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Abstract 
Motivation: Across-chromosome phasing identifies which haplotypes of different chromosomes come from the same par
ent. This differs from within-chromosome phasing, which uses linkage disequilibrium patterns to determine which alleles 
were co-inherited within each chromosome but does not match haplotypes across different chromosomes. While across- 
chromosome phasing can be conducted using genotypes from parents or close relatives, current methods perform poorly 
for samples of unrelated individuals. Here, we introduce a novel approach for across-chromosome phasing that employs a 
window-based SNP-similarity metric, eliminating the need for data from close relatives or detection of identical-by- 
descent haplotypes.

Results: Using UK Biobank offspring with both parents genotyped as a gold standard, we evaluated the performance of 
our method by phasing the offspring without using parental data. In genomic data with no within-chromosome phase 
errors, our algorithm achieved a mean across-chromosome phasing accuracy of 95%, with 53% of individuals phased 
perfectly. When data was pre-phased computationally using a standard within-chromosome phasing algorithm, mean 
accuracy for across-chromosome phasing dropped to 83.1%. Thus, our method is limited primarily by the accuracy of 
within-chromosome phasing accuracy and can approach near-perfect across-chromosome phasing accuracy as within- 
chromosome phasing accuracy improves.

Availability and implementation: The implementation was executed within a multi-node computational environment of 
University of Colorado Boulder Research Computing (Blanca Cluster: https://www.colorado.edu/rc/resources/blanca), 
employing parallelization techniques in the C programming language. The source code has been made publicly accessible 
online at https://github.com/emmanuelsapin/AcrossChromosomesPhasing, thereby facilitating reproducibility of the 
results for researchers with authorized access to the UK Biobank dataset.

1 Introduction
As a diploid species, humans possess two copies of each autoso
mal chromosome, one inherited from each parent. Genetic data 
typically indicates which alleles are present at each locus, but not 
which alleles co-occur together on the same copy of a chromo
some. Phasing—the process of separating diploid genotypes into 
two haploid sets of alleles (haplotypes) that reside on different 
copies of a chromosome—is a key challenge in genetics. The term 
“phasing” generally refers to within-chromosome phasing, 
where the process of assigning alleles to haplotypes occurs inde
pendently for each chromosome. Improving the quality of within- 
chromosome phasing is an area of significant interest (Majidian 
and Sedlazeck 2020, Wertenbroek et al. 2024) due to its numerous 
applications in genetics, such as genotype imputation (Marchini 

and Howie 2010), local ancestry inference (Maples et al. 2013, 
Freyman et al. 2021), Mendelian disease research (Beck et al. 2019), 
and detection of haplotypes that are identical-by-descent (IBD) be
tween individuals (Zhou et al. 2020). Tools such as Beagle 
(Browning et al. 2021), Eagle2 (Loh et al. 2016a), and Shapeit2 
(Delaneau et al. 2019) have improved the accuracy and computa
tional efficiency of within-chromosome phasing considerably. The 
rate of switch errors between two heterozygous sites, where the 
haplotype phasing algorithm incorrectly switches the assignment 
of alleles to a different haplotype, can be as low as 0.0016 
(Browning and Browning 2023) in well-phased data.

Across-chromosome phasing matches haplotypes on different 
chromosomes by their parent of origin after within-chromosome 
phasing has been completed. Accurate across-chromosome phas
ing reveals which chromosomal haplotypes were transmitted 
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together from the same parent, although it does not necessarily 
specify which set of haplotypes is paternal or maternal in origin. 
This approach can enhance relatedness inference (Ramstetter 
et al. 2018) and pedigree reconstruction (Staples et al. 2014, Jewett 
et al. 2021); support identification of each parent’s population of 
origin (Jagadeesan et al. 2018); enable assessment of parent-of- 
origin effects (Hofmeister et al. 2023, 2025), and boost power in 
linkage or genome-wide association studies (GWAS) by facilitating 
analysis of individuals not directly genotyped (Lindholm et al. 
2004, Kong et al. 2008). Such augmented data also increases the 
power of GWAS by proxy (i.e. analyzing a child’s genomic data in 
place of a proband parent’s) (Liu et al. 2017, Hujoel et al. 2020), as 
it differentiates half of each parent’s genome. Additionally, across- 
chromosome phased data can help to clarify changes over time in 
the strength of assortative mating, as correlations of polygenic 
scores between the (across-chromosome) phased haplotypes 
within a person reflect assortment patterns in the parental genera
tion (Balbona et al. 2021).

