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Abstract

Green algorithm is exponential in the number of nonfounders [8]. Thus, with both many markers and
Motivation: Full likelihood analysis of large pedigrees many individuals, neither algorithm offers a viable
with many markers is computationally intractable. solution. In genetic mapping, pedigrees frequently
In pedigrees which consist of a single pair of parents consist of two parents with a large number of offand their offspring, the complexity of the problem can spring. One way to reduce the computational combe greatly reduced by fixing the marker phases in the plexity of these pedigrees is to determine the phases
parents. When there are sufficiently many offspring, of the markers in the parents. Because the progeny
their genotypes can be used to computationally deter- only relate to each other through their parents, gainmine the most likely parental phases. Traditionally, ing complete information about the parents means it
this step has been performed in any one of a number is not necessary to analyze all the progeny jointly. In
of ad hoc ways, which suffer from a lack of power and effect, each progeny, along with the parents, can be
occasional mistakes.
treated as a distinct pedigree, which can be analyzed
Results: I present a systematic and efficient efficiently by the Lander-Green algorithm.
method for phase determination which works by
An alternative approach is to avoid multipoint likemaximizing the sum of the pairwise lod scores. lihood analysis altogether in large pedigrees. TwoThis method compares favorably with the traditional point statistics, which look at only two markers at
pseudo-testcross method both on an actual data set a time, can be computed efficiently for large, phasein grapevine and on simulated data sets.
unknown pedigrees. Furthermore, there exist algoAvailability: Phasing, the implementation used in rithms for ordering markers based only on two-point
this paper is available as part of the TMAP package statistics. For example, JoinMap uses two-point
from http://math.berkeley.edu/~dustin/tmap/. statistics to compute a map order, and thus, does not
require phase-known data [12]. However, two-point
statistics make less efficient use of the data than mul1 Introduction
tipoint likelihood methods do, especially with missing
Full likelihood analysis of large pedigrees with many data and mixed segregation types.
The phase of a heterozygous marker in an individmarkers is computationally intractable, especially for
ual
refers to which of the two alleles lies on which
mapping purposes, in which likelihoods of many posof
the
two homologous chromosomes. The chromosible orderings must be computed. Of the two algosomes
can
be identified by whether they came from
rithms available for likelihood analysis, the time rethe
individual’s
mother or from the father. Howquired by the Elston-Stewart algorithm is exponenever,
when
the
individual’s
parents are not present
tial in the number of markers [4], and the Landerin the pedigree, the chromosomes can only be identi∗ Myriad Genetics, Salt Lake City, UT 84108
fied by which alleles they have at another heterozy† IASMA Research Center, Genetics and Molecular Biology
gous marker. In these cases, all that matters is the
Department, 38010 San Michele all’Adige (TN), Italy
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heterozygous in only one parent is to double each
phase-unknown marker to produce two phase-known
markers with opposite phases. In the doubled data
set, each actual linkage group will result in two linkage groups, each copy consisting of markers with opposite phases. The copies of each marker which are in
the same group are retained as the correct phases for
those markers [6, 1, 10, 5, 9]. While this method has
the advantage of not requiring any tools beyond finding linkage groups, this also means that the process
requires a lot of manual recoding.
Furthermore, the marker doubling method does
not extend well to markers in which both parents
are heterozygous. Quadrupling these markers to all
four possible phases does not work because a marker
which is heterozygous in one parent will link to two
copies of any nearby marker which is heterozygous in
both parents. Thus, it is necessary to use a pseudotestcross, meaning that the genotypes are projected
onto each parent separately so that the phase in
each parent can be determined independently. For
each parent, the genotypes such that the identity of
the corresponding gamete can be uniquely inferred
are coded accordingly and as unknowns otherwise
[6]. For example, in an AB ×AB marker, progeny
with genotype AA are coded as A for both parents,
progeny with genotype BB as B for both parents and
AB as unknown. Clearly, information about the AB
genotypes is being thrown away by this method. The
problem is even more pronounced in the case of dominant A0 ×A0 markers, where 0 denotes the null allele, in which three quarters of the progeny will have
genotype A- and so be marked as unknown in the
pseudo-testcross, meaning that it is very difficult to
determine correct phases for these markers.
In theory, subsequent analyses which treat the parental phases as fixed to their most likely values suffer
from biases. However, for large pedigrees, the probability of the most likely phases is so close to certainty
that the magnitude of these biases is negligible.
Therefore, this paper presents an automatic and
effective method of determining parental phases in
crosses when the marker order is unknown.

