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Abstract

Over the last decade, we have witnessed an incredible growth in the amount of available ge-
notype data due to high throughput sequencing (HTS) techniques. This information may be
used to predict phenotypes of medical relevance, and pave the way towards personalized
medicine. Blood phenotypes (e.g. ABO and Rh) are a purely genetic trait that has been ex-
tensively studied for decades, with currently over thirty known blood groups. Given the pub-
lic availability of blood group data, it is of interest to predict these phenotypes from HTS data
which may translate into more accurate blood typing in clinical practice. Here we propose
BOOGIE, a fast predictor for the inference of blood groups from single nucleotide variant
(SNV) databases. We focus on the prediction of thirty blood groups ranging from the well
known ABO and Rh, to the less studied Junior or Diego. BOOGIE correctly predicted the
blood group with 94% accuracy for the Personal Genome Project whole genome profiles
where good quality SNV annotation was available. Additionally, our tool produces a high
quality haplotype phase, which is of interest in the context of ethnicity-specific polymor-
phisms or traits. The versatility and simplicity of the analysis make it easily interpretable and
allow easy extension of the protocol towards other phenotypes. BOOGIE can be down-
loaded from URL http://protein.bio.unipd.it/download/.

Introduction

Advances in genome sequencing due to high throughput sequencing (HTS) over the last years
have detected a huge amount of new Single Nucleotide Variants (SNVs) [1], producing a tre-
mendous growth of variation databases. Finding genotype-phenotype correlations is a critical
topic in personalized medicine, as personal genome sequencing is expected to become increas-
ingly common over the next few years [2]. One of the more interesting developments in this
field is the Personal Genome Project (PGP), collecting genome sequences and clinical pheno-
types of participants who have signed an informed consent with the goal to make genome in-
formation freely available for research for thousands of participants [3,4]. Using this data, a
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number of methods have been used to predict particular phenotypes thought to be genetically
determined, among which blood groups may provide a good test case.

The first discovery of blood groups dates back to the early years of the 20™ century, and rep-
resent an important moment for medicine. Karl Landsteiner’s ABO system was nevertheless
just a first step in the characterization of blood. Forty years later the Rh was shown to play an
important role, and today dozens of different blood systems have been reported [5]. As an ex-
ample, the Dombrock group [6] is known to be relevant from the clinical point of view, as it
can lead to severe hemolytic transfusion reactions or hemolytic disease of the newborn. Similar
problems can also be caused by many other blood systems, like Lan [7], Gerebich [8] and Ju-
nior [9]. Compared to the 25 groups reported in 2000 [6], public databases currently report
more than 30 blood systems [5], so it can be thought that in the close future new ones will be
detected. All blood groups are determined by the presence of specific proteins on the surface of
red blood cells and body fluids [10]. Their expression is fully genetically determined and can-
not vary during a person’s life span. Agglutination tests have been used extensively for the
identification of the ABO and Rh groups, with an error rate below 1 out of 250,000 tests [11].
On the other hand, it has been reported that non-ABO groups are among the main cause of
death after blood transfusion [12], mainly due to systems like Scianna [13] where serological
tests are not accurate. Sequencing techniques have been widely used as the main tool for the
identification of molecular differences among systems [9,14-16]. Several opinions suggest to
introduce this kind of experiment as an additional blood typing test [17,18]. Interestingly, HTS
technologies have led to the widespread availability of sequencing in the medical and scientific
community [19], making genetic tests more and more common for diagnostic purposes. It can
be expected that genotype information will be useful for blood typing. Personal genome se-
quencing is expected to become increasingly used over the next few years [2], as it can predict
patient response to drugs or diseases [20], and help in the diagnosis and cure. The BLOODchip
system [21] is a first example of a commercial solution using genotype data to detect blood
types, showing that modern sequencing techniques can be used for the identification of six dif-
ferent blood groups. Even though this is an appealing idea, a number of issues must still be
solved, since the three billion human nucleotides are difficult to manage [22]. In addition, ex-
perimental difficulties related to sequencing and population variability [23] led to the version-
ing of the reference genome, and the requirement of an accurate management of SN'Vs linked
to old genome definitions (i.e. hg18 or lesser). Last but not least, the one mutation-one pheno-
type paradigm used in many public databases [24,25] is clearly unable to explain many traits of
clinical relevance like the ABO or Rh blood systems, where multiple co-occurring variants de-
termine the blood group [16] [14]. The situation is finally complicated by heterozygous vari-
ants, as they require inference of the correct patient haplotype [26]. The Rh trait is just an
example with good genotype knowledge and a complicated basis, since it is encoded by two dif-
ferent genes resulting in the two proteins RhD and RhCE [27]. The former is the determinant
of the most common Rh antigen while the latter is responsible for a large part of weak inter me-
dium Rh traits. Patients are routinely typed for D antigen and both the common terms Rh posi-
tive and Rh negative refer to the presence or absence of this antigen. The antigens C, ¢, E, e
coded by the RhCE gene [28] are typed routinely only in patients which have developed an
atypical immunological response to long-term transfusions. Furthermore, Rh is characterized
by the presence of numerous hybrids resulting from genetic rearrangement of both the RhD
and RhCE genes [27]. These hybrids exhibit their condition with weak serological response to
the routine test. This may result in a dangerous misclassification due to both false positive and
negative blood typing [29]. To complicate this scenario further, 50 other Rh system antigens
are known. While these are not well studied and poorly understood, such genetic complexity
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well explains the importance of large human variant databases for blood groups such as
BGMUT [5].

