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DESCRIPTION
BACKGROUND

1. FIELD

[0001] The disclosed embodiments relate to computer program products, systems, and 
methods used to identify individuals in a population who are ancestrally related based on the 
individuals' genetic data.

2. DESCRIPTION OF THE RELATED ART

[0002] Although humans are, genetically speaking, almost entirely identical, small differences 
in our DNA are responsible for much of the variation between individuals. Stretches of DNA 
that are determined to be relevant for some purpose are referred to as haplotypes. Haplotypes 
are identified based on consecutive single nucleotide polymorphisms (SNPs) of varying length. 
Certain haplotypes shared by individuals suggests a familial relationship between those 
individuals based on a principal known as identity-by-descent (IBD).

[0003] Because identifying segments of IBD DNA between pairs of genotyped individuals is 
useful in many applications, numerous methods have been developed to perform IBD analysis 
(Purcell et al. 2007, Gusev A. et al., The Architecture of Long-Range Haplotypes Shared within 
and across Populations, Mol. Biol. Evol., 29(2):473-86, 2012; Browning S.R. and Browning B.L. 
Rapid and accurate haplotype phasing and missing-data inference for whole-genome 
association studies by use of localized haplotype clustering, American Journal of Human 
Genetics, 91:1084-96, 2007; Browning S.R. and Browning B.L., Identity by descent between 
distant relatives: detection and applications, Annu. Rev. Genet., 46:617-33, 2012). However, 
these approaches do not scale for continuously growing very large datasets. For example, the 
existing GERMLINE implementation is designed to take a single input file containing all 
individuals to be compared against one another. While appropriate for the case in which all 
samples are genotyped and analyzed simultaneously, this approach is not practical when 
samples are collected incrementally. The program suite GERMLINE (Gusev A. et al., Whole 
population, genome-wide mapping of hidden relatedness, Genome Res., 19:318-26, 2009) 
offers an "ibs filter", which removes highly frequent matches (defined by chromosome, as well 
as the start and end position on the chromosome). Like GERMLINE's matched segment 
discovery approach, the "ibs filter" approach is designed to be fast, and is relatively simplistic 
as a consequence. The more accurate of these methods, such as Refined IBD, are much more 
accurate than the GERMLINE "ibs filter", but they do not scale computationally and would be 
difficult to integrate into an analytical pipeline even if they did. There are many existing 
methods that assess evidence for a matched segment not just by centimorgan width, as is 
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done within GERMLINE. Examples include Refined IBD, fast IBD, SLRP, and PARENTE. They 
emphasize that differences between these approaches are a tradeoff between model 
complexity and computational speed (and feasibility).

SUMMARY

[0004] Methods, systems, and computer program products are disclosed for estimating a 
degree of ancestral relatedness between two individuals. The computer program products 
include TIMBER. To estimate the ancestral relatedness of two individuals methods include 
receiving haplotype data from a population of individuals. The haplotype data include a plurality 
of genetic markers that are shared among the individuals in the population. The haplotype data 
is then divided into segment windows based on the genetic markers. In some embodiments, 
the genetic markers include single nucleotide polymorphisms (SNPs) and the haplotype data is 
divided into K segment windows including an equal number d of SNPs. In some embodiments, 
the haplotype data is divided into 4105 segment windows of 96 SNPs.

[0005] For each individual, the method includes matching segments of the haplotype data that 
are identical between the individual and any other individual in the population, wherein the 
matching is based on the genetic markers. Each matched segment has a first centimorgan 
(cM) width that exceeds a threshold cM width. In some embodiments, the threshold cM width is 
5 cM. Each matched segment is part of one or more of the segment windows. The matched 
segments in each segment window are then counted. The count of matched segments in a 
segment window is also referred to as a per-window match count.

[0006] For each individual, the method includes estimating a weight associated with each 
segment window based on the count of matched segments in the associated segment window. 
In some embodiments, the weight associated with a segment window is decreased as the 
count of matched segments increases. The benefit of decreasing weights for increasing per- 
window match counts includes reducing the effect of matched segments that are likely not from 
the recent genealogical history (RGH) of the individuals, but rather from a more distant 
common ancestry at the human, ethnicity, or sub-ethnicity level.

[0007] For each individual, the method includes calculating a weighted sum of per-window cM 
widths for each matched segment based on the first cM width and the weights associated with 
the segment windows of the matched segment. A degree of ancestral relatedness between two 
individuals is estimated based on the weighted sum of per-window cM widths of each matched 
segment between the two individuals. In some embodiments, the degree equals the weighted 
sum of of per-window cM widths. In some embodiments, the weighted sum of per-window cM 
widths is the sum of the first cM widths for each segment window of a matched segment 
between the two individuals multiplied by the two weights for each individual associated with 
these segment windows.

[0008] In some embodiments, TIMBER, an ancestry prediction machine matching genetic 
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markers, is a procedure operating on a computer for refining each individual's list of matched 
segments and prioritizing the matched segments that are most likely to be from the individuals' 
recent genealogical history. TIMBER uses the matched segments to remove the effect of 
"noisy" segment windows within the haplotype data that display an "excessive" count of 
matched segments between numerous individuals. In some embodiments, a count is excessive 
if the count is larger than 10 or 20. It is less likely that a matched segment is from recent 
genealogical history if a matched segment is mainly part of "noisy" segment windows. TIMBER 
estimates weights from the matched segment data and estimates a weighted sum of per­
window cM widths of a matched segment based on discounting "noisy" segment windows. 
TIMBER is computationally efficient and scalable, allowing reevaluating an entire population of 
individuals each time new individuals are added to the population.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009]

Figure (Fig.) 1A illustrates a flowchart of a method for estimating a degree of ancestral 
relatedness between two individuals, according to some embodiments.

Fig. 1B is a block diagram of a computing environment for estimating a degree of ancestral 
relatedness between two individuals, according to one embodiment.

Fig. 2 illustrates an example of per-window match counts on a chunk of the genome for one 
individual, according to some embodiments.

Fig. 3 illustrates an example of the histogram of per-window match counts for all of the 
windows in the genome for one individual, according to some embodiments.

Fig. 4 is an example of the histogram of per-window match count for all the non-zero count 
windows where the maximum viewable per-window count is 40, according to some 
embodiments.

Fig. 5 is an example of the histogram of per-window match counts for all the non-zero and also 
low match count windows, according to some embodiments.

Fig. 6 is an example of the estimated per-window weight (in the y-axis) as a function of the 
possible per-window match count (in the x-axis), according to some embodiments.

Fig. 7 is an example of the estimated per-window weight (in the y-axis) as a function of the 
possible per-window match count (in the x-axis), according to some embodiments.

Fig. 8 illustrates an example for the weights (solid line) given the per-window counts (dashed 
line) from the original example in FIG. 1, according to some embodiments.

Fig. 9 is an example of per-window match counts on a chunk of the genome for one individual 
both pre-TIMBER (dashed line) and post-TIMBER (solid line), according to some
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embodiments.

Fig. 10 illustrates results from TIMBER using different unweighted cM width scores, i.e., first 
cM width filters, and weighted cM sum scores, including the matched percentages of segments 
kept for the known and unknown meiosis, according to some embodiments.

[0010] The figures depict an embodiment for purposes of illustration only. One skilled in the art 
will readily recognize from the following description that alternative embodiments of the 
structures and methods illustrated herein may be employed without departing from the 
principles described herein.