relative phase between pairs of markers, i.e. which allele from one marker lies on the same chromosome as
which allele from the other marker. This paper only
deals with the phases of the parents in a cross, and
so the absolute phases do not matter. The expression
phase without qualification refers to the phase in the
parents for which the marker is heterozygous.
In a given pedigree, markers can be classified according to which parents the marker is heterozygous
for. Markers which are heterozygous in both parents, called bridge markers, have independent phases
in both parents for a total of four possible combinations, while markers which are heterozygous in only
one parent only have two possible phases.
In some cases, the parental phases can be inferred
from the genotypes of the grandparents and the rules
of Mendelian inheritance. Backcross and intercross
pedigrees are constructed so that the grandparents
are always homozygous at every marker. Thus, for
any marker heterozygous in a parent, the origin of the
alleles is unambiguous. CEPH-type pedigrees also
include genotypes from the grandparents. However,
since the grandparents are not necessarily homozygous, only some of the allele origins are unambiguous
[2]. Nevertheless, when the genotypes of the grandparents are completely unknown, or not sufficient to
determine the phases, but there are many offspring,
the genotypes of the offspring can determine the parental phases with very high probability.
The chrompic command in CRI-MAP finds the
maximum likelihood parental phases from the genotypes of the offspring [7]. However, its method requires the marker order to be known, which makes
chrompic more accurate, but it is not appropriate if
the marker order is not already known.
In order to apply the chrompic command to a
set of unordered markers, it is necessary to first determine a preliminary order using a method which
does not require known phases [11]. While the exact marker order is not necessary to determine the
phases, the maps must nonetheless be verified for
plausibility. Thus, it is necessary to go through the
work of producing the genetic map twice, first in
preparation for finding the phases and second to produce the final map.
A second method for assigning phases to markers
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Methods

computed at the same time. Usually, the recombination rate between two markers is limited to the range
Suppose we have a pedigree consisting of a cross be- 0 ≤ θ ≤ 0.5, and values of θ > 0.5 are considered
tween two individuals, referred to as the mother and meaningless. However, the values where 0.5 < θ ≤ 1
the father and many of their offspring, all of which are equivalent to recombination fractions of 1 − θ,
have been genotyped at many markers.
but with the opposite relative phase between the two
markers from what was assumed, i.e.:

2.1

Phase determination with a single
pair of markers

Lij (m, p, θ) = Lij (m, p, 1 − θ)

The likelihood function typically has a single maxiFor a given pair of markers, the possible relative par- mum on 0 ≤ θ ≤ 1, denoted θ̂. If θ̂ < 0.5, then maxental phases can be compared using their likelihoods. imum on the range 0.5 ≤ θ ≤ 1 occurs at θ = 0.5, so
The phase-known likelihood of linkage between mark- the lod score of the opposite phase is zero:
ers i and j, denoted Llhdij (m, p, θ), is a function of
Lij (m, p) = max Lij (m, p, θ)
m, the relative maternal phase between markers i and
0≤θ≤0.5
j; p, the relative paternal phase; and θ, the recom= max Lij (m, p, θ)
bination fraction. The lod value is defined to be the
0.5≤θ≤1
log likelihood ratio:
= L (m, p, 0.5) = 0
ij

Lij (m, p, θ) = log10

Llhdij (m, p, θ)
Llhdij (m, p, 0.5)

Similarly, if θ̂ > 0.5, then Lij (m, p) = 0 and
Lij (m, p) = Lij (m, p, θ̂).