In order to improve the quality of blood typing we present BOOGIE, a method that predicts
blood groups by means of a user-defined knowledge base of Boolean rules. Starting from HTS
data, the tool solves the haplotype phasing problem using information stored in the user data-
base, and uses the same data to infer the most likely blood type. BOOGIE was tested on PGP
data for the prediction of 30 blood groups and their traits reported in BGMUT. This is novel,
as it shows that a set of Boolean rules can predict real phenotypes, which may be complex and
present a large degree of heterogeneity. Therefore, a broad range of applications can be con-
ceived, while the increasing amount of genetic studies will significantly enhance the power of
its inference engine.

Results

BOOGIE is designed to predict phenotypes using HT'S data using explicit tables that describe
the correlation of SN'V's with traits. These are extracted from the BGMUT database [5] which
stores information about experimentally validated variants known to be relevant for determi-
nation of currently 34 different blood groups. The predictor is built to infer the closest haplo-
type to the known variant combinations, implicitly producing a haplotype phase. BOOGIE
blood group predictions thus represent the most probable scenario of how the patient variants
interact to yield a given blood group phenotype. In the following we will describe how the pre-
dictor works with the ABO group example, followed by validation on public PGP data for the
ABO and Rh groups and finally presenting the distribution of predicted rarer blood groups.

ABO case study

In order to clarify how the algorithm works, we describe the example of ABO prediction for
PGP sample hu604D39 (see Fig 1), which is known to have an AB blood group. In haplotype
phasing, homozygous variants are easy to manage, as they are known to appear in both chro-
matids. On the other hand, heterozygous ABO group SNVs can be distributed among 32 dis-
tinct allele configurations, which may produce very different traits during the final decision.
Ranking the configurations by variant similarity shows that there are 3 optimal choices. All
three infer a first chromatid expressing the Ax02 blood group, while the second should express
either B101 or Bw19 (see Table 1). In particular, the B group allele shifts all heterozygous muta-
tions towards a single chromatid in the best scoring configuration. This fact is well known in
the literature [30] and confirms the validity of our decision strategy. Finally, the 13 SNVs in
Fig 1 are fully annotated in BGMUT, yielding high confidence for our prediction. It is also in-
teresting to note that the database contains just 99 SNVs for ABO blood group characteriza-
tion. Our focus on this small set of variants seems to describe effectively even the most
uncommon ABO blood groups. This is important for the efficiency as using just few decision
variables rather than the full ABO sequence decreases prediction time.