Both within- and across-chromosome phasing of genetic data 
are straightforward and almost perfectly accurate when genetic 
data from both parents is available for comparison. SNPs where 
the offspring is heterozygous and at least one parent is homozy
gous make it possible to determine which parent transmitted 
each allele, and best-guesses based on within-chromosome 
phasing of flanking SNPs can be used to fill in gaps where the 
offspring and both parents are heterozygous (Loh et al. 2016b). 
However, most datasets do not have genetic data for partici
pants’ parents, and across-chromosome phasing without paren
tal data is a more difficult problem with few established 
methods. Existing approaches often have requirements that are 
difficult to meet, such as the presence of other (non-parental) 
close relatives in the data (e.g. (Kong et al. 2008, Qiao et al. 
2021)), or are intended for special circumstances such as inter
specific hybrids or allopolyploid species (Jia et al. 2022).

Three recent approaches enable across-chromosome phasing 
in cohorts comprising individuals who are not necessarily 
closely related. In Hofmeister et al. (2025) the proposed method 
is predicated on the concept of surrogate parents. A surrogate 
parent is defined as a relative of the focal individual who is in
ferred to be related to one of the focal individual’s biological 
parents, with this relationship established through analysis of 
sex chromosome data. This approach demonstrates near- 
perfect performance; however, the reported results pertain only 
to a subset of the dataset consisting of individuals for whom sur
rogate parent relationships could be reliably identified.

In Noto and Ruiz (2022), locations are identified where the focal 
individual and other individuals share Identical By Descent (IBD) 
segments at least 10 centimorgans (cM) long on at least two differ
ent chromosomes. Haplotypes on different chromosomes that are 
mutually IBD between a pair of individuals were probably inherited 
from a common ancestor and so can be inferred as being in phase 
(inherited from the same parent). Clusters of overlapping segments 
are then created and matched to allow for across-chromosome 
phasing over the whole genome. The accuracy of this approach 
depends on the number of relatives present in the sample. In U.S.- 
based samples of predominantly European ancestry that are not 
enriched for close relatives, sample sizes of 10 million or more are 
required to yield sufficient numbers of both close and distant rela
tives to achieve error rates of �5%. In the approach by Williams 

et al. (2025), which was developed at the same time and in parallel 
with the approach introduced in the current manuscript, IBD seg
ments of 5 cM or longer are detected for the focal individual, and 
then a signed graph is built. Each IBD segment is a vertex of the 
graph, and signed edges are created between overlapping IBD seg
ments to indicate whether the segments overlap on the same hap
lotype or on opposite haplotypes. Segments are grouped into tiles 
when they overlap by at least 3 cM. A clustering algorithm is then 
applied to the graph to create two clusters corresponding to tiles 
of segments inherited from each of the two parents. The approach 
in Williams et al. (2025) is more robust to within-chromosome 
phasing errors in the data than the approach in Noto and Ruiz 
(2022), but both approaches depend on the ability to detect nu
merous IBD segments that meet minimum length requirements. 
These methods are therefore computationally intensive and work 
best in large datasets or datasets with close relatives to produce a 
sufficient number of long IBD segments.

This manuscript introduces a novel approach to across- 
chromosome phasing that leverages correlations of a SNP- 
based similarity measure across-chromosomes, eliminating the 
need for explicit IBD segment calling. It is effective in smaller 
datasets (<500 000 individuals) and performs well when individ
uals lack the close relationships necessary to share long IBD seg
ments. We detail the methodology and validate its performance 
using a dataset that includes offspring from complete parent- 
child trios, enabling ground-truth comparisons to assess phas
ing accuracy. Without using data from close relatives, our 
method achieved a median accuracy of 85.93% (mean: 83.10%) 
when applied to data that had been phased within chromo
somes using a standard algorithm. When the initial within- 
chromosome phasing was error-free, median accuracy increased 
to 100% (mean: 95%).