Since we are interested in comparing the different relative phases and not in the recombination fraction,
we maximize over the values of θ to obtain the lod
score:
Lij (m, p) = max Lij (m, p, θ)

2.2

Phase determination with many
markers

With many markers, it is no longer feasible to compute the likelihood of a given set of phases. Since the
marker order is unknown, then the likelihood must
to get a function of just the relative phases.
If one or both of the markers is homozygous in one include a summation over all possible orders, which
of the parents then the likelihood does not depend is not computationally feasible. Thus, it is necessary
on the relative phase in that parent. In such cases, to determine the phases of many markers from the
the genotypes of the offspring offer no evidence re- two-marker likelihoods for all pairs of markers.
However, for three or more markers, maximizing
garding the occurrence or absence of recombination
the
pairwise relative phases can lead to contradicbetween the two markers in that parent. For examtions.
For n markers, there are n(n − 1)/2 pairs
ple, if marker i or marker j is homozygous in the
of
markers.
If each pair is to have its relative
mother, then
phase at the maximum pairwise likelihood, there are
n(n − 1)/2 constraints, but only n − 1 relative phases,
Lij (m, p, θ) = Lij (m, p, θ)
which leads to potential contradictions for n ≥ 2.
where m denotes the opposite relative phase of m. A Ideally, all the pairwise relative phases would be consimilar property holds when one or both markers are sistent, but, due to noise or errors in the genotyping
homozygous in the father. In these cases, only half data, they might not be. It would still be possible
of the lod scores need actually be computed.
to determine the phases based on a particular set of
Furthermore, in all cases, the lod score of a rel- n − 1 pairs of markers, but the solution would deative phase and the opposite relative phase can be pend on the set chosen, and there is no obvious way
to choose this set when the markers are unordered.
0≤θ≤0.5
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A more robust generalization to more than two
markers is to choose the phases which maximize the
sum of all pairwise lod scores:
X
Lij (mi ⊕ mj , pi ⊕ pj )
(1)

which are equivalent to Boolean values where addition (⊕) is defined as the exclusive-or operation and
multiplication is defined as the and operation. Let n
be the number of markers and let p be a column vector consisting of all 2n phases in both parents. Then,
i<j
for each i, j, we can construct a 2 × 2n matrix M
with exactly two non-zero elements in each row such
where mi ⊕ mj and pi ⊕ pj denote the relative phase that


between the two markers in the mother and the father
mi ⊕ mj
= M ·p
respectively. Because the lod scores Lij are, by defipi ⊕ pj
nition, logs of likelihood ratios, addition is a natural
way to combine them. If all the pairwise constraints The entries of this vector are the arguments of the
defined above are consistent, then a solution to the function Lij . Furthermore, if Lij does not depend on
pairwise constraints will also give the maximum sum one of the two relative phases, then the corresponding
to equation 1, because each term will be at its max- row of M can be dropped. Using this notation and
imum. However, even if the pairwise constraints are reindexing, we can rewrite equation 2 as
X
inconsistent, equation 1 nevertheless has a maximum.
fk (Mk ·p)
(3)
In order to more easily find a solution, we conk
sider only the terms of equation 1 over a certain lod
threshold T :
where k indexes the elements of ST and each Mk has
X
either one or two rows, and each row has exactly two
Lij (mi ⊕ mj , pi ⊕ pj )
(2) non-zero entries.
(i,j)∈ST

2.3

where

Maximizing equation 3

The basic structure of the algorithm is to perform
a breadth-first search, building up partial solutions
This eliminates most of the marker pairs which are consisting of values for a subset of the phases until a
not truly linked and whose corresponding terms in single full solution is left. At each step, the partial
equation 1, therefore, do not improve the accuracy solutions are uniquely determined by their values on
of the solution. The higher the value of T , the fewer a subset of the defined phases, which are called the
terms equation 2, and thus, the easier it is to max- index phases. The phases pass through the following
imize, but also the less accurate equation 2 is as an three states in order:
approximation of equation 1.
1. Unknown, meaning the value is undefined in the
As discussed above, whenever one of the markers
partial solutions.
in a term of equation 2 is homozygous in one of the
parents, then the value of Lij depends on only one
2. Index, as defined above.
of its parameters. In order to more efficiently find a
3. Fixed, meaning the value is defined in the partial
maximal solution to equation 2, it is necessary to exsolution, but it is not a index phase.
plicitly recognize this symmetry in the problem statement. Thus, some terms will be functions of single
The two fundamental operations are transitioning a
relative phases and some of two relative phases. In
phase from unknown to index, during which the numorder to represent both cases using the same notaber of partial solutions doubles, and transitioning a
tion, but without excessive indexing, it is useful to
phase from index to fixed, during which half of the
introduce the following notation. We represent the
partial solutions are discarded, as described below.
phases as elements of the field of two elements, F2 ,