ABO performance

We tested BOOGIE on the PGP full genome dataset using ABO data from BGMUT. The overall
accuracy is 94.2%, recognizing correctly 25/27 cases for A, 11/11 for B, 1/1 for AB and 30/32 for
O group. In light of the generality of the method this is a very good result. Being able to identify
the correct traits without systematic preference suggests that there is enough data in the literature
to pave the way towards genetic tests for the ABO blood group. In addition, weak antigens and
subgroups were identified with no effort. This is clearly an advantage compared to common se-
rological tests and may also yield good immunological results, due to the increased ability to
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ABO Gene

Homozygous:
insC

136132908
136133505
136135236
1:3/611-3'521317
136136769

136132872
136131021
136131187
Haplotype 136131314
Table » 136131321
136131414
136131460
136131591

A>G
A>G
(e
A>C

Heterozygous:

=C
E>,
C>T
C>G
G>T
C>T
G>A
G>C

Chromatid Phenotype

A102

AB

B101

Fig 1. Sample ABO gene exonic mutations and phenotpe. Given the input variants, BOOGIE select all the key mutations specified in the Haplotype table
for ABO group that can play a role (in chromosome 9). The tool assigns all heterozygous SNVs to the same chromatid, as this represents the most likely
haplotype. As a result, the corresponding proteins will express either the A102 or B101 blood group. Genetic analysis suggests that both antigens will be
presentin PGP sample hu604D39, which is confirmed by a serological test. It should be noted that the SNVs reported use hg19 as reference, thus differing
from the BGMUT definition of A and B blood groups. In addition, not all variants reported are necessary for the final phenotype, as some of them are common

for different groups.

doi:10.1371/journal.pone.0124579.g001

classify blood diversity. Regarding the amount of SN'V's contained in HTS data, we observed be-
tween 4 and 18 SNVs in the genome dataset samples (see S1 Fig). Despite this large heterogene-
ity, BOOGIE correctly assigned heterozygous variants to the chromatid and obtained good
recognition performance. It is worth to note that B typed samples typically show a higher num-
ber of exonic mutations, as also shown in past studies [30]. Interestingly, the few misclassifica-
tion cases can be explained (see Table 2). In particular, profiles hu2DBF2D and hu52B7E5 were
not detected as O. This is due to the ABO ¢.53G>T mutation, which has complete penetrance
for the determination of the O group [30]. Even if this position is reported in our ABO haplotype
table, our scoring system uses the same weight for all SNVs. In these three profiles, identification
of the A haplotype, which was supported by 12-14 variants, was predicted to be the more likely.
Of course, this could be solved from the technical point, either by adding weights to the muta-
tions or entries to the haplotype table. Conversely, samples huFFAD87 and hu2FECO1 are quite
unexpected, and can be explained by the relevance of intronic variants, and occurrence of a chro-
mosome crossover during meiosis in the 6th intron respectively. This latter scenario is quite
strange, and violates our implicit assumption of linkage disequilibrium (LD) in the coding re-
gion. It is possible that wrong variant calling or experimental errors are present, or the reported
PGP participant data may simply not be correct. Three important loci for A, B or O blood group
determination are in the minus strand of chromosome 9. The hgl9 chromosome positions of in-
terest are reported in the first row. The first one is a frameshift insertion, while the latter two are
SNVs. With this information, we can distinguish between the B, O and two A group variants

as well.

Table 1. Sample haplotype table extracted for the ABO system.

Phenotype Chr9:136132908 Chr9:136131650 Chr9:136131414
A101 GG C G
A102 GG T G
002 G C G
B101 GG C A

doi:10.1371/journal.pone.0124579.1001
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Table 2. Explanation for the ABO blood group mispredictions.

