may count only a random number or selection of k-mers. On the
other hand, k-mers with less than a perfect match (e.g., 14/15 matching) may be given voting
rights, possibly with a lower voting weight. Likewise, and particularly where metadata are
available, voting weight may be reduced for k-mers and/or patient sequence reads where read
quality falls below a specific threshold. On the other hand, where low sequencing depth 1s
present, votes may be over-represented tor a particular fragment. In yet another contemplated

aspect, especially where read depth 1s relatively high (e.g., at least 15x, or at least 20x, or at
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least 30x), patient sequence reads for the same position may be eliminated or included based

on the vote. Consequently, the composite match score may be based on all of the available

votes, or only upon a fraction of the votes available for an allele.

[0030] While ranking typically relies on the cumulative match score, it should be recognized
that ranking may also be corrected using at least one factor. Such correcting tactors include
fraction covered, sequencing depth, amount of unique k-mers, and metadata of the fragments
as available. For example, voting weight may be reduced for alleles where coverage of the
allele 1s below a predetermined threshold (e.g., less than 96%, or less than 94%, or less than
92%, etc.) and/or where sequencing depth 1s below a predetermined threshold (e.g., less than
15x, or less than 12x, or less than 10x, etc.). On the other hand, voting weight may also be
increased, for example, for alleles where the percentage of unique k-mers 1s above a

predetermined threshold (e.g., above 2%, or above 5%, or above 10%).

[0031] The top ranked allele 1s typically the first predicted allele for a given HLA-type, while
the second ranked allele may be the second allele for the same HLA-type. It should be noted,
however, that the scoring may be further improved or refined as needed, particularly where
many of the ranks tollowing the top rank have similar composite match scores. (e.g., where a
significant portion of their score comes from a highly shared set of k-mers). In one preterred
example, a score refinement procedure may be implemented that includes a recalculation 1n
which the weight ot k-mers that matched (either perfectly, or with a stmilarity of at least
90%, or at least 95%, or at least 97%, or at least 99%) the top-ranking k-mer are reduced by a
correction factor. Such correction factor can devalue a vote by any predetermined amount.
Most typically the correction factor will devalue the vote by 10%, or 20-40%, or 40-60%, or
even more. This has the etfect of reducing the weighted votes for genotypes that are similar
to the top-ranking allele, relatively making the genotypes that differ more important. Thus, 1t
should be noted that the first allele 1s 1identified based on the highest most support from all
sequencing data, while the second allele 1s 1dentified 1n a more heuristics based approach,
using both the raw weighted vote, scaled weighted vote, and the coverage to determine 1f the
second allele has support 1n the datasets (e. g., high scaled weighted vote and genotype
coverage) or if the genome 1s homozygous for the first genotype (e.g., high raw weighted
vote, very low scaled weighted vote, no other alleles with decent coverage). Viewed from a
different perspective, re-ranking advantageously allows more accurate differentiation of the

second allele even 1n the presence of alleles similar to the top ranking allele. Moreover, such

10
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method also allows ready 1dentification of homozygous HLA-types. In addition, it should be
appreclated that such methods do not require the use of a hash table and allow 1dentification
of the proper HLA allele without assembling the sequence reads into the HLA type. Still

further, contemplated systems and methods also allow for use of DNA and/or RNA data.

[0032] One typical embodiment of contemplated methods 1s exemplarily shown in Figure 1
where method 100 has one step 110 1n which a reference sequence 1s provided that includes a
plurality of sequences of known and distinct HLA alleles. In step 120, a plurality of patient
sequence reads are provided, wherein at least some of the patient sequence reads include a
sequence encoding a patient specific HLA, while 1n step 130, the plurality of patient sequence
reads 1s decomposed 1nto a plurality of respective sets of k-mers (typically with each k-mer
advancing 1n increments of 1 base (or less preferably 2 bases, or 3 bases, or 4 bases)). In step
140, a composite de Bruijn graph 1s generated using the reference sequence and the plurality
of respective sets of k-mers, and 1n step 150, each of the known and distinct HLA alleles are
ranked using a composite match score that 1s calculated from respective votes of the plurality
of patient sequence reads, and wherein each vote uses k-mers that match corresponding

segments 1n the known and distinct HLA alleles.