2 Overview of approach
We developed and evaluated our method using data from the 
UK Biobank (Bycroft et al. 2018), focusing on individuals of 
European descent. This choice was driven by the method’s al
tered performance in mixed-ancestry samples and the fact that 
individuals of European descent were overwhelmingly the larg
est group in the UK Biobank. We used genetic principal compo
nents to identify the smallest 4D hypersphere containing all 
individuals with self-described white British ancestry and then 
selected all individuals within that space (regardless of self- 
described ancestry) as our eligible sample (435 187 individuals). 
Next, we selected biallelic SNPs that were present on both the 
UK BiLEVE and UK Biobank Axiom arrays, had a minor allele fre
quency (MAF) of at least 5%, and had a Hardy–Weinberg equilib
rium chi-square test P-value >.0005. This resulted in a final 
dataset of 330 005 SNPs.

We used data from 978 trio families, each consisting of an 
offspring and both parents, to evaluate phasing accuracy in the 
offspring. Using parental genotypes, we established a “gold 
standard” or ground truth for across-chromosome phasing, sup
plemented by within-chromosome phase information inferred 
with SHAPEIT2 (https://mathgen.stats.ox.ac.uk/genetics\_software/ 
shapeit/shapeit.html), at sites flanking SNPs where all three fam
ily members were heterozygous. This gold-standard phasing is 
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expected to be nearly 100% accurate, with errors arising only 
from SNP-calling inaccuracies or within-chromosome phase 
switch errors near mutually heterozygous sites. Such switch errors 
typically span only one or two heterozygous SNPs, as they are 
corrected at the next site at which one family member 
is homozygous.

After establishing the ground truth for across-chromosome 
phasing in the trio offspring, we excluded their parents and any 
other first-degree relatives and applied all steps of our phasing 
method using the offspring as focal individuals. The parameters 
used in the across-chromosome phasing procedure were se
lected to optimize phasing accuracy within this trio of offspring 
samples. As discussed in the Section 4, we do not believe this 
led to upwardly biased estimates of phasing accuracy due to 
overfitting, despite parameter tuning being performed on the 
same sample of 978 individuals.

All other “non-focal” individuals in the full European-ancestry 
sample were retained and used to phase the focal individuals 
across chromosomes. This design allowed us to evaluate phas
ing accuracy under conditions more representative of large- 
scale cohorts such as the UK Biobank, where most individuals 
lack first-degree relatives.

Nevertheless, we observed that levels of more distant related
ness were higher among trio offspring than in the broader UK 
Biobank sample. For example, 15.9% of trio offspring had at 
least one second-degree relative in the dataset (Fig. 2, Table 1, 
available as supplementary data at Bioinformatics online in the 
Supplement), compared to only 4.1% among other individuals 
in the UK Biobank. To enable generalizable inferences across 
samples with varying levels of relatedness, we present phasing 
accuracy stratified by each individual’s closest degree of related
ness in the dataset.

All UK Biobank individuals were initially phased within chro
mosomes using SHAPEIT2. For trio families, focal individuals (off
spring) were phased without incorporating parental or sibling 
genotypes, as described earlier. Because across-chromosome 
phasing depends on the accuracy of within-chromosome phas
ing, we applied a multi-stage error-correction algorithm to re
duce genotyping and phase errors across the full sample. This 
method leverages haplotype sharing with long matching seg
ments to identify inconsistencies and iteratively refine phase ac
curacy. Further details on phasing and correction procedures 
are provided in the Supplement, available as supplementary 
data at Bioinformatics online.

Our method analyzes one focal individual at a time, using a 
SNP-based similarity metric to compare one haplotype of the focal 
individual to both haplotypes of every other individual in the sam
ple within fixed, non-overlapping windows. For each haplotype of 
a non-focal individual, the higher of the two haplotypic SNP- 
similarity values for a given window is selected, ensuring that the 
most relevant haplotype pairing is used. This approach minimizes 
the impact of phasing errors in non-focal individuals, because the 
selection of which of the non-focal individual’s chromosomes is 
more similar for each window is based only on SNPs from within 
that window, allowing each window to match to either of the non- 
focal individual’s chromosomes. In particular, to quantify haplo
typic SNP similarity between focal and non-focal individuals within 
each window, we compute the maximal SNP similarity for one hap
lotype (A) of the focal individual for a given window wg on a given 

chromosome. This results in a vector bψ A;wg 
of length n − 1, where 

each element in the vector represents the SNP similarity between 
haplotype A of the focal individual and the most similar haplotype 
of each non-focal individual of window wg on the same chromo
some. Similarly, we calculate bψ B;wg 

for the focal individual’s second 
haplotype (B) for the window wg, producing another vector of 
n − 1 SNP similarity values. The labels A and B are assigned arbi
trarily for each pair of chromosomes and do not yet reflect across- 
chromosome phase.

