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ABSTRACT

In this dissertation, we develop algorithms and variations on the Positional Burrows-Wheeler

Transform (PBWT). The PBWT is a data structure that stores M binary strings of length N while

allowing efficient search. We develop the dynamic-PBWT (d-PBWT). The d-PBWT is a varia-

tion of the PBWT that allows its relevant algorithms to run with unchanged time complexity, but

also allows efficient insertion and deletion of haplotypes. We provide insertion and deletion algo-

rithms on the PBWT with average case O(N) time complexity. We also improve upon the query

algorithms for the PBWT. Durbin described a set maximal match query algorithm on the PBWT

and claimed O(N) time complexity. Naseri et al. described a long match query algorithm on

the PBWT using additional data structures (LEAP arrays) in claimed O(N + c) time complexity,

where c is the number of matches outputted. We showed these bounds to be incorrect in the worst

case and provided set maximal match and long match query algorithms that do have these time

complexities. Furthermore, we develop a new formulation of haplotype threading, the Minimal

Positional Substring Cover (MPSC). We solve the MPSC in O(N) time. Then, we solve variants

of the MPSC problem: leftmost MPSC, rightmost MPSC, and set maximal match only MPSC.

Using these variants to bound the solution space, we are able to represent all possible MPSCs in

efficiently. Then, we solve variants that may be more biologically useful: length maximal MPSC,

h-MPSC, and L-MPSC. All the MPSC problems are solved in O(N) time given a PBWT of the

reference panel. Finally, we show the biological usefulness of the MPSC formulation using an

imputation benchmark.
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CHAPTER 1: INTRODUCTION

Richard Durbin introduced the PBWT in 2014 [8]. The PBWT is an index on X , a set M binary

strings of length N. When applied to haplotype datasets, X is sometimes referred to as the haplo-

type panel. The PBWT can be constructed in time linear to the size of the input panel, O(MN).

The PBWT focuses on matches between strings where the position of the match is the same in both

strings. It can output all such matches between strings in the input panel in O(MN+c) time where

c is the number of matches outputted. This can be done for all long matches or all set maximal

matches. These matches where position is the same in both strings are biologically useful since

matches along long sections of the genome can be used to infer shared ancestry over that section

of the genome. In fact the PBWT has been applied to many tasks in computational genetics. These

methods can scale to biobank scale datasets due to their utilization of the PBWT.

The PBWT has been applied to haplotype threading, haplotype phasing, haplotype imputation,

identical-by-descent (IBD) segment detection, and genome graphs. Haplotype threading is the

process of representing a query haplotype as a sequence of copied segments from haplotypes in a

reference panel. The Li & Stephens model has been the state of the art haplotype threading method

for many years [12]. Haplotype threading has found applications in haplotype phasing and impu-

tation. Haplotype phasing is the process of taking a genotype and inferring two haplotypes from

it given a reference panel. A genotype can be seen as a string over an alphabet of size 3, at some

variant, a value of 0 implies both haplotypes don’t have the variant, 1 implies both haplotypes

have the variant, and 2 implies one haplotype has the variant and one does not. Haplotype imputa-

tion is the inference of missing variants of a haplotype given some of its variants and a reference

panel. Typically, microarray data of the haplotype to be imputed is provided and whole genome

sequencing data is being imputed. The PBWT has been applied to haplotype phasing in widely

used tools such as Beagle 5.2 [3] and Eagle2 [13]. Similarly, it has seen use in haplotype impu-
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tation tools such as Beagle 5.2, IMPUTE5 [21], and SHAPEIT4 [7]. Identical-by-Descent (IBD)

segments are segments of two haplotypes that match exactly and are at the same position on the

genome. Furthermore, they match due to a shared ancestor through which the haplotypes obtained

this segment. Many tools attempt to infer IBD segments through the use of exact or inexact match,

typically using the PBWT. Some examples are RaPID [18], hap-IBD [29], and templated PBWT

(TPBWT) [10]. Lastly, genome graphs have been proposed as an alternative to a single reference

genome to more completely represent the possible variation in the human genome [9]. Variations

of the PBWT have been built for this purpose, see the gPBWT and gBWT [19, 27]. In this dis-

sertation, we develop a variation of the PBWT, d-PBWT, and algorithms related to IBD detection,

haplotype threading, haplotype phasing, and haplotype imputation.

The PBWT as described by the original paper relies on arrays as the underlying data structure.

However, arrays do not support efficient dynamic updates. If new haplotypes are to be added to, or

some haplotypes are to be deleted from an existing PBWT structure, one has to rebuild the entire

PBWT, an expensive effort linear to the number of haplotypes. This will be inefficient for large

databases hosting millions of haplotypes as they may face constant update requests per changing

consent of data donors in biobanks or customer growth in direct-to-consumer genetic companies.

Moreover, lack of dynamic updates limits PBWT to be applied to large-scale genotype imputation

and phasing, which typically go through the panel multiple times and update individual haplotypes

in turn. It is much more efficient to allow updating the PBWT with an individual’s new haplotypes

while keeping others intact.

The classic Li and Stephens model parameterized haplotype threading as a hidden Markov model

which can take into account the uncertainties regarding mismatches (emission probabilities) and

template switching (transition probabilities) [12]. This model is quite sufficient for moderate sam-

ple sizes (hundreds to thousands) as it scales linearly with sample size. As a result, this model has

served as a foundation for haplotype phasing and genotype imputation for the past two decades.
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However, in the biobank era when the panel size is large, the standard Li and Stephens model may

not be efficient enough.

The PBWT has been leveraged for speeding up the Li and Stephens model. Lunter proposed a

representation of the PBWT using the BWT [14]. On this representation, they perform a search

for a maximum likelihood Viterbi path through the Li and Stephens Hidden Markov Model. While

their algorithm can compute the optimal score in O(N) time, outputting of the haplotype threading

requires O(N logM) time. Rubinacci et al. use the PBWT to select closely related individuals

efficiently. These closely related individuals are then imputed using IMPUTE5, an imputation

based on the Li and Stephens model [21]. Loh et al. use the PBWT similarly for EAGLE2, their

phasing algorithm. They use the PBWT to obtain representative data of a haplotype and then

thread it using a haplotype copying model similar to the Li and Stephens model [13]. Lastly,

Delanueau et al. use the PBWT to speed up phasing through the Li and Stephens model among

other methodologies in their phasing method SHAPEIT4 [7].

However, these algorithms [7, 13, 14, 21] are designed within the Li and Stephens HMM frame-

work and the PBWT is used as a subroutine. These algorithms mostly focus on the Viterbi path

that gives the maximum likelihood solution. We argue that in the biobank-scale panel, a query may

have a large number of high-quality matches, and thus outputting the single best Viterbi solution

may not be informative to reveal the overall high probability possible paths. We formulate the

haplotype threading problem as a combinatorial optimization problem: given a set of haplotypes

X and a query z, represent z as segments of haplotypes in X and optimize a certain objective scor-

ing function. There are a number of possible scoring functions for threading, however there are

common themes between them. Usually, one wants to represent z using a small amount of haplo-

types in X or a small amount of distinct segments. In this dissertation, we minimize the number

of segments we use to represent z. We formulate the Minimum Positional Substring Cover prob-

lem (MPSC), given a query z and a set of strings X , find a smallest set of positional substrings

3



contained in z and a string in X that cover all characters of z. While this formulation simplifies

the original haplotype threading by ignoring potential mismatches in the Li and Stephens model

flavor, it enables efficient enumeration of all possible solutions, leveraging the structure of PBWT.

Augmenting our algorithms with mismatch-tolerating methods such as random projection [18]

or PBWT-smoothing [28], our formulation can capture the bulk of the high-probability threading

paths, and thus provide flexibility for designing variations of downstream tasks such as genotype

imputation and haplotype phasing.

In Chapter 3, we develop query algorithms on the PBWT and a variation of the PBWT, dynamic-

PBWT (d-PBWT). The query algorithms output all matches between a query haplotype and hap-

lotypes in the PBWT. Durbin described a set maximal match query algorithm and Naseri et al.

described a long match query algorithm. They claimed O(N) and O(N + c) time complexity re-

spectively, where c is the number of matches outputted. We show that these algorithms do not have

these time complexities in the worst case. Furthermore, we provide query algorithms that do have

this optimal time complexity in the worst case. (A set maximal match query in O(N) time and

a long match query algorithm with O(N + c) time complexity). The d-PBWT is an extension of

the PBWT. It has most of the same capabilities of the d-PBWT while allowing average case O(N)

insertion and deletion algorithms. We show the previous query algorithms run with the same time

complexity on the d-PBWT. This data structure makes the maintenance of a large database of a

dynamically changing set of strings feasible while allowing queries for aligned matches.

In Chapter 4, we develop a new formulation of haplotype threading. We describe and solve the

Minimal Positional Substring Cover (MPSC) problem using the PBWT. The MPSC problem is,

given a query string z and a set of strings X, find a smallest set of positional substrings that cover

z and are in X . A positional substring is a substring with a position in a string. A set of positional

substrings cover a string if every positional substring is contained in the string and every index of

the string is contained in a positional substring in the set. A positional substring is contained in a

4



set of strings if it contained in any string in the set. We show that this problem can be solved in

O(N) time given a PBWT of X (where N is the length of z). We also introduce and solve variants

of the problem: Leftmost MPSC, Rightmost MPSC, and Set Maximal Match only MPSCs. We

also solve biologically useful variants of the MPSC problem: h-MPSC, Length Maximal MPSC,

and L-MPSC. In the h-MPSC problem, every positional substring in the cover is contained in at

least h strings in X . A Length Maximal MPSC is an MPSC with maximum total length out of

all MPSCs. An L-MPSC is a smallest cover of the query haplotype with segments that are all at

least length L. Lastly, we represent the solution space of all MPSCs in O(N) time and space. We

provide solutions to all of these algorithms in O(N) time. Finally, we benchmark our results on

real genetics data and test the MPSC’s performance on haplotype imputation.
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CHAPTER 2: POSITIONAL BURROWS-WHEELER TRANSFORM

The following is a review of Durbin’s PBWT paper and notation [8]. PBWT is a data structure that

groups similar strings by sorting the reverse prefixes at each length. Say we have a PBWT data

structure of a set X of M haplotype sequences xi ∈ X , i ∈ {0 . . .M−1}. Each sequence has N sites

indexed by k ∈ {0 . . .N−1}, values at a site are 0 or 1, xi[k]∈ {0,1}. For some haplotype sequence

s we use s[k1,k2) to represent the substring of s beginning at k1 and ending at k2−1. The length of

this substring is k2 − k1. Sequences s and t have a match from k1 to k2 if s[k1,k2) = t[k1,k2). This

match is locally maximal if it can’t be extended, i.e. (s[k1 −1] ̸= t[k1 −1] or k1 = 0) and (s[k2] ̸=

t[k2] or k2 = N). A match is a long match if it is locally maximal and at least length L for some

constant L > 0. A match is a set maximal match from a sequence s to X if it is locally maximal

and there is no longer match between s and any other sequence from X that covers the matching

region.

The prefix array a contains N+1 sorted orderings of the sequences, one for each k ∈ {0 . . .N}. The

k-th sorted ordering is ak, the ordering of ak is based on the reversed prefixes x[0,k), if the prefixes

are the same they are ordered according to their index i in X . ak can also be thought of as the

sorted ordering of the reversed prefixes of length k. In any ak, adjacent sequences are maximally

matching until k. In the following, let yk
i be the i-th sequence in ak, yk

i = xak[i]. The divergence

array keeps track of the start position of locally maximal matches ending at k between a sequence

and the sequence above it in ak, i.e., dk[i] is the smallest value j such that yk
i [ j,k) = yk

i−1[ j,k). The

extension function wk(i,h),h ∈ {0,1} gives the ak+1 index of the first sequence after ak[i] (ak[i]

6



inclusive) that has h at site k, i.e.,

wk(i,h) = g s.t. ak+1[g] = ak[ j] and

j = min{i ≤ o < N | yk
o[k] = h}.

In implementation, the extension function is fully specified by two arrays: u and v. wk(i,0) is

stored at uk[i] and wk(i,1) is stored at vk[i].

wk(i,h) =


uk[i] if h = 0

vk[i] otherwise (h = 1).

v is redefined here to make the extension function more intuitive. It is changed from Durbin’s

original definition [8].
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CHAPTER 3: DYNAMIC POSITIONAL BURROWS-WHEELER

TRANSFORM

Introduction

The scalability of the PBWT has attracted the use of its basic concepts in many variations. Graph

PBWT (gPBWT) represents the population haplotype data in a genome graph using positional

prefix arrays, it allows multiple alleles and subhaplotype queries (read alignments) [19]. The

graph BWT (gBWT) is a version of the gPBWT with new features such as merging two indexes

and removing paths from the genome graph [27]. Lunter proposed a data structure that reduces

PBWT to a special case of BWT [14]. However, these variants only use the positional prefix array

to index multiple genomes. While this allows exploitation of the PBWT’s strong compression

and efficient subhaplotype queries, it ignores two of its important aspects: The divergence values

and u and v pointers of the PBWT. These data structures enable additional capabilities including

long match search and block search [1, 15, 17]. Furthermore, they allow the traversal of the PBWT

through a query haplotype that is not even in the PBWT (out-of-sample query). Therefore, gPBWT,

gBWT, and Lunter’s extension of PBWT do not yet realize the full power of the PBWT.

The original PBWT paper described an array version of the PBWT, and a set of basic algorithms:

Algorithms 1 and 2 for construction, Algorithms 3 and 4 for reporting all vs all long matches and

set maximal matches, and Algorithm 5 for reporting set maximal matches between an out of panel

query against a constructed PBWT panel. Recently, [17] presented a new algorithm, L-PBWT-

Query, that reports all long matches between an out of panel query against a constructed PBWT

panel in time complexity linear to the length of the haplotypes and constant to the size of the panel.

They introduced Linked Equal/Alternating Positions (LEAP) arrays, an additional data structure

8



that allows direct jumping to boundaries of matching blocks. This algorithm offers efficient long

matches, a more practical target for genealogical search. Arguably, L-PBWT-Query makes PBWT

search more practical as it returns all long enough matches rather than merely the best matching

ones. We believe that L-PBWT-Query represents a missing piece of the PBWT algorithms.

However, all above algorithms are based on arrays, which do not support dynamic updates. That

means, if new haplotypes are to be added to, or some haplotypes are to be deleted from an existing

PBWT structure, one has to rebuild the entire PBWT, an expensive effort linear to the number of

haplotypes. This will be inefficient for large databases hosting millions of haplotypes as they may

face constant update requests per changing consent of data donors in biobanks or customer growth

in direct-to-consumer genetic companies. Moreover, lack of dynamic updates limits PBWT to

be applied to large-scale genotype imputation and phasing, which typically go through the panel

multiple times and update individual haplotypes in turn. It is much more efficient to allow updating

the PBWT with an individual’s new haplotypes while keeping others intact.