[0033] An exemplary system for such method 1s shown in Figure 2 where the system 200
includes a reference sequence database 202 (e.g., database or file storing a reference sequence
that includes a plurality of sequences of known and distinct HLA alleles) and also includes a
patient sequence data source 204 (e.g., sequence database or sequencing device storing or
providing a plurality of patient sequence reads, wherein at least some of the patient sequence
reads include a sequence encoding a patient specitic HLLA), wherein both are informationally
coupled via network 206 (e.g., LAN, WAN, Ethernet, Internet) to the analysis engine 208 that
1s programmed to (1) decompose the plurality of patient sequence reads into a plurality ot
respective sets of k-mers; (11) generate a composite de Bruijn graph using the reference
sequence and the plurality of respective sets of k-mers; and (111) rank each of the known and
distinct HLA alleles using a composite match score that 1s calculated from respective votes of
the plurality of patient sequence reads, and wherein each vote uses k-mers that match

corresponding segments 1n the known and distinct HLA alleles.

[0034] It should be noted that any language directed to a computer should be read to include
any suitable combination of computing devices, including servers, interfaces, systems,

databases, agents, peers, engines, controllers, or other types of computing devices operating

11
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individually or collectively. One should appreciate the computing devices comprise a
processor configured to execute software instructions stored on a tangible, non-transitory
computer readable storage medium (e.g., hard drive, solid state drive, RAM, flash, ROM,
etc.). The software instructions preferably configure the computing device to provide the
roles, responsibilities, or other functionality as discussed below with respect to the disclosed
apparatus. In especially preferred embodiments, the various servers, systems, databases, or
interfaces exchange data using standardized protocols or algorithms, possibly based on
HTTP, HTTPS, AES, public-private key exchanges, web service APIs, known financial
transaction protocols, or other electronic information exchanging methods. Data exchanges
preferably are conducted over a packet-switched network, the Internet, LAN, WAN, VPN, or
other type of packet switched network.

[0035] Moreover, it should be noted that the systems and methods presented herein improve
computer function as structuring and ranking of de Bruyn graph elements (and weighting)
vastly increases accuracy and speed as compared to traditional data formats and processing
schemes. Furthermore, 1t must be appreciated that the problem solved by the inventor 1s
specitic to the field of bioinformatics and would not even exist without computing of omics
information. Finally, it should be recognized that the tasks performed by the analysis engine
cannot be reasonably performed within the lifetime of a human without aid of computer

systems.

[0036] As can be readily seen from the above, contemplated systems and methods provide
for each HLA type a top score that 1s substantially higher rated/weighted as the second place
score. Thus, 1t should be recognized that based on a De Bruijn graph-type analysis, HLA-
types can be predicted with very high accuracy. Moreover, 1t should be recognized that the
systems and methods presented herein are also suitable for various other tasks such as typing
of pathogens (e.g., viral pathogens such as HPV, bacterial pathogen such as myobacteria, or
parasitic pathogens such as Plasmodium falciparum) where the pathogen variants form part

of the reference sequence, or typing of tumor diversity, etc.

[0037] In a turther aspect ot the inventive subject matter, contemplated system and methods
based on de Bruijn graphs may also be employed to i1dentify and classifty structural variants.
Here, reference and raw sequencing data are obtained from two genomic regions (e.g., the

two sides of putative structural variations, for example, bcr-abl fusion) and are used to build

the graph. Bubbles are then 1dentified as possible structural variations where bounding

12
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retference edges are separated beyond a user-defined minimum genomic distance or where the
bounding reference edges are located on different chromosomes. While such approach
requires 1n most cases a priori positional knowledge ot the suspected structural variation
(positions of the reference edges provide the precise locations 1n the genome where a
structural variation 1s suspected), such knowledge does generally not help 1dentity the exact
sequence at the boundaries. Using the De Bruiyn graph approach now allows for a much more
precise reconstruction of the structural variation and helps any novel sequence near or within
the breakpoint. It should be noted that such methods will work not only where the structural
variations (e.g., insertions, duplication, etc.) are located on the same strand, but will also be
equally useful to identify inversions where construction of the graph also includes use of
calculated reverse complement k-mers. As already noted earlier, the so 1dentified structural

variations can then be reported 1n a vct or other suitable format.