ST = (i, j)|i < j, Lij (m, p) > T for some m, p
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In order to minimize the chances of the algorithm
failing, we want to minimize the value of E, the maximum of all the discarded solutions. At each step
where we want to prematurely transition a phase to
fixed, we can compute the resulting value of E assuming in turn, each of the possible phases to be
transitioned, and choose the one which leaves E at
a minimum. Furthermore, if any phase can be fixed
without increasing E, then doing so saves time and
memory without increasing the risk of failure.
This optimization is effective because the optimal
solution is likely to have most of the terms of equation 3 also at their maximum values. In other words,
the maximum solution is also likely to also have the
maximum likelihood relative phases for most pairs of
markers. Thus, for each prematurely fixed phase, the
eliminated partial solutions, which assume optimality
for the undefined terms of equation 3, will still have
a lower sum than the optimal solution.
In my implementation, I put an upper limit on
the number of index phases, currently 18. Whenever
there are more index phases than this threshold, one
phase is fixed. This value was chosen because it was
the largest value which would not cause the operating system to swap excessively on the development
machines.
Explicitly, the algorithm is given in figure 1. In
order to make the notation cleaner, it processes the
phases in the order in which the are in p. As a consequence of this assumption, there is no need to keep
track of the state of non-index phases; those less than
the current value of i are fixed and those greater than
the current value of i are unknown. As described
below my implementation chooses the phase order
based on the values of the fk . The implementation
of the algorithm in Figure 1 accepts the order as a parameter, which adds extra book-keeping to keep track
of which phases are fixed and which are unknown, but
does not change the fundamental algorithm.
While the optimality of the solution does not depend on the order in which the nodes are processed,
the ability to find that solution does. My implementation tries each phase in each group of linked phases
as a starting point. For each unordered phase, the
following heuristics are computed:

Suppose we have two putative solutions which differ by only a single phase. Rather than compute
equation 3 in its entirety, it is only necessary to compare those terms which depend on the differing phase.
More importantly, it is not even necessary to know
the values of those phases which never occur in any
of the computed terms. Thus, given two partial solutions which differ by a single phase, and such that
the defined phases include all phases which are used
in all terms which depend on the differing phase, it
is possible to eliminate one of them as non-optimal.
Applying this to each pair of partial solutions which
differ by only a single phase, in effect transitions the
phase from index to fixed.
Furthermore, we can take advantage of the arbitrariness of the absolute phases. Define a graph
whose nodes correspond to the phases and such that
there is an arc between two nodes i and j if and only
if there exists a row of some Mk which as entries of
1 at i and j. Reversing those phases which belong
to any connected component of this graph will result in the same value for each Mk ·p and thus, the
same value for equation 3. In other words, for each
connected component, there is an arbitrary choice of
phase. Therefore, whenever the first phase from each
component is added to the set of index phases, we can
immediately transition the phase to fixed by arbitrarily discarded one of each pair of partial solutions.
We can improve the efficiency by pruning the partial solutions more aggressively. In this case, we will
not be able to compare the pairs of partial solutions
on all of the terms of equation 3 in which they differ,
so we compare them based only on those terms which
do not depend on any unknown phases. Thus, partial solutions which are not provably sub-optimal are
removed during the algorithm, so the final answer is
not necessarily optimal. However, for each eliminated
solution, we can compute the maximum possible final value of equation 3 by assuming the maximum
possible value for each of the terms which depend on
unknown phases. If the maximum possible values for
all the eliminated partial solutions, E, is less than
the the value for the final solution, then the latter is
optimal, in spite of the short cuts. If not, then the
algorithm fails, and must be repeated with a higher
threshold T .
5