We introduce d-PBWT, a dynamic version of the PBWT data structure. We show that the d-PBWT

allows efficient insertion and deletion of haplotypes. Furthermore, unlike other variants of the

PBWT, including gPBWT, gBWT, and Lunter’s proposed generalization, the d-PBWT keeps the

divergence values and u and v pointers from the PBWT. The key difference between the PBWT

and d-PBWT is that, at each position k, instead of keeping track of sequence order using an array,

we use a linked list. The nodes of this linked list encapsulate all pointers needed for traversing

PBWT data structures. Our main results are: we developed efficient insertion and deletion algo-

rithms that dynamically update all d-PBWT data structures (Algorithms 1 and 2). In addition, we

will show that the d-PBWT can do Durbin’s Algorithms 1-5 and L-PBWT-Query with the same

time complexity as the PBWT. While Durbin’s Algorithm 5 and L-PBWT-Query are practically in-

dependent of the number of haplotypes in practice, we show that they are not in the worst case. We

show search algorithms for set maximal and long matches with worst case linear time complexity,

9



Table 3.1: Algorithms on the PBWT and d-PBWT

Structure Functions Algorithm Time

Durbin [8] PBWT
Construction Alg. 1 & 2 O(MN)

All vs. All LM & SMM Alg. 3 & 4 O(MN)
SMM Query Alg. 5 O(MN)∗

Naseri et al. [17] Long Match Query Alg. 2 O(MN)∗

This Chapter d-PBWT

Insertion Alg. 1 Avg. O(N)
Deletion Alg. 2 Avg. O(N)

SMM Query Alg. 5 O(N)
Long Match Query Alg. 6 O(N)
Long Match Query Alg. 7 O(MN)∗

Construction - O(MN)
All vs. All LM & SMM - O(MN)
Conversion with PBWT Alg. 3 & 4 O(MN)

M is the number of sequences. N is the number of sites. Time complexities assume |output|< N. LM is long match.
SMM is set maximal match. For construction of the d-PBWT, a modification of Durbin’s Algorithm 2 should be
used. For All vs. All long and set maximal matches, modifications of Durbin’s Algorithms 3 and 4 should be used
respectively. ∗ In practice, the worst case behavior of these algorithms is almost never encountered. In practice, they
usually behave like O(N) time algorithms.

but requiring multiple passes (Algorithms 5 and 6), and one search algorithm for long matches with

average case linear time complexity with a single pass (Algorithm 7). The long match query algo-

rithms we describe do not require additional LEAP arrays data structures. These three new search

algorithms can also be applied to the static PBWT. Table 3.1 summarizes the major contributions

of this chapter.

d-PBWT

Our main observation is that PBWT algorithms are not necessarily array algorithms. The essence

of PBWT is that, at each site, sequences are ordered by their reverse prefix, and the updates of the

ordering across adjacent sites are tracked by pointers. However, the ordering of sequences is not
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Table 3.2: PBWT and d-PBWT equivalencies

Entity PBWT d-PBWT
Column k ak,dk,uk,vk linked list, head = (k,0)

Index i at Column k ak[i],dk[i],uk[i],vk[i] (k, i)
Sequence name ak[i] n.ID
Match length dk[i] n.d

Previous sequence in k-th sorting (a,d,u,v)k[i−1] n.above
Next sequence in k-th sorting (a,d,u,v)k[i+1] n.below

Next site by extension function uk[i], vk[i], wk(i,h) n.u, n.v, n.w(h)
Substring in original haplotype yk[ j,k), xak[i][ j,k) n[ j,k), xn.ID[ j,k)

necessarily tracked by prefix arrays. This fact might not be obvious as the original BWT [4] was

based on arrays and all Durbin’s PBWT algorithms and previous PBWT algorithms are written in

the array language. Here, we propose using a doubly linked list at each site to track the sorting.

In doing so, we can enable PBWT for dynamic updates, while still maintaining all basic opera-

tions of PBWT. Below we formally describe the dynamic version of PBWT, d-PBWT, and all its

algorithms.

Like PBWT, the d-PBWT consists of N columns1, each corresponds to one site. While column is

an array-biased term, we abuse it for convenience of corresponding back to an array-based PBWT.

Column k is a doubly linked list of M nodes that represents the reverse prefix sorting of all M

sequences at site k. A node n in column k is noted as (k, i) iff it takes i node traversals (using

node.below) to reach n from the top node of column k. It turns out that we can encapsulate all

necessary PBWT pointers at (k, i), including ak[i],dk[i],uk[i], and vk[i] inside individual nodes: A

node n has one function, w, and six properties. The properties are above, below, ID, d, u, and v.

n.above represents (k, i− 1) and n.below represents (k, i+ 1). n.ID is an integer ∈ {0 . . .M − 1}

that is unique to the sequence n represents, i.e. n.ID is ak[i]. n[ j,k) is equivalent to yk
i [ j,k) and

1It is OK to use an array for indexing columns as long as the sites of a genome are stable. However, it may be
possible to extend the columns to be non-linearly sorted, as in variant graph [11].
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xn.ID[ j,k). n.d is equivalent to dk[i], i.e., n.d = min{0 ≤ j ≤ k | n[ j,k) = n.above[ j,k)}. Each node

also has u and v pointers that make up the extension function, these are equivalent to the u and

v arrays as well. This means that they point to the node in the next column of the first sequence

below them (self included) that has 0 (for u) or 1 (for v). n.w(h) gets/sets n.u if h = 0, otherwise

n.v. Lastly, the haplotype panel of d-PBWT is a dynamic array of M haplotypes. The equivalencies

between data structures of PBWT and d-PBWT are summarized in Table 3.2.

Insertion

The insertion algorithm inserts a new haplotype z into the d-PBWT. It works by first inserting the

nodes of z in the correct position in each column and then calculating the divergence values after.

This is analogous to first updating the prefix arrays and then updating the divergence arrays. This is

done by first sweeping forwards through the data to insert the nodes, and then sweeping backwards

through the data to calculate the divergence values. z is inserted into the dynamic haplotype panel

in the forward sweep.

We update the prefix panel by keeping track of the node that z should be above and then inserting

z above said node. We define tk as the node that z should be above in column k. If we have tk, then

we can get tk+1 using the extension function. The sequence that will be below z at column k+1 is

the first sequence below z (not inclusive) that has the same value as z at k, i.e., tk+1 = tk.w(z[k]).

We can use this to calculate all tks and insert z above them. See Fig. 3.1.

We also have to maintain the u and v pointers. The contiguous group of sequences directly above z

at k that have the opposite of z[k] at k need to have their corresponding pointer updated to point to

zk+1. If z[k] is 0, the pointer to be updated is u, otherwise the pointer to be updated is v. Haplotypes

that have similar prefixes will have the same allele at the next site with high probability. We

expect that the number of haplotypes above the inserted haplotype with the opposite allele value
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(value at site k) = 0
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Figure 3.1: Finding the insertion location of z at next column. The first sequence below x5 (also
known as tk) that has the same value as z at k is x4. tk.w(z[k]) points to the k+ 1 node of the first
sequence below tk (tk inclusive) that has the same value as z at k, which is the k+1 node of x4.

will usually be zero, and is probably a small constant on average. Our testing has shown that

in the UK Biobank Chromosome 21 data, the average number of u and v pointers updated per

column is 1, see Fig. 3.6. Therefore, the number of pointers updated per site is a small constant

on average. Furthermore, zk.w(z[k]) is equal to zk+1 and zk.w(opposite of z[k]) is equivalent to

tk.w(opposite of z[k]) (zk is the node of z in column k). Therefore u and v pointers of column k are

updated after insertion of zk+1 into column k+1. See Fig. 3.2.

The only thing left to do is update the divergence values. For each column k, only 2 divergence

values need to be set, the divergence of z and the divergence of z.below, all other divergence values

remain unchanged because the sequence above all other sequences remain unchanged. We will

update the divergence values by going backwards through the columns and keeping track of the

minimum divergence value (longest match) found so far. A key observation is that at any column

k, the divergence value of z must be at least the divergence value of z at k+1, i.e., zk.d ≤ zk+1.d.
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sequences above z
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Figure 3.2: Updating the u and v pointers when inserting the z node into column k+ 1. Updated
items are bold, including z, four v pointers, and one u pointer. It also shows the update of the
w.(opposite of z[k]) pointers of the contiguous block of sequences above z with the opposite value
as z at site k.

This is true because if the sequence above z at k+1 matches with z r sites backwards from k+1,

then that sequence will be above z at k and the sites will still match. The same goes for z and

z.below. See Lemma 1 below.

Lemma 1. zk.d ≤ zk+1.d and zk.below.d ≤ zk+1.below.d

Proof. If zk+1.d > k, then zk.d ≤ zk+1.d because zk.d ≤ k. Same for zk+1.below.d and zk.below.d.

The relative order of sequences that have the same value at site k is the same in column k and k+1.

If zk+1.d ≤ k, then zk[k] = zk+1.above[k]. Therefore the relative order of zk+1 and zk+1.above is the

same in column k as it was in k+1, i.e., zk.above is somewhere above zk. If zk+1.below.d ≤ k, then

zk[k] = zk+1.below[k]. Therefore the relative order of zk+1 and zk+1.below is the same in column k

as it was in k+1, i.e., zk.below is somewhere below zk.
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x3 1 0 1 1 1 1 1 0 1 1 0

z 1 1 1 0 1 1 0 1 1 1 0

x2 1 1 0 0 0 0 1 1 1 1 0

x1 0 0 0 0 1 1 0 1 1 1 1

x3 1 0 1 1 1 1 1 0 1 1

x1 0 0 0 0 1 1 0 1 1 1

z 1 1 1 0 1 1 0 1 1 1

x2 1 1 0 0 0 0 1 1 1 1

column
k + 1

site
k

column
k

site
k − 1

divergence values at k

guaranteed divergence at k − 1

new equal positions discovered

Figure 3.3: Updating the divergence value of z and z.below at position k based on position k+ 1.
At column k we know that there is some sequence above z that matches until the divergence value
of z in column k+1. This is because if the sequence is above z in column k+1 and it matches at
site k, then it is above z in column k. The relative order of sequences that have the same value at
site k is the same in columns k and k+1. The same goes for z.below and the divergence value of
z.below.

If there is a sequence above zk that matches longer than zk+1.above, it will be directly above z

and zk.d < zk+1.d. If there is no sequence above zk that matches longer than zk+1.above, then

zk+1.above will be directly above zk and zk.d = zk+1.d. Therefore zk.d ≤ zk+1.d If there is a

sequence below zk that matches longer than zk+1.below, it will be directly below z and zk.d <

zk+1.d. If there is no sequence below zk that matches longer than zk+1.below, then zk+1.below will

be directly below zk and zk.below.d = zk+1.below.d. Therefore zk.below.d ≤ zk+1.below.d

Therefore, to calculate the divergence values we go from k = N → 1 keeping track of divergence

value of previous column. The divergence value of zk.below and zk is calculated by decrementing

from divergence of zk+1.below and zk+1 until the first site that is different is found. See Fig. 3.3.

The time complexity of the Insertion algorithm (pseudocode in Algorithm 1) is average case O(N).

This is average case instead of worst case solely because of updating the u and v pointers and inser-

tion of z into the dynamic haplotype panel. However, as stated, because of linkage disequilibrium,

a case where the constant is non-negligible is expected to be rare. Insertion of z into dynamic
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Algorithm 1: Insertion: Insert new sequence z into d-PBWT
/* insert into linked list without divergence values */
t0 = last node of column 0;
z0.ID = M;
// update above/below pointers accordingly
insert z0 above t0;
for k = 0 → N −1 do

make new node zk+1;
temp = zk.above;
while temp[k] ̸= z[k] do

temp.w(z[k]) = zk+1;
temp = temp.above;

zk.w(z[k]) = zk+1;
zk.w(opposite of z[k]) = zk.below.w(opposite of z[k]);
tk+1 = tk.w(z[k]);
zk+1.ID = M;
// update above/below pointers accordingly
insert zk+1 above tk+1;
// update dynamic haplotype panel
xM[k] = z[k];

// calculate divergence values
zdtemp = N;
bdtemp = N;
for k = N → 0 do

zdtemp = min(zdtemp,k);
bdtemp = min(bdtemp,k);
while zk[zdtemp −1] = zk.above[zdtemp −1] do

zdtemp −−;
while zk[bdtemp −1] = zk.below[bdtemp −1] do

bdtemp −−;
zk.d = zdtemp;
zk.below.d = bdtemp;

M++;

haplotype panel is amortized O(N), therefore it is average case O(N). The insertion of the nodes

of z into the correct position of the panel is worst case O(N) because insertion into one column is

constant time and there are N columns inserted into. The divergence calculation is also worst case

O(N) because the outer loop runs for N iterations and the sum of all iterations of the inner loop will
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be at most N. The sum of all iterations of the inner loop will be at most N because it decrements an

index from N → 0 over the whole algorithm. The fact that a “virtual insertion” algorithm (i.e. find

all divergence and tk values without updating u and v pointers or inserting z) is worst case O(N)

will be used later to show the time complexity of the query algorithms.

Deletion

Algorithm 2: Deletion: Delete sequence xi from d-PBWT
s0 = first node of sequence xi;
l0 = first node of sequence xM−1;
for k = 0 → N −1 do

sk+1 = sk.w(s[k]);
lk+1 = lk.w(l[k]);
temp = sk.above;
while temp[k] ̸= s[k] do

temp.w(s[k]) = sk.below.w(s[k]);
temp = temp.above;

lk.ID = i;
sk.below.d = max(sk.d,sk.below.d);
xi[k] = xM−1[k]; // update dynamic haplotype panel
delete sk from linked list;

lN .ID= i;
sN .below.d = max(sN .d,sN .below.d);
delete sN from linked list;
M−−;

Deletion of a sequence from the d-PBWT is easy. If sequence i is to be deleted, sequence xM−1

needs to have the ID of all its nodes changed from M−1 to i so that the ID definition is maintained

after deletion of xi. Furthermore, an array of pointers to the node in column 0 of each node needs

to be kept so that the node of xi in column 0 can be accessed in constant time. Maintenance of

this array is just an amortized constant time operation in the insertion and deletion algorithms. The

contiguous block of sequences above the node of xi in column k needs to have their {u if xi[k] =

1,v otherwise} pointers updated. They are set to value of the corresponding pointer of the node
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below xi’s node. Lastly, the node of xi in each column is deleted and the divergence of the node

below it is updated. The whole algorithm can be done in one sweep. The time complexity of

this algorithm is average case O(N). This is not worst case because of the update of the u and

v pointers and the haplotype panel. However, as stated before, update of the dynamic haplotype

panel is amortized O(N) and the number of u and v pointers updated per column will be a small

constant on average. See Algorithm 2.

Equivalencies and Conversion

Algorithm 3: Conversion1: Converts d-PBWT into an array PBWT
Make arrays aN,M,dN,M,uN,M, and vN,M;
for j = 0 → N do

temp = top node of column j;
for i = 0 → M−1 do

a j[i] = temp.ID;
d j[i] = temp.d;
u j[i] = temp.u.ID;
v j[i] = temp.v.ID;
temp = temp.below;

// Convert dynamic array haplotype panel into regular array haplotype
panel

Equivalencies between data structures and d-PBWT (Table 3.2) suggest that all construction al-

gorithms and search algorithms can be translated between PBWT and d-PBWT with minimal

changes. Moreover, a d-PBWT data structure can be initialized by direct bulk conversion from

an existing PBWT. Conversion of the d-PBWT to a PBWT in O(MN) time is trivial given its

description. So is conversion of a PBWT to a d-PBWT. See Algorithms 3 and 4.

Durbin’s Algorithms 1-5 can be implemented on the d-PBWT with a little modification. Further-

more, the pseudocode of our query algorithms are presented in the notation of d-PBWT, however,

they can easily be applied to PBWT. The time complexity of these algorithms are the same on both
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Algorithm 4: Conversion2: Converts PBWT into d-PBWT
// make column N, store array indexed by i with pointer to node of xi in

column N
for j = N −1 → 0 do

new node n;
top node of column j = n;
for i = 0 → M−1 do

n.ID = a j[i];
n.d = d j[i];
n.u = nodePointer[u j[i]];
n.v = nodePointer[v j[i]];
newnodePointer[n.ID] = n;
above = n;
new node n;
above.below = n;
n.above = above;

nodePointer = newnodePointer;
// Convert array haplotype panel into dynamic array haplotype panel

data structures.

Query Algorithms

Time Complexity of Durbin’s Algorithm 5

A set maximal match query takes a new sequence z and outputs all set maximal matches from the

panel to z. Durbin has presented an algorithm to solve this problem, he claims his algorithm runs

in O(N) time complexity [8]. However, Durbin’s Algorithm 5 is not worst case O(N).