DETAILED DESCRIPTION

I. OVERVIEW

[0011] Methods, systems, and computer program products are disclosed for estimating a 
degree of ancestral relatedness between two individuals. Estimating the ancestral relatedness 
of individuals includes identifying and scoring identical-by-descent (IBD) matched segments 
among the haplotype data of these individuals. To identify IBD segments, the method 
compares genetic markers among the individuals' haplotypes. In some embodiments, genetic 
markers include single-nucleotide polymorphisms (SNPs). Segments from two individuals are 
considered identical by state (IBS) if the genetic markers along the individuals' haplotype 
sequences in these segments are identical at the same loci along the haplotypes. Throughout 
the disclosure unless otherwise stated, "matched haplotype segments" or "matched segments" 
refer to identical haplotype segments shared between two or more individuals. Generally, an 
IBS segment shared between two individuals is identical by descent (IBD) if the individuals 
inherited the IBS segment from a common ancestor, sharing the same ancestral origin. Thus, 
any IBD segment by definition also represents an IBS segment, while the reverse is typically 
not true, i.e., an IBS segment might not represent an IBD segment. Moreover, many IBD 
segments are not from the recent genealogical history (RGH) of individuals, but rather from a 
more distant common ancestry at the human, ethnicity, or sub-ethnicity level. The disclosed 
method allows for prioritizing matched segments that are more likely to be from the individuals' 
RGH over those segments that are from a more distant common ancestry, thus belonging to 
their distant ancestral past, i.e., non-recent genealogical history (non-RGH).

[0012] Fig. 1A is a flowchart illustrating a method 100 for estimating a degree of ancestral 
relatedness between two individuals, according to some embodiments. The method allows the 
user to input segments that are categorized as matched or discovered, i.e., having a first 
centimorgan (cM) width of over 5 cM. The method in form of the TIMBER program then uses 
those matched segments to calculate a weighted sum of per-window cM widths. The weighted 
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sum of per-window cM widths takes into account the count of matched segments to other 
individuals of the population in the segment windows, down weighting segment windows that 
display a high degree of matched segments to many individuals.

[0013] In some embodiments, the inputs to TIMBER program are the pairwise matched 
segments between all individuals in a population stored in a database. The pairwise matched 
segments are translated into weights for each individual's matchable segment windows of the 
genome by the TIMBER program. The TIMBER program then uses the weights to recalibrate 
or re-score the original pairwise matched segments.

[0014] In some embodiments, TIMBER programs, wherein the TIMBER programs are stored in 
memory and configured to be executed by one or more processors of a computing device, the 
TIMBER programs including instructions when executed by the computing device cause the 
device to:

1.1. calculate the counts of matched segments in each segment window of the haplotype 
data, for each individual of the population, where the matched segments are between 
the individual and every other person in the database,

2. 2. calculate weights for each individual and segment window, and
3. 3. calculate a weighted sum of per-window cM widths for each matched segment 

between two individuals based on the weights.

[0015] The method 100 is performed at a computing device, such as the computing device, as 
may be controlled by specially programmed code (computer programming instructions) 
contained, for example, in the TIMBER program, wherein such specially programmed code is 
or is not natively present in the computing device. Embodiments of the computing device 
include, but are not limited, general-purpose computers, e.g., a desktop computer, a laptop 
computer, computing servers, tablets, mobile devices, or any similar computing devices. Once 
programmed to execute the methods described here, such a computing device becomes a 
special-purpose computer. Some embodiments of the method 100 may include fewer, 
additional, or different steps than those shown in Fig. 1A, and the steps may be performed in 
different orders. The steps of the method 100 are described with respect to example haplotype 
data illustrated in Figures (Figs.) 2 through 9.

[0016] Fig. 1B is a block diagram of an environment for using a computer system 120 to 
estimate a degree of ancestral relatedness between two individuals, according to some 
embodiments. Depicted in Fig. 1Bare individuals 122 (i.e. a human or other organism), a DNA 
extraction service 124, and a DNA quality control (QC) and matching preparation service 126.

[0017] Individuals 122 provide DNA samples for analysis of their genetic data. In some 
embodiment, an individual uses a sample collection kit to provide a sample, e.g., saliva, from 
which genetic data can be reliably extracted according to conventional methods. DNA 
extraction service 124 receives the sample and genotypes the genetic data, for example by 
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extracting the DNA from the sample and identifying values of SNPs present within the DNA. 
The result is a diploid genotype. DNAQC and matching preparation service 126 assesses data 
quality of the diploid genotype by checking various attributes such as genotyping call rate, 
genotyping heterozygosity rate, and agreement between genetic and self-reported gender. 
System 120 receives 102 the haplotype data from DNA extraction service 124 and optionally 
stores the haplotype data in a database 128 containing unphased DNA diploid genotypes, 
phased haplotypes, and other genomic data. Unless otherwise stated, haplotype data refers to 
any genetic or genome data obtained from the individuals 122, which is optionally stored in 
database 128.

[0018] In some embodiments, the partitioning module 130 divides 104 the haplotype data into 
segment windows based on the genetic markers. In some embodiments, the matching module 
132 matches 106 segments of the haplotype data that are identical between the individual and 
any other individual in the population, where each matched segment has a first cM width that 
exceeds a threshold cM width and is part of one or more of the segment window.

[0019] In some embodiments, the count/weight estimation module 134 counts 108 the 
matched segments in each segment window and estimates 110 a weight associated with each 
segment window based on the count of matched segments in the associated segment window.

[0020] The scoring module 136 then calculates 112 a weighted sum of per-window cM widths 
for each matched segment based on the first cM width and the weights associated with the 
segment windows of the matched segment. In some embodiments, the scoring module 136 
estimates 114 a degree of ancestral relatedness between two individuals based on the 
weighted sum of per-window cM widths of each matched segment between the two individuals.

II. EMBODIMENTS OF THE ANCESTRAL RELATIONSHIP PREDICTION PROGRAMS

[0021] In some embodiments, matched segments among a population of individuals are 
generated based on the individuals' haplotype data. In some embodiments, the matched 
segments are stored in a database for later retrieval by the TIMBER program. The TIMBER 
program is configured to receive all the matched segments among a population of individuals 
and prioritize those matched segments that are from the individuals' recent genealogical 
history (RGH).

II.A.  Match Haplotype Segments

[0022] The method 100 includes receiving 102 haplotype data for a population of individuals, 
the haplotype data including a plurality of genetic markers shared among the individuals, 
according to some embodiments. In some embodiments, to identify (match) and score IBD 
segments among the haplotype data, the method 100 uses a HADOOP® reimplementation of 



DK/EP 3207481 T3

a matching algorithm. The method benefits from being computationally fast and scalable for 
larger-sized populations. In some embodiments, the matched IBS segments based on the 
haplotype data of individuals include the individuals' RGH and non-RGH segments. The 
matched IBS segments are generally referred to as matched segments. In some 
embodiments, matched segments are generated using methods that are well known in the art. 
Using, for example, the TIMBER program, the method 100 then prioritizes the matched 
segments into segments that are more likely from the RGH of two individuals compared to from 
their non-RGH by calculating a TIMBER score that quantifies the likelihood of two individuals 
sharing a common recent ancestral relationship.

[0023] The method for determining the TIMBER score is based on the assumption that the 
locations (loci) of matched segments from an individual's RGH are evenly distributed across an 
individual's genome. For example, by dividing the SNPs of the chromosomes across the 
individuals' genome into discrete windows, the counts of the segments in a specific window on 
chromosome 1 are independent of the counts of the segments in a window on chromosome 
14. Consequently, matches between segments of individuals in a window on chromosome 1 
are therefore independent from matches to segments in the window on chromosome 14, 
resulting in an even distribution across all windows.