[0038] For example, collected sequence information from a tumor may be represented in a
colored De Bruin graph where the edges are k-mers (e. g., k=15) having “colors™ that identify
which 1nput source the k-mer 1s found 1n (e. g., reference, normal sample, and/or tumor
sample, samples taken at different times or ages, samples from ditferent patient or subject
groups, etc.), and where each edge 1s connected to adjacent edges. Ot course, 1t should be
noted that the sequences can be DNA as well as RNA sequences, which advantageously
allows tor 1dentification of expressed somatic mutations, RNA editing and alternate splicing
(e.g., where DNA and RNA are from the same tissue). Most typically, 1n one preferred aspect
of the inventive subject matter, a first graph 1s constructed from a retference sequence to store
k-mer positions 1n a genome. Preferably, and depending on the particular task required, the
k-mers will have a length of between 3 and 300 bases, more preferably between 10-100
bases. For example, where indel analysis 1s desired, k-mer lengths may be between 20-50
(e.g., k=30). Thus, and viewed from another perspective, the k-mer length may be between
S% to 15% of the average length of sequence reads. Once the first graph 1s established, k-
mers from tumor and normal raw sequencing data located 1n a given region of genome
(including unmapped anchored reads) are added. As needed, weak edges can be pruned from
the graph to remove reads for which maximal support 1s below a specific user defined
threshold (e.g., where k=13, threshold 1s 8). Such pruning will typically increase accuracy of

the sequence prediction/alignment.

13
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[0039] Example data structures for two adjoining edges within a de Bruiyn graph (k=5) are

described below:

ATATC

Edge®.sequence

Edged.outgoing [ TATCG, TATCC]

Edge@.incoming [ TATAT ]
Edge@.support = {‘reference’: 1, ‘tumor’: TO, ‘normal’: NO}

Edge@.quality sum = {‘tumor’: TQO, ‘normal’: NQO}

Edgel.sequence = TATCG
Edgel.outgoing = [ATCGG]
Edgel.incoming = [ATATC]

Edgel.support = {‘reference’: 0, ‘tumor’: T1l, ‘normal’: N1}
Edgel.quality sum = {‘tumor’: TQl, ‘normal’: NQ1}

In this example, the Edge0 data structure has two outgoings edges defined by their kmer
sequences TATCG and TATCC, the former of which 1s described 1n the subsequent Edgel
data structure. Edgel’s incoming edge links back to Edge0. The support listed 1in the above
data structure summarizes the number of times the edge’s sequence was seen 1n the
sequencing data (‘tumor’ or ‘normal’) or the reference genome (‘reference’). Based on the
support 1in the above edges, Edge0 has support 1n the reference genome while the outgoing
edge 1t 1s connected to (Edgel) does not. This indicates that Edgel could be the beginning of
a non-reference variant, but further introspection of the subsequent edges 1s necessary to
determine 1f 1ts topology 1s consistent with a true variant (e.g. a “bubble” 1n the de Bruin
graph caused by a SNV or small insertion / deletion that 1s bounded by edges present 1n the
reference genome) or an artefactual variant (e.g. a “tip” 1n the graph that does not reconnect
to an edge 1n the reference genome, potentially caused by junk or random sequencing data).
Depending on the level of support 1n the ‘tumor’ and ‘normal’ sequencing data (e.g. TO, NO,
T1, and N1), the somatic or germline classification of the non-reference variant can be
determined. In one simple method of classification, a variant would be classified as germline
if Tl >0and N1 >0, somaticitf Tl >0and N1 =0, or LOH1f T1 =0 and N1 > 0, but 1n

almost all practical incarnations, the somatic or germline status would be determined via a
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summary analysis ot the entire path describing the non-reference variant (1.e. average /

minimum / maximum support and base quality of edges within the non-reference path).