Profile ID Open issue

hu2DBF2Dhu52B7E5 The highly penetrant genomic variant in ABO ¢.53G>T, leads to blood group O
despite other variants. The other 12—14 variants of the samples suggested that A
was the most likely trait. The weighting scheme or tables should be modified to
deal with high impact variants.

hu2FECO1 Only three exonic ABO variants (c.220C>T, ¢.188 GC>AT and c.106 G>T) cannot
explanation the A blood group. The group is related to (a) possible intronic variants
of interest, (b) errors during the sequencing or variant calling, (c) errors during data
publication on the PGP web-site.

huFFAD87 The described permutation strategy suggests that the most likely haplotype is B. A
single chromosome crossover during the meiosis in intron 6 could explain the
phenotype, even if this violates the expected strong linkage disequilibrium of the
ABO gene. On the other hand, an incorrect report on the PGP website can be an
alternative explanation.

In two cases the solution requires an improved weighting scheme, while in the latter two there is no
definitive answer.

doi:10.1371/journal.pone.0124579.t002

On the 23andMe dataset, BOOGIE has 91.43% accuracy. It should be noted that we re-
moved 6 cases from the starting pool, because the experimental data had missing values for im-
portant positions. We correctly recalled 46/51 for group O, 44/44 for A, 18/21 for B and 4/5 for
AB. The problem at hand is very different from the first one, due to the amount of observed
SNVs (ranging from 12 to 43, as shown in S2 Fig) and data quality. In fact, it seems that a
major issue for this data is identification of indel c.261delG, which is missing a in few cases,
and possibly wrong in others. This would explain most of the misclassifications for this valida-
tion set. It is interesting to note that having only localized SN'V's rather than complete exome
data does not significantly affect performance. In fact, the ABO group is mainly determined by
an accumulation of mutations related to known haplotypes. This confirms how using few local-
ized SNVs can be effective in ABO prediction, as also assumed in previous genome-wide asso-
ciation studies [31]. This may have important implications for the development of commercial
genetic tests for the ABO blood group, as the test of localized hot-spots can be significantly
cheaper than whole exome sequencing.

Rh performance

On the full genome data, BOOGIE has 94.2% accuracy. We recalled correctly 57/57 for Rh

+ and 8/12 for Rh-. This is a good result, considering that we marked profile huC14AE1 as mis-
classified, where the Rh+ and Rh- scores were the same due to uncertainty in the prediction.
Profile huFE71F3 and huC30901 are quite hard to explain, because they have just two SNVs in
genomic coordinates 25617282 and 25634204 of chromosome 1, which seem of no impact ac-
cording to the literature. A similar situation happens for profile hu025CEA.

It is interesting to note that individuals with few SNVs in the RhD gene are likely to show an
Rh+ trait. In fact, almost 80% of the samples have less than five variants (see S3 Fig). Converse-
ly, a large number of variations is related to the D-CE-D RhD hybrid group leading to a Rh-
trait. CE 5-9DBT and CE 7-8-9DIVD are just two of the groups that we observed [32]. This re-
sult cannot be obtained with classical serological tests and may be relevant for highly specific
blood transfusions.

On the 23andMe dataset, there are 93 Rh+ and 18 Rh- samples and our method cannot dis-
criminate between different RhD chromatid configurations in many situations. This is mostly
due to the small number of SNV reported in 23andMe experiments (54 Fig) which leads
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BOOGIE to predict Rh+ for all cases. E.g., five samples (hu3B89BD, hu8B4E43, hu25BD97,
huB2C416, huF7E042) report no mutation in RhD but are marked as Rh-. On the other hand,
it is well known in the literature that this trait is connected to few mutations. These 23andMe
samples are clear examples where scarcity of information makes correct trait prediction based
on genotype data impossible.

The coordinates reported by 23andMe experiments (c.329T>C, c.676G>C, c.712G>A,
c.787G>A, c.933C>A) seem to be designed for the recognition of RhD-RhCE hybrids, but the
existence of minor Rh groups (like CE 5 Va 4) makes the recognition of the correct allele con-
figuration impossible. These positions may distinguish 32 distinct situations, while there are 67
known subgroups for Rh, leading to a non-universal assignment which cannot produce reliable
results. A possible solution for this ambiguity may be to use population frequency of traits to
rank tied scores. This could effectively suggest the maximum likelihood estimate in such a
weakly informed context.