[0024] Furthermore, matched segments that do not originate from an individual's RGH exhibit 
spikes at certain windows of the genome while being evenly distributed across the remaining 
windows. In some instances, these spikes can be attributed to particular reasons for the 
genetic variation in these windows, e.g., at a person level or at the database level. At the 
person level, the spikes may result from the segments of a window displaying a high level of 
sequence similarity across a particular ethnicity group, while at a database level, the individuals 
of population in the database may not possess any SNP variations across a particular window 
based on how the population was selected. In particular, it is unclear whether the distribution of 
the counts of matched segments in a window originates from an individuals' RGH, and whether 
factors that confound local spikes of matching are due to unknown non-RGH reasons, which 
are difficult to model. To overcome the problems associated with these spikes, the method 
introduces weights for each window for rescoring all matched segments, in particularly, the 
ones that contribute to the spikes in windows. In some instances, matched segments 
commonly occur at short and specific location of an individual's genome while matching a very 
large number of other individuals, e.g., larger than 1,000 individuals.

[0025] The method 100 includes dividing 104 the haplotype data into segment windows based 
on the genetic markers, according to some embodiments. The haplotype data includes, but is 
not limited to, SNPs observed across the individual's genome. In some embodiments, the 
haplotype data includes the haplotype data of an individual's entire or partial genome. In some 
embodiments, the method 100 divides the observed SNPs into K windows of equal size d, with 
each window, for example, including 96 SNPs. Other examples for window sizes include 50, 
60, 70, 80, 90, 100, 110, 120, 130, 140, 150 or any number that falls within the range of 50 to 
500. In some embodiments, the size of each window, i.e., the number of SNPs per window 
varies for across the windows.
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[0026] For example, some windows may include only 50 SNPs depending on the sequence 
length of these SNPs, while other windows include 96 SNPs. In some embodiments, the 
windows include other genetic markers besides SNPs that are used to identify matched 
segments. These markers include, but are not limited to, restriction fragment length 
polymorphisms, simple sequence length polymorphisms, amplified fragment length 
polymorphism, random amplification of polymorphic DNA, variable number tandem repeat, 
simple sequence repeat microsatellite polymorphism, short tandem repeats, single feature 
polymorphisms, restriction site associated DNA markers, and the like.

[0027] In some embodiments, the method 100 includes using phased haplotype data, i.e. data 
for which the phase has been estimated, as input to identify matched segments. For this, the 
method uses the haplotype data for a population of n individuals. In some embodiments, the 
input of the haplotype data is represented as a 2n x s matrix H with rows corresponding to 2n 
haplotypes and columns to s SNPs. By vertically slicing H into non-overlapping, equal width 
submatrices Hj of d columns, each submatrix Hj then represents a different segment window /, 

where / = 0 ... K and s = d ■ K. In some embodiments, the haplotype data includes n implicit 
non-phased haplotypes of the population using the population's genotypes to determine 
possible haplotype matches without explicit haplotype matching that would require the phase of 
the haplotypes to be known. Haplotype matching therefore refers to implied as well as explicit 
haplotype matching, where the former is based on non-phased genomic data of a population.

[0028] The method 100 includes for each individual in the population, based on the genetic 
markers, matching 106 segments of the haplotype data that are identical between the 
individual and any other individual in the population, according to some embodiments. In some 
embodiments, the Each matched segment has a first cM width that exceeds a threshold cM 
width and is part of one or more of the segment windows. The matching 104 includes 
identifying segment windows of exact haplotype matching between two individuals in the 
population. Windows of exact haplotype matching are used to anchor the identifying the entire 
matched segment that in some instances extends beyond the initial exact window match. In 
some embodiments, the method 100 includes extending the exact window match until two 
homozygous mismatching SNPs are observed on either side of the original exact window 
match. As a result, the method 100 determines the segment width by determining the minimum 
and maximum of the start and end locations of the windows with no homozygous mismatches 
and extending the exact window match.

[0029] In case that the determined segment width exceeds a threshold cM width threshold 
width, the method 100 identifies the corresponding segment as a matched segment. In some 
embodiments, the threshold cM width is 5 cM. In some embodiments, the threshold cM width 
threshold is 6, 7, 8, 9, 10, 11, 12, 13, 14, 15 cM or any value larger than 5 cM. In some 
embodiments, the method 100 matches 104 segments of individuals included in a database of 
individuals that includes the haplotype data of each individual's genome.

II.B.  Per-window Match Count of Matched Segments
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[0030] The method 100 includes for each individual in the population counting 108 the 
matched segments in each segment window, according to some embodiments. For each 
individual in the population and every window, the method 100 determines a per-window match 
count of matched segments. A particular per-window match count k, refers to the number of 

matched segments identified within the population with / indicating the window of the count. In 
some embodiments, since every matched segment between two individuals spans a number of 
windows, the method 100 translates matched segments of all individuals into the window 
identifiers and counts how many times each window is part of a matched segment. Matched 
segments of close relatives are not included in the per-window match count, which increases 
the likelihood that all matched segment share similar levels of uncertainty of whether or not the 
matched segment is part of the individuals' RGH. In some embodiments, a close relative is 
defined as an individual with whom the related individual has a raw TIMBER score that equals 
or exceeds a pre-defined close relative threshold. In some embodiments, the pre-defined close 
relative threshold is 50 cM. In some embodiments, the pre-defined close relative threshold is 
30, 40, 50, 60, 70, 80, 90, 100 cM or any value from the range of 30 to 200 cM. A raw TIMBER 
score between two individuals is defined as the sum of the first cM widths of matched 
segments over all matched segments between the two individuals. The score is referred to as 
a "raw" score, since the cM widths used are the first cM widths that are not down-weighted.

[0031] In some embodiments, the method of determining the per-window match count for each 
individual includes the following steps:

1.1. initializing a per-window match count vector {/ς}/=ο.../< to zero counts (one value k, for 

every matching window in the genome, e.g., with K equal to 4105 windows, and each 
window including 96 SNP markers; and

2. 2. for every matched segment:
1. (a) skipping matched segment for close relatives and move to the next matched 

segment,
2. (b) translating the matched segment into a vector of window indices {/} (that the 

matched segment spans), and
3. (c) incrementing the per-window match count vector entries {k,} by one for 

respective values of the vector of window indices {/}.
3. 3. removing any entries from the per-window match count vector {kj-.k, > 0}/=q /< having a 

matched segment count of zero.

[0032] Fig. 2 illustrates an example of per-window match counts on a portion of the genome of 
a particular individual in the population. The x-axis shows the number of a particular window / 
along the haplotype sequence, and the y-axis represents the total number of matched 
segments k, for a particular window /. In this example, the displayed windows range from 

number 1 to number 145. Fig. 2 displays windows with zero matched segments, while these 
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windows are excluded from the per-window match count vector {k/.ki > 0}/=0 K. The largest 

match counts are observed for window number 1 and number 2 in this example, reaching 
close to 60 matched segments.

[0033] Fig. 3 illustrates an example of the histogram of the per-window match counts {c: c = 0 
... Cmax, Cmax - n} for θϋ the windows in the entire genome for an individual, which only shows 

a portion of the individual's genome. The histogram indicates the frequency of observing 
matched segments against the entire population n in each genomic window, wherein n 
therefore limits the maximal count per window Cmax. Only windows including less than 305 

matched segments are displayed with the count of windows rapidly decreasing for increasing 
per-window match count values. In this example, windows including zero matched segments 
are not shown, since these windows are not further analyzed in the method 100 of calculating 
the TIMBER score.