[0040] In a further step, the so constructed composite graph 1s then analyzed for junctions at
which tumor and reference diverge. For each divergence, a depth-first search 1s employed to
identity all unique paths through tumor edges that result 1n tumor converging with reference,
which 1s commonly shown as a bubble 1n a de Bruijn graph. Breadcrumbs can be used to
avold loops. The composite graph 1s then established with additional sequences. Here, one
sequence may represent matched normal tissue of the same patient from which two other
sequences are obtained, tumor DNA and tumor RNA. In such example, tumor DNA and
tumor RNA are 1identical (which 1s not necessarily always the case). Points of divergence and
convergence are driven by the differences 1n sequence information using the k-mers. As
indicated above, the area of divergence produces a ‘bubble’ 1n the graph. Thus, and viewed
from another perspective, 1s should be appreciated that the tumor sequence may have both a
point of divergence and a point of re-convergence. As should also be noted, tumor DNA and
RNA graphs may parallel each other, which indicates sequence 1dentity of the DNA and its

corresponding transcript.

[0041] Statistical analysis from the end of each bubble solution can then be employed to
1dentity the most likely alignment and/or sequence. As in most typical embodiments the
sequences are not mere raw sequence reads but annotated SAM or BAM f{iles, statistical
analysis can 1include read specific parameters based on the metadata for each read. Therefore,
statistical analysis may include maximal support, mapping/base qualities for k-mers, support
in the matched-normal, etc. As a result, it should be recognized that backtracking along
reterence edges to reconstruct the reference sequence and determination of location 1n the
genome can be pertormed tor paths 1n the graph that meet typically user defined criteria (e.g.,
min support > X reads, max support 1n normal < Y reads, etc.). So reconstructed sequences
and/or structures can then be used to classity the specitic variant. Preferably, the variant

classification 1s presented 1n a vet format, although other formats are also contemplated.

Example

[0042] To validate HLA prediction, three independent known patient records and samples
were obtained from the 1000 Genome project (NA19238, NA19239, and NA19240) and
HLA-types were then predicted as discussed above. Remarkably and unexpectedly, HLA
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determination and prediction using De Bruijn graph method as described above had near

perfect matches with the exception for HLA-C (for NA19238), DRB1 (for NA19239), and
HLA-C (for NA19240) as can be seen in the Tables 2A and 2B below.
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Table 2A Table 2B

[0043] Here, ambiguous digits were removed from the above alleles. For example, 1f
predictions were A*04:02:01 and A*04:02:02, the last ambiguous digit (here: 01 or 02) was
removed and so yielded prediction A*04:02. A further investigation into the ditferences
between the predicted HLA types and the experimentally determined HLA types (‘truth’)
surprisingly revealed that the experimentally determined HLA was inconsistent with the

expected inheritance pattern, as NA19238 and NA19239 were the parents of NA19240 as 1s

discussed 1n more detail below.

[0044] With respect to “Truth” being determined C*18:01 and Predicted C*18:02, 1t 1s noted
that there 1s only a single base change between the two allele forms. Notably, C*18:01 has a
sequence of CTGGTTGTC (relevant sequence portion only) with zero read support in the
WGS data, while C*18:02 has a sequence of CTGGCTGTC (relevant sequence portion only)
with 33 reads supporting i1t 1n the WGS data. According to the data, there 1s no support for
“Truth” C*18:01, while there 1s lots of support for the Predicted C*18:02.
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[0045] With respect to “Truth” being determined DRB1*13:01 and Predicted DRB1*12:01:
1t 1s noted that NA 19240 1s the child of parents NA19238 and NA19239. As children inherit
only one allele for each HLA type from each parent, the true allele can be determined from

stmple basic Mendelian inheritance:

Parent 1 (NA19238): 16:02, 11:01
Parent 2 (NA19239): 13:01, ? <— The allele 1n question
Child (NA19240): 16:02, 12:01

