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Summary

Identification of haplotype patterns is fundamental in genome-based inference and prediction.
Widely used linkage disequilibrium (LD) measures are calculated for the whole population
and thereby lead to relatively short blocks neglecting patterns over longer segments of
linkage. In contrast to that, we define haplotypes for segments which are similar in subgroups
of the population (“haplotype blocks”). Unlike common definitions we conceptualize a
haplotype block as a sequence of alleles and only those haplotypes with that sequence are in
the block. Out of these haplotype blocks we construct a haplotype library representing a large
proportion of genetic variability with a limited number of blocks. The algorithm consists of
first computing a cluster allowing for efficient screening of longer shared segments to identify
the actual haplotype blocks. The haplotype library is then compiled by iteratively merging
and extending blocks, but also eliminating less important haplotype blocks. Depending on the
application, different optimization goals of the haplotype library (e.g., the identification of
shared segments between different breeds) are possible. Our methods are implemented in the
R-package HaploBlocker (unpublished so far).

By applying this method we reduce a dataset comprising of 64 trios of commercial
brown layers (102k SNPs, only chromosome 1) to 878 haplotype blocks representing 92.5%
of the dataset. The average size of a haplotype block is 1621 SNPs – in contrast to the blocks
identified with default settings in HaploView (Barrett et al., 2005) which have an average size
of 7.2 SNPs in the same dataset. By using haplotype blocks instead of SNPs the typical p>>n-
problem for genetics datasets can be reduced, allowing the application of a wide variety of
new methods.
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Introduction

The goal of this study is to describe a new tool to screen a genomic dataset for “haplotype
blocks” which are commonly inherited together in a subset of the material studied to provide
a better overview of the genetic architecture and reduce the number of variables for later
statistical applications. Typical methods for the identification of blocks like HaploView
(Barrett et al., 2005) use LD-based methods. By this the relation between two SNPs is
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reduced to a correlation and segments with high linkage tend to split up into multiple blocks.
This approach which has been proved extremely useful for the study of genomes has some
limitations. To illustrate consider a “toy” example consisting of four different haplotypes
(11111111, 10101010, 01010101 and 00000000). If all four haplotypes have the same
frequency in the dataset, pairwise LD of neighboring SNPs is zero and LD-based haplotyping
algorithms would not retrieve any structure. However in this example knowledge of the first
two alleles fully determines the sequence in the segment.

In our approach we use haplotypes in the detection step and identify haplotype blocks
for subgroups in the dataset. Only those haplotypes with the specific sequence of alleles are
considered to be in the block and the typical goal of the detection step is to cover a large
proportion of the dataset with a minimum number of blocks. Depending on the topic of
interest optimization criteria can be varied appropriately.

When interested in the longest possible shared segment between haplotypes a common
approach is to identify segments of identity-by-descent (IBD) with methods like BEAGLE
(Browning & Browning, 2013). In our application, we try to identify segments which are
similar for multiple haplotypes whereas IBD is typically calculated for pairs of haplotypes.
This means an additional screening step to identify overlapping regions for groups would be
necessary. Since we will identify segments of multiple thousands of SNPs we want to, in
contrast to IBD methods, allow for minor differences between sequences since we expect
some calling errors (~0.1% on Affymetrix 600k, unpublished work) in each haplotype.

Material and methods

The aim of our method is to screen the whole dataset for common variants. The main idea for
the screening process is to represent the dataset in a window cluster (cf. Figure 1). We define
a window cluster as a graphical representation of the dataset in which locally similar
haplotypes are grouped together. Each node represents a sequence of alleles in the given
segment and the edges indicate which and how many haplotypes transition from node to
node. The actual computation is done in five major steps:



1.Cluster-building
2.Cluster-merging
3.Block-identification
4.Block-filtering
5.Block-extension



For a schematic overview of the single steps we refer to Figure 2. In the following we will
discuss each step in some detail – mainly describing the default settings in our associated R-
package (package: HaploBlocker; R Core Team, 2017) but also discuss some extensions and
deviations from those settings. In the following we will use two example datasets for
illustration purposes (cf. Table 1 & 2).