Input: n, the number of phases; a list of matrices Mk of dimension mk × n, as described in the text;
corresponding functions fk given as tables of 2mk real numbers
Output: Either phases p such that equation 3 is maximized or failure
C ← 18
E ← −∞

array of (partial solution, partial sum) pairs ← (all phases undefined, 0) .
index phases ← {}
for i = 1 to n do
if ith phase is the minimum phase of a connected component of the graph whose arcs are defined by
the rows of the Mk then
set ith phase to 0 in all partials
else
Duplicate each (partial solution, partial sum) and set the ith phase to the two possible values.
Add i to the set of index phases
for k such that the index of the rightmost non-zero column of Mk is i do
Add fk (Mk ·partial solution) − maxr fk (r) to value of each partial sum.
D ← −∞
for j in index phases do
A ← −∞
for pairs of partial solutions which differ only in jth phase do
A ← max A, min(pair of partial sums)
if A > D then
(`, D) ← (j, A)
if A < E or for all Mk such that the jth column is non-zero, all columns to the right of the ith
column are non-zero then
for pairs of partial solutions which differ only in the jth phase do
Remove the partial with the lower partial sum
Remove j from the index phases
if number of index phases > C then
for pairs of partial solutions which differ only in the `th phase do
Remove the partial with the lower partial sum
Remove ` from the index phases
E←D
(solution, sum) ← single element of partials array
if sum < E then
return failure
else
return solution
Figure 1: Explicit algorithm
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was projected onto one or both parents, as necessary, to make two separate data sets. Second, each
marker was duplicated, one copy in each of the possible phases. Third, the resulting data sets were
divided into linkage groups using the build com2. The sum of the magnitudes of the terms in equa- mand in CartaGène version 0.999 [3] with a dish
tion 3 in which the phase is the only undefined tance threshold of 40 cM Haldane and the lowest lod
variable. (The magnitude of a term is defined as threshold which did not link markers to their own
its greatest possible value).
opposite phases. Finally, the phases which linked to3. The sum of the magnitudes of all the terms in gether were taken to be the correct relative phases
and the original data set was recoded accordingly [6].
which the phase is present.
1. The total number of non-zero columns which correspond to previously ordered phases in all the
Mk for which the phase’s column is also nonzero.

The phases are ranked in decreasing order according
to the first heuristic, with ties broken by the the second, and ties in that broken by the third. The first
phase according to this ranking is appended to the
order. Finally, for each of these orders, the maximum number of index phases is computed, assuming
no upper limit, and the starting phase and associated
order are chosen. This last heuristic helps to pick orders which start at one end of the linkage group, not
in the middle. Variations on all of these heuristics
were tried and were less effective on the data set described below.
As a final step, the arbitrary choices of phases are
reconsidered relative to each other. First, the relative
phases within each component are fixed. Then, all
pairs of markers are considered in order of decreasing
lod score, maxm,p Lij (m, p). Those pairs which are
not already fixed are fixed according to the relative
phases with the maximum lod score.
Finally, unless a value of T is explicitly given, the
above algorithm is repeated to find the lowest value
such that a solution can be found.

3

3.1

Grapevine pedigree

With Phasing, T = 3.4 was the lowest value for which
the algorithm could find a solution on the grapevine
data set. At this value, equation 3 consisted of 12,545
terms. The markers in the output were then divided
taGène with a lod
into linkage groups using Carh
threshold of 7 and a distance threshold of 40 cM Haldane [3]. Markers in common with the International
Grape Genome Project reference map [10] were used
to verify that the data was correctly divided into 19
linkage groups corresponding to the 19 chromosomes
of grapevine.
There are two classes of potential errors in the
phase determination of a marker and they manifest themselves in different ways. Markers with halfcorrect phases (i.e. bridge markers with incorrect maternal phase and correct paternal phase or vice-versa)
would still be linked because of nearby markers heterozygous only in the parent with the correct phase,
but would have a recombination fraction of around
one half because almost all of the progeny would appear to have recombinations in the incorrectly phased
parent. Markers with fully incorrect phases would
not even be linked with other groups, or would only
be linked with other incorrectly placed markers.
To detect any markers which were unlinked because of with fully incorrect phases, all 21 unlinked
markers were recoded with the opposite phases, and
the resulting data set was again divided into linkage
groups. However, the 21 recoded markers were still
not linked with any of the other 998 markers.
To detect any markers with half-correct phases,
and thus, large recombination fractions, maps were