[0034] As shown in Fig. 2, certain segment windows or regions within the individual's genome 
display a very large count of matched segment, whether due to a high level of non-RGH 
matched segments for unknown reason or due to truly high distribution of matched RGH 
segments in these windows. The method 100 attempts to differentiate between these two 
possibilities by evaluating the per-window match count for every individual in the population. 
Furthermore, the method 100 determines a TIMBER score for each matched segment by 
down weighting matching windows of a matched segment that have a decreased likelihood to 
originate from the RGH between the two matched individuals. This down weighting, in some 
embodiments, includes determining a weight for each individual for a matched segment in a 
window.

//. C. Estimating Weights
&&

[0035] In some embodiments, the method 100 includes estimating 110 a weight associated 
with each segment window based on the count of matched segments in the associated 
segment window, according to some embodiments. In some embodiments, the estimating 110 
includes determining for each individual in the population a weight for each window that counts 
at least one matched segment. In some embodiments, the weight is approximated by the 
probability that matching in that window for that individual provides evidence for RGH. This 
probability is related to the count of matched segments in a window. A window with an 
extremely high matched segment count for an individual is very unlikely due to the RGH that 
the individual shares with other individuals in the population. Unknown factors other than RGH 
may account for a very high matched segment count as described above.

[0036] To estimate the weights, the method 100 determines the probability of RGH, 
Prob(RGH|C = c), given the measured count c of matched segments in a window. The random 
variable C represents all possible counts of matched segments in a window and is assumed to 
be the identical across all windows. By measuring the actual counts c in particular windows, the
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method 100 determines the probability of RGH on the condition that C equals c for this window.
To determine Prob(RGH|C = c), the method 100 uses Bayes theorem that provides:

Prob(RGH|C = c) =
Prob (C = c|RGH)Prob (RGH)

Prob (C - c) (1),

where Prob (C = c|RGH) is the probability of having c matched segments in the window and all 
matched segments are due to the individuals' RGH, Prob (C = c) is the probability of having c 
matched segments in the window regardless of the matched segment being from RGH or non- 
RGH, and Prob (RGH) is the probability that the matched segment is from the individuals' 
RGH. Based on the Bayes theorem, the method 100 determines estimates of Prob (C = 
c\RGH), Prob (RGH), and Prob (C= c), wherein 

l Prob (C = c|RGH),

Prob (RGH),

Prob(C = c)
are the estimates of Prob(C = c\RGH), Prob(RGH) and Prob(C = c), respectively. The method
100 then determines the weight
,,,AWi
for an individual A in a specific window / according to:

A _ Prob (C^li|RGH)Prob(RGH)
1 Prob(C = fcf) ( ) 

[0037] In some embodiments, since it is difficult to estimate Prob(C = c|RGH), the method 100 
generates at least two slightly different estimates of Prob(C = c|RGH), and then selecting the 
estimate of the at least two estimates that results in the greatest down weighting of C for 
determining the weight

II.C.1. Determine

ProbfC - c)
Estimate

[0038] In some embodiments, the method 100 includes determining an estimate of the 
probability distribution of C, 

Prob(C — c),
which provides the likelihood that a window has a given matched segment count c for all the 
possible counts. These embodiments provide a more accurate prediction of the probability in 
the number of people that an individual matches in one window based on the probability of 
matching each individual in the population. For example, the value of 

Prob(C - 20)
is the probability of counting 20 matched segment in a given window for the entire haplotype 
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data, including all matched segment of the population.

Prob(C = c)
includes contributions from matched segments that are from RGH and non-RGH of the 
population's individuals. Fig. 4 illustrates

Prob(C = c)
of one individual of the population based on the individual's entire genome. Given
Prob(C = c)
and Prob (C = c|RGH), the method 100 is able to quantify the likelihood that a window convey 
information about RGH for a given count c. In some embodiments, both distributions estimate 
distribution of counts for counts that are greater than zero, i.e. windows that have at least one 
matched segment within them.

[0039] Figs. 3 and 4 illustrate
Prob(C = c)
in form of a histogram of per-window match counts for all non-zero count windows without 
counting any windows that include zero segments. In some embodiments, only windows with 
zero segments are counted for at least the following two reasons: 1) different biological or 
observational process are the likely cause for discovering a matched segment within a window 
as compared to the number of discovered matched segments within that window for a given 
population; and 2) the weighing of windows should be based on matched segments that are 
actually present in and not missing from a population. Thus, these embodiments avoid 
effectively assigning a weight of one to windows with zero discovered matched segments. In 
comparison, Fig. 2 illustrates values of the counts for a specific window (and not the frequency 
with which that count is observed across all the non-zero windows).

[0040] To determine a distribution to the likelihood that a particular count is observed in a 
window, i.e., Prob(C = c), the method 100 fits a distribution of observed counts in all the non­
zero windows illustrated as a histogram in Fig. 4.

[0041] In some embodiments, the method 100 uses a first beta-binomial distribution to 
approximate the distribution of the per-window counts,

Prob(C - c),
which represents the probability that each individual matches another individual in the 
population. The advantage of using a beta-binomial distribution is that it is able to account for 
the underlying heterogeneity in the probability of matching individuals without identifying the 
reason for the heterogeneity. As illustrated in Fig. 4, the beta-binomial distribution provides a 
good fit to per-window counts in an individual. In comparison, if all individuals in the population 
are assumed to match with an equal chance to any other individuals in the population, the 
binomial distribution provides a model of the observed counts in all the non-zero windows. A 
binomial distribution would typically be used to model the probability of a number of events 
being successful, if the known probability of success is shared across all the independent 
events.

[0042] Fig. 4 further illustrates an example of fitting a binomial distribution to the per-window 
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counts in an individual as compared to a beta-binomial distribution. Generally, the beta­
binomial distribution is preferred for modeling 

Prob(C = c).

In particular, Fig. 4 illustrates an example of the histogram of per-window match count for all 
the non-zero count windows where the maximum displayed per-window match count is 40. The 
binominal distribution modeling

Prob(C - c)
is shown as a dashed line with the solid line indicating the fit of the beta-binomial distribution to 
the histogram data.

[0043] In some embodiments, the method 100 determines two parameters a and β of the 
beta-binomial distribution to determine the optimal fit between the beta-binomial distribution 
and the per-window match count of matched segments for one individual based on the entire 
population of individuals. Since beta-binomial distribution is defined for counts from zero to a 
maximal count n that equals the population size, the method 100 uses a modified per-window 
match count vector that is obtained by subtracting one from each element of {kj-.k, > 0}/=q /<. 

The number of observations used to determine the beta-binomial distribution equals the 
number of windows K across the haplotype data. For example, the haplotype data is divided 
into 4105 windows, each window including 96 markers. The joint beta-binomial distribution 
f({kj}\n, a, β, kj > 0) is given by:

π / n \ B(kj - 1 + a,n - kj + 1 + B~) = p——w (s,.

i=l
where {kf.kj > Ο}ί=ο...κis the vector of per-window counts (for the K windows with at least one 

matched segment), n is the population size, a and β are parameters of the distribution, and B 
is the beta function. Prob(C = c) for a population size n is then given by:

rn\ B(c + a,n - c + ß~)^b(C = c|c>0) = (c) (4).

[0044] The method 100 uses the haplotype data of all individuals who match an individual to 
determine the parameters a and β of the distribution associated with this individual. This 
determination is based in part on the assumption that count of each window is independent 
from the count of any other window. For typical examples, this assumption provides a good 
estimation of actual data. In some instances, this assumption might not hold true, and other 
distribution functions can provide better approximations to the data.