After calculating haplotypic similarity values for each window 
across the genome between the focal individual and all non-focal 
individuals, we examine the 2×2 correlation matrices of SNP sim
ilarity values between pairs of haplotypes at each chromosomal 
window. Specifically, we compute the correlation between the 
vectors ðbψ A;wg

; bψ B;wg
Þ and ðbψ A;wh

; bψ B;wh
Þ, where wg and wh refer to 

windows wg and wh on either the same or different chromo
somes, respectively. Correlations between these bψ vectors are 
expected to be stronger when both haplotypes are inherited from 
the same parent (e.g. the maternal haplotype of window 1 on 
chromosome 4 and the maternal haplotype of window 3 on chro
mosome 7) than when they are inherited from different parents 
(e.g. the maternal haplotypes of window 1 on chromosome 4 and 
the paternal haplotype of window 3 on chromosome 7). By itera
tively pairing haplotypes across windows and chromosomes 
based on these 2×2 correlation matrices—beginning with the 
pair showing the strongest evidence of shared parental origin— 
we can cluster windows inherited from the same parent, enabling 
accurate across-chromosome phasing.

The underlying intuition is that a common ancestor of the fo
cal and non-focal individuals may sometimes transmit two or 
more IBD segments across different chromosomes. In the ab
sence of inbreeding, such segments should be inherited from ei
ther one parent of the focal individual or the other, depending 
on which side of the family tree the common ancestor is from, 
meaning they should be in a across-chromosome phase with 
one another. Absent inbreeding, focal haplotypes that show ele
vated SNP similarity values with the same non-focal individuals 
across two or more chromosomal windows are likely inherited 
from the same parent. This pattern should lead to inflated corre
lations of bψ between haplotypic windows that are in phase with 
one another while avoiding the need to identify IBD segments.

While bψ is typically influenced by IBD segments inherited 
from a common ancestor, it remains effective when IBD seg
ments are too short to formally detect. The bψ metric is also in
formative when the focal individual’s parents belong to two 
different ancestral sub-populations. In such cases, differences in 
allele frequencies due to population stratification, including 
fine-scale stratification (Cook et al. 2020), can affect bψ values. 
Individuals from the same subpopulation as one of the focal 

Table 1 Correlations between bψ � vectors across haplotypes of two 
windows for a focal individual.

Window wh

Hap A Hap B

Window wg Hap A r(bψ �A;wg
,bψ �A;wh

) r(bψ �A;wg
,bψ �B;wh

)
Hap B r(bψ �B;wg

,bψ �A;wh
) r(bψ �B;wg

,bψ �B;wh
)
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individual’s parents will exhibit higher bψ values for haplotypes 
originating from that parent. This creates a similar pattern of 
correlation between the lists of bψ values and allows population 
stratification in the parental generation to assist in across- 
chromosome phasing.

The remainder of this manuscript describes the details of our 
across-chromosomal phasing approach and its performance. 
Section 3 describes the calculation and use of the bψ metric and 
our algorithm to use this metric for across-chromosome phas
ing. Section 4 evaluates the accuracy of the across- 
chromosomal phasing using the 978 trio offspring. The last sec
tion summarizes the manuscript.

3 Across-chromosome 
phasing algorithm
3.1 Calculation of the bψ metric
For the purposes of this study, we computed the bψ metric for 
each focal individual using only non-focal individuals whose 
genome-wide SNP relatedness (bπ) with the focal individual was 
<0.33. This threshold excludes parents, siblings, and offspring, 
ensuring that phasing accuracy estimates based on trio off
spring are more representative of performance in population- 
based samples such as the UK Biobank. Note, however, that 
while close relatives such as parents or half-siblings could en
able near-perfect phasing, full siblings are not informative for 
across-chromosome phasing in our framework, as they inherit 
both haplotypes from the same parents.