[0046] As can be seen from the above, the child must inherit 16:02 from Parent 1, which
means that allele 12:01 must come trom Parent 2. Notably, ““Truth™ lists the second allele for
Parent 2 as 13:01, but this 1s impossible based on inheritance. The Predicted allele for Parent
21s 12:01. However, this 1s exactly what one would expect based upon inheritance.
Consequently, and based on the cases above, the “incorrect” predictions were actually due to
errors 1n “Truth”. Thus, the HLA prediction method presented herein has demonstrated 100%
accuracy across a diverse panel of 5 HLAs 1n 3 individual datasets. It should be further
appreciated that the above prediction was performed using average coverage WGS samples.
The accuracy of the method can be even further much improved using RNA sequence data
that allows 1dentification of the alleles expressed by a tumor, which may sometimes be just 1
of the 2 alleles present 1n the DNA. In further advantageous aspects of contemplated systems
and methods, DNA or RNA, or a combination of both DNA and RNA can be processed to
make HLA predictions that are highly accurate and can be derived from tumor or blood DNA
or RNA. Moreover, contemplated methods are very fast (with run times typically less than 5
min) to obtain predictions on all 26 HLA types, and newly discovered or extremely rare HLA
alleles can be added 1n a trivial manner. Lastly, 1t should be noted that no population-based

heuristics are required to produce accurate results.

[0047] Thus, 1t should be appreciated that the systems and methods presented herein may be
used to validate or confirm diff objects found 1n genome analysis. Moreover, where RNA
information 1s used 1n the same graph, mutant allele expression may be immediately

1dentified. Still further, and based on the results and discussion above, 1t 1s also contemplated

that the systems and methods will be capable of calling gene fusions using RNA-Seq,

especially “actionable fusions™ (e.g. BCR-ABL) or oncogenic gene 1soforms (e.g. EGFRVIII).
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[0048] As used herein, and unless the context dictates otherwise, the term "coupled to"” 1s
intended to include both direct coupling (1in which two elements that are coupled to each
other contact each other) and indirect coupling (1n which at least one additional element 1s
located between the two elements). Therefore, the terms "coupled to" and "coupled with" are
used synonymously. Moreover, groupings of alternative elements or embodiments of the
invention disclosed herein are not to be construed as limitations. Each group member can be
referred to and claimed individually or 1n any combination with other members of the group
or other elements found herein. One or more members of a group can be included 1n, or
deleted from, a group tor reasons of convenience and/or patentability. When any such
inclusion or deletion occurs, the specification 1s herein deemed to contain the group as
modified thus fulfilling the written description of all Markush groups used 1n the appended

claimes.

[0049] 1t should be apparent to those skilled 1n the art that many more modifications besides
those already described are possible without departing from the 1inventive concepts herein.
The inventive subject matter, therefore, 1s not to be restricted except i1n the scope of the
appended claims. Moreover, 1n interpreting both the specitication and the claims, all terms
should be interpreted 1n the broadest possible manner consistent with the context. In
particular, the terms “comprises” and “comprising’” should be interpreted as referring to
elements, components, or steps 1n a non-exclusive manner, indicating that the referenced
elements, components, or steps may be present, or utilized, or combined with other elements,
components, or steps that are not expressly referenced. Where the specification claims refers
to at least one of something selected from the group consisting of A, B, C .... and N, the text
should be interpreted as requiring only one element from the group, not A plus N, or B plus

N, etc.
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CLAIMS

What 1s claimed 1s:

1. A method of in silico predicting an HLA-type for a patient, comprising:

providing a reference sequence that includes a plurality of sequences of known and
distinct HLLA alleles:

providing a plurality of patient sequence reads, wherein at least some of the patient
sequence reads include a sequence encoding a patient specitic HLA;

decomposing the plurality of patient sequence reads into a plurality of respective sets
of k-mers;

generating a composite de Bruyn graph using the reference sequence and the plurality
of respective sets of k-mers; and

ranking each of the known and distinct HLA alleles using a composite match score
that 1s calculated from respective votes of the plurality of patient sequence
reads, and wherein each vote uses k-mers that match corresponding segments

in the known and distinct HLLA alleles.

2. The method of claim 1 wherein the reference sequence includes alleles for at least one

HLA type that have an allele frequency of at least 1%.

3. The method of claim 1 wherein the reference sequence includes at least ten different

alleles for at least one HLA type.

4. The method of claim 1 wherein the reference sequence includes alleles for at least two

distinct HLA types.