Other blood groups

We tested the PGP genome dataset for the other 28 blood groups with BOOGIE, with striking
results. As shown in Fig 2, a considerable amount of samples has uncommon traits, which may
be important during blood transfusions or in related situations. For example, in the Junior sys-
tem we reported the case of a weak trait. This could be relevant for hemolytic disease of the
fetus and newborn, as already reported in previous studies [9]. For the Lewis and John Milton
Hagen systems we observed samples with opposite traits. This is not likely to be of interest
from the clinical point. Nevertheless, these groups need more study in order to completely
characterize their medical relevance. It should also be noted that in the PGP web-site, no infor-
mation is available for the 28 blood groups, so no validation is possible. More in general, exper-
imental characterization of these minor blood-groups may currently be non trivial due to the
lack of an unambiguous clinical test [18]. Routine typization is conducted with genetic analysis
in patients who manifest an atypical immunological response, such as long-term transfusion
patients. Methods such as BOOGIE may help to address the right strategy to adopt. Clearly,
the use of highly specific annotations can be considered an additional tool to predict blood
transfusion compatibility. On the other hand, it is interesting to note that HTS data can provide
detailed blood group information compared to common serological tests. In fact, testing only
highly specific SNVs may result in good performance, as already proven in the Rh and ABO
group tests.

Amount of non-considered mutations

Genetic variations are in many situations not relevant for the determination of a phenotype, as
can be clearly seen in dbSNP. Very few mutations report a clinical relevance tag or reference to
PubMed. In order to understand how much is known in the context of blood groups, we report
the amount of SNVs in BGMUT and in dbSNP for each blood system, and use these two pa-
rameters to measure the completeness of our haplotype tables. Half the blood groups consid-
ered in this work seem to cover at least 20% of the SNV in dbSNP (see Fig 3). At first glance
this may seem a mixed result, but we are not interested in full coverage. We reasonably assume
that (a) a small set of variants can be used as representative of a full haplotype, thanks to link-
age disequilibrium and (b) a large amount of SNVs are unlikely to cause phenotypic changes.
For the latter point, data from BGMUT is frequently updated, and represents the state of art
for blood group characterization, so it is clear that we are using as much information as possi-
ble. As shown for the ABO and Rh systems, we argue that BOOGIE can be a valuable tool for
phenotype characterization. The haplotype phase quality is also interesting and confirms that
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Fig 2. Predicted blood group distribution for the PGP full genome dataset. For each PGP sample, the
possible occurrence of uncommon blood groups is highlighted. The prediction is based on the observation of
coding SNVs known to be associated with uncommon blood groups. When no known variant is found, the
phenotype is assumed to be the reference one. The existence of non-coding or new uncharacterized variants
relevant for a blood system can influence BOOGIE, leading to some false negative predictions.

doi:10.1371/journal.pone.0124579.9002

crossover recombination hot-spots are typically localized in non-coding regions [33]. This is
also observed in HapMap data, where linkage disequilibrium is often observed in coding DNA.
It is important in our decision as we focus only on SNV reported in our haplotype tables, pro-
viding greater flexibility. We can either report the full gene sequence and known allele, or just
describe the most relevant loci. In both situations, genes in strong linkage disequilibrium are
very likely to work very well with our algorithm, as shown with ABO group tests (see S5 Fig for
clarification of ABO LD). We are aware that BOOGIE will not be very effective for the less
studied systems. As the amount of data available for trait prediction keeps growing (see S6 Fig),
we expect our tool will become increasingly valuable over the next years. It is striking that the
most of the SN'V's of genes relevant for blood transfusion (RhD and ABO) are already well
characterized (see Fig 3), suggesting that BOOGIE can be useful for these important blood
groups.