The formula for bπ , a widely used measure of (diploid) SNP 
similarity is shown in Equation 1, where f denotes the focal indi
vidual, i indexes non-focal individuals, pk is the MAF for SNP k, xk 

represents each individual’s diploid genotype at SNP k, and m is 
the total number of SNPs included in the calculation. 

bπðf ; iÞ ¼
1
m

Xm

k¼1

ðxkf − 2pkÞðxki − 2pkÞ

2pkð1 − pkÞ
; (1) 

We modify the original formula to estimate similarity between 
haploid, rather than diploid, genotypes. A haploid version of the 
SNP similarity metric is given in Equation 2, where Af and Ai rep
resent haplotypes A from the focal and non-focal individuals, re
spectively. The variable xk denotes the allele at SNP k within a 
sequence s located in a window wg on a given chromosome. The 
sequence s is defined as the longest contiguous run of SNPs for 
which the two haplotypes are identical; that is, xkAf ¼ xkAi for all 
k 2 s� wg. This construction ensures that bψ wg 

is always non- 
negative. The calculation of bψ wg 

includes only SNPs that are 
heterozygous in the focal individual, as these are the only 
phase-informative sites. Each term in the sum is exponentiated 
by 1=5 to reduce the disproportionate influence of SNPs with 
low MAF. While rare SNPs still contribute more to the similarity 
score than common SNPs, the exponentiation dampens their 
impact, reducing noise in the resulting similarity metric. Unlike 
bπ , which is an average SNP similarity (the sum divided by the 
number of SNPs), bψ wg 

is a sum, allowing longer stretches of 
haplotypic identity to have greater influence. 

bψ wg
ðAf ; AiÞ ¼

X

k2s�wg

ðxkAf − pkÞðxkAi − pkÞ

pkð1 − pkÞ

� �1=5

(2) 

The length and number of windows within each chromosome 
are important parameters for accurate across-chromosome 
phasing. Windows that are too long are more likely to span 
phase errors, potentially propagating those errors to other 
regions. Conversely, windows that are too short may not contain 
enough SNPs to support reliable phasing. To define windows 
that are approximately independent, we identified the top 10 re
combination hotspots on each chromosome—those with the 
highest ratio of genetic distance (cM) to physical distance (Mb)— 
using the deCODE sex-averaged recombination map 
(aau1043_datas3.gz) from Halldorsson et al. (2019). These 
hotspots were used as boundaries, with the additional con
straint that each window must span at least 25 cM. As a result, 
longer chromosomes had more windows than shorter ones; for 
example, chromosome 1 was divided into 5 windows, whereas 
chromosome 21 had 2. In total, we defined 78 windows 
genome-wide, with an average length of 44.08 cM (standard 
deviation = 17.38 cM) and a range from 19.3 to 102.4 cM. On aver
age, each window contained �4231 SNPs. A map of window 
boundaries by chromosome is provided in the Supplementary 
Materials (Figures 6–27, available as supplementary data at 
Bioinformatics online).

Two haplotypic-haplotypic similarity values are computed for 
each window: bψ wg

ðAf ;AiÞ and bψ wg
ðAf ;BiÞ, representing the simi

larity between the focal individual’s haplotype Af and the two 
haplotypes Ai and Bi of a non-focal individual. We then define 
bψ �wg
ðAf ; iÞ as the larger of these two similarity values, raised to 

the fourth power, as shown in Equation 3: 

bψ �wg
ðAf ; iÞ ¼ max

�
bψ wg
ðAf ; AiÞ; bψ wg

ðAf ;BiÞ
�2

(3) 

Exponentiating by 2 amplifies the contrast between low val
ues of bψ �wg

—likely due to random similarity—and high values 
that are more indicative of IBD segments or shared ancestry. 
This metric serves as an estimate of the maximum haplotypic 
similarity between a given window wg in the haplotype Af of the 
focal individual and the corresponding window in the two hap
lotypes of the non-focal individual.

Similarly, we compute bψ �wg
ðBf ; iÞ for the focal individual’s hap

lotype Bf using Equation 4: 

bψ �wg
ðBf ; iÞ ¼ max

�
bψ wg
ðBf ; AiÞ; bψ wg

ðBf ;BiÞ
�2

(4) 