[0045] In some embodiments, the method 100 uses maximum-likelihood estimation to 
determine the two parameters a and β of the joint beta-binomial distribution f({kj}\n, a, β). The 

observed per-window match count vector {kj-.k, > 0}/=q /< represents at most K fixed 

parameters of the likelihood function, 
£ = /(On, a,/?).
The parameters a and β are real numbers larger than zero that maximize the average 
logarithm of the likelihood function.
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[0046] In some embodiments, the method 100 uses an optimization method 100 for estimating 
the maximum-likelihood
£(α,/?|{/ς],η)
of the joint beta-binomial distribution for given {k,} and n. Various optimization methods are 

well-known in the art, each of which can be used for the maximum-likelihood estimation. In 
some embodiments, the method 100 applies the "Nelder-Mead" simplex optimization (Nelder 
J.A. and Mead R., A simplex algorithm for Function Minimization, Computer J., 7:308-13, 1965) 
algorithm as the optimization method 100. The parameters a and β are initially set to starting 
values denoted by ä and β provided by:

nEl - E2
& =

nF£-El-l] + El
\E1 J

( F7\(n - El) ■ (n - ρψ)
P = (6).

n El - 1) + Elk£l 7
where

Σ* Ä -1)
El —-----------------

n
and
„ zUki-iy
EZ =------------------

n

[0047] The parameter a and β obtained by the optimization method 100 are denoted by ä and 
β. All individuals thus have an estimated beta-binomial distribution to describe
prob (c = c| e>o)^nB(c+s’w:c+g),

v 1 J \cJ Β(α,|β)
where ä and β are specific to each individual in a population of size n, illustrated in the example 
of Fig. 4.

II.C.2. Determine
Prob(C~=~c|RGH)
Estimates

[0048] In some embodiments, the method 100 determines an estimate of the probability 
distribution
Prob(C”=~c|RGH)

by fitting a second beta-binomial distribution to the per-window match counts that only include 
windows with a low match count while excluding windows with a higher match count. The first 
beta-binomial distribution is based on the fit to
Prob(C - c),
as described above.

[0049] In some embodiments, the method 100 excludes any per-window match counts that 



DK/EP 3207481 T3

exceed a threshold value V. Excluding windows with higher match counts is based on the 
rationale that windows with low match count are mainly due to matched segments from the 
individuals' RGHs, while high match count windows likely include matched segment that are a 
mixture of RGH and non-RGH. Generally,
Prob(Cr=~c|RGH)
can be estimated from Prob (C = c), as the later distribution represents the sum of two 
conditional distributions Prob(C = c|RGH) and Prob (C = c|non-RGH). However, neither of 
these conditional distributions are known with any confidence or can be easily determined from 
Prob(C = c), in part because one cannot distinguish between matched segments that are from 
the individuals' RGHs and matched segments that are not. Attempts in estimating 
Prob(MMc|RGH)

directly from Prob(C = c) therefore result often in poor and sometimes very poor estimates, 
while adding various computational problems.

[0050] Furthermore, Prob(C = c) is well estimated by a beta-binomial distribution as described 
above. To estimate Prob(C = c|RGH), the method 100 therefore fits a second beta-binomial 
distribution to the per-window match counts based on windows having a match count below or 
equal to the threshold value V.

[0051] As illustrated in Fig. 5, both fitted distributions of Prob(C = c) and Prob(C = c|RGH) are 
similar to each other, if the distribution of counts for the high value windows that are not 
included in the fit of
Prob(C — c|RGH)
is consistent with the distribution estimated from only the low match count windows. Fig. 5 
shows the first beta-binomial distribution based on all the non-zero count windows (shown by 
the solid line), the second beta-binomial distribution based on only the low match count 
windows (shown by the dashed line), and the histogram based only on the data from the low 
match count windows. The maximum displayed per-window match count is 40.

[0052] In some embodiments, since the estimate
Prob((T^c|RGH)

is likely sensitive to the user-specified threshold value V, the method 100 determines at least 
two estimates of Prob (C = c|RGH, V) using at least two different values of V. The method 100 
then selects the estimate that results in smaller weights for the windows, more effectively 
down-weighting the individuals' matched segment counts as described in more detail below. In 
some embodiments, the method 100 determines only one estimate of
Prob(C^c|RGH).

In some embodiments, V is specified as the maximum value of a minimum threshold value 
Vm/n and a quantile of all the counts in windows with at least one matched segment. In some 

embodiments, the minimum threshold value Vm/n is set to 11. In some embodiments, the 

minimum threshold value Vmjn is 1,2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 13, 14, 15, 20, 25, 30, or larger 

than 30. In some embodiments, at least two quantiles are specified to determine the at least 
two estimates of
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Prob(C = c|RGH,F).
In some embodiments, two specified quantiles are 75% and 90%, respectively. In some 
embodiments, the first specified quantile equals to 50%, 55%, 60%, 65%, or 70%, and the 
second specified quantile equals to 65%, 70%, 75%, 80%, or 85%. In some embodiments, the 
two quantiles are specified so that the difference between the two quantiles is in the range of 
10%-20%, and the smaller quantile equals to 50%, 55%, 60%, 65%, 70%, 75% or any value in 
the range of 40%-80%.

[0053] In some embodiments, to estimate Prob(C = c|RGH, V) the method 100 uses a joint 
beta-binomial distribution f({mj}\n, a, β, V, m, > 0) that depends on V, a and β and is given by:

γτμ ί n \ B(mj - 1 + a, n - + 1 + β)
> 0) =--------------prob(0<C<v|g)--------------

where {m,: 0 < m, < V}j=Q m is the vector of per-window counts (for the M windows with at least 

one matched segment and less than or equal to V counts), n is the population size, a and β are 
the parameters for the beta function B, and Prob (0 < C < \/|or, β) is the probability that a per- 
window count of matched segment is greater than zero and less than or equal to V conditional 
to a and β.

[0054] The probability distribution of C conditional to RGH is then given by:
(n) B(c + α,η - c + /?) /

Prob(C — cIRGH.V,c > 0) — /prob(0 < c < p|a,rø («,

wherein Prob(0 < C < \/|or, β) represents a normalization factor that is a function of a and β and 
given by:

Σ/Π\ B(c + a,n — c + β)Ο B(g,w (9)·

[0055] In some embodiments, the method 100 uses maximum-likelihood estimation to 
determine the two parameters a and β of the joint beta-binomial distribution f({mj}\n, a, β, V) 

using the same or similar optimization algorithms that are used in estimating Prob(C = c) as 
described above. In some embodiments, the method 100 uses the same or similar starting 
values for a and β as are used to estimate Prob(C = c). Using the same starting values for the 
first and the second joint beta-binomial distribution minimizes the effect of the starting values 
on the differences between these two distributions.

II.C.3. Determine

Prob(RGH)
Estimate

[0056] In some embodiments, the method 100 then determines an estimate of 

Prob(RGH) 
based on
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Prob (C = c)
and
Prob(C=Üc|RGH).
In some embodiments,

Prob(RGH)

is set to be maximum of
1

·>
which is equal to

where m is the point at which

Prob(cQ'^gff)
Probf C=c)

is maximized. Thus, the method 100 only implicitly estimates

Prob(RGH)
by evaluating the ratio
Prob(C = c|RGH) /Prob(C = c).

In some embodiments, the method 100 determines at least two estimates of Prob (RGH, V) 
based on the at least two Prob(C = c|RGH, V). In some embodiments, the method 100 
determines two
Prob(RGH, V),
estimates based on the two user-specified threshold values V, where each V are determined 
on two specified quantiles of all the counts in windows with at least one matched segment as 
described above. Determining the estimate of Prob(RGH) as a ratio of two probabilities 
ensures that the estimate as well as the corresponding weights fall with the range of zero to 
one, since the weight is also determined as a ratio of three probabilities that fall within the 
range of zero to one. The weight would be undefined, if
Prob(C — c)
is zero. The above described estimation using a beta-binomial distribution ensures that any 
values of
Prob(C — c)
are larger than zero.