Durbin claims “The while loop in f ′ or g′ is inevitable because it only takes as many iterations

as there are matches to report the next time f ′ = g′” [8]. However, this is false. Fig. 3.4 shows

a possible haplotype panel that causes Durbin’s algorithm to run in ω(N + |out put|) time. All

sequences between x2 and xM−3 match with x0 at [0,15). f ′ is the first sequence in the block
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x0 0 1 1 1 0 1 0 1 1 0 1 0 0 1 0 1 0 0 0 0 0

x1 0 1 1 1 0 1 0 1 1 0 1 0 0 1 1 0 0 0 0 0 0
x2 0 1 1 1 0 1 0 1 1 0 1 0 0 1 1 0 1 0 0 0 0
. . .
. . .
. . .

xM−3 0 1 1 1 0 1 0 1 1 0 1 0 0 1 1 0 1 1 1 0 0

xM−2 0 1 1 1 0 1 0 1 1 0 1 0 0 1 0 1 0 0 0 0 0

xM−1 0 1 0 1 0 1 0 1 1 0 1 0 0 0 1 0 0 0 0 0 0
.
.

z 0 1 0 1 0 1 0 1 1 0 1 0 0 1 1 0 1 1 1 0 1

Figure 3.4: An example haplotype panel and z that causes Durbin’s algorithm 5 to run in ω(N+c)
time.

of local maximally matching blocks. g′ is the first sequence below the block of local maximally

matching blocks. When f ′ = g′, f ′ and g′ are expanded one by one to include every sequence local

maximally matching at k+1.

At k = 13, Durbin’s Algorithm 5 will output xM−1 as a set maximal match at [0,13) and the f ′

and g′ loops will be entered to find the new block. The new block will have M − 1 sequences in

it {x0 → xM−2}. However, only one of these sequences will be outputted as a set maximal match

(xM−3 at [3,20)). Therefore, the number of times the f ′ and g′ while loops are entered is not bound

by c (number of matches) and Algorithm 5 is not O(N + |out put|). Of course, we have empirical

evidence of the roughly O(N + |out put|) performance in practice of Durbin’s Algorithm 5 [17].

Set Maximal Match Query

Here we show a new algorithm for outputting set maximal matches from z to X with a worst-case

O(N) time complexity. The set maximal match query algorithm begins by virtually inserting z into

20



the d-PBWT. The sweep back of the virtual insertion algorithm is modified so that set maximal

matches are simultaneously outputted. The set maximal match query is fairly straightforward after

one vital element is understood. If z’s locally maximal match ending at k matches farther back

than its locally maximal match ending at k+1, then z’s locally maximal match ending at k is a set

maximal match. Therefore, we can just compare divergence values at k and k+1 when calculating

them to find and output set maximal matches.

Lemma 2. min(zk.d,belowzk.d)< min(zk+1.d,belowzk+1.d) iff z’s locally maximal matches end-

ing at k are set maximal.

Proof. Assume min(zk.d,belowzk.d)< min(zk+1.d,belowzk+1.d) and

∃ sequence s and d1 < min(zk.d,belowzk.d) s.t. s[d1,k) = z[d1,k).

Then the local maximally matching sequence to z is not adjacent to it at k or the divergence values

are incorrect (contradiction). Therefore there does not exist a sequence that has a match with z that

extends this match to the left.

Assume min(zk.d,belowzk.d)< min(zk+1.d,belowzk+1.d) and

∃ sequence s and k1 > k s.t. s[min(zk.d,belowzk.d),k1) = z[min(zk.d,belowzk.d),k1).

Then min(zk.d,belowzk.d) = min(zk+1.d,belowzk+1.d) (contradiction). Therefore there does not

exist a sequence that has a match with z that extends this match to the right.

Therefore there is no sequence that can extend this match and this match is locally maximal. So

min(zk.d,belowzk.d) < min(zk+1.d,belowzk+1.d) =⇒ z’s locally maximal matches ending at k

are set maximal.
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Assume z has a set maximal match at [d2,k) and d2 = min(zk.d,belowzk.d) = min(belowzk+1.d,

zk+1.d). Then there is a match at [d2,k+ 1) and the [d2,k) match can be extended. Therefore it

is not set maximal (contradiction). We have already shown that the divergence at k ≤ divergence

at k + 1 in Lemma 1. Therefore z’s locally maximal matches ending at k are set maximal =⇒

min(zk.d,belowzk.d)< min(zk+1.d,belowzk+1.d).

Therefore min(zk.d,belowzk.d) < min(zk+1.d,belowzk+1.d) ⇐⇒ z’s locally maximal matches

ending at k are set maximal.

Intuitively, a match is a set maximal match if the match is locally maximal and there is no match

with z that encompasses this match. We know that the match is locally maximal because we defined

it as “locally maximal match ending at k” and it ends at k, therefore it is locally maximal (we know

it ends at k because if it didn’t the locally maximal matches of k and k+1 would match to the same

point). Lastly, if there was a match with z that encompassed this match, then the locally maximal

matches of k and k+ 1 would match to the same point. Therefore, the z’s locally maximal match

ending at k is a set maximal match and can be outputted. Furthermore, there might be multiple

sequences with this match, this is easily checked with divergence values.

Lastly, since the sequence above and below z can’t match z with the same divergence, locally

maximal matches will either be all above or all below, therefore only the direction with the smaller

divergence value (longer match) will be checked. Assume the sequence above and below z in

the sort order match z with the same divergence, the sequence above has value 0 one position

behind and the sequence below has value 1, z must have either 0 or 1 at this position, Therefore the

sequences above and below z do not match z with the same divergence.

The time complexity of the Set Maximal Match Query algorithm (Algorithm 5) is worst case

O(N+ |out put|). The virtual insertion is O(N) because the haplotype panel and the u and v pointers
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Algorithm 5: Set Maximal Match Query: Find set maximal matches from z to sequences in
the d-PBWT
// Find all tks
t0 = last node of column 0;
for k = 0 → N −1 do

tk+1 = tk.w(z[k]);
// calculate divergence values and output set-maximal matches
zdtemp = N;
bdtemp = N;
for k = N → 0 do

zdtemp = min(zdtemp,k);
bdtemp = min(bdtemp,k);
while zk[zdtemp −1] = tk.above[zdtemp −1] do

zdtemp −−;
while zk[bdtemp −1] = tk[bdtemp −1] do

bdtemp −−;
zk.d = zdtemp;
belowzk.d = bdtemp;
if min(zk.d,belowzk.d)< min(zk+1.d,belowzk+1.d) then

if zk.d < belowzk.d then
output set maximal match from z.ID to tk.above.ID at [zk.d,k);
temp = tk.above;
while temp.d ≤ zk.d do

temp = temp.above;
output set maximal match from z.ID to temp.ID at [zk.d,k);

else
output set maximal match from z.ID to tk.ID at [belowzk.d,k);
temp = tk.below;
while temp.d ≤ belowzk.d do

output set maximal match from z.ID to temp.ID at [belowzk.d,k);
temp = temp.below;

are not updated. The while loops are only entered when there is a set maximal match to output and

each match is outputted exactly once. Therefore the sum of iterations of the output while loop is

bounded by the number of matches found and the whole algorithm is O(N + |out put|).
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Figure 3.5: Computation of { f L
k+1,g

L
k+1} using { f L

k ,g
L
k} and extension function. L = 3. f L

k .w(z[k])
and gL

k .w(z[k]) gives f L+1
k+1 and gL+1

k+1 . From there, the boundaries are expanded to include sequences
that match with z length L until k+ 1. The new boundaries are f L

k+1 and gL
k+1. At the same time,

f L
k .w(opposite of z[k]) and gL

k .w(opposite of z[k]) is used to get ftemp and gtemp. These mark the
block of sequences that match with z length L or longer and the match ends at site k.

Long Match Query

A long match query takes a query haplotype z and outputs all locally maximal matches between

the panel and z that are length L or longer for some constant L > 0. Naseri et al. first proposed an

efficient algorithm (L-PBWT-Query) to find all long matches between a query haplotype z and a

database of haplotypes X in O(N + |out put|) time in practice by using PBWT and LEAP arrays to

skip unnecessary checks [17]. The time complexity of L-PBWT-Query is not truly O(N+ |out put|)

in the worst case because it relies on Durbin’s Algorithm 5 as a subroutine. Here we propose a

new algorithm for finding long matches without using LEAP arrays in worst case O(N + |out put|)

time.

We will need the divergence values for our query algorithm, therefore the first thing we do is

virtually insert z into the data structure. This means we get all the tk values and all the new

divergence values if z was inserted. Then we do a third sweep of the data while keeping track of a

matching block. Note that we don’t update the haplotype panel or u and v pointers.
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The high level idea of this algorithm is to keep track of the block of sequences that match with z

length L or longer until k. We will denote the boundaries of this block f L
k and gL

k , f L
k points to the

first sequence in the block and gL
k points to the first sequence below f L

k not in the block. Note that

the definition of f L and gL is different from Durbin’s f and g.

Given f L
k and gL

k , we want to get f L
k+1 and gL

k+1. First we use the extension function. f L
k .w(z[k])

will give us the position in column k + 1 of the first sequence after f L
k that has the same value

as z at k. Likewise with gL
k .w(z[k]). Therefore, f L

k .w(z[k]) and gL
k .w(z[k]) will give us f L+1

k+1 and

gL+1
k+1 (see Lemma 3 for a proof). f L+1

k+1 and gL+1
k+1 mark the boundaries of the block of sequences

that match with z length L+ 1 or longer until k + 1. The difference between { f L+1
k+1 ,g

L+1
k+1} and

{ f L
k+1,g

L
k+1} is only the sequences that match with z length L until k + 1. Therefore, we can

intuitively use the divergence values to check if a sequence on the boundary matches with z length

L, if it does, we move the boundary to include it in the block. After both boundaries reach a

sequence that doesn’t match with z length L until k+1, we have found f L
k+1 and gL

k+1.

Lemma 3. f L
k .w(z[k]) = f L+1

k+1 and gL
k .w(z[k]) = gL+1

k+1

Proof. All the sequences that match with z length L+1 or longer until k+1 all match with z length

L or longer until k,i.e., the set of sequences that match with z length L+1 until k+1 is a subset of

the set of sequences that match with z length L or longer until k. Specifically, it is the subset that

has the same value at k as z.

f L
k .w(z[k]) gives us the (node in column k+ 1 of the) first sequence after f L

k (inclusive) that has

z[k] at position k. This is the first sequence in the L
k block that has z[k] at k. Since relative order of

sequences with the same value is preserved, this will be the first sequence of the L+1
k+1 block.

gL
k .w(z[k]) gives us the (node in column k+1 of the) first sequence after gL

k (inclusive) that has z[k]

at position k. This is the first sequence outside of the L
k block that has z[k] at k. Since relative order
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of sequences with the same value is preserved, this will be the first sequence after the L+1
k+1 block.

Therefore f L
k .w(z[k]) = f L+1

k+1 and gL
k .w(z[k]) = gL+1

k+1 .

There are two cases when we try to expand our L+1
k+1 block. If it is not empty ( f L+1

k+1 ̸= gL+1
k+1 ), we can

use the divergence values of the sequences in the d-PBWT to expand the boundaries. However, if it

is empty ( f L+1
k+1 = gL+1

k+1 ), we must use the divergence values we calculated during virtual insertion to

expand the boundaries initially. Lastly, when we expand the boundaries to include a new sequence

in the block we also remember the starting position of the match (k+1−L) in an array dZ so that

we can output it later. Meanwhile, f L
k .w(opposite of z[k]) and gL

k .w(opposite of z[k]) will give us

the block of sequences (in column k+ 1) that have matches length L or longer until k and their

match ends at k, we output these. We can repeat this procedure for all k to output all matches

longer than L between query sequence and database. See Fig. 3.5.

The time complexity of this algorithm is easy to analyze. The Long Match Query algorithm (Al-

gorithm 6) runs in worst case O(N + |out put|) time. The virtual insertion portion of the algorithm

runs in worst case O(N) because the haplotype panel and the u and v pointers are not updated.

The query sweep loop has N iterations. All operations in one iteration of the query sweep loop

take constant time except for the output while loop and the boundary expansion while loop. The

output while loop will only output each match once, therefore the sum of all times it is entered in

the algorithm is the number of matches found. The boundary expansion loop is entered once for

every match that has length L (exactly) at some k. Every match will have length L exactly one time

throughout the whole algorithm, therefore the sum of all times the boundary expansion loop is en-

tered is the number of matches found. Therefore the algorithm runs in worst case O(N + |out put|)

time.
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Algorithm 6: Long Match Query: Find long matches between query sequence z and sequences
in the d-PBWT in O(N) time and three sweeps
/* Insert but without actually inserting, just calculate tks and

divergence values */
t0 = last node of column 0;
for k = 0 → N −1 do

tk+1 = tk.w(z[k]);
zdtemp = N;
bdtemp = N;
for k = N → 0 do

zdtemp = min(zdtemp,k);
bdtemp = min(bdtemp,k);
while zk[zdtemp −1] = tk.above[zdtemp −1] do

zdtemp −−;
while zk[bdtemp −1] = tk[bdtemp −1] do

bdtemp −−;
zk.d = zdtemp;
belowzk.d = bdtemp;

// Query sweep
gL

0 = f L
0 = t0;

for k = 0 → N −1 do
ftemp = f L

k .w(opposite of z[k]);
gtemp = gL

k .w(opposite of z[k]);
f ′ = f L

k .w(z[k]) ; // here f ′ = f L+1
k+1

g′ = gL
k .w(z[k]) ; // here g′ = gL+1

k+1
while ftemp ̸= gtemp do // output matches longer than L that ended at k

output match at [dZ[ ftemp.ID],k) between ftemp.ID and z;
ftemp = ftemp.below

if f ′ = g′ then // case where { f L+1
k+1 ,g

L+1
k+1} block is empty

if k+1− zk+1.d = L then
f ′ = f ′.above;
dZ[ f ′.ID] = k+1−L;

if k+1−belowzk+1.d = L then
dZ[g′.ID] = k+1−L;
g′ = g′.below;

if f ′ ̸= g′ then // expand boundaries of block if not empty
while f ′.d ≤ k+1−L do

f ′ = f ′.above;
dZ[ f ′.ID] = k+1−L;

while g′.d ≤ k+1−L do
dZ[g′.ID] = k+1−L;
g′ = g′.below;

f L
k+1 = f ′;

gL
k+1 = g′;

27



Algorithm 7: Single Sweep Long Match Query: Find long matches between z and sequences
in d-PBWT in average case O(N) time and one sweep
e f0 = eg0 = gL

0 = f L
0 = t0 = last node of column 0;

for k = 0 → N −1 do
// calculate ek+1
e f ′ = e fk.w(z[k]);
eg′ = egk.w(z[k]);
if e f ′ ̸= eg′ then

e′ = ek;
else

e′ = e f ′.d −1;
if z[e′] = 0 then

e f ′ = e f ′.above;
while z[e′−1] = e f ′[e′−1] do e′−−;
while e f ′.d ≤ e′ do e f ′ = e f ′.above;

else
while z[e′−1] = eg′[e′−1] do e′−−;
eg′ = eg′.below;
while eg′.d ≤ e′ do eg′ = eg′.below;

e fk+1 = e f ′,egk+1 = eg′,ek+1 = e′;
// Long Match Query
tk+1 = tk.w(z[k]);
ftemp = f L

k .w(opposite of z[k]);
gtemp = gL

k .w(opposite of z[k]);
f ′ = f L

k .w(z[k]) ; // here f ′ = f L+1
k+1

g′ = gL
k .w(z[k]) ; // here g′ = gL+1

k+1
while ftemp ̸= gtemp do // output matches longer than L that ended at k

output match at [dZ[ ftemp.ID],k) between ftemp.ID and z;
ftemp = ftemp.below

if f ′ = g′ then // case where { f L+1
k+1 ,g

L+1
k+1} block is empty

if k+1− ek+1 = L then
if zk+1[tk+1.d −1] = 0 then

f ′ = f ′.above;
dZ[ f ′.ID] = k+1−L;

else
dZ[g′.ID] = k+1−L;
g′ = g′.below;

if f ′ ̸= g′ then // expand boundaries of block if not empty
while f ′.d ≤ k+1−L do

f ′ = f ′.above;
dZ[ f ′.ID] = k+1−L;

while g′.d ≤ k+1−L do
dZ[g′.ID] = k+1−L;
g′ = g′.below;

// now that boundaries were expanded, f ′ = f L
k+1 and g′ = gL

k+1
f L
k+1 = f ′;

gL
k+1 = g′;
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Single Sweep Long Match Query

While a Long Match Query algorithm that runs in worst case O(N) is an interesting theoretical

development, an average case O(N) algorithm that sweeps through the data only once may be

more useful for real world applications, particularly implementations that use memory mapping.