This approach ensures that, for each non-focal individual, 
only the haplotype most similar to the focal individual’s haplo
type is considered. As a result, the method is more robust to 
within-chromosome phasing errors in non-focal individuals, 
since windows do not need to consistently align to the same 
haplotype. If a switch error in a non-focal individual spans multi
ple windows, it will only reduce bψ �wg 

in the windows where the 
switch occurs, without affecting windows upstream or down
stream of the window where the switch occurred. However, 
switch errors in the focal individual will still degrade across- 
chromosome phasing accuracy.
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3.2 Usage of the bψ metric to phase 
across-chromosomes
For a given focal individual f, we define the vectors of length n − 1 
whose elements are the values defined in Equations 3 and 4
as bψ �A;wg 

and bψ �B;wg 
respectively, representing the maximum 

haplotypic similarity of window wg between the focal individual’s 
haplotype A (or B) and the haplotypes of each of the non-focal 
individuals. These two vectors are computed for all 78 windows 
across all 22 autosomal chromosomes for a given focal individual. 
Our method for across-chromosomal phasing is based on these bψ �

vectors. To phase two windows, wg and wh, (which can exist on 
the same or, more often, on different chromosomes), we calculate 
correlations between the pair of vectors for each chromosome as 
shown in Table 1, where rðx;yÞ denotes the Pearson correlation 
between x and y.

Higher correlations along the diagonal of this matrix 
(r(bψ �A;wg

,bψ �A;wh
) and r(bψ �B;wg

,bψ �B;wh
)) than the off-diagonal 

(r(bψ �A;wg
,bψ �B;wh

) and r(bψ �B;wg
,bψ �A;wh

)) suggest that haplotype A of 
window wh originates from the same parent as haplotype A of 
window wg, and similarly for haplotypes B. On the other hand, 
higher correlations along the off-diagonal of this matrix than the 
diagonal suggest the opposite: that haplotype A of window wh 

pairs with haplotype B of window wg and haplotype B of window 
wh pairs with haplotype A of window wg.

In cases where two allelic windows (A and B), located on the 
same chromosome, both exhibit a high degree of correlation 
with a single haplotype (A or B) in another genomic window, the 
analytical procedure entails summing the correlations corre
sponding to identical haplotypes (i.e. AA and BB). In contrast, 
correlations associated with opposing haplotypes (AB and BA) 
are subtracted from this sum. This computation produces a uni
fied quantitative measure, λ, that characterizes the relationship 
between a given pair of windows—whether situated on the 
same chromosome or on different chromosomes—as formally 
defined in Equation 5. 

λwh;wg ¼ rðbψ A;wg
; bψ A;wh

Þ− rðbψ A;wg
; bψ B;wh

Þ

− rðbψ B;wg
; bψ A;wh

Þþ rðbψ B;wg
; bψ B;wh

Þ:
(5) 

The sign of λwh;wg predicts whether haplotype A of window wh 

and haplotype A of window wg originate from the same parent 
(positive sign) or different parents (negative sign). In cases 
where parental genotypes are available, λwh;wg can be compared 
to the ground truth value to determine the accuracy of the 
across-chromosomal phasing.

3.3 Haplotype matching across 
chromosomes
Our algorithm for matching haplotypes across windows—and 
thus across chromosomes—builds on the concepts introduced 
in the preceding sections. For each focal individual, the algo
rithm evaluates pairs of windows, denoted wg and wh, which 
may lie on the same or different chromosomes. To account for 
the observation that switch errors between two windows occur 
with a frequency of less than half: if λwg;wh <0 and the windows 
are located on the same chromosome, the value is scaled by a 

factor of 0.75. The algorithm then selects the pair that maxi
mizes the absolute value of this adjusted λwg;wh across all possi
ble combinations. Subsequently, wg and wh are phased by 
integrating their haplotypes according to the sign of the se
lected λ. When λwg;wh >0, haplotype A of the first window is 
merged with haplotype A of the second (and B with B). 
Conversely, when λwg;wh <0, haplotype A is merged with haplo
type B (and vice versa), thereby preserving the structural integ
rity of the haplotypic configuration.

Our algorithm for matching haplotypes across windows—and 
thus across chromosomes—builds on the concepts introduced 
in the preceding sections. For each focal individual, the algo
rithm begins by selecting a pair of windows, denoted wg and wh, 
which may lie on the same or different chromosomes (and may 
or may not be adjacent if on the same chromosome). This pair is 
chosen to maximize the absolute value of λwg;wh across all possi
ble window combinations. The algorithm subsequently per
forms phasing of wg and wh across the chromosomal sequences, 
integrating their respective haplotypes in accordance with the 
sign of λwg;wh . When λwg;wh >0, haplotype A from one genomic 
window is merged with the corresponding haplotype A of the 
other window, and the haplotype Bs are similarly merged. 
Conversely, when λwg;wh <0, haplotype A of one window is 
merged with haplotype B of the other window (and vice versa), 
thereby preserving the structural integrity of the haplotypic 
configuration.