5. The method of claim 1 wherein the HLA type 1s an HLA-A type, an HLA-B type, an
HLA-C type, a HLA-DRB-1 type, and/or a HLA-DQB-1 type.

6. The method of claam 1 wherein the plurality of patient sequence reads comprises at least

one of a plurality of DNA sequencing reads and RNA sequencing reads.
7. The method of claim 1 wherein the patient sequence reads map to chromosome 6p21.3.

3. The method of claim 1 wherein the patient sequence reads are next generation sequencing

reads and further comprise metadata.
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

The method of claim 1 wherein the patient sequence reads have a length of between 50

and 250 bases.

The method of claim 1 wherein the k-mers have a length of 10-20.

The method of claim 1 wherein the k-mers have a length of between 5% and 15% of a

length of the patient sequence read.

The method of claim 1 wherein the composite match score 1s a sum of all votes from the

plurality of patient sequence reads.

The method of claim 1 wherein the vote 1s a value representing a fraction of matching k-

mers to total number of k-mers per patient sequence read.

The method of claim 1 further comprising a step of 1dentifying a top-ranking HLLA allele
as a first HLA-type of the patient.

The method of claim 14 further comprising re-ranking remaining non-top-ranking known
and distinct HLA alleles using an adjusted composite match score to 1dentity an adjusted

top-ranking HLLA allele as a second HLA-type of the patient.

The method of claim 15 wherein the adjusted composite match score 1s calculated from

respective adjusted votes of the plurality of patient sequence reads.

The method of claim 16 wherein the adjusted votes are calculated by devaluing a weight

of a k-mer that matches the first HLA-type.

The method of any one of the preceding claims wherein the reference sequence includes
alleles tor at least one HLLA type that have an allele frequency of at least 1%, or wherein
the reference sequence includes at least ten different alleles for at least one HLA type, or

wherein the reference sequence includes alleles for at least two distinct HLA types.

The method of any one of the preceding claims wherein the k-mers have a length of 10-
20, or wherein the k-mers have a length of between 5% and 15% of a length of the patient

sequence read.

The method of any one of the preceding claims wherein the composite match score 1s a

sum of all votes from the plurality of patient sequence reads, and/or wherein the vote 1s a
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value representing a fraction of matching k-mers to total number of k-mers per patient

sequence read.

21. A computer system for in silico predicting an HLA-type for a patient, comprising:

a reference sequence database storing a reference sequence that includes a plurality of
sequences of known and distinct HLA alleles;

a patient sequence data source storing or providing a plurality of patient sequence
reads, wherein at least some of the patient sequence reads include a sequence
encoding a patient specific HLA;

an analysis engine, programmed to

(1) decompose the plurality of patient sequence reads into a plurality of respective
sets of k-mers;

(11) generate a composite de Bruijn graph using the reference sequence and the
plurality of respective sets of k-mers; and

(111) rank each of the known and distinct HLA alleles using a composite match
score that 1s calculated from respective votes of the plurality of patient
sequence reads, and wherein each vote uses k-mers that match

corresponding segments 1n the known and distinct HLA alleles.

22. The computer system of claim 21 wherein the reference sequence includes alleles for at
least one HLLA type that have an allele frequency of at least 1%, or wherein the reference
sequence 1ncludes at least ten different alleles for at least one HLA type, or wherein the

reterence sequence includes alleles for at least two distinct HLA types.

23. The computer system of claim 21 wherein the HLA type 1s an HLA-A type, an HLA-B
type, an HLA-C type, a HLA-DRB-1 type, and/or a HLA-DQB-1 type.

24. The computer system of claim 21 wherein the plurality of patient sequence reads
comprises at least one of a plurality of DNA sequencing reads and RNA sequencing

reads.

25. The computer system of claim 21 wherein the patient sequence reads map to chromosome

6p21.3.
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26.

27.

28.

29.

30.

31.

32.

33.

34.

The computer system of claim 21 wherein the patient sequence reads are next generation

sequencing reads and further comprise metadata, or wherein the patient sequence reads

have a length of between 50 and 250 bases.