The pseudocode for an average case O(N) Single Sweep Long Match Query algorithm is provided

as Algorithm 7. This is done using Durbin’s ek. Of course the insertion algorithm can also be

modified to run in a single sweep using ek.

Results

Insertion & Deletion

We implemented the d-PBWT to test the run time of Insertion algorithm (Algorithm 1) and the

Deletion algorithm (Algorithm 2). The experiment was performed with haplotypes from the UK

Biobank dataset. The UK Biobank (UKB) dataset has 974,818 haplotypes (487,409 individuals)

and approximately 700,000 sites. The experiment was performed on chromosome 21, which has

9,793 sites. The memory consumption of d-PBWT is approximately 48 bytes per site per haplo-

type, therefore the memory consumption of a d-PBWT on the full UKB dataset for chromosome 21

took approximately 450 gigabytes of memory. By extrapolation, a d-PBWT of the whole genome

data of UKB would take approximately 29.8 terabytes of memory. The experiment was done by

first randomizing the order of haplotypes to remove any bias. Then, the haplotypes were inserted

one by one. Each insertion was timed. The insertion time relative to database size can be seen

in Fig. 3.6A. There were 974,818 data points, therefore every thousand was averaged and the first

974 points (974,000 haplotypes) are plotted. The deletion experiment was performed by repeated

removing a random haplotype until 974,817 haplotypes were removed. Each deletion was timed,
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Figure 3.6: (A) Insertion time vs number of haplotypes in database. (B) Deletion time vs number
of haplotypes in database. (C) Number of pointers updated per haplotype vs number of haplotypes
in database for insertion. (D) Number of u/v pointers above z updated per haplotype vs number
of haplotypes in database for deletion. The average of every 1000 measurements is plotted. For C
and D, the standard deviation is also plotted.

and the average of every thousand is plotted in Fig. 3.6B. The last 817 deletions are not plotted.

The program was run on a computer with an Intel Xeon Gold 5215 2.50GHz CPU and 3 terabytes

of RAM.

Figs. 3.6A and 3.6B seem to imply that the average run time of the insertion and deletion algo-
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rithms is not actually independent of the number of haplotypes in the database. This is not due

to the number of u/v pointers updated. The number of u/v pointers updated per haplotype in the

contiguous block of sequences above z is shown in Figs. 3.6C and 3.6D. The average and standard

deviation of every thousand is plotted. The average number of pointers updated is roughly con-

stant at 10,000 per haplotype. Each haplotype has 9,793 sites. This means the number of pointers

updated per column is about 1 on average. However, the standard deviation increases with the

number of haplotypes. The constant number of pointers updated is consistent with the theoretical

property of the algorithms.

However, the non-constant run time suggests that when resource use scales up, other aspects of the

computer system such as hardware architecture and operating system can affect run time.

d-PBWT Update

We tested the run time of insertion and deletion on a large d-PBWT. The d-PBWT was built with

chromosome 21 of all of the haplotypes in the UK Biobank dataset except for a random 1000. Then,

the d-PBWT was updated by 1000 insertions and 1000 deletions. The insertions and deletions were

interspersed randomly. The inserted haplotypes were haplotypes that haven’t been inserted into the

d-PBWT yet while the deleted haplotypes were random haplotypes in the d-PBWT. This is meant

to simulate a large database hosting millions of individuals’ haplotypes that has frequent insertion

and deletion requests. The results can be seen in Fig. 3.7. The 1000 insertions took on average

6.43 milliseconds and had a standard deviation of 8.73 milliseconds. The 1000 deletions took 6.28

milliseconds on average with a 7.98 millisecond standard deviation. Overall, the 2000 operations

took 6.36 milliseconds on average and had a 8.36 millisecond standard deviation.
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Figure 3.7: Run time of updating a d-PBWT with 973,818 haplotypes by 1,000 insertions and
1,000 deletions interspersed randomly.

Long Match Query

We tested the single sweep and triple sweep long match queries on the PBWT and d-PBWT. All

the tests were performed on chromosome 21 of the UK Biobank dataset with L = 1000 sites. For

both data structures, we tested seven sizes: 1,000, 25,000, 50,000, 100,000, 250,000, 500,000,

and 974,618 (the full dataset − 200, approx. one million). For each size a, we built a PBWT or

d-PBWT on the first a haplotypes, then the next 200 haplotypes in the shuffled order were searched

using a query algorithm. The same shuffled order was used for all tests. The results of these tests

can be seen in Table 3.3.

Overall, the run time remained fairly constant across all experiments. Some minor differences are

noticed: The fastest search was the triple sweep on the d-PBWT, which took around one millisec-
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Table 3.3: Avg. long match query run times (ms) on PBWT and d-PBWT

PBWT d-PBWT
Single Sweep Triple Sweep Single Sweep Triple Sweep

# Haplotypes Time Std. Dev Time Std. Dev Time Std. Dev Time Std. Dev

1,000 1.06 0.04 2.00 0.05 1.19 0.70 0.79 0.07
25,000 1.37 0.07 2.77 0.03 1.77 0.87 0.79 0.10
50,000 1.46 0.08 3.02 0.08 1.85 1.13 0.78 0.10

100,000 1.50 0.08 3.28 0.07 1.75 1.06 0.74 0.11
250,000 1.61 0.16 3.44 0.15 2.01 1.92 0.72 0.12
500,000 1.79 0.20 4.02 0.16 3.38 3.05 0.70 0.12
974,618 2.13 0.14 4.65 0.22 3.55 4.31 0.94 0.22

ond at approximately one million individuals in the panel. The slowest was the triple sweep on

the PBWT, which took 4.65 milliseconds for the full panel. The single sweep long match query

took half the time the triple sweep took on the PBWT but more than three times as much as the

triple sweep on the d-PBWT. This is because our implementation of the d-PBWT keeps consecu-

tive nodes of a sequence adjacent in memory, this allows for fast tracking of a sequence because

of locality of reference. In the PBWT, elements of the same sequence are not necessarily close

to each other in memory, locality of reference is not guaranteed. However, the PBWT provides

locality of reference in a column while the d-PBWT does not. The single sweep long match query

needs to check multiple sequences in the same column to update ek, however the triple sweep long

match query just tracks the query haplotype and outputs matches. Therefore, the single sweep long

match query is slower than triple sweep long match query on the d-PBWT and faster on the PBWT.

The slight increase in run time as the databases get larger can be attributed to increasing number of

matches or the changing proportion of the database in the cache. Given enough main memory to

store the index (30 TB), a triple sweep long match query on a d-PBWT of the whole genome UKB

data could take as little as 0.07 seconds.
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Boundary Cases in Implementation

There are a few notable boundary cases to be aware of when implementing d-PBWT, PBWT, or

any of their algorithms. Specifically, the following require attention: when a pointer to a node

points to the bottom of a column (has value M in the case of PBWT), the u/v values of the bottom

most contiguous block of 1s and 0s, and the set maximal matches when divergence is 0.

When the pointer to a node points to the bottom of a column k, its corresponding u pointer is

equivalent to (k,0).v. Its v pointer is equivalent to the bottom of k+ 1. A review of what the u

and v pointers represent will make this apparent. Furthermore, when the sequence at the bottom

of a column k has 0 at site k, the v pointers of the contiguous block of 0s at the bottom of the

column point to the bottom of column k+1. When the sequence at the bottom of column k has 1

at site k, the u pointers of the contiguous block of 1s at the bottom of column k point to (k,0).v.

Lastly, the set maximal match query algorithm assumes that the set maximal matches are either all

above or all below z, this is true in almost all cases. The only case where this isn’t true is when

the divergence is 0, in this case both directions need to be checked. This is also the case when the

PBWT supports more an alphabet size more than 2. This doesn’t affect the time complexity of the

algorithm.

Discussion

In this chapter, we developed the first dynamic PBWT data structure that allows efficient updating.

When inserting or deleting a haplotype in a static PBWT panel, one has to reconstruct the entire

PBWT panel in O(MN) time, while using dynamic PBWT, these can be achieved in Avg.O(N)

time. In addition, we simplified and improved the PBWT query search algorithms (Durbin’s Al-

gorithm 5 and Naseri et al.’s L-PBWT-Query). The new query algorithms run in worst case O(N)
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time and use no additional data structures. We believe these algorithms have brought the PBWT

data structure closer to its full potential.

This work would enable efficient genealogical search in large databases. For example, large con-

sumer facing population databases hosting millions of individuals’ haplotypes typically have a

constant burden of maintaining the population haplotype data structure in order to serve to report

real-time genealogical search results. We believe that d-PBWT provides a practical solution for

maintaining the population haplotype data structure. Our insertion and deletion algorithms can be

implemented to handle high-volume updates in a real-time fashion. Meanwhile, the performance

of genealogical search queries can be guaranteed by efficient long match query algorithms.

While dynamic PBWT enables efficient updates, it indeed consumes a larger memory overhead (48

bytes per haplotype per site) than its static counterpart (16 bytes per haplotype per site, including

u and v pointers). Therefore, for practical applications, the method of choice may depend on the

costs of memory and CPU time. We estimate for the full UK Biobank, including all autosomal

chromosomes, the memory requirements would be 30 TB for d-PBWT and 10 TB for the PBWT.

We estimate the time to insert a haplotype into the d-PBWT is 0.42 seconds while the estimated

time to rebuild the PBWT is 31.25 hours.

Notably, all three long match algorithms, L-PBWT-Query in [17] and Algorithms 6 and 7, achieve

average case time complexity independent of database size. The only differences are their worst

case time complexity, the number of sweeps required, and the memory needed for holding the

additional data structures. The optimal algorithm will be a trade-off of these and other factors and

will depend on the resources available. In this chapter, we assume the genotype data is bi-allelic.

However, real genotype data is often multi-allelic. Future work may be done in extending this

framework to multi-allelic data. This is simple enough using the data structure presented here and

the mPBWT presented by [16]. Other future work includes reduction of d-PBWT memory cost
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and speeding up random access.

d-PBWT and our algorithms open new research avenues for developing efficient genotype im-

putation and phasing algorithms. Current practices of imputation and phasing are mainly based

on a fixed reference panel. With d-PBWT, individual’s haplotypes in the reference panel can be

iteratively refined, offering improved results.
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CHAPTER 4: MINIMAL POSITIONAL SUBSTRING COVER

Introduction

Human chromosomes are a mosaic of ancestral chromosomal segments, resulting from accumu-

lated recombination events. Therefore, in modeling a panel of haplotype sequences arising from

population genetics processes, a useful model is to view a haplotype as a mosaic copy of subse-

quences of other haplotypes in a panel. In other words, a haplotype (the query) is threaded through

different haplotypes (as templates) in the panel. For many years, the state of the art haplotype

threading method was the Li & Stephens (LS) Model [12]. The classic Li and Stephens model pa-

rameterized this process as a hidden Markov model which can take into account the uncertainties

regarding mismatches (emission probabilities) and template switching (transition probabilities).

This model is quite sufficient for moderate sample sizes (hundreds to thousands) as it scales lin-

early with sample size. As a result, this model has served as a foundation for haplotype phasing

and genotype imputation for the past two decades [2, 3, 6, 7, 13, 21]. However, in the biobank era

when the panel size is large, the standard Li and Stephens model may not be efficient enough.

When sample size of the panel is large, Li & Stephens model becomes inefficient, as its time

complexity is linear to the size of the panel, O(MN), where M is the number of haplotypes in the

panel and N is the number of sites per haplotype. The latest imputation methods based on LS have

used PBWT to quickly identify a subset of templates as “surrogate parents” of the query, but still

use LS HMM to sample the threading over the subset [2, 21].

Recent work has attempted to obtain the optimal haplotype threading in the Li & Stephens model

in time sublinear to the size of the panel. Gerton Lunter described “fastLS”, an algorithm that im-

plements the Li & Stephens model and obtains the optimal haplotype threading through the use of
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the Burrows-Wheeler transform [14]. His algorithm obtains the optimal haplotype threading orders

of magnitude faster than the Viterbi algorithm. Yohei Rosen and Benedict Paten also described an

algorithm that achieved runtime orders of magnitude faster than the Viterbi algorithm [20]. Their

method achieves this using the efficient sparse representation of haplotypes and the lazy evaluation

of dynamic programming. These algorithms have also been claimed to have runtime sublinear to

the size of the reference panel. However, this claim has only been shown empirically.

In this work, we discuss an alternative formulation of the haplotype threading problem. This is

based on the observation that when the size of the panel is large enough, approaching the size of

the population, the IBD segments shared between the query and the template haplotypes can be

much longer. Also, the error rates on modern large panels are very low (∼0.1%). Therefore, the

problem of haplotype threading for large panels is Li & Stephens model at the regime where the

mismatch rates and switch rate are very low. In other words, it is of interest to make combinato-

rial formulations of the problem. There are a number of possible scoring functions for threading,

however there are common themes between them. Usually, one wants to represent z using a small

amount of haplotypes in X or a small amount of distinct segments. We minimize the number of

segments we use to represent z. We formulate the Minimum Positional Substring Cover problem

(MPSC), given a query z and a set of strings X , find a smallest set of positional substrings con-

tained in z and a string in X that cover all characters of z. While this formulation simplifies the

original haplotype threading by ignoring potential mismatches in the Li and Stephens model fla-

vor, it enables efficient enumeration of all possible solutions, leveraging the structure of PBWT.

Augmenting our algorithms with mismatch-tolerating methods such as random projection [18]

or PBWT-smoothing [28], our formulation can capture the bulk of the high-probability threading

paths, and thus provide flexibility for designing variations of downstream tasks such as genotype

imputation and haplotype phasing.

In a sense, MPSC is a more general formulation of haplotype threading. The traditional haplotype
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Table 4.1: Summary of algorithms on haplotype threading

Functionalities Alg. Complexity
Lunter [14] fastLS Alg. 4, 5 Emp. o(MN)

Rosen and Paten [20] LS Lazy Evaluation - Emp. o(MN)

This Chapter

MPSC Alg. 8 O(N)
h-MPSC Alg. 17 O(h|C |+N)
h-MPSC Alg. 18 O(N)

Leftmost MPSC Alg. 9 O(N)
Rightmost MPSC Alg. 10 O(N)

Set Maximal MPSC - O(N)
MPSC Graph - O(N)

Length Maximal MPSC Alg. 13 O(N)
Set Max. MPSC Solution Space Count - O(N)

Set Max. MPSC Solution Space Enumerate - O(N +Sc)
L-MPSC - O(N)

M is the number of sequences. N is the number of sites. C is the outputted cover. h is the coverage guaranteed. Sc is
the number of MPSCs outputted.

threading is a special case of MPSC with non-overlapping segments. MPSC formulation cap-

tures the fact that while the switching of templates indicates some recombination events, the exact

breakpoint of the recombination events may be anywhere within the overlapping region between

the templates. Furthermore, this combinatorial formulation is theoretically attractive because it is

can be solved in worst case O(N) time [22]. I.E. given a PBWT of the reference panel, a MPSC

haplotype threading of a query haplotype can be done in time independent to the number of hap-

lotypes in the reference panel. Further, a number of variations of the MPSC formulation can be

solved efficiently, including Leftmost and Rightmost MPSCs, MPSC composed of only set maxi-

mal matches, and h-MPSC.

We formulate the Minimal Positional Substring Cover problem, discuss properties of MPSCs, and

provide a solution given a PBWT of X . We discuss three variations of the MPSC problem: the

leftmost, rightmost, and set maximal match only minimal positional substring covers. Then we
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show that our original solution is leftmost and provide linear time solutions for the rightmost and

set maximal match only MPSC problems. We discuss the h-MPSC problem and provide solutions

in O(h|C |+N) and O(N) time. We also explore the solution space of minimal positional substring

covers, describe and solve the Length Maximal MPSC and L-MPSC problems, and demonstrate

the usefulness of the MPSC formulation haplotype threading through an imputation benchmark.