Figure 1: Window cluster after Cluster-building (left) and Cluster-merging (right).

Cluster-building & cluster-merging

In the first step of our method we identify short segments of the dataset with limited number
of variants. To allow for some calling error we use windows of size 20 SNPs and group all
haplotypes with at most one allele different to the major variant of that group. This may even
cause actually different haplotypes to be grouped together, but we will introduce methods to
split those cases into different blocks in later steps. The size of the windows can be changed
according to the structure of the dataset and should always be much smaller than the actual
block sizes we want to detect. Based on those groupings we can create the window cluster (cf.
Figure 1). This cluster can be simplified without losing much relevant information – here we
perform three different techniques:
1. simple-merge (SM): Combine two knots if all haplotypes of the first knot transition in the

same knot and no other haplotypes are in the destination knot.
2. cross-merge (CM): Split a knot into two if haplotypes from different knots transition in the

same knot but split up in the groups from before afterwards.
3. neglect-knots (NK): Remove all knots from the cluster with less than five haplotypes.
Since the only actual loss of information in this step is by neglecting knots we first alternately
apply SM and CM until no changes occur anymore before applying NK additionally. We refer
to Figure 3 for a detailed illustration of the window cluster before and after each application
of our three techniques in this step.

Block-identification

In the third step of our method we identify the actual blocks based on the merged window
cluster. Our approach is to start with each knot and edge of the cluster as a starting block and
extend these initial blocks based on transition probabilities to adjacent knots. A block is
extended if at least 97.5% of the haplotypes in a block transition into the same knot.
Haplotypes filtered out in this step can rejoin the block if their sequence of alleles matches
that of the major variant of the final haplotype block in at least 99.5% of the SNPs.

Block-filtering & Block-extension



After identification of possible blocks we reduce the set of all haplotype blocks to a block
library which covers a maximum proportion of the dataset with a minimum number of blocks.
We do this by calculating the number of positions in the dataset in which each block is the
“major” block covering that position (in default settings “major” means longest block in
SNPs) and iteratively removing those with the least “major” positions in the dataset. This
procedure is done until each block has at least 250 “major” positions.

Since the boundaries of each block so far are limited to the start and end points of the
knots, we additionally extend the blocks when all haplotypes of a block are in the same group
into the neighboring windows and after that consider single SNPs as well. In the extension
step for full windows we allow for differences in one window if at least 20 windows
afterwards are the same for every haplotype. By doing this we account for possible errors in
the used genetic map, while all deviating SNPs are identified and reported in the outcome.

Results and discussion

To avoid problems with proper phasing we used 64 trios of brown layer chickens. Imputing
and phasing was executed with BEAGLE (Browning & Browning, 2016). When applying our
method on chromosome 1 of chicken the dataset of 102,351 SNPs and 256 haplotypes is
reduced to 878 blocks with an average length of 1,621 SNPs which cover 92.5% of the
dataset (cf. Figure 4 & 5). In comparison the blocks computed on default settings in
HaploView have an average size of 7.2 SNPs (Gabriel et al., 2002). By changing the
minimum number of positions as a major block, one can impose a weighting between the
number of blocks and the coverage of the dataset (cf. Table 1). The length of the blocks is
similar on all chromosomes.

In order to assess the share of information of the dataset preserved in the block-dataset
(binary coding for presents/absence of each block), we use the Monte-Carlo-method first
proposed by de los Campos (2017). The share of information preserved by the block dataset
(95.8%) is similar to that of a subset SNP-dataset (96.3%) with the same number of variables.
In contrast to that the share of the variation of the block model that cannot be explained by
the full SNP-dataset is higher (5.6%) than in the subset SNP-dataset (1.4%), indicating that
significant information on the genetic architecture is added by the block method. A possible
implication for this is that traits affected by interactions of multiple SNPs of the same block
can be modelled directly.