Discussion

In our work, we developed the tool BOOGIE for blood group prediction. The main idea is to
focus on few genetic locations with annotation from the literature for a set of common

' \k- \/0 @ (9 \/$ Q‘

100
90
80
70
60
50
4
3
2
1

%SNVs covered
o o o & o

Blood Groups

Fig 3. Fraction of dbSNP variants annotated for each blood group. The most important groups for the transfusion (grey bars) have good annotation in
BGMUT, explaining the quality of our results. Conversely, most variants in the less studied systems still need further research for a proper
automatic annotation.

doi:10.1371/journal.pone.0124579.9003
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phenotypes. Using this information, we resolve the haplotype phasing problem and infer the
most likely trait. From the theoretical point of view, linkage disequilibrium is the key factor
leading to high accuracy even in presence of a small number of observed mutations. BOOGIE
was tested for human blood group prediction using PGP data and obtained very good results.
Even if performance is not as good as serological tests and not yet suited for direct medical ap-
plication, the few misclassification cases were easily detected. These provided interesting indi-
cations for the need of good quality SNVs in relevant spots and the importance of high
penetrance mutation management, which can be easily dealt with in haplotype tables. In fact,
lack of informative observations can result in the impossibility to properly classify sequencing
data, as shown for the Rh group in the 23andMe dataset. Nevertheless, there is a number of ad-
vantages in our approach to be considered. The ability to directly detect ABO and Rh blood
subgroups can be useful in ordinary blood transfusions. Whenever HTS data is available for
some reason, it will be possible to test rare blood groups. For the 28 minor blood groups, we
checked the PGP genomes for uncommon traits finding interesting results. As the experimen-
tal techniques for antigen detection are poorly sensitive in these blood systems, e.g. the Dom-
brock and Scianna system [13], genetic tests can be particularly useful. There is evidence of
consistent discrepancies for the well-known ABO and Rh blood systems, estimated at 3.7% be-
tween real blood type and the one reported in identity documents [34]. Genetic tests could
therefore represent an additional, albeit not exclusive, tool for checking compatibility during
transfusions. Trait assignments in this work is based on PGP data donated by volunteers not
directly connected with our laboratory. For this reason, no further experimental validation is
possible for the other considered blood groups. The dataset nevertheless is clearly representa-
tive, as it contains samples of different ethnicity obtained with different experimental
techniques.

BOOGIE uses a multivariate strategy based on maximum parsimony, which is particularly
meaningful for proper characterization of non-trivial phenotypes, and is well explored in the
context of sequence analysis. The method is very fast and produced blood group annotation for
all 30 systems in a few seconds on a desktop PC. In light of the increasing amount of available
HTS data, this is of great practical relevance for the quick and scalable annotation of genomes.
Exponential growth of allele configurations is not a real danger, due to the limited number of
heterozygous exonic SNVs typically observed in single genes. As long as the focus is on relevant
hot spots, the number of permutations will be strongly reduced, leading to high computational
speed. A key aspect of the system is flexibility. Simply adding more entries to the haplotype
table will allow detection of new traits, while creation of new haplotype tables allows to tackle
other genotype to phenotype problems. This is an important step towards the automation of
trait detection in personalized medicine, in view of the constant growth of discovered pheno-
types. In the context of multifactorial diseases this may be unfeasible, as we are still far from a
clear description of key SN'Vs. Nevertheless, an increasing amount of studies may clarify these
complex phenotypes and will suggest putative loci to test for mutations, as shown for cholester-
ol level models [35]. It should also be noted that no interpretation is possible for variants with
no annotation in our knowledge base. Hence, proper reasoning will be possible only when all
relevant variants are fully annotated. Dominance so far is also not considered, because it
strongly depends on the context (e.g. X chromosome inactivation in women). BOOGIE com-
putes two separate predictions, one for each chromatid. Proper interpretation of the resulting
trait is left to the user and was straightforward in the ABO and Rh context. Despite these limi-
tations, blood group traits are clearly relevant from the clinical point of view and may be effec-
tively detected by our strategy. In addition to phenotype detection, the approach can also be a
valuable tool for population studies. Some anthropological marker genes are important due to
ethnicity-specific polymorphisms of certain human populations. The versatility of the tool
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allows us to imagine different scenarios where similar methods may be used for detection of
rare diseases or in forensic medicine. In addition, BOOGIE can be downloaded (URL: http://
protein.bio.unipd.it/download/) and customized for any trait prediction. Thanks to its effec-
tiveness in HTS data interpretation, it can be of benefit for the clinical community and may
help to develop of a new generation of tools for personalized medicine.