Table 4.1 summarizes the major algorithmic contributions of this chapter.

Background

A string z with N characters is indexed from 0 to N −1. The first character of z is z[0] and the last

is z[N −1]. The string z[i, j] is the substring of z that starts at character i and ends at character j.

A positional substring of a string z is a 3-tuple, (i, j,z), where i and j are nonegative integers,

i ≤ j+1 ≤ |z|, and z is the “source” of the substring. The substring corresponding to the positional

substring (i, j,z) is z[i, j]. If i = j+1, then (i, j,z) corresponds to the empty string, ε . A non-empty

positional substring (i, j,z) is contained in a string s if 0 ≤ i ≤ j < |s| and s[i, j] = z[i, j]. An empty

positional substring (i, i−1,z) is contained in a string s iff 0 ≤ i ≤ |s|. Two positional substrings,

(i, j,s) and (k, l, t) are equal iff i = k, j = l, and s[i, j] = t[k, l]. The length of a positional substring

(i, j,s) is j− i+1.

A positional substring cover, C , of a string z by a set of strings X is a set of positional substrings

such that every character of z is contained in a positional substring and every positional substring

in the set is present in z and a string in X . The “source,” s, of a positional substring (i, j,s) in a

positional substring cover can be any string s s.t. s[i, j] = x[i, j] = z[i, j] for some x ∈ X . The size

of a positional substring cover is the number of positional substrings it contains. The length of a

positional substring cover is the sum of the lengths of its positional substrings.
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z 1 1 1 0 1 0 1 1 0 0 1 1 1 0 0

x0 1 0 1 0 1 0 1 1 0 0 0 0 0 0 0
x1 0 1 1 0 0 1 1 0 0 1 1 0 0 0 0
x2 1 0 1 0 1 0 0 1 0 0 0 1 1 0 0
x3 1 1 1 0 1 1 1 1 0 0 1 0 0 0 0
x4 0 1 0 1 0 0 0 0 1 1 0 1 0 0 1
x5 1 0 1 0 1 1 1 1 0 0 1 1 0 0 0

(0,4,x3)

(2,6,x0)

(6,11,x5)

(11,14,x2)MPSC of z by X

Figure 4.1: A minimal positional substring cover of z by X .

π is a projection on tuples. π1(i, j,z) = i,π2(i, j,z) = j, and π3(i, j,z) = z.

In this chapter, we will use a variation of the PBWT that allows an alphabet of arbitrary size. The

key difference is that instead of using the u and v arrays to keep track of next position, we use a

three dimensional array, w, of size M×N×|Σ|, where Σ is the alphabet. w[i][ j][c] holds the position

a[i][ j] would have in a[i+1] if it had c at index i. This variation of the PBWT uses O(MN|Σ|) space

instead of the previous O(MN). However, the set maximal match query time complexity remains

the same as before (O(N + c) where c is the number of matches found). This variation of the

PBWT has been explored by Naseri et al. [16]. Lastly, when comparing a string s to a set of strings

X , a match from s to x ∈ X ,s[i, j] = x[i, j], is a longest match from s to X ending at index j if it

is a longest match between s and all strings in X that ends at index j. ∀t ∈ X∀k ∈ {0, . . . , i},k = i

or t[k, j] ̸= s[k, j]. The PBWT notation used in this chapter is different than the previous chapter,

previously the column index of an array was indicated using a subscript, as in ak[i]. In this chapter

we use a[k][i] instead. Furthermore, the superscript of y is moved to the second parameter of its

subscript, the previous chapter’s yi
k is equivalent to this chapter’s yk,i.
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Minimal Positional Substring Cover

The Minimal Positional Substring Cover (MPSC) problem is, given a set X of M strings and a

string z, find a positional substring cover of z by X of the smallest size out of all positional substring

covers of z by X . Call this cover a minimal positional substring cover of z by X . Refer to Fig. 4.1

for a depiction of an MPSC.

Properties

Claim 1. A minimal positional substring cover of z by X exists iff for every i ∈ {0, . . . , |z| − 1},

there exists a string in X that has the same character as z at index i.

Proof. If there exists an i ∈ {0, . . . , |z|− 1} s.t. ∀x ∈ X ,z[i] ̸= x[i], there exists no positional sub-

string cover of z by X since a positional substring that covers index i and is contained in z and a

string in X doesn’t exist. There doesn’t exist a positional substring cover of z by X , so a minimal

positional substring cover of z by X doesn’t exist.

If ∀i ∈ {0, . . . , |z|−1},∃x ∈ X s.t. z[i] = x[i], then there exists a positional substring cover C of z by

X . C = {(i, i,z) : i ∈ {0, . . . , |z|−1}}. A positional substring cover of z by X exists, so a minimal

positonal substring cover of z by X exists.

Claim 2. For a minimal positional substring cover C of z by X, every index k ∈ {0, . . . , |z|−1} is

contained in at most two of its positional substrings. ∀k ∈ {0, . . . , |z|−1},∃(i0, j0,s0),(i1, j1,s1) ∈

C s.t. ∀(i2, j2,s2)∈C , i2 ≤ k ≤ j2 ⇐⇒ ((i2 = i1∧ j2 = j1∧s2 = s1)∨(i2 = i0∧ j2 = j0∧s2 = s0)).

Note that every index is contained in at least one positional substring by the definition of positional

substring cover, therefore, every index is contained in at least one and at most two positional

substrings in C .
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Proof. Suppose there exists an index k that is contained in more than two positional substrings in

a minimal positional substring cover C of z by X . Take D , the set of positional substrings in C

that contain i, D = {p ∈ C : π1(p)≤ i ≤ π2(p)}. Take the positional substrings p,q ∈ D that start

the earliest and end the latest respectively. ∀r ∈ D ,π1(p) ≤ π1(r) and π2(q) ≥ π2(r). p covers

at least [π1(p), i] and q covers at least [i,π2(q)]. Therefore, all the indices contained in positional

substrings in D are covered by p and q. Therefore, removing all positional substrings in D except

p and q from C would yield a smaller set of positional substrings that covers z by X (since |D |> 2).

This contradicts the fact that C is a minimal positional substring cover of z by X .

Claim 3. Given a minimal positional substring cover C of z by X, the starting points of all po-

sitional substrings in C are unique and their ending points are unique. ∀p,q ∈ C , p ̸= q =⇒

(π1(p) ̸= π1(q)∧π2(p) ̸= π2(q)).

Proof. Suppose that there are two positional substrings in C that start at the same position, i.

Then, the one with the smaller ending position can be removed from C . This new set is a smaller

positional substring cover of z by X because all of the sites are still covered by positional substrings

contained in z and a string in X . This contradicts the assumption that C is a minimal positional

substring cover of z by X . Similar reasoning can be applied to positional substrings with the same

ending position.

Claim 4. For a minimal positional substring cover C of z by X. For any positional substring

p ∈ C , if p has the i-th smallest starting point out of all positional substrings in C , it also has

the i-th smallest ending point out of all positional substrings in C . ∀p,q ∈ C ,π1(p)< π1(q) ⇐⇒

π2(p)< π2(q).

Proof. Suppose there are two positional substrings, p,q ∈ C s.t. the order of their starting points

and ending points are different. Without loss of generality, say p starts earlier. Then, we have
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π1(p) < π1(q) and π2(p) > π2(q). In this case, q is completely covered by p. Removing q from

C results in a positional substring cover of z by X that is smaller than C . This contradicts the

assumption that C is a minimal positonal substring cover.

We use Claim 4 to define i-th positional substring in a minimal positional substring cover of z by X .

The i-th positional substring in a minimal positional substring cover C is the positional substring

with the i-th smallest starting position in the cover, 0-indexed. This is equivalent to ordering by

ending position (by Claim 4). We use C [i] to denote the i-th positional substring of C .

Main Idea

We present a solution to the Minimal Positional Substring Cover problem here. This solution

assumes that a PBWT of X is provided. We start with P = /0. Add to P the positional substring

corresponding to the longest match from z to X ending at N−1. Every minimal positional substring

cover of z by X must cover index N −1. Replacing the positional substring in any such cover with

the longest match from z to X ending at N −1 will yield a minimal positional substring cover of z

by X because the sets are the same size and the longest match ending at N −1 covers all sites any

match ending at N −1 covers by definition. Now, P is a subset of a minimal positional substring

cover C of a string z by X . It covers indices {k, . . . ,N −1}. For some integer 0 < k ≤ N −1. And

none of the indices {0, . . . ,k − 1}. We will show in Lemma 1 that given a subset of a minimal

positional substring cover that covers a contiguous section of indices, the longest match ending at

the last index it doesn’t cover is also in a minimal positional substring cover. Using Lemma 1, we

add the positional substring corresponding to the longest match ending at k− 1 to P . We repeat

this with our new P and new k until P is a minimal positional substring cover of z by X . Refer

to Fig. 4.2 for a depiction of Lemma 1.

Lemma 1 (Minimal Positional Substring Cover Modularity). Given a subset P of a minimal
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z 1 1 1 0 1 0 1 1 0 0 1 1 1 0 0

x0 1 0 1 0 1 0 1 1 0 0 0 0 0 0 0
x1 0 1 1 0 0 1 1 0 0 1 1 0 0 0 0
x2 1 0 1 0 1 0 0 1 0 0 0 1 1 0 0
x3 1 1 1 0 1 1 1 1 0 0 1 0 0 0 0
x4 0 1 0 1 0 0 0 0 1 1 0 1 0 0 1
x5 1 0 1 0 1 1 1 1 0 0 1 1 0 0 0

(0,4,x3)

(2,6,x0)

(6,11,x5)

(11,14,x2)C , MPSC of z by X

(6,11,x5)

(11,14,x2)(2,5,x2)m
P ⊂ C

k

Figure 4.2: Depiction of Lemma 1. C is a MPSC of z by X . P is a subset of C that covers only
indices {k, . . . ,N−1}. The longest match m ending at index k−1 and P form a subset of a MPSC
D of z by X . P ∪{m} ⊆ D .

positional substring cover C of a string z by X that covers all the indices in {k, . . . ,N − 1} and

none of the indices in {0, . . . ,k− 1} for 0 < k ≤ N − 1. Take m = (i,k− 1,s), the longest match

ending at k−1 from z to X. P ∪{m} is a subset of a minimal positional substring cover of z by X.

Proof. If P is a subset of a minimal positional substring cover C of a string z by X , then, the

(|C |− |P|− 1)-th positional substring in C must cover index k− 1. If it didn’t, either the index

k − 1 is not covered by C , or another substring in C covers index k − 1. In the first case, our

definition of C is contradicted.

In the second case, if an n-th positional substring covers k−1, if n> |C |−|P|−1, our defintion of

P is contradicted. If n < |C |− |P|−1, our definition of n-th positional substring is contradicted

(n-th positional substring ends after (|C |−|P|−1)-th positional substring), or C is not a minimal

positional substring cover ((|C |− |P|−1)-th positional substring starts after k−1, in which case
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it can be removed while maintaining the coverage of all sites).

Now, for any C , replacing the (|C | − |P| − 1)-th positional substring with the longest match

ending at k − 1 of z and X will yield a minimal positional substring cover of z by X . This is

because the new set is the same size as C and all the sites C covered are also covered by the new

set. Any indices greater than k−1 are covered by P and there are no indices less than k−1 that

the original (|C |− |P|−1)-th positional substring covered that the longest match ending at k−1

doesn’t cover by the definition of longest match ending at k−1.

Obtaining the longest match ending at index i is easy using the PBWT. At any index i, for some

sequence a[i+1][ j], the longest match ending at i between it and X −{yi+1, j} starts at the smaller

of d[i+ 1][ j] and d[i+ 1][ j + 1] (the starting position of the longest match ending at i between

{a[i + 1][ j],a[i + 1][ j − 1]} and {a[i + 1][ j],a[i + 1][ j + 1]} respectively. Precisely, the longest

match ending at i from z to X is (min(d[i+ 1][ j],d[i+ 1][ j + 1]), i,z). Unfortunately, the query

sequence is not in the PBWT, so using this method directly is not possible. We use the method of

“virtually inserting” a query haplotype into a PBWT in time linear with respect to the length of

the haplotype from Chapter 3. This calculates the positions in the prefix array and the divergence

values a query string would have if it was present in a PBWT.

Algorithm

A virtual insertion entails the calculation of the positions the string would take in the prefix arrays

a, and the calculation of the new divergence values of the string and the string below it in every

prefix array index. The original algorithm was described for binary strings. Here we describe the

algorithm on an arbitrary alphabet PBWT. We begin by calculating the locations of the query z in

the prefix arrays.

46



We will keep track of the index t[k],k ∈ {0, . . . ,N}. t[k] is the index in the k-th prefix array (a[k])

which the query sequence z would be placed above if it were in the PBWT. Choose t[0] arbitrarily,

we choose t[0] = 0. The position z would be above in a[k+ 1] is the position t[k] would be at in

a[k+ 1] if it had z[k] at position k. In other words, t[k+ 1] = w[k][t[k]][z[k]]. We can use the w

array to calculate each t[k] in constant time. Overall, O(N) where N = |z|. Next, we calculate the

divergence values.

The key observation for the efficient calculation of divergence values is that the divergence value of

the query sequence z at index k will be less than or equal to its divergence value at index k+1. The

same holds for the divergence value of the sequence below z. See Section 2.3 of [24] for a proof of

this claim. Therefore, we calculate two integer arrays, dz and dbelowz of size N + 1. We calculate

dz[N] and dbelowz[N] by starting at d = N and decrementing until z[d −1] ̸= yN,t[N]−1[d −1] for dz

(and until z[d−1] ̸= yN,t[N][d−1] for dbelowz). Then, we set k = N −1 → 0 and calculate dz[k] and

dbelowz[k] by starting at dz[k + 1] and dbelowz[k + 1] respectively and decrementing until the next

characters are not equal, see condition in previous sentence. Overall, this takes O(N) time since

every index has a constant cost and over all the sites, the divergence calculation is a counter from

N to 0.

As we noted before, obtaining the longest match ending at index k is easy given a PBWT of

binary strings. This still holds in our arbitrary alphabet PBWT. The longest match ending at k of

a[k+1][ j] to X −{yk+1, j} will be adjacent to it in a[k+1], either above or below it. For our query

z, the longest match ending at k starts at the smaller of dz[k + 1] and dbelowz[k + 1]. Therefore,

using Lemma 1 after virtual insertion, we can output a minimal positional substring cover of z by

X . Add the longest match ending at N−1 ( j,N−1,z) to the cover, save k = j. Repeat the following

until k = 0: Add the longest match ending at k−1, ( j,k−1,z) to the cover, set k = j. At the end

of this process, we have a minimal positional substring cover of z by X . Refer to Algorithm 8 for

the pseudocode of this algorithm. Note that there are some boundary cases in the algorithm not
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included in the pseudocode, these are discussed in “Boundary cases in implementation.”

Algorithm 8: Minimal Positional Substring Cover
// Virtual Insertion
t[0] = 0;
for k = 0 → N −1 do

t[k+1] = w[k][t[k]][z[k]];
CURdz =CURdbelowz = N;
for k = N → 0 do

CURdz = min(CURdz,k);
CURdbelowz = min(CURdbelowz,k);
while CURdz > 0 and z[CURdz −1] = yk,t[k]−1[CURdz −1] do

CURdz −−;
dz[k] =CURdz;
while CURdbelowz > 0 and z[CURdbelowz −1] = yk,t[k][CURdbelowz −1] do

CURdbelowz −−;
dbelowz[k] =CURdbelowz;

// Minimal Positional Substring Cover Output
C = /0;
k = N;
while k > 0 do

oldk = k;
k = min(dz[k],dbelowz[k]);
if k = oldk then

output “No positional substring cover of z by X exists.”;
exit;

C = C ∪{(k,oldk−1,z)};
output C ;

Time Complexity

The time complexity of this algorithm is O(N) where N is the length of the query string. The

calculation of locations in the prefix array is clearly O(N) since the calculation of each index is

constant time and there are N indices. The calculation of divergence values is not constant time per

index, however each index incurs a constant cost and a variable cost. Over all N indices, the sum of

the variable costs is O(N) since the variable costs are counters from N to 0. Therefore, the virtual
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insertion part of the algorithm takes O(N) time. The minimal positional substring cover output

section of the algorithm takes constant time per positional substring in the ouput, therefore it takes

O(|C |) time. The size of a minimal substring cover of z by X is at most N because there may not be

any empty positional substrings in a minimal positional substring cover. Therefore, given a PBWT

of a set of M strings, and a query string z of length N, Algorithm 8 outputs a minimal positional

substring cover of z by X in O(N) time.