The computer system of claam 21 wherein the k-mers have a length of 10-20, or wherein

the k-mers have a length of between 5% and 15% of a length of the patient sequence read.

The computer system of claim 21 wherein the composite match score 1s a sum of all votes

from the plurality of patient sequence reads.

The computer system of claim 21 wherein the vote 1s a value representing a fraction of

matching k-mers to total number of k-mers per patient sequence read.

The computer system of claim 21 wherein the analysis engine 1s further programmed to

1dentity a top-ranking HLLA allele as a first HLA-type of the patient.

The computer system of claam 21 wherein the analysis engine 1s further programmed to
re-rank remaining non-top-ranking known and distinct HLLA alleles using an adjusted
composite match score to 1dentify an adjusted top-ranking HLLA allele as a second HLA-

type of the patient.

The computer system of claim 31 wherein the analysis engine 1s further programmed such
that the adjusted composite match score 1s calculated from respective adjusted votes of

the plurality of patient sequence reads.

The computer system of claim 32 wherein the analysis engine 1s further programmed such

that adjusted votes are calculated by devaluing a weight of a k-mer that matches the first

HLA-type.

A non-transient computer readable medium containing program instructions for causing a
computer system 1n which a reference sequence database and a patient sequence data
source are informationally coupled to an analysis engine to perform a method comprising
the steps of:
providing, from the reference sequence database, to the analysis engine a reference
sequence that includes a plurality of sequences of known and distinct HLA

alleles:
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33.

36.

37.

38.

39.

40).

providing, from patient sequence data source, to the analysis engine a plurality of
patient sequence reads, wherein at least some of the patient sequence reads
include a sequence encoding a patient specific HLA;

decomposing, by the analysis engine, the plurality of patient sequence reads 1nto a
plurality of respective sets of k-mers;

generating, by the analysis engine, a composite de Bruijn graph using the reterence
sequence and the plurality of respective sets of k-mers; and

ranking, by the analysis engine, each ot the known and distinct HLA alleles using a
composite match score that 1s calculated from respective votes of the plurality
of patient sequence reads, and wherein each vote uses k-mers that match

corresponding segments 1n the known and distinct HLA alleles.

The computer readable medium of claim 34 wherein the reference sequence includes
alleles for at least one HLA type that have an allele frequency of at least 1%, or wherein
the reference sequence includes at least ten different alleles for at least one HLA type, or

wherein the reference sequence includes alleles for at least two distinct HLA types.

The computer readable medium of claim 34 wherein the HLA type 1s an HLA-A type, an
HLA-B type, an HLA-C type, a HLA-DRB-1 type, and/or a HLA-DQB-1 type.

The computer readable medium of claim 34 wherein the plurality of patient sequence
reads comprises at least one of a plurality of DNA sequencing reads and RNA sequencing

reads.

The computer readable medium of claim 34 wherein the patient sequence reads map to
chromosome 6p21.3, or wherein the patient sequence reads are next generation
sequencing reads and further comprise metadata, or wherein the patient sequence reads

have a length of between 50 and 250 bases.

The computer readable medium of claim 34 wherein the k-mers have a length of 10-20, or
whereln the k-mers have a length of between 5% and 15% ot a length of the patient

sequence read.

The computer readable medium of claim 34 wherein the composite match score 1s a sum

of all votes from the plurality of patient sequence reads.
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41. The computer readable medium of claim 34 wherein the vote 1s a value representing a

fraction of matching k-mers to total number of k-mers per patient sequence read.

42. The computer readable medium of claim 34 further comprising a step of 1identifying a top-

ranking HLA allele as a first HLA-type of the patient.

43. The computer readable medium of claim 42 wherein the method further comprising a step
of re-ranking remaining non-top-ranking known and distinct HLA alleles using an
adjusted composite match score to 1dentify an adjusted top-ranking HLA allele as a

second HLA-type of the patient.

44. The computer readable medium of claim 43 wherein the adjusted composite match score

1s calculated from respective adjusted votes of the plurality of patient sequence reads.

45. The computer readable medium of claim 44 wherein the adjusted votes are calculated by

devaluing a weight ot a k-mer that matches the first HLA-type.
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