Methods
Data collection

In order to construct BOOGIE we had to extract as much information as possible about blood
system classification from the literature. BGMUT [5] stores information about experimentally
validated mutations known to be relevant for blood group determination. 34 known blood sys-
tems are described and are included in BOOGIE, with ABO and Rh of interest for method vali-
dation. The prediction strategy relies on an explicit definition of the ground truth, to be used
during classification of new human samples. All loci of interest for genome classification are
grouped in haplotype tables for each blood group (see S1 Table). For each known phenotype,
the table defines all expected SNV that should be observed for its determination. E.g. defini-
tion of the 177 known ABO blood groups uses 99 explicitly reported SNVs. Whenever
BGMUT reports no data about a SNV, it is assumed to be the reference hgl9 gene in our tables.
Only exonic mutations were used, since they cover the largest part of the database and are
more easily measurable during sequencing experiments. Obtaining the correspondence tables
required meticulous manual curation, as many blood groups and traits assumed old reference
genes. This is an important issue related to recent improvement of sequencing techniques, as
they provided a number of different DNA sequence versions of increasing quality that cannot
be easily combined. E.g. the ABO reference gene in BGMUT corresponds to the A group, while
the reference gene in hgl9 corresponds to the O group. This leads to a shift and re-labeling of
most mutations. In many cases, like in the Indian system, SNVs simply report a wrong refer-
ence sequence, see variations in [36]. In addition, HTS data after variant calling uses genomic
coordinates rather than gene-based coordinates. For this reason we used the BiomaRt [37] R
package for quick coordinate translation, and manually fixed all mismatches in case of discrep-
ancies with hg19. All conflicting cases were solved using the public databases dbSNP [24],
UCSC reference genes [38], Phencode [39] and the original publications from PubMed. We de-
cided to drop traits and mutations when the manual conversion failed. After this process, we
obtained annotation for more than 800 different traits based on almost 1,000 unique coding
variants for 30 blood groups (see S1 Table for more details).

Phenotype prediction

In HTS experiments, data obtained after variant calling provides an invaluable source of infor-
mation for phenotype prediction. On the other hand, heterozygous mutations by themselves
do not explicitly specify the genomic sample haplotype. This is known as the haplotype phasing
problem in the literature. It can be solved effectively using information from HapMap [40] and
expectation maximization approaches with Hidden Markov Models [41]. These methods are
computationally expensive and based on low resolution data, which cannot distinguish rare
haplotypes or uncommon SNVs [40]. Due to these limitations, we developed a new fast tool
that could deal with (a) haplotype phasing and (b) phenotype decisions for the resulting pre-
dicted chromatid. For a particular patient gene, we assumed without loss of generality that
there are N homozygous and M heterozygous mutations. With no prior assumption, this
would lead to 2™ possible allele configurations C in the two human chromatids. As a first
step, we enumerated all configurations, where exactly one of them represents reality. In the