Leftmost Minimal Positional Substring Cover

A leftmost minimal positional substring cover C of z by X is a minimal positional substring cover

of z by X with the following property: for any i-th substring in C , it starts at least as early as the

i-th substring of every other minimal positional substring cover of z by X . We use i-th positional

substring of an MPSC as defined in Chapter 4. With this notation, a minimal positional substring

cover C of z by X is leftmost if ∀i∈{0, . . . , |C |−1}∀D ∈{P : P is a minimal positional substring

cover of z by X},π1(C[i])≤ π1(D[i]).

Claim 5. If the i-th substring in a leftmost minimal positional cover C of z by X begins at index j,

every (i− 1)-th substring in a minimal positional substring cover of z by X contains index j− 1.

∀i ∈ {1, . . . , |C |− 1}∀D ∈ {P : P is a minimal positional substring cover of z by X},π1(D [i−

1])≤ π1(C [i])−1 ≤ π2(D [i−1]).

Proof. Suppose there existed an i ∈ {1, . . . , |C | − 1} and D ∈ {P : P is a minimal positional

substring cover of z by X} such that π1(C [i])−1 > π2(D [i−1]). Then, since D is a cover of z by

X , it contains a positional substring that contains index π1(C [i])−1, call it D [ j]. If j < i−1, the

definition of i-th positional substring is contradicted since π2(D [ j]) > π2(D [i− 1] and j < i− 1.

If j > i−1, j = i by definition of i-th positional substring, and C is not leftmost since π1(C [i])>
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π1(D [i]). Therefore, no such i and D exist.

Suppose there existed an i ∈ {1, . . . , |C |− 1} and D ∈ {P : P is a minimal positional substring

cover of z by X} such that π1(C [i])−1 < π1(D [i−1]). Then the set {D [ j] : 0 ≤ j < i−1} covers

the indices [0,π1(D [i− 1])− 1] with i− 1 positional substrings and the set {C [ j] : i ≤ j < |C |}

covers the indices [π1(C [i]),N − 1] with |C | − i positional substring. Their union is a positional

substring cover of z by X with |C |−1 positional substrings. This contradicts the assumption that

C is a minimal positional substring cover of z by X , therefore, no such i and D exist.

Here, we will show that the minimal positional substring cover C of z by X outputted by Algo-

rithm 8 is leftmost. The (|C |−1)-th substring in any MPSC D of z by X must cover index N −1.

This is because it is the substring with the greatest ending position in D (in order for D to be

minimal) and D must cover index N − 1. The leftmost starting point of any positional substring

that ends at N −1 contained in z and a string in X is the starting point of the longest match from z

to X ending at index N −1. This is exactly the (|C |−1)-th positional substring in C .

Therefore, the set containing only the C [|C | − 1] is a subset of a leftmost minimal positional

substring cover of z by X . By Claim 5, the (|C |−2)-th substring of a leftmost minimal positional

substring cover must contain index π1(C [|C |−1])−1. The leftmost starting point of any positional

substring that ends at π1(C [|C | − 1])− 1 contained in z and a string in X is the longest match

between z and X ending at that index. This is exactly the (|C |− 2)-th positional substring in C .

Therefore, the set {C [|C |−2],C [|C |− 1]} is a subset of a leftmost minimal positional substring

cover of z by X . This logic can be repeated for every positional substring in C to show that it is a

leftmost minimal positional substring cover of z by X .
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Algorithm 9: LeftmostMPSC: Output Leftmost MPSC of z by X
k = dmin[N];
kold = N;
while k ̸= kold do

Cl.enqueue((k,kold −1,z));
kold = k;
k = dmin[k];

if k ̸= 0 then
return /0;

return Cl;

Rightmost Minimal Positional Substring Cover

A rightmost minimal positional substring cover C of z by X is a minimal positional substring

cover of z by X with the following property: for any i-th substrings, it ends at least as late as the i-

th substring of every other minimal positional substring cover of z by X . ∀i ∈ {0, . . . , |C |−1}∀D ∈

{P : P is a minimal positional substring cover of z by X},π2(C [i])≥ π2(D [i]).

The logic for obtaining a rightmost minimal positional substring cover is similar to that for a

leftmost. One method is to find the leftmost cover using Algorithm 8 of the query R(z) and XR =

{R(x) : x ∈ X}, then reverse all positional substrings in the outputted cover. This would require

building a PBWT on XR, which would take O(|Σ|MN) time. Another method is to build it with the

longest matches starting at i. The first positional substring the cover C would be the longest match

starting at index 0. The second would be the longest match starting at π2(C [0])+ 1, the third at

π2(C [1])+ 1, and so on. The proof for this cover being rightmost is very similar to the leftmost

proof.

To obtain the longest match from z to X starting at index k efficiently, create an analogous array

to the divergence array for longest match starting at k. Take array δ of length N where δ [i] =

min(dz[i+ 1],dbelowz[i+ 1]) for i ∈ {0, . . . ,N − 1} (use the definitions of dz and dbelowz from Al-
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gorithm 8). Create the analogous array b of length N where b[ j] = maxi∈{k∈{0,...,N−1}:δ [k]≤ j} i for

j ∈ {0, . . . ,N−1}. This can be done in O(N) time. Now b[ j] corresponds to the end of the longest

match starting at j from z to X . Therefore, we can build a rightmost minimal positional substring

cover of z by X in O(N) time given a PBWT of X .

Algorithm 10: RightmostMPSC: Output Rightmost MPSC of z by X
// Assumes a positional substring cover of z by X exists
j = N;
k = N;
while j > 0 do

while dmin[k]< j do
j−−;
b[ j] = k−1;

k−−;
i = 0;
while i ̸= N do

Cr.push_back((i,b[i],z));
i = b[i]+1;

return Cr;

Minimal Positional Substring Cover Using Set Maximal Matches

In haplotype threading, it is usually better to have longer matches when possible. This is because

matches that are longer are usually between individuals that are more closely related. In this case,

it may be useful to have a MPSC of z by X that is composed of only set maximal matches. Here

we provide a brief description of how to output a MPSC of z by X containing only set maximal

matches in O(N) time given a PBWT of X .

We begin by running Algorithm 8 on z and the PBWT of X . Call its outputted cover D . All the

positional substrings (i, j,s) in D are longest matches ending at j from z to X , therefore the longest

match (m) starting at i from z to X is a set maximal match from z to X . This is because for another
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match to encompass this match, it needs to contain the indices {i, . . . , j} and start earlier or end

later. No match starts earlier because (i, j,s) is the longest match ending at j. No match ends later

because m is the longest match starting at i. Therefore, in order to obtain an MPSC containing

only set maximal matches, we just have to replace every positional substring (i, j,s) ∈ D with the

longest match starting at i from z to X . We can do this efficiently using the b array from Chapter 4.

b[i] contains the ending point of the largest match starting at i. We can compute the b array in

O(N) time. We can replace every match in D in O(1) time and |D | ≤ N. Therefore we can obtain

a MPSC composed of only set maximal matches in O(N) time.

MPSC Solution Space

Although a minimal positional substring cover of a query haplotype z by a panel X is an inference

for haplotype threading, there may be many possible minimal positional substring covers of z by X .

The MPSC outputted may not be the most accurate haplotype threading. Therefore, we consider

the set of all possible MPSCs of z by X .

We begin the exploration of the solution space of minimal positional substring covers of z by X

by attempting to bound it. We already have two useful bounds that can be efficiently obtained,

namely the leftmost and rightmost MPSCs. The starting point of every i-th positional substring in

an MPSC of z by X must be at least π1(Cl[i]), the starting point of the i-th positional substring of

Cl, the leftmost MPSC. Likewise, the ending point of every i-th positional substring in an MPSC

of z by X is at most π2(Cr[i]), the ending point of the i-th positional substring of Cr, the rightmost

MPSC. We have proved the existence of leftmost and rightmost MPSCs for any z and X where

there exists an MPSC of z by X .

We have even tighter bounds of the solution space of MPSCs. We showed in Claim 5 that if the
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z 1 1 1 0 1 0 1 1 0 0 1 1 1 0 0

x0 1 0 1 0 1 0 1 1 0 0 0 0 0 0 0
x1 0 1 1 0 0 1 1 0 0 1 1 0 0 0 0
x2 1 0 1 0 1 0 0 1 0 0 0 1 1 0 0
x3 1 1 1 0 1 1 1 1 0 0 1 0 0 0 0
x4 0 1 0 1 0 0 0 0 1 1 0 1 0 0 1
x5 1 0 1 0 1 1 1 1 0 0 1 1 0 0 0

Required Regions

Leftmost MPSC

Rightmost MPSC

Figure 4.3: Required regions for MPSC of z by X . The i-th required region is bounded by the i+1-
th positional substring in the Leftmost MPSC and the i−1-th positional substring in the Rightmost
MPSC.

i-th positional substring in a leftmost MPSC of z by X begins at index j, every i−1-th positional

substring in an MPSC of z by X contains the index j − 1. Here, we show a similar property for

rightmost MPSCs.

Claim 6. Every i+1-th positional substring in any MPSC of z by X contains index π2(C [i])+1.

Where C is a rightmost MPSC of z by X.

Proof. Suppose there existed an i ∈ {0, . . . , |C |−2} and D , MPSC of z by X , s.t. π2(C [i])+1 <

π1(D [i+ 1]). Then, since D is a cover of z by X , it contains a positional substring that contains

index π1(C [i])+ 1, call it D [ j]. If j < i+ 1, then by definition of i-th positional substring, C is

not rightmost since π2(D [i]) > π2(C [i]). If j > i+ 1, the definition of i-th positional substring is

contradicted since π1(D [ j])< π1(D [i+1]) and j > i+1. Therefore, no such i and D exist.

Suppose there existed an i ∈ {0, . . . , |C |−2} and D , MPSC of z by X , s.t. π2(C [i])+1 > π2(D [i+

1]). Then, the set {D [ j] : i+2 ≤ j < |C |} covers the indices [π2(D [i+1])+1, |z|−1] with |C |−

i− 2 positional substrings and the set {C [ j] : 0 ≤ j ≤ i} covers the indices [0,π2(D [i+ 1])] with

i+ 1 positional substrings. Their union is a positional substring cover of z by X with |C | − 1

positional substrings. This contradicts the fact that C is an MPSC of z by X . Therefore, no such i

and D exist.
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For every i-th positional substring in a minimal positional substring cover of z by X , we now have

two positions that it is guaranteed to contain: π2(Cr[i− 1])+ 1 and π1(Cl[i+ 1]− 1). Where Cl

is a leftmost MPSC of z by X and Cr is a rightmost MPSC of z by X . Furthermore, there are

MPSCs of z by X where the positions just after and before these positions are not contained in the

i-th positional substrings (rightmost and leftmost MPSCs of z by X with no overlap, respectively).

Therefore, we have the exact range of sites common to all i-th positional substrings in MPSCs of z

by X . Call it the i-th required region. The i-th required region is contained in every i-th positional

substring in an MPSC of z by X . The i-th required region is exactly the first site after the i−1-th

positional substring in a rightmost MPSC to the last site before the i+1-th positional substring in

a leftmost MPSC. See Fig. 4.3 for a depiction of required regions and how they are obtained. The

i-th required region is defined in Lemma 5.

Lemma 5 (Required Regions). There exists a contiguous nonempty range of sites for every i ∈

{0, . . . , |C |− 1}, such that C [i] contains this range of sites for all MPSCs C of z by X. Call the

largest such range the i-th required region. For i ∈ {1, . . . , |C |−2}, this range is [π2(Cr[i−1])+

1,π1(Cl[i+ 1])− 1], where Cr and Cl are rightmost and leftmost MPSCs of z by X respectively.

The required region for C [0] is [0,π1(Cl[1])−1], and for C [|C |−1], [π2(Cr[|C |−2]), |z|−1].

Proof. By Claim 6, every i-th substring must contain index π2(Cr[i−1])+1 for i ∈ {1, . . . , |C |−

1}. The 0-th substring must contain index 0 by definition of MPSC and i-th substring (every site is

covered and C [0] has the smallest starting point of all positional substrings in C ). Therefore, the

required region exists and is nonempty for all i.

By Claim 5, every i-th substring must contain index π1(Cl[i+1])−1 for i ∈ {0, . . . , |C |−2} [22].

Furthermore, the |C |−1-th positional substring must contain index |z|−1 by definition of MPSC

and i-th substring (every site is covered and C [|C |−1] has the largest ending point of all positional

substrings in C ).
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Positional substrings cover a contiguous range of sites. Therefore the i-th required regions for

i ∈ {1, . . . , |C | − 2} contains indices [π2(Cr[i− 1]) + 1,π1(Cl[i+ 1])− 1]. C [0] and C [|C | − 1]

must contain indices 0 and |z|−1 respectively by definition of MPSC and i-th positional substring.

Lastly, these ranges are the complete required regions. For i ∈ {1, . . . , |C | − 1}, there exists an

MPSC in which the i-th positional substring doesn’t contain index π2(Cr[i− 1]), namely a right-

most MPSC with its i-th positional substring trimmed to only include sites not covered by its

i− 1-th substring. For i ∈ {0, . . . , |C | − 2}, there exists an MPSC in which the i-th positional

substring doesn’t contain π1(Cl[i+1]), namely a leftmost MPSC with its i-th positional substring

trimmed to only include sites not covered by its i+ 1-th substring. Finally, −1 is not part of the

0-th required region and |z| is not part of the |C |−1-th required region because it is impossible for

either of these indices to be contained in an MPSC of z by X .

MPSC Graph

We attempt to represent the solution space of MPSCs as a graph. Positional substrings are ver-

tices in the graph and edges occur between positional substrings that are adjacent or overlapping.

Consider the naive graph G = (V,E) where the set of nodes V is the set of positional substrings

that are contained in both z and X with z as the source string. I.E. v = (i, j,z) ∈V ⇐⇒ (i, j,z) is

present in z and x ∈ X . There is an edge between two positional substrings u and v if u starts before

v and u and v are adjacent or overlapping (π1(u) ≤ π1(v) and π2(u) ≥ π1(v)− 1). In this graph,

all shortest paths from (−1,0,z) to (N−1,N,z) correspond to minimal positional substring covers

of z by X . Furthermore, all minimal positional substring covers are represented by a shortest path

from (−1,0,z) to (N −1,N,z). However, there are possibly O(N2) nodes and O(N4) edges in this

graph, so a shortest path finding algorithm would run in O(N4) time. Therefore, we attempt to

simplify the graph. We begin with the following observations.
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Claim 7. Every non-empty positional substring m = (i, j,z) contained in z and a string in X is

contained in a set maximal match from z to X.

Proof. If m is a set maximal match, it is contained in a set maximal match (itself). If m is not a set

maximal match, then there exists a larger match, n, between z and s ∈ X that contains m. If n is set

maximal, we are done, otherwise, there exists a match larger than n that contains it (and therefore

m). We can repeat this logic until a set maximal match containing m is found. This process is

guaranteed to stop because there are a finite amount of matches from z to X (since z and X are

finite) and each match is considered at most once.

Claim 8. For any two set maximal matches from z to X, m = (i, j,s) and n = (k, l, t), i = k ⇐⇒

j = l.

Proof. For two set maximal matches with the same starting position, if they have different ending

positions, the smaller one is contained in the larger one and is not a set maximal match. Similarly,

for two set maximal matches with the same ending position, if the have different starting positions,

the smaller one is contained in the larger one and is not set maximal. Therefore, two set maximal

matches have the same starting position if and only if they have the same ending position.