Next, a third window wl is selected by again maximizing the 
absolute value of the correlation—now between wl and the al
ready merged haplotypes from wg and wh, denoted wg;h. The 
haplotypes of wl are aligned with those of wg;h, and the three 
windows are then merged into a single phased segment.

This iterative procedure continues, with each subsequent window 
selected and phased relative to the merged haplotypes of all previ
ously processed windows. The process terminates once all windows 
across all chromosomes have been incorporated, yielding a fully 
across-chromosome phased haplotype for the focal individual. A 
formal description of the algorithm is provided in Supplement 2, 
available as supplementary data at Bioinformatics online.

4 Results
We present the results of applying our across-chromosome 
phasing algorithm to UK Biobank data. To assess phasing per
formance, we define the ‘across-chromosome phasing accuracy 
(ACPA)’ score as the proportion of SNPs that are phased to
gether in the focal individual and correctly traced to the same 
biological parent, as illustrated in Fig. 1. For SNPs at which the 
offspring and both parents are heterozygous, one allele is arbi
trarily labeled as originating from Parent 1 and the other from 
Parent 2. If all alleles assigned to a given parent are in fact inher
ited from that parent, the ‘ACPA’ score is 100%. An ‘ACPA’ score 
of 50% is the expectation under random assignment, where 
alleles attributed to one parent actually originate equally from 
both parents.

We first evaluated the accuracy of our algorithm using focal indi
viduals (trio offspring) who had virtually no within-chromosome 
phasing errors (because parental genotypes were used to correct 
within-chromosome phasing). We then evaluated accuracy on data 
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that included within-chromosome phasing errors (from being 
phased using Shapeit2 without first-degree relative information 
used) as shown in the top of Fig. 2. We present in the appendix 
results on the impact of the number of samples in the data as well 
as the quality of within-chromosome phasing.

When no errors were present in the within-chromosome phas
ing, the median ‘ACPA’ score across all offspring was 100%, with 
a mean of 95.3%. In contrast, when within-chromosome phasing 
errors were included, the median ‘ACPA’ score dropped to 
85.9%, with a mean of 83.10% (complete results are provided in 
Table 2). These results indicate that the primary limitation on 
the accuracy of across-chromosome phasing using our method 
is the quality of the initial within-chromosome phasing. 
Nonetheless, regardless of whether within-chromosome phasing 
errors were present, the presence of a close relative in the data
set consistently improved average phasing accuracy (Fig. 2).

To benchmark our approach against existing methods, we ap
plied the algorithm developed by Noto and Ruiz (2022) using 
their recommended IBD segment length threshold of at least 10 
cM. This method requires multiple non-focal individuals to share 
IBD segments with the focal individual on at least two chromo
somes. When this requirement is not met—i.e. when some chro
mosomes lack sufficient IBD information—the method assigns 
phase at random for the affected chromosomes.

The results for the Noto method are shown in the left half of 
each violin plot in Fig. 2, while results for our method are shown 
on the right. Across all comparisons, our approach outper
formed the Noto method, both in individuals with and without 
close relatives, as reflected in the mean and median ‘ACPA’ 
scores for trio offspring and parent–offspring (P/O) pairs follow
ing either computational (Shapeit2) or error-free phas
ing (Table 2).

To assess potential overfitting, we applied our method and 
the Noto algorithm to an independent sample of 3718 offspring 
from parent–offspring (P/O) pairs of European descent who 

were not used in parameter tuning. Across-chromosome phas
ing accuracy is expected to be slightly lower in P/O than in trio 
offspring because (i) trio offspring in the UK Biobank happen to 
have more distant relatives in the dataset, providing a stronger 
haplotypic similarity signal for phasing and (ii) trio data allow 
more complete and precise construction of ground truth for esti
mating accuracy. (It is important to re-emphasize that the trio 
accuracy estimates were not advantaged by parental informa
tion during within-chromosome phasing, and the same condi
tion applied to the P/O analyses: parents were excluded during 
pre-phasing in both cases). In this validation sample, the median 
‘ACPA’ was 84.57%, with a mean of 81.73%, representing only a 
�1% decrease relative to trio offspring. In contrast, the Noto 
method showed a larger decline, with mean ‘ACPA’ dropping 
from 73.3% in trio offspring to 68.1% in P/O offspring (Table 2). 
This pronounced difference in performance decline indicates 
that our method’s accuracy in trio offspring is not inflated by 
overfitting. Additional P/O results are shown in the Supplement, 
available as supplementary data at Bioinformatics online.