PLOS ONE | DOI:10.1371/journal.pone.0124579  April 20, 2015 10/15


http://protein.bio.unipd.it/download/
http://protein.bio.unipd.it/download/

@’PLOS ’ ONE

BOOGIE: Predicting Blood Groups from High Throughput Sequencing Data

Haplotype table Genotype data
I /
c== B
HAPLOTYPE
LOADING

VARIANT
SELECTION

PERMUTATE
VARIANTS

1190049

Assign
alleles

1 — NEAREST
NEIGHBOUR

\ Best assignment )
Y
Predicted phenotype

Fig 4. Schematic BOOGIE overview. The tool requires just genotype data and an haplotype table for its
execution. Genotype must be specified in a tabular file similar to VCF format, where chromosome, genomic
position, nucleotides ad zygosity are specified. Haplotypes are defined in a tabular file, and each row specify
the expected SNVs of a target phenotype. See README file of the application for format details. BOOGIE
search for key variants in the input genotype, and optimize their assignment to a haplotypes with known
phenotype according to the 1-nearest neighbour algorithm. The SNV permutation with best score is the one
with highest phenotype likelihood.

doi:10.1371/journal.pone.0124579.9g004

second step, we solved jointly the haplotype phasing and phenotype decision problem using
our haplotype tables H. Given a particular configuration ¢, we determined its phenotype by
means of a K-nearest neighbour strategy using data in the haplotype table H. In other words,
we measured the sequence distance of ¢ to those in H, and transferred by similarity the
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phenotype of the closest. Similarity is measured as Hamming distance, i.e. number of substitu-
tions and insertions between two sequences, which is also important for determination of the
most likely haplotype phase. The higher the value, the lesser the chance to observe ¢ in nature.
This is clearly linked to the maximum parsimony principle, which is well established in phylo-
genetic reconstruction [42]. We ranked all allele configurations by Hamming distance and se-
lected the best as real allele configuration. The overall idea is that we are trying to find an
example in our haplotype table which has the same mutations, so we can be reasonably confi-
dent that phenotype and haplotype will be the same. Conversely, a wrong allele configuration
will look very different from the previously published ones and is not likely to exist at all.

BOOGIE system

BOOGIE was written with Java JDK 1.7, making it portable to all major operating systems. As
shown in Fig 4, BOOGIE requires two files for its execution. The haplotype table for the pheno-
type of interest and the target genotype file. Format details are provided in a README file.
Variants contained in the genotype file will be considered if and only if they are part of the hap-
lotype table, i.e., they are useful for phenotype prediction. Once the variants have been selected,
all the possible assignment to the two human chromatids are enumerated. The phenotype of
each permutation is predicted by means of the 1-nearest neighbour algorithm, and the corre-
sponding score of the most similar haplotype stored. The two assignments with overall maxi-
mal score become the predicted phenotypes. Note that dominance is not taken into account, so
it is up to the user to determine the final traits. E.g., if the two alleles A and 0 are predicted for
the ABO blood group, the expert user should infer that the A group is dominant.

PGP dataset

The first goal for testing our method was the collection of samples with phenotype annotation
and genetic data. We chose to work with public data from the PGP [3,4], mainly due to the
richness of the clinical profiles. From the 2,651 profiles accessed on 13 May 2013, entries hav-
ing ABO and Rh annotation with sequencing data were extracted. We obtained two datasets
with 69 samples with full genome sequences from Complete Genomics and 111 with 23andMe
SNP data. The nature of the 23andMe data set is very heterogeneous in array size (ranging
from 570k to 1000k SNVs) and chip type (customized Illumina Hap550+ or HumanOmniEx-
press BeadChip Kit). The reference genome used was either hg18 or hg19. For a detailed de-
scription of the data, please refer to the PGP website (URL: http://personalgenomes.org/). The
full genome dataset was used for benchmarking the accuracy of the tool for ABO and Rh when
full data is available. The 23andMe dataset was used as a further set to evaluate our prediction
strategy when only partial information is available.

Supporting Information

S1 Fig. Frequency of samples having between 4 and 18 SNVs in the ABO gene the for the
PGP full genome set.
(DOC)

S2 Fig. Frequency of samples in the 23andMe dataset for the ABO gene.
(DOC)

$3 Fig. Sample frequency based on RHD gene SNV for the PGP full genome dataset.
(DOC)
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