II.C.4. Estimating Temporary Weights (1/14-} For Each Estimate of Prob(C = cIRGH)

[0057] The method 100 then determines temporary weights based on the estimates of
Prob(C = c),

Prob((T=~c|/?GH),
and

Prob(RGH).
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These weights are temporary, since the method 100 uses these weights to determine the final 
weight for each window. The temporary weights can be represented by a vector {wc}c=q n that 

is a series of values for different match counts and wc is the raw weight for a match count of c. 

Given the at least two estimates of Prob(C = c|RGH) in some embodiments, the method 100 
determines temporary weights for each estimate of Prob(C = c|RGH) and then selects one 
series of temporary weights to determine the final weight.

[0058] If any optimization fails for one quantile it is ignored in the decision step, hence if 
temporary weights can only be estimated for one choice of quantile, then those temporary 
weights are the final weights. Considering multiple options for the quantile ensures that we are 
not missing a good weight vector to down weight purely because of the choice of a fixed 
quantile for all individuals. The choice of quantile for the estimation of Prob(C = c|RGH) is 
made for each individual by the observation which quantile most down weights the counts.

[0059] To determine the temporary weights, the method 100 initially determines raw weights 
{rc}c=o...n based on the estimates of

Prob(C = c),

Prob(C^c|RGH),

and
Prob(RGH),
wherein rc is the raw weight for a match count of c. In some embodiments, the initial values of 

raw weights {rc}c=o...n are determined by using equation 2. Subsequently, the method 100 

determines the temporary weights from the raw weights so that the temporary weights satisfy 
the following three conditions:

1. 1. the temporary weight of a window with one match in it has a weight of one, i.e. wc=1 = 

1;
2. 2. the values of the temporary weights monotonically decreases with increasing match 

count c in a specific window, i.e. wc > wc+1 for all match counts c; and

3. 3. the temporary weights default to one for all windows, if the estimates of Prob(C = c), 
Prob(C = c|RGH) or Prob(RGH) are poor.

[0060] In some embodiments, estimates of these probabilities are considered poor if the 
optimization algorithm used to determine the beta-binomial distributions fails, the number of 
per-window match counts falls below threshold value, e.g., 20, or the number of points used for 
fitting the beta-binomial distribution is below a minimum number.

[0061] The first two conditions can be met by enforcing that the weight monotonically 
decreases as the match count in a specific window increases. The rationale for a default 
weight of one is to avoid introducing more rather than removing noise in the TIMBER score 
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calculation, since estimating probabilities of the weights based on underrepresented matched 
segment counts likely introduce noise in the calculation. Furthermore, since only low per- 
window match counts are measured in this case, the method 100 would take all matched 
segment counts, which are mainly low per-window match counts, into consideration without 
weighting down any particular matched segment counts. More specifically, the estimation the 
probabilities using the beta-binomial distributions is limited when interpreting low match count 
levels.

[0062] In some embodiments, the temporary weights {wc}c=0 n are determined by the 

following two steps that are consistent with the first two above conditions, i.e. the first 
temporary weight equaling one and the temporary weights monotonically decreasing with 
increasing match count. In the first step, the method 100 sets the temporary weights to one for 
all windows with a match count less than or equal to M, wherein M is the count for which the 
ratio between the two beta-binomial estimated distributions is highest. In the second step, after 
the count for which Prob(RGH) was "estimated," any increase in the weight with respect to 
increased match count is changed to be a zero increase. In some embodiments, the method 
100 performs the two steps for all c by applying the following algorithm (except when applying 
the default weight because of poor probability estimates):

1. 1.
wc = 1, if c < M

2. 2.
i 0, if rc >rc_1 

c ( rc - rc_1( else

(10) ,

(11) ,

c

i=M + l
if c > M (12).

[0063] Figs. 6 and 7 illustrate an example of the per-window temporary weights {wc} (y-axis) 

as a function of the possible per-window match count c (x-axis). In particular, Fig. 7 shows 
more detail than Fig. 6, since the maximum value of the per-window match count c displayed 
along the x-axis is set to 40. In this example, M is 4.

II.C.5. Estimating the final weights fw,T

[0064] The method 100 includes determining final weights {w,},=iχ for weighting all matched 

segment windows based on the temporary weights {wcy}c=o...cmax,v· In some embodiments, 

the final weight w, is the temporary weights for a given estimate of Prob(C = c|RGH,V), i.e. a 

given V, which minimizes the sum of the weighted per-window segment count:
K
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l™cJc=o...Cmav = 111111 / Kj ■ wc=kiy (LOJ,
ly S'

= {w;: Wi = wk., I = 1... K] (14).

[0065] In summary, given the estimates for specific parameters for Prob(C = c), multiple 
estimates of Prob(C = c|RGH), Prob(RGH) and some post-processing, we can find the weight 
for a given window in a given individual /. Fig. 8 illustrates an example for the weights (solid 
line) given the per-window counts from the original example in Fig. 2 (dashed line). For 
comparative purposes only, the weight is re-scaled so that a weight of 1 has a value of 59 
according to the y-axis. The weight calculation generates for every individual a weight value 
(within the interval 0 and 1) for the K segment windows.

II.D. Calculate weighted sum of per-window cM widths
cM^g

[0066] The method 100 includes calculating 112 a weighted sum of per-window cM widths for 
each matched segment based on the first cM width and the weights associated with the 
segment windows of the matched segment, according to some embodiments. In particular, the 
method calculates the weighted sum of per-window cM widths for a matched segment, 
between person A and person B, given the individual-specific window estimated weights for 
person A and person B. The weighted sum of per-window cM widths 
cM2’ß

is the sum of the first cM widths cM-iy for each window i that the matched segment spans 

weighted by the product of the weights for both individuals, A and B, in those segment 
windows:

WINend< K

cMz’b = wf ■ w? ■ cMi.i (15),
i=WINstart

for a segment between individuals A and B, starting at window WINstart and ending at window 

WINend with

and

^win

being the weights for both individuals, respectively, in window /. If the windows are either the 
start or the end window of the matched segment, the window widths are updated to be from 
either the first genetic marker in the window or to the last genetic marker in the window, 
respectively.

[0067] The weights are in the interval between 0 and 1 and can intuitively be thought of as a 
probability that this window should contribute to the new "width". Taking the product of the 
weights for individuals A and B ensures that the window is valid in both individuals to be able to 
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contribute to the weighted sum of per-window cM widths. The first and weighted sum of per­
window cM widths would be identical, if all weights are equal to one. The new "width" or 
weighted sum of per-window cM widths typically is smaller than the raw or first cM width, and, 
therefore, down weights those matches in windows where there are a high number of matches 
either in individual A or individual B for a large population. Thus, the down weighting results in 
down-weight matches, which are less likely to be from recent genealogical history of the 
individuals. Fig. 9 illustrates an example of per-window match counts on a chunk of the 
genome for one individual both pre-TIMBER (dashed line) and post-TIMBER (solid line).