Finally, our method slightly outperforms the across- 
chromosome phasing results reported by Williams et al. (2025). 
In the supplementary materials of that study, the median ‘ACPA’ 
score is 83.4% for 998 individuals from trio data who self- 
described as White British or Irish (and parents with bπ<0.0884) 
in the UK Biobank. When applying identical cohort selection cri
teria, the present approach attains a median ‘ACPA’ score of 
85:66% on those same 998 individuals.

5 Conclusion
Our approach—based on correlations of bψ metrics—provides a 
flexible and effective framework for across-chromosome phas
ing, particularly in large cohorts of unrelated individuals. We in
troduce a novel method specifically designed for datasets in 
which individuals share few or undetectable IBD segments. This 

Figure 1 Simple example of across-chromosome phasing on four chromosomes of the same size, resulting in an ‘ACPA’ score of (100 + 88 + 100 
+ 0)/4 = 72%.
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method leverages a new haplotypic similarity measure com
puted between pairs of genotyped individuals using computa
tionally phased data. By comparing the haplotypic similarity 
profiles of a focal individual with those of all others in the data
set, we generate lists of similarity values that contain informa
tive structure for inferring across-chromosome phase. 
Correlations between these lists across windows on separate 
chromosomes enable the alignment of haplotypes across 
chromosomes.

Applied to real data, our method outperforms existing IBD- 
based approaches—such as that of Noto and Ruiz (2022)—partic
ularly in individuals without close relatives. Moreover, it 
achieves high accuracy in a dataset of �500 000 individuals, 

substantially smaller than the 10 million individuals recom
mended for the Noto method, highlighting the scalability and 
practical utility of our approach. The method is demonstrated to 
work well on human datasets and can be applied to any other 
species for which datasets of comparable sizes are available.

The results presented here are promising, but there are sev
eral ways in which they could be further improved. We have 
shown that our approach performs almost perfectly when the 
pre-existing phased data contains no within-chromosome phas
ing errors. Therefore, reducing the frequency of such errors 
would significantly enhance overall performance. Additionally, 
the method itself could be refined in several ways. We propose 
three potential improvements. First, our current approach treats 
windows independently, even when they lie on the same chro
mosome. However, within-chromosome phase information may 
be informative, as contiguous windows that are estimated to 
be in phase are more likely to reflect consistent across- 
chromosome phasing. This information could be incorporated 
by introducing a loss function that penalizes phase configura
tions implying switch errors within chromosomes. Second, the 
integration of explicit information from close relatives could fur
ther improve phasing accuracy. For example, all genomic seg
ments shared between an avuncular relative (e.g. an aunt or 
uncle) and another individual must originate from the same 
grandparental lineage—either maternal or paternal—providing 
a strong constraint on phase orientation. Third, across- 
chromosome phasing results could be used to refine within- 
chromosome phasing. Our method could be applied recursively, 
using improved across-chromosome phase estimates to inform 
a new round of within-chromosome phasing—potentially with 
smaller windows—thereby iteratively improving both within- 
and across-chromosome phase accuracy. Although the algo
rithm is conceptually general and could, in principle, be applied 
to other diploid species, practical performance will depend on 
factors such as adequate sample size and low levels of inbreed
ing, which are necessary to avoid parent-of-origin ambiguity. 
These potential enhancements underscore the flexibility and ex
tensibility of our framework and suggest promising directions 
for future methodological development.
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Figure 2 Violin plots of ‘ACPA’ scores for trio offspring. The left half of 
each plot shows the ‘ACPA’ scores for trio offspring when using the 
method of Noto et. al., while the right part of each violin shows ‘ACPA’ 
scores using our method. The bottom plot shows results when input 
data has no within-chromosome phasing errors, while the top plot 
shows results when within-chromosome phasing errors are present. For 
each focal individual, color indicates the highest degree of relatedness 
(based on bπ ) to any non-focal individual.
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