Results

The above algorithm was implemented in a C++ program called Phasing and tested on an actual data
set of 1019 markers genotyped in a pedigree consisting of 94 offspring of a cross between the grapevine
cultivars Syrah and Pinot noir (M. Troggio, unpublished data) and on simulated pedigrees. For comparison, the pseudo-testcross method, consisting of the
following steps, was also used. First, each marker
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Threshold
4.7
5.0
5.5
6.0
6.5
7.0

taGène
built from each of the 19 groups using Carh
with the build 5 command followed by annealing
with 50 tries, an initial temperature of 50, a final
temperature of 0.1, and a cooling factor of 0.9. There
were seven pairs of adjacent markers which were separated by recombination fractions of more than a
third, and each of these was examined to see if it
was caused by a phasing error. All seven gaps were
between one or two markers at the end of a linkage group and the rest of the markers in the linkage
group. All possible alternative phases for these end
markers were inserted into the data file, and linkage groups were found in the same way as above.
Only three of the alternatively phased markers were
linked with any of the nineteen linkage groups. New
maps were made of the relevant linkage groups using
the alternative phases for these three markers via the
same method as above. Two of the resulting maps
had lower likelihoods than with the original phases,
validating the original phase choices. The remaining
marker was given a less likely phase by Phasing.
Thus, out of the 998 linked and 21 unlinked markers, Phasing made only a single incorrect phase assignment.
Using the pseudo-testcross method on the full data
set, the lowest possible lod threshold was 9.2, and the
resulting phases were very inaccurate. By trial and
error, two markers were found and removed so that
it possible to use a lod threshold of 4.7. The loss
of these two markers was more than offset by the
increased accuracy afforded at a lower lod threshold.
Using the same method as above for finding linkage groups, there were only 993 linked markers. Five
markers that were linked in the Phasing output were
no longer in any linkage group. One of these was one
of the markers which had to be removed from the
data set, and another was only linked via the same
removed marker. The other three unlinked markers were due to incorrect phases. In addition, there
were six linked markers whose phases differed from
the results from Phasing. In these six cases, maps
were built with both phases using the same method
as above. In five out of the six cases, the results from
the pseudo-testcross had a lower likelihood than the
Phasing results. The remaining case was the error in
the Phasing output already identified above.

Incorrect markers
9
10
11
35
38
42

Table 1: The accuracy of pseudo-testcross method on
the grapevine data set using different lod thresholds.
In summary, if the pseudo-testcross method were
used to determine the phases instead of Phasing, five
markers would be lost because they would be unlinked, and a net of four linked markers would be
lost due to incorrect phases.

3.2

Higher lod thresholds

Phasing was re-run with higher values of T , every 0.5
from 3.5 to 7.0. The results were equivalent to the
original results at T = 3.5 and 4.0, but two additional
markers had phase errors at T = 4.5. Over the entire range, only five markers had incorrect phases at
any value of T , including the marker which was incorrectly phased at T = 3.4. The other four markers
consisted of two pairs in two different linkage groups.
Similarly, the pseudo-testcross method was repeated with lod thresholds every 0.5 from 5.0 to 7.0.
The number of incorrect markers at each lod thresholds is shown in table 1. A threshold of 7.0 resulted in
33 additional markers having incorrect phases compared to the original threshold of 4.7. Furthermore,
every increase in the lod threshold resulted in at least
one additional erroneous marker.

3.3

Pedigree size

To test the sensitivity of both methods in the presence of less data, subsets of the original grapevine
data set were created with only a quarter, half, and
three quarters of the original progeny. The results
from both methods are shown in table 2. In the case
of the pseudo-testcross method, the number of incorrect markers includes the discarded marker which was
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Number of
progeny
94
70
47
24

Incorrect markers
with Phasing
1
3
14
36

Incorrect markers
with pseudo-testcross
9
16
49
164

Table 2: The accuracy of Phasing and pseudo-testcross using different sized subsets of the individuals in the
grapevine data set.
Segregation type
AB ×CD
AB ×AA
AA×AB
AB ×AB
A0 ×A0

linked in the original output from Phasing. As the
number of progeny decreases, both methods become
less accurate, but the gap between the two increases.
Of course, pedigrees with fewer than 60 individuals are not very common in genetic mapping, because
with so little data it would be difficult to perform any
kind of accurate analysis, not just phase determination. Nonetheless, the results with small pedigrees
serve to demonstrate that with less informative data
sets, the accuracy of the two methods diverges.