Therefore, we consider a graph where the set of nodes is the set of set maximal match positions

from z to X . Every possible non-empty match is contained in at least one of these nodes. There

is an edge between nodes u and v with the same conditions as before: π1(u)≤ π2(v) and π2(u)≥

π1(v)−1. Call the node that contains index 0 the source node, s. Call the node that contains index

N−1 the sink node, t. s and t are unique by Claim 8. There is a one-to-one correspondence between

shortest paths from s to t in this graph and minimal positional substring covers of z by X composed

of set maximal matches. By Claim 8, the number of nodes in this graph is O(S)⊆ O(N). However,

the number of edges in this graph may be O(S2), therefore a shortest path finding algorithm on this
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z 0 1 1 1 0 1 0 1 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0

x0 0 0 1 0 1 0 1 1 1 0 0 0 1 0 0 0 1 0 1 1 0 0 0 0 0
x1 0 0 0 0 0 1 0 0 0 1 1 0 0 0 0 1 0 0 0 0 0 0 0 1 0
x2 0 0 0 1 0 0 0 1 1 0 1 0 0 0 0 1 1 0 1 1 1 1 0 1 1
x3 0 0 0 1 0 1 1 1 1 0 0 0 1 0 1 1 1 0 0 0 1 0 1 0 1
x4 0 0 0 0 1 1 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
x5 1 1 1 1 0 0 0 1 0 0 0 0 0 1 0 0 1 0 0 1 1 0 1 0 1
x6 0 0 0 1 0 1 0 0 0 1 0 0 0 0 0 1 0 1 0 1 1 1 1 0 1
x7 0 0 1 0 1 1 0 0 0 0 1 1 0 0 0 1 0 1 0 1 1 1 0 1 1
x8 0 1 1 0 0 1 0 1 1 1 1 0 0 0 0 0 1 0 0 1 1 0 0 0 1
x9 0 1 1 0 0 0 0 0 0 0 1 0 1 1 0 0 1 0 0 0 1 0 0 1 0

(0, 2, x9)

(1, 4, x5)

(3, 6, x6)

(4, 8, x8)

(6, 9, x2)

(7, 11, x0)

(9, 14, x4)

(10, 15, x6)

(11, 17, x2)

(15, 19, x3)

(17, 22, x1)

(20, 24, x0)

Required Regions Set Maximal Matches Length Maximal MPSC

Figure 4.4: Constructed MPSC graph of z by X . In gray are the required regions for z and X .
Highlighted in blue are the set maximal matches from z to X . Highlighted in red is the Length
Maximal MPSC of z by X .

graph would still take O(S2)⊆ O(N2) time. We simplify the graph of the solution space again, this

time considering the i-th required regions.

We will construct a graph where the set of nodes is the set of set maximal match positions from z

to X . However, we will also consider the information gained from the i-th required regions. For

two nodes u,v, there is an edge from u to v in the graph if the previous requirements are fulfilled,

u contains the complete i-th required region, and v contains the complete i+1-th required region.

The following property is useful in this construction.

Claim 9. For every positional substring that is contained in z and a string in X, if it contains a full

required region, it doesn’t contains sites from any other required region.

Proof. If there existed a positional substring m that fully contains i-th required region and a site

from another required region, then m must contain sites from either the i− 1-th or the i+ 1-th
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required region. If it contains sites from the i−1-th required region, we can show that these sites

do not belong in the i− 1-th required region by replacing Cl[i] with m and removing any overlap

of Cl[i−1] and Cl[i] from Cl[i−1] (for leftmost MPSC of z by X , Cl).

Similarly, if m contains sites from the i+ 1-th required region, we can show that they are not

required by replacing Cr[i] with m and removing any overlap between Cr[i] and Cr[i+ 1] from

Cr[i+1] (for rightmost MPSC of z by X , Cr). These are contradictions, therefore no such positional

substring m exists.

If u contains the i-th required region and v contains the i+1-th required region, then u starts before

v. Therefore, there is an edge from u to v in this graph iff u contains the i-th required region, v

contains the i+ 1-th required region, and u and v are adjacent or overlapping. See Fig. 4.4 for a

depiction of this graph for z and X . All paths from s to t in this graph correspond to a MPSC of z

by X composed of only set maximal matches. Furthermore, all MPSCs of z by X correspond to a

path from s to t in the graph where the i-th positional substring is contained in the i-th set maximal

match position in the path.

This graph can be constructed very efficiently. As before, there are O(S) ⊆ O(N) nodes in the

graph. These nodes can be found in O(N) time. All i-th required regions can be obtained in O(N)

time. This is done by first calculating a leftmost MPSC and a rightmost MPSC of z by X in O(N)

time[22]. Then, each i-th required region can be obtained in constant time by Lemma 5. The set

maximal match positions can be obtained in O(N) time [24]. The last step is the creation of the

edges between nodes. Although there may be O(S2) ⊆ O(N2) edges in this graph, we avoid the

explicit construction of all of them by exploiting the following property. Call Ri the set of nodes

that contained the i-th required region. Call Ri[ j] the node in Ri with the j-th smallest starting

position, j ∈ {0, . . . , |Ri|−1}. Then,

Lemma 6. The set of nodes Ri[ j] has an edge to is a subset of the set of nodes Ri[ j + 1] has an
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edge to.

Proof. All of the nodes Ri[ j] has an edge to are in Ri+1. The set maximal match of every node

in Ri+1 starts after the i-th required region by Claim 9. Ri[ j] ends before Ri[ j+ 1], and both start

at or before the start of the i-th required region. Therefore, every set maximal match in Ri+1 that

overlaps or is directly after Ri[ j] overlaps Ri[ j+1]. Therefore, the set of nodes Ri[ j] has an edge to

is a subset of the set of nodes Ri[ j+1] has an edge to.

Therefore, during the construction of our graph, we don’t directly construct all O(N2) edges. For

every node Ri[ j + 1], we only construct edges to nodes that Ri[ j] does not have an edge to. Al-

though, there may be O(N2) edges in the complete graph, we fully encode them with O(S)⊆ O(N)

edges. With these edges in place and the property in Lemma 6 in mind, we have constructed a graph

that fully describes the solution space of MPSCs of z by X in O(N) time. The combination of this

graph and the PBWT supports many efficient queries through the exploitation of Lemma 6. This

includes the counting of the number of set maximal match only MPSCs of z by X , the counting of

the number of MPSCs a positional substring is an element of, and the counting of Length Maxi-

mal MPSCs, all in O(N) time. Furthermore, each of these sets of MPSCs can be enumerated in

O(N +Sc) time, where Sc is the number of MPSCs outputted. These problems are very useful for

the efficient and accurate imputation and phasing of haplotypes.

Length Maximal MPSC

The Length Maximal Minimal Positional Substring Cover problem is, given a set X of M strings

of and a string z, find a MPSC of z by X that has the largest length out of all MPSCs of z by X .

Note that by Claim 2, the length of any MPSC of z by X is less than or equal to 2N.
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Algorithm 11: VirtualInsert: Calculate Prefix and Divergence values of query z in a PBWT
t[0] = 0;
for j = 0 → N −1 do

if t[ j] ̸= M then
t[ j+1] = w[t[ j]][ j][z[ j]];

else
t[ j+1] = w[M−1][ j][z[ j]];
if z[ j] = xa[M−1][ j][ j] then

t[ j+1]++;
dz[N +1] = db[N +1] = dmin[N +1] = N;
for j = N → 0 do

dz[ j] = min(dz[ j+1], j);
db[ j] = min(db[ j+1], j);
if t[ j] ̸= 0 then

while dz[ j]> 0 and z[dz[ j]−1] = xa[t[ j]−1][ j][dz[ j]−1] do
dz[ j]−−;

if t[ j] ̸= M then
while db[ j]> 0 and z[db[ j]−1] = xa[t[ j]][ j][db[ j]−1] do

db[ j]−−;
dmin[ j] = min(dz[ j],db[ j]);

return t,dmin;

Algorithm 12: SetMaximalMatchPositions: Output positions of set maximal matches from z
to X
// Assumes a positional substring cover of z by X exists
for i = 0 → N −1 do

if dmin[i]< dmin[i+1] then
S.push_back((dmin[i], i−1,z));

return S;

Lemma 7. Every positional substring in any Length Maximal MPSC of z by X is a set maximal

match from z to X.

Proof. Suppose there existed a length maximal MPSC of z by X , C , that contained a positional

substring that is not a set maximal match. Then, replacing it with a positional substring that is a

set maximal match that contains it yields another MPSC C ′ with a larger length. Such a positional
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substring always exists by Claim 7. C ′ is an MPSC because it covers all the sites C covered and

has the same size. Its length is larger because the only difference between C and C ′ is a positional

substring in C was replaced by a larger one C . This contradicts the fact C is a length maximal

MPSC of z by X . Therefore, every length maximal MPSC of z by X is composed of only set

maximal matches.

Algorithm 13: Output a Length Maximal MPSC of z by X given a PBWT of X
t,dmin = VirtualInsert(z, PBWT);
Cl = LeftmostMPSC(dmin,z);
if |Cl|= 0 then

output “No MPSC exists”;
return;

Cr = RightmostMPSC(dmin,z);
S = SetMaximalMatchPositions(dmin,z);
L = LongestPaths(S,Cl,Cr);
C = Backtracking(L,S);
return C ;

Algorithm 14: Backtracking: Output Length Maximal MPSC by backtracking through graph
// Assumes a positional substring cover of z by X exists
C = {S[0]};
l = L[0];
s = |S[0]|;
for i = 1 → |S|−1 do

if L[i] = l − s then
C = C ∪S[i];
l = L[i];
s = |S[i]|;

return C ;

Considering Lemma 7, we begin with the MPSC graph in Fig. 4.4 and modify it in the following

fashion. For every edge (u,v), we assign it a weight of the length of u. In this directed acyclic

graph, every directed path from s to t still corresponds to a MPSC of z by X composed of only

set maximal matches. As before, every MPSC of z by X composed of only set maximal matches

corresponds to a directed path in the graph from s to t, there is a one-to-one correspondence.
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Figure 4.5: Obtaining the longest paths of the set maximal matches in Ri from the longest paths of
the set maximal matches in Ri+1 in O(|Ri|+ |Ri+1|) time. Subgraph of Fig. 4.4, i = 2.

Therefore, the length maximal MPSC of z by X corresponds to a path in the graph by Lemma 7.

In fact, there is a one-to-one correspondence between longest directed paths in the graph from s to

t and Length Maximal MPSCs of z by X (where the length of a path is the sum of the weights of

its edges).

Therefore, we can obtain a Length Maximal MPSC by constructing this graph and finding a longest

path in it from s to t. This is easy given a PBWT of X . We begin by finding leftmost and rightmost

MPSCs of z by X . This can be done in O(N) given a PBWT of X (where N is |z|). This was shown

by [22]. We can then obtain all required regions in O(|C|) time, where |C| is the size of an MPSC of

z by X . The calculation of each required region takes constant time. They can be calculated simply

using the leftmost and rightmost MPSCs and Lemma 5. Next, we output all set maximal match

positions and one string in X that each contains each set maximal match in O(N) time. This can be

done with a simple modification of the set maximal match query algorithm by [24]. We maintain

the sorted order of the set maximal match positions provided by the query algorithm. Lastly, we

keep track of which set maximal matches contain which complete required regions. This can be

done in a simple sweeping fashion in O(S) time due to Claim 9. So far, the algorithm has taken

O(N) time.
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Algorithm 15: LongestPaths: Calculate length of Longest Path from every node (out-of-place)
// Assumes a positional substring cover of z by X exists and |Cl|> 1
R0[0] = 0;
R|Cl |−1[0] = |S|−1;
j = 1;
for i = |Cl|−2 → 1 do

reqReg = (π2(Cr[i−1])+1,π1(Cl[i+1]−1,z);
while π2(S[ j])< π2(reqReg) do

j++;
while π1(S[ j]≤ π1(reqReg) do

Ri.push_back( j);
j++;

for i = |Cl|−2 → 1 do
L[Ri[0]] = |S[Ri[0]]|+L[Ri+1[0]];
l = 0;
while l +1 < |Ri+1| and π2(S[Ri[0]])≥ π1(S[Ri+1[l +1]])−1 do

L[Ri[0]] = max(L[Ri[0]],L[Ri+1[l +1]]+ |S[Ri[0]]|);
l ++;

for k = 1 → |Ri|−1 do
L[Ri[k]] = L[Ri[k−1]]−|S[Ri[k−1]]|+ |S[Ri[k]]|;
while l +1 < |Ri+1| and π2(S[Ri[k]])≥ π1(S[Ri+1[l +1]])−1 do

L[Ri[k]] = max(L[Ri[k]],L[Ri+1[l +1]]+ |S[Ri[k]]|);
l ++;

return L;

We now have all the required information to build the graph. We create the nodes of the graph

in O(S) time where S is the number of set maximal match positions, S ≤ N. We create the edges

leaving s and entering t in O(S) time. Lastly, for every set maximal match position, if it fully

contains a required region, we create an edge from it to nodes whose positional substrings fully

contain the next required region and are adjacent or overlapping. This last step of construction of

the graph takes O(S2) ⊆ O(N2) time. We can find the longest path in this directed acylic graph

in O(V +E) = O(S+E) ⊆ O(S2) ⊆ O(N2) time. This can be done using a shortest path finding

algorithm on the graph with the weights negated. The overall time complexity for this method of

outputting a length maximal MPSC is O(N +S2). However, we have yet to exploit the property of

the graph shown in Lemma 6.
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Algorithm 16: LongestPaths: Calculate length of Longest Path from every node (in-place)
// Assumes a positional substring cover of z by X exists and |Cl|> 1
jold = kold = |S|−1;
L[ jold] = |S[ jold]|;
for i = |Cl|−2 → 1 do

reqReg = (π2(Cr[i−1])+1,π1(Cl[i+1]−1,z);
k = jold −1;
while π1(S[k])> π1(reqReg) do

L[k] =−1;
k−−;

j = k;
while π2(S[ j−1])≥ π2(reqReg) do

j−−;
jnext = j;
L[ j] = |S[ j]|+L[ jold];
jold ++;
while jold ≤ kold and π2(S[k])≥ π1(S[ jold])−1 do

L[ j] = max(L[ j], |S[ j]|+L[ jold]);
jold ++;

j++;
while j ≤ k do

L[ j] = L[ j−1]−|S[ j−1]|+ |S[ j]|;
while jold ≤ kold and π2(S[ j])≥ π1(S[ jold])−1 do

L[ j] = max(L[ j], |S[ j]|+L[ jold]);
jold ++;

j++;
jold = jnext ;
kold = k;

L[0] = |S[0]|+L[ jold];
jold ++;
while jold ≤ kold and π2(S[0])≥ π1(S[ jold])−1 do

L[0] = max(L[0], |S[0]|+L[ jold]);
jold ++;

return L;

We will now show that the longest path in the graph can be obtained in time linear to the number

of nodes in the graph, O(S) through the exploitation of Lemma 6. Therefore, a Length Maximal

MPSC of z by X can be outputted in O(N) time. Call the set of set maximal match positions (or

the corresponding nodes) containing the i-th required region Ri. The key idea is the following.
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Given the longest paths from all nodes in Ri+1 to t, the longest paths from all nodes in Ri to t

can be obtained in O(|Ri+1|+ |Ri|) time. This is despite the fact that there may be |Ri+1| × |Ri|

edges between these nodes. We denote the set maximal match of Ri with the j-th smallest starting

position as Ri[ j]. I.E. Ri[0] is the set maximal match in Ri with the smallest starting position, Ri[1]

has the next smallest starting position, etc. The calculation of the longest paths from Ri to t in linear

time depends on Lemma 6. The set of nodes Ri[ j] has an edge to is a subset of the set of nodes

Ri[ j+1] has an edge to. Given this property, we can calculate the longest paths in a straightforward

fashion that evaluates the longest path from each node in Ri+1 to t at most once. This is done by

calculating longest paths of nodes in order of starting position of the corresponding set maximal

match, least to greatest. See Fig. 4.5 for a depiction of this process. Pseudocode of this process is

provided in Algorithm 16.