When looking at the structure of each block one can observe minor differences between
the haplotypes of a block in some SNPs. If the same SNPs tend to have variation in the other
blocks as well, this can be seen as an indication for misplacement in the used map whereas
differences in only one block rather indicate a recent mutation. To identify recombination
hotspots one can consider start and endpoints of blocks as points of ancient recombination.
Typically the haplotypes assigned to no block in a segment tend to be a combination of
different haplotype blocks ranging over that segment with the switch between two blocks
indicating a recent recombination. To put more emphasis on the modelling of the genetic
architecture of the dataset one can choose window positions in the Cluster-building step
according to the location of genes (e.g. at start- and stop codons).

Our method provides an innovative approach to screen a dataset for block structure and
reduce the number of parameters for further statistical application. By this we can mitigate
some of the problems regarding typical p>>n –settings in genetic datasets. Especially in cases
of a QTL being correlated to SNPs which are not directly causal for effects, a block-based
approach can more realistically model effects compared to single SNP-models. An extension



to apply our method on sequence data to allow assigning effects of duplications, insertions or
deletions is a topic of further research.

Acknowledgements

The authors thank the German Federal Ministry of Education and Research (BMBF) for the
funding of our project (MAZE - “Accessing the genomic and functional diversity of maize to
improve quantitative traits”; Funding ID: 031B0195).

List of References

Barrett, J.C., B. Fry, J. Maller & M.J. Daly, 2005. Haploview: analysis and visualization of
LD and haplotype maps. Bioinformatics 21(2): 263–265.

Browning, B.L. & S.R. Browning, 2013. Improving the accuracy and efficiency of identity-
by-descent detection in population data. Genetics 194(2): 459–471.

Browning, B.L. & S.R. Browning, 2016. Genotype imputation with millions of reference
samples. The American Journal of Human Genetics 98(1): 116–126.

de los Campos, G., 2017. What Fraction of the Information Contained in an Omic Set Can Be
Explained by Other Omics? Plant and Animal Genome Conference, San Diego, California.

Gabriel, S.B., S.F. Schaffner, H. Nguyen, J.M. Moore et al., 2002. The structure of haplotype
blocks in the human genome. Science 296(5576): 2225–2229.

R Core Team, 2017. R: A Language and Environment for Statistical Computing. Vienna,
Austria. R Foundation for Statistical Computing. https://www.R-project.org/.

Supplementary



Figure 2: Schematic overview of the steps of our method.



Frequency Allele-sequence Group

101 AAACC 1
54 CCCCC 3
40 CCCCA 3
3 CAACC 1
2 ACAAC 2

Table 1: Example dataset of allele sequences with five SNPs and there assignment according
to the cluster-building step with one allowed difference per window.

Frequency window-sequence

104 1111
54 3212
39 3223
2 2111
1 3233

Table 2: Example dataset with four windows (first window according to Table 1).

Min. major block Coverage Nr. of
blocks

Avg. length in
SNPs

Information share
(preserved/added)

1 95.7 % 1,487 1,180 95.6 % / 6.0 %
50 95.3 % 1,258 1,320 95.7 % / 5.7 %
250 92.5 % 878 1,621 95.8 % / 5.6 %
1000 74.2 % 344 2,183 92.4 % / 6.5 %
2500 50.1 % 120 2,487 73.6 % / 7.9 %

Table 3: Coverage/number of blocks depending on min. number of positions as major block.



Figure 3: Detailed development of the window cluster in the merging-step (window cluster
according to frequencies in Table 3).



Figure 4: Plot of all blocks of the trio brown layer dataset with width according to the
number of haplotypes contained.

Figure 5: Schematic overview of the position and the haplotype blocks (black) and the
coverage (red) of the dataset in each region.