III. ANCESTRAL RELATIONSHIP PREDICTION

[0068] The method 100 includes estimating 114 a degree of ancestral relatedness between 
two individuals based on the weighted sum of per-window cM widths of each matched segment 
between the two individuals, according to some embodiments. If a pair of individuals have a 
total sum of first cM widths of less than 60 cM, which effectively removes close relatives from 
the relatedness evaluation, the relationship distance is predicted based on the sum of all the 
weighted sum of per-window cM widths of the shared segments. Otherwise, the summation of 
the first cM widths is used. This results in a relationship prediction that is more accurate for 
more distant relationships, while being as accurate for close relationships. This especially true 
for certain ethnic groups (for example Jewish people) and whether they are assigned to be 
distantly related or not.

[0069] The method 100 by using, for example, the degree of ancestral relatedness, allows 
people to find their recent relatives and provide them with new information about their 
genealogy within a network of relatives (with known genealogy). In some embodiments, the 
degree of relatedness between two individuals represents a probability that the two individuals 
are ancestrally related and is equal to the weighted sum of per-window cM widths of the 
individuals' matched segments. In some embodiments, the degree of relatedness between two 
individuals is a binary yes or no answer whether the two individuals are ancestrally related 
based on the weighted sum of per-window cM widths. For example, if the weighted sum of per- 
window cM widths exceeds a relatedness threshold value, the two individuals are said to be 
ancestrally related. In some embodiments, the relatedness threshold value is 20, 25, 30, 35, 
40, 45, 50 cM, or any value larger than 20 cM. In some embodiments, the relatedness 
threshold value is 30, 40 or 50 cM.

[0070] Previously, the prediction of the distance of relationship between two individuals (e.g. 
cousins, third cousins, etc.) was based purely on the total width of all IBD segments, where the 
width of the IBD segment was determined by its width in recombination distance (in cM). In this 
method 100, a total score is calculated based on all IBD segments between two individuals to 
provide relationship distance. However, method 100 uses a sum of reweighted weighted sum 
of per-window cM widths in this calculation to predict relatedness, if the sum of first cM widths 
of less than 60 cM.
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[0071] In one examples, weight profiles are generated from matches to a static reference set 
of just over 300K samples. Those weights are then used to re-score, i.e., re-weight, all 
matches between any pair of individuals in the database. The weights used by method 100 are 
stored in their own database. In one example embodiment, based on the analysis of test sets 
and real data, a threshold cM width of 5 cM was the minimum width, at which a matched 
segment is included in the weight estimation 110 and weighted sum of per-window cM widths 
calculation 112.

IV. EXAMPLE

[0072] In an example, TIMBER behavior was analyzed with a simulated test set. The test set 
consisted of exactly 3703 pairs of genotypes (7406 individual samples) representing 
relationships from parent/child (1 meiosis) to 5th cousins (12 meioses) and all in-between. 
Each relationship was created independently of all others by simulating meioses to create 
genotypes that represent individuals in the relevant part of the pedigree. The "founders" from 
which non-simulated genotypes come were a set of approximately 24,000 genotypes from the 
database that have no close estimated relationships among them based on the analysis of the 
non-weighted first cM widths. "Founders" used to create a given relationship were discarded 
and not used at all for simulating any of the other relationships. The fact that the initial 
founders had very few genuine relationships and were not reused helped to minimize the 
likelihood of relationships among synthetic genotypes that we were unable to document, but 
that were still possible. The test set might not be ideal for a real world scenario, since 
individuals were randomly paired to be parents. However, since in the simulation the real RGH 
segments were known, the simulation provided a way to verify how well TIMBER helped 
refining the analysis of matched segments. In the test, just over 300 pairs of each meiosis level 
were represented between from parent-child relationships (1 meiosis) to 5th cousins (12 
meioses).
Table 1: TIMBER results for different minimum cutoffs (= threshold cM width)

Percentage of matched segments kept

Segment Min. of 5 cM Min. of 6 cM Min. of 7 cM

True 92 88 84

False 3 1 1

[0073] Table 1 illustrates that TIMBER kept the vast majority (around 90%) of initially 
discovered IBD segments that overlap with real IBD segments. The results did not largely vary 
with respect to different first cM widths of 5, 6 and 7 and were used to determine if a 
discovered IBD segment was retained or not. TIMBER only kept at most 3% of the initially 
discovered IBD segments that are false positives. Thus, TIMBER presents a very useful filter 
for keeping the real signals while removing the false positive signals of IBD segments between 
pairs of individuals due to the individuals' recent genealogical history. No "ibs" filtering was 
used to filter the raw and non-weighted output of matched IBD segments.
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[0074] Table 2 shows that TIMBER was slightly more accurate for closer relatives, but 
generally worked well across the spectrum of recent genealogical history from parent-child 
relationships (1 meiosis) to 5th cousins (12 meioses). Fig. 10 illustrates results from TIMBER 
using different raw cM width, i.e., first cM width filters, including the matched percentages of 
segments kept for the known and unknown meioses.
Table 2: TIMBER results for true segments by meiosis and different minimum cutoffs

Percentage of matched segments kept

Meiosis Min. of 5 cM Min. of 6 cM Min. of 7 cM

1 98 97 95

2 95 91 89

3 92 87 83

4 88 82 76
5 87 80 73

6 85 76 69

7 82 72 64

8 81 74 65

9 84 73 66

10 80 69 58

11 75 68 57
12 88 71 59

V. ADDITIONAL CONSIDERATIONS

[0075] Computing system 120 is implemented using one or more computers having one or 
more processors executing application code to perform the steps described herein, and data 
may be stored on any conventional non-transitory storage medium and, where appropriate, 
include a conventional database server implementation. For purposes of clarity and because 
they are well known to those of skill in the art, various components of a computer system, for 
example, processors, memory, input devices, network devices and the like are not shown in 
Fig. 1B. In some embodiments, a distributed computing architecture is used to implement the 
described features. One example of such a distributed computing platform is the Apache 
HADOOP® project available from the Apache Software Foundation.

[0076] In addition to the embodiments specifically described above, those of skill in the art will 
appreciate that the invention may additionally be practiced in other embodiments. Within this 
written description, the particular naming of the components, capitalization of terms, the 
attributes, data structures, or any other programming or structural aspect is not mandatory or 
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significant unless otherwise noted, and the mechanisms that implement the described 
invention or its features may have different names, formats, or protocols. Further, the system 
may be implemented via a combination of hardware and software, as described, or entirely in 
hardware elements. Also, the particular division of functionality between the various system 
components described here is not mandatory; functions performed by a single module or 
system component may instead be performed by multiple components, and functions 
performed by multiple components may instead be performed by a single component. 
Likewise, the order in which method steps are performed is not mandatory unless otherwise 
noted or logically required. It should be noted that the process steps and instructions of the 
present invention could be embodied in software, firmware or hardware, and when embodied 
in software, could be downloaded to reside on and be operated from different platforms used 
by real time network operating systems.

[0077] Algorithmic descriptions and representations included in this description are understood 
to be implemented by computer programs. Furthermore, it has also proven convenient at 
times, to refer to these arrangements of operations as modules or code devices, without loss 
of generality.

[0078] Unless otherwise indicated, discussions utilizing terms such as "selecting" or 
"computing" or "determining" or the like refer to the action and processes of a computer 
system, or similar electronic computing device, that manipulates and transforms data 
represented as physical (electronic) quantities within the computer system memories or 
registers or other such information storage, transmission or display devices.

[0079] The present invention also relates to an apparatus for performing the operations 
herein. This apparatus may be specially constructed for the required purposes, or it may 
comprise a general-purpose computer selectively activated or reconfigured by a computer 
program stored in the computer. Such a computer program may be stored in a non-transitory 
computer readable storage medium, such as, but is not limited to, any type of disk including 
floppy disks, optical disks, DVDs, CD-ROMs, magnetic-optical disks, read-only memories 
(ROMs), random access memories (RAMs), EPROMs, EEPROMs, magnetic or optical cards, 
application specific integrated circuits (ASICs), or any type of media suitable for storing 
electronic instructions, and each coupled to a computer system bus. Furthermore, the 
computers referred to in the specification may include a single processor or may be 
architectures employing multiple processor designs for increased computing capability.