Proportion
10%
25%
25%
25%
15%

Table 3: Relative proportions of different marker
types in the simulated data sets.

markers, the difference in accuracy was relatively
small, but whenever any of these parameters was less
than ideal, Phasing’s greater sensitivity was more apThe simulated pedigrees consisted of 94 progeny and
parent.
20 linkage groups of equal sizes, with 2% missing
The parameter T in equation 2 was introduced in
data and a 1% error rate. The distribution of marker
order to make the maximization problem tractable,
types is given in table 3. The proportion of A0 ×A0
but it also makes the solution potentially less accumarkers was made unrealistically high because it is
rate. An alternative would be to find an approximate
the least informative segregation type, and thus, it
maximal solution with T = 0, for example, by using
provides the best test of the sensitivity of the algoa stochastic search, rather than an exact maximal
rithms. Three pedigrees were simulated with varysolution with T > 0. However, the degree of approxing marker density and the accuracy of each of the
imation in equation 2 is explicitly parameterized by
two methods is shown in table 4. Again, Phasthe value of T , meaning that a more difficult data set
ing was universally more accurate than the pseudowould require a higher value of T . In contrast, the
testcross method. With the exception of three errors
degree of sub-optimality of an approximate solution
in the pseudo-testcross results on the 5 cM pedigree,
on a given data set is unknown. Even though experiall the errors were in the A0 ×A0 markers. Thus,
ments can validate the accuracy in general, a particufor both methods, the most difficult segregation type
larly difficult data set might violate the assumptions
was A0 ×A0 .
and produce a highly sub-optimal solution without
any warning.
Furthermore, the results suggest that the accuracy
4 Discussion
does not depend greatly on the value of T . On the
In every test, Phasing was more accurate than the grapevine pedigree, the solution did not vary greatly
pseudo-testcross method. In pedigrees with many for values of T between 3.4 and 7.0, so it seems that
progeny, a high density of markers, and few A0 ×A0 the theoretical advantages of lower values of T are

3.4

Simulations
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Distance
between Markers
5 cM
2 cM
1 cM

Number of
markers
400
1000
2000

Pseudo-testcross
error rate
3.25%
1.2%
0.85%

Phasing
error rate
0.75%
0.4%
0.0%

Table 4: Results of pseudo-testcross and Phasing on simulated data sets.
not so large in practice.
On the other hand, there is no advantage to using a higher value of T . The false apparent linkage
between markers in different linkage groups which occurs at lower values of T does not make the resulting
phases less accurate because the relative phases between different linkage groups do not matter.
In fact, the algorithm as described does not explicitly recognize that the markers belong to distinct
linkage groups. In contrast, most genetic analyses begin by dividing the markers into linkage groups and
then analyze each linkage group individually. While
the phases of individual linkage groups would have a
smaller search space and so equation 3 would have
fewer terms, it would add the additional step of finding the linkage groups in phase-unknown data. Nevertheless, for larger data sets than the one used in this
paper, the linkage groups may need to be analyzed
individually in order to be able to find a solution with
a sufficiently low threshold T .
The current implementation only deals with pedigrees consisting of the progeny of a single cross, but
the same algorithm can be extended to some other,
more complex pedigree types. Accurate phase determination inherently requires many offspring, which
rules out many potential applications. With enough
offspring the analysis can always be carried out considering each cross and its progeny in isolation, but
this discards information. For example, CEPH-like
pedigrees can be analyzed by ignoring the grandparents, which is obviously less efficient because
the grandparents’ genotypes can sometimes fix the
phases. On the other hand, the algorithm could be
extended to assume from the beginning those phases
which are unambiguous from the pedigree structure
and only solve for the remaining unambiguous phases.
In conclusion, while not perfectly accurate, Phas-
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ing is quite accurate for the most common pedigrees
and represents an improvement over existing methods in both accuracy and convenience.
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