[0080] The algorithms and displays presented are not inherently related to any particular 
computer or other apparatus. Various general-purpose systems may also be used with 
programs in accordance with the teachings above, or it may prove convenient to construct 
more specialized apparatus to perform the required method steps. The required structure for a 
variety of these systems will appear from the description above. In addition, a variety of 
programming languages may be used to implement the teachings above.

[0081] Finally, it should be noted that the language used in the specification has been 
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principally selected for readability and instructional purposes, and may not have been selected 
to delineate or circumscribe the inventive subject matter. Accordingly, the disclosure of the 
present invention is intended to be illustrative, but not limiting, of the scope of the invention.
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Krav:

1. Computerprogramprodukt til estimering af en grad af familierelation mellem to individer, 

computerprogramproduktet er lagret på et ikke-midlertidigt computerlæsbart medium og 

indbefatter instruktioner, som er indrettede til at få en processor til at udføre trin omfattende:

at modtage haplotype-data for en population af individer, haplotype-dataene indbefatter en 

mængde genetiske markører, som deles mellem individerne;

at opdele haplotype-dataene i segmentvinduer baseret på de genetiske markører;

for hvert individ i populationen:

baseret på de genetiske markører, at matche haplotype-data-segmenter, som er identiske 

mellem individet og ethvert andet individ i populationen, hvert matchede segment har en 

første cM-bredde, som overskrider en tærskel-cM-bredde, og er en del af et eller flere af 

segmentvinduerne;

at tælle de matchede segmenter i hvert segmentvindue;

at estimere en vægt associeret med hvert segmentvindue baseret på optællingen af 

matchede segmenter i det associerede segmentvindue;

at beregne en vægtet sum af pr. vindue cM-bredder for hvert matchede segment baseret på 

den første cM-bredde og vægtene, som er associerede med det matchede segments 

segmentvinduer; og

at estimere en grad af familierelation mellem to individer baseret på den vægtede sum af pr. 

vindue cM-bredder for hvert matchede segment mellem de to individer.

2. Computerprogramprodukt ifølge krav 1, hvori tærskel-cM-bredden er 5 cM, 6 cM, 7 cM, 8 cM, 

9 cM, 10 cM, eller ethvert reelt tal inden for området fra 5 cM til 10 cM.

3. Computerprogramprodukt ifølge krav 1, hvori vægten associeret med et segmentvindue for 

individ A er tilnærmet som:

A Prob (C^kjRGH)Prob(RGH)
1 Prob(C —

hvori Pr°b = c|Prob(RGH), Prob(C = c) er estimaterne af henholdsvis en sandsynlighed 

for et RGH-segment givet det målte antal c af matchede segmenter i et vindue, en 

sandsynlighed for et RGH-segment i et vindue, og sandsynligheden for at måle et antal c af 

matchede segmenter i et vindue.
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4. Computerprogramprodukt ifølge krav 3, hvori Prob(RGH) tilnærmes hen imod det maksimale 

af:
i

Prob (C^c|rGH) ’ 
Prob(C = c)

5. Computerprogramprodukt ifølge krav 1, hvori den vægtede sum af pr. vindue cM-bredder for 

et segment mellem to individer A og Stilnærmes som:
WlNerd<Æ

cM2as = Σ wf ■ wf ■ cMv, 

i=WINslilrt

segmentet mellem individer A og S starter ved vinduet WINstart og slutter ved vindue WINende

med Wwin og win værende vægtene associerede med segmentvindue / for individ A 

henholdsvis B.

6. Computerprogramprodukt ifølge krav 1, hvori estimering af en vægt omfatter at beregne 

midlertidige vægte wcc for optællingen c af matchede segmenter i det tilhørende 

segmentvindue tilnærmes som:

= 1hvis c < M,

f 0, tøjs T- >
dc = 1(η-, - rc_v espers 

ff
)¾ = 1 +- dj, tøis c > M, 

i=iy+l
hvori rc er vægten baseret på optællingen af matchede segmenter c og tilnærmet som: 

Prob (C~c|RGH)Prob(RGH)
c Prob(C — c)

7. Computerprogramprodukt ifølge krav 1, hvori vægtene, som er associerede med hvert 

segmentvindue, aftager, hvis optælling af matchede segmenter i det associerede 

segmentvindue stiger.

8. Computerprogramprodukt ifølge krav 3 eller 6, hvori Prob(C = c) tilnærmes som:

n A? I (nxB(c + a,n - c + β)Frob(C = c|c > 0) = (J--------,

hvori n er størrelsen af populationen og a, β er parametre for Beta-funktionen B.

9. Computerprogramprodukt ifølge krav 3 eller 6, hvori Prob (C = c | RGH, V) tilnærmes som:
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z'ny B(c + α,η - c + β) ]

Prob(C = c|RGHy,c :
>(n_U Κ(α,β) /

UJ_ / Prob(0 < C < ν\α,β)’

hvori n er størrelsen af populationen, a, ß er parametre for Beta-funktionen B.

10. Computerprogramprodukt ifølge krav 8, hvori α og β estimeres ved anvendelse af en 

maksimal sandsynlighedsestimering af en fælles fordeling tilnærmet som:

fdk^n.a.ß.kt '
ηΛ-ΤΊΎ n \ B(fcz - 1 + α, n -kt + 1 + β) 

J “1 lUi-1/ Β(α,β)

11. Computerprogramprodukt ifølge krav 9, hvori α og β estimeres ved anvendelse af en

sandsynlighedsmaksimeringsestimering af en fællesfordeling tilnærmet som:

T-rM f η λ B(mf - 1 + α,η-mj + 1 + β)

Prob(0 <C < V\a,ß)

12. Computerprogramprodukt ifølge krav 1, hvori en størrelse af segmentvinduerne omfatter 50, 

60, 70, 80, 90, 100, 110, 120, 130, 140, 150 genetiske markører eller ethvert tal, som falder 

inden for intervallet fra 50 til 500 genetisk markører.

13. Computerprogramprodukt ifølge krav 3, hvori Prob ~ CIRGH) bestemmes ved:

at generere et første estimat af Prob (C = c| RGH) baseret på en første fraktilværdi;

at generere et anden estimate af Prob (C= c| RGH) baseret på en anden fraktilværdi; og

at udvælge et af det første estimat eller det anden estimat af Prob (C = c| RGH), hvori den 

første og den anden fraktilværdi er 75% henholdsvis 90%, eller den første fraktilværdi er en på 

50%, 55%, 60%, 65% eller 70%, og den anden fraktilværdi er en på 65%, 70%, 75%, 80% 

eller 85%.

14. Computerprogramprodukt ifølge krav 1, yderligere omfattende instruktioner indrettet til at få en 

processor til at udføre trin omfattende:

at fjerne nære slægtninge fra populationen af individer, hvori valgfrit nære slægtninge omfatter 

to individer, som har en samlet første cM-bredde større end 60 cM.

15. Computerprogramprodukt ifølge krav 1, hvori graden af tilknytning mellem to individer omfatter 

en af sandsynlighed for, at de to individer er familierelaterede, eller et binært ja eller nej svar 

om hvorvidt de to individer er familierelaterede.
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FIG. 3



DK/EP 3207481 T3

FIG. 4
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FIG. 5
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FIG. 8
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FIG. 9
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