After the lengths of the longest paths from each node to t is calculated, the longest path from s

to t can be calculated in a simple linear backtracking step. Start with s. For each i-th required

region for i = 1 → |C |− 1, take the first node with length of longest path to t equal to the length

of the longest path to t of the i− 1-th node in the path so far minus the length of the substring of

the i− 1-th node in the path so far. See Algorithm 14 for the pseudocode of this process. With

this process for outputting the longest path in the graph from s to t in O(S) time, we can find the

longest path in the graph without explicitly constructing the graph. Therefore, given a PBWT of

X , we output a length maximal minimal positional substring cover of z by X in O(N) time. The

pseudocode of this algorithm can be seen in Algorithm 13.

Two versions of the LongestPaths subroutine are provided. The LongestPaths subroutine calculates

the length of the longest path from each node to t in the graph. There is an in-place and out-of-place

version of the subroutine. The out-of-place version is provided because it is easier to understand.

Both versions have time complexity O(S)⊆ O(N).
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h-Minimal Positional Substring Cover

The h-Minimal Positional Substring Cover problem, is, given a query string z, and a set of strings

X , find the smallest cover out of all positional substrings covers C of z by X where every positional

substring in C is contained in at least h strings in X . The solution to this problem is similar to the

solution to the Minimal Positional Substring Cover problem, and it is biologically useful because

the large group of similar individuals for every region suggests that they are closely related. Note

that Claims 2 to 4 hold for h-MPSCs. Furthermore, with this definition, a 1-MPSC is a MPSC of z

by X and a MPSC is a 1-MPSC of z by X .

The h-Minimal Positional Substring Cover problem is similar to the Minimal Positional Substring

Cover problem. The main difference is that in the new problem, we only consider positional

substrings that have h matches in X . Any h-MPSC will contain a positional substring that contains

the last index and is contained in h strings in X by definition. We can replace this positional

substring with the largest match ending at index N −1 contained in h strings in X . This will result

in a set that is still a h-MPSC because it covers all the same sites as the previous set and is the same

size. Therefore, we start building a h-MPSC with the longest match ending at index N −1 with h

matches. Finding this match is easy using the PBWT.

Longest Match ending at k present in h strings in X

Once a query string z is virtually inserted into a PBWT, it is easy to find the largest match ending

at index k between z and X that matches at least h strings in X . The idea is to keep track of a

window in column k+1 of the prefix and divergence arrays. We will keep track of the boundaries

of the window, 0 ≤ f < g ≤ N. f is the index of the first haplotype in the window and g is

the index of the first haplotype after f not in the window. We will also keep track of e, the
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z 1 1 1 0 1 0 1

x4 0 1 0 1 0 0 0
x2 1 0 1 0 1 0 0
x0 1 0 1 0 1 0 1
x1 0 1 1 0 0 1 1
x5 1 0 1 0 1 1 1
x3 1 1 1 0 1 1 1

a[k+1] d[k+1]

t[k+1]
f

g

f −g = 1

f −g = 2

f −g = 3

Figure 4.6: Finding the longest match ending at k present in h strings in X for k = 6 and h = 3. We
only depict indices {0, . . . ,k} for all strings. Highlighted in gray are divergence vales, d[k+1][ j].
f and g values depicted are the final f and g values. The window is depicted for f −g ∈ {1,2,3}.

starting position of the match. We start with e = min(dz[k+ 1],dbelowz[k+ 1]), f = t[k+ 1]− 1 if

dz[k+ 1] < dbelowz[k+ 1], otherwise f = t[k+ 1]. Lastly g = f + 1. The number of strings in the

window at any point is g− f . Now, until g− f = k, we expand the boundaries of the window to

include the next longest match to z. If d[k+ 1][ f ] < d[k+ 1][g], then we decrement f and update

e accordingly, e = max(d[k + 1][ f ],e), f = f − 1. Otherwise, we update g and e accordingly,

e = max(d[k + 1][g],e), g = g+ 1 Overall, the search of this match takes O(h) time. Fig. 4.6

depicts this process.

Algorithm

Then, using similar logic to Lemma 1, we repeatedly add the longest match with h matches ending

at the site just before the beginning of the last match to obtain the h-MPSC. See Lemma 2.

Lemma 2 (h-MPSC Modularity). Given a subset P of a h-minimal positional substring cover C of

a string z by X that covers all the indices in {k, . . . ,N−1} and none of the indices in {0, . . . ,k−1}

for 0 < k ≤ N−1. Take m = (i, j,s), the longest match ending at k−1 from z to X that is contained
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Algorithm 17: h-Minimal Positional Substring Cover
Perform the same steps to virtually insert as in Algorithm 8;
// h-MPSC Output
C = /0;
k = N;
while k > 0 do

// longest match ending at k−1 with h matches in X search
e = min(dz[k],dbelowz[k]);
if dz[k]< dbelowz[k] then

f = t[k]−1;
else

f = t[k];
g = f +1;
while g− f < k do

if d[k][ f ]< d[k][g] then
e = max(d[k][ f ],e);
f −−;

else
e = max(d[k][g],e);
g++;

if e = k then
output “No h-positional substring cover of z by X exists.”;
exit;

C = C ∪{(e,k−1,z)};
k = e;

output C ;

in h strings in X. P ∪{m} is a subset of a h-MPSC of z by X.

Proof. If P is a subset of a h-minimal positional substring cover C of a string z by X , then the

(|C |− |P − 1)-th positional substring in C must cover index k− 1. If it didn’t, either the index

k − 1 is not covered by C , or another substring in C covers index k − 1. In the first case, our

definition of C is contradicted.

In the second case, if an n-th positional substring of C covers k − 1, if n > |C | − |P| − 1, our

definition of P is contradicted. If n < |C |− |P|−1,our definition of n-th positional substring is
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contradicted (n-th positional substring ends after (|C |− |P|−1)-th positional substring), or C is

not a minimal positional substring cover ((|C |− |P|−1)-th positional substring starts after k−1,

in which case it can be removed while maintaining the coverage of all sites).

Now, for any C , replacing the (|C |−|P|−1)-th positional substring with longest match ending at

k−1 between z and h strings in X will yield a h-MPSC of z by X . This is because the new set is the

same size as C and all the sites C covered are also covered by the new set. Any indices greater than

k−1 are covered by P and there are no indices less than k−1 that the original (|C |− |P|−1)-th

positional substring covered that the longest match ending at k− 1 between z and h strings in X

doesn’t cover by definition.

Time Complexity

Given a string z, and a PBWT of a set of strings X , we output a h-MPSC of z by X . Finding

each positional substring takes O(h) time. Therefore, this algorithm takes O(h|C |+N) where C

is the outputted cover. The N part of the time complexity comes from the virtual insertion and the

h|C | component from the cover search and output. See Algorithm 17 for the pseudocode of this

algorithm.

Improved Algorithm

We suspect that the previous algorithm outputs a “leftmost” h-MPSC. Here we describe an algo-

rithm that improves on the previous h-MPSC algorithm running time. It outputs an h-MPSC of z

by X in O(N) time. We believe the h-MPSC it outputs is “rightmost”.

70



Algorithm 18: h-MPSC: Output h-MPSC of z by X in O(N) time
i = f = 0;
g = M;
C = /0;
for j = 0 → N do

if j = N then
f ′ = g′ = 0;

else
if f ̸= M then

f ′ = w[ f ][ j][z[ j]];
else

f ′ = w[M−1][ j][z[ j]];
if z[ j] = xa[M−1][ j][ j] then

f ′++;
if g ̸= M then

g′ = w[g][ j][z[ j]];
else

g′ = w[M−1][ j][z[ j]];
if z[ j] = xa[M−1][ j][ j] then

g′++;
if f ′−g′ < h then

if i = j then
output “No h-MPSC of z by X exists”;
return /0;

C = C ∪{(i, j−1,z)};
i = j;
if j ̸= N then

j−− ; // to repeat current value of j in loop
f = 0;
g = M;

else
f = f ′;
g = g′;

return C ;

The original h-MPSC algorithm traversed the PBWT from index N to 0. Here, we traverse in the

opposite direction, from 0 to N. We begin at index 0 and keep track of the block of strings that

match with z on the range [i, j). The block is denoted by [ f ,g) where f is the first string in the

block in the prefix sorting and g is the first string not in the block after f . If f = g, the block is
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empty. At site 0, f and g are initialized to f = 0, g = M. i and j are initialized to 0. The f and

g blocks are updated in constant time per site using the w array between sites. Once the block at

site j+1 has less than h strings, the positional substring of the previous block (i, j−1,z) is added

to the h-MPSC. This is repeated until all sites are covered by a positional substring contained in

h strings in X . This algorithm runs in O(N) time because the is traversed from index 0 to N and

each site takes constant time to update the f and g block. Furthermore, the addition of a positional

substring to the h-MPSC can happen at most once per site and takes constant time. A proof that

the positional substring cover is an h-MPSC can be seen through a fairly simple modification of

Lemma 2. The pseudocode of this algorithm can be seen in Algorithm 18.

L-MPSC

Here we present and solve a new variation of the MPSC problem, the L-MPSC. An L-MPSC is

similar to an MPSC except it requires each of its elements to be at least length L. Specifically,

an L-MPSC of a query string z by a set of strings X is a smallest positional substring cover of

z by X where every positional substring in the cover has length at least L. This is a problem of

biological interest since it guarantees a minimum relatedness at each location in the haplotype

threading between the query haplotype and the source of the positional substring in the panel. This

may make the L-MPSC more powerful than an MPSC for biological problems such as phasing and

imputation.

It turns out that the L-MPSC has many of the same properties as the MPSC. In fact, we show

leftmost, rightmost, and set maximal match only L-MPSCs with the same time complexity as the

MPSC given a PBWT of the set X . We begin by proving that the L-MPSC has some of the same

properties as the MPSC.

Claim 10. An L-MPSC of z by X exists iff every index of z is contained in a positional substring

72



that is length L or longer and contained in z and X

Proof. If there exists and L-MPSC of z by X , then every index of z is contained in a positional

substring that is length L or longer and contained in z and X by definition of L-MPSC.

If for all indices of z, there exists a positional substring that contains it, is at least length L, and

is contained in z and X . Then the union of all such positional substrings is a positional substring

cover of z by X where every element is at least length L. Then a smallest such set (an L-MPSC of

z by X) exists.

Claim 11. For any L-MPSC of z by X, C L , every index of z is contained in at most two of its

positional substrings.

Proof. Suppose an L-MPSC exists with an index that is contained more than two of its positional

substrings. Out of the positional substrings that contain this index, remove one that doesn’t have

the smallest starting point or the largest ending point (if they all have the smallest starting point

or the largest ending point, remove any of them). The resulting set of positional substrings is a

positional substring cover of z by X where each of its elements is at least length L. Furthermore it

is smaller than the original L-MPSC of z by X , a contradiction.

Claim 12. For any L-MPSC of z by X, the starting points of its positional substrings are unique

and their ending points are unique.

Proof. Suppose an L-MPSC exists where two of its positional substrings share a starting point.

The smaller one could be removed from the set (or any if they are equal length). The new set is

smaller than the original L-MPSC and is a positional substring cover of z by X with every element

at least length L (contradiction). Similar logic applies to two positional substrings sharing an

ending point.
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Claim 13. For any L-MPSC of z by X, the positional substring with the i-th smallest starting point

has the i-th smallest ending point.

Proof. If this property is not true, then there may exist an two positional substrings p,q in an

L-MPSC where π1(p) < π1(q) and π2(p) > π2(q). In this case, q is fully contained in p and

can be removed from the set. The new set is still a positional substring cover of z by X with all

of its elements at least length L and is smaller than the original L-MPSC of z by X . This is a

contradiction.

Rightmost L-MPSC

Using these properties, we build a Rightmost L-MPSC. As before, we use Claim 13 to refer to the

i-th positional substring in an L-MPSC as the positional substring with the i-th smallest starting

position (or equivalently, ending position), 0-indexed. A rightmost L-MPSC is an L-MPSC where

the i-th positional substring ends as late as the i-th positional substring of every L-MPSC of z by

X . We solve the rightmost L-MPSC problem using the following lemma.

Lemma 6 (L-MPSC Modularity). Consider an L-MPSC of z by X, C . For all subsets P of C that

cover all the indices in {0, . . . ,k}, and none of the indices in {k+1, . . . ,N −1}, P∪ (i, j,s) is also

a subset of an L-MPSC of z by X if (i, j,s) is at least length L, is contained in z and X, contains

index k+1, and has the largest ending point out of all matches between z and X that contain index

k+1 and are at least length L.

Proof. If P is a subset of C and covers all the indices in {0, . . . ,k}, and none of the indices in

{k+1, . . . ,N −1}, then the |P|-th positional substring in C must contain position k+1.

For any C , replacing its |P|-th positional substring with (i, j,s) yields an L-MPSC since all of
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the sites covered previously remain covered, (i, j,s) is at least length L, and the new positional

substring cover is the same size as C .

We construct an L-MPSC of z by X given a PBWT of X in the following way. Begin with a virtual

insertion of z into the PBWT of X . Using the calculated divergence arrays, compute the array bL.

bL is an array of length N where bL[i] is the ending index of the match with the largest ending point

of all matches between z and X length L or more that contain index i. If no such match exists,

bL[i] = −1. In order to compute bL, we use the b and d arrays. b is an array of length N where

b[i] contains the ending point of the longest match between z and X starting at i. d is an array

of length N where d[i] contains the starting point of the longest match between z and X ending

at i. b and d can be computed in O(N) time from the divergence values calculated during virtual

insertion. See Rightmost Minimal Positional Substring Cover in Chapter 4 for the computation of

b. d[i] = min(dz[i+1],dbelowz[i+1]). Set bL[0] = b[0] if b[0]+1 ≥ L, otherwise bL[0] =−1.

We compute bL using the following recurrence relation.

bL[i] =


b[i] if b[i]> b[i−1] and b[i]− i+1 ≥ L

bL[i−1] otherwise, if bL[i−1] ̸=−1 and bL[i−1]≥ i

−1 otherwise

This allows us to compute bL in O(N) time. Using bL and Lemma 6, obtaining an L-MPSC of z by

X is straightforward. Consider k the first index not covered yet (initialized at 0). Until k = N, do

the following:

1. If bL[k] =−1, quit, no L-MPSC exists.

2. Add (d[bL[k]],bL[k],z) to the cover.
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3. Set k = bL[k]+1.

At the end of this process, the cover is an L-MPSC of z by X . This process takes O(|C |) time,

therefore an L-MPSC of z by X can be found in O(N) time given a PBWT of X . Now, we show

that this L-MPSC is rightmost using the following claim.

Claim 14. If the i-th substring in a rightmost L-MPSC (C L ) of z by X ends at index j, every

i+1-th substring in an L-MPSC of z by X contains index j+1.

Proof. Suppose there existed an L-MPSC of z by X , D , s.t. π2(C
L [i])+1 < π1(D [i+1]). Then,

since D is a cover of z by X , it contains a positional substring that contains index π1(C
L [i])+1,

call it D [ j]. If j < i+1, then by definition of i-th positional substring, C L is not rightmost since

π2(D [i])> π2(C
L [i]). If j > i+1, the definition of i-th positional substring is contradicted since

π1(D [ j])< π1(D [i+1]) and j > i+1. Therefore, no such i and D exist.

Suppose there existed an i ∈ {0, . . . , |C L |−2} and D , an L-MPSC of z by X , s.t. π2(C
L [i])+1 >

π2(D [i+ 1]). Then, the set {D [ j] : i+ 2 ≤ j < |C L |} covers the indices [π2(D [i+ 1])+ 1, |z| −

1] with |C L | − i − 2 positional substrings and the set {C L [ j] : 0 ≤ j ≤ i} covers the indices

[0,π2(D [i+1])] with i+1 positional substrings. Their union is a positional substring cover of z by

X with |C L |−1 positional substrings of length at least L. This contradicts the fact that C L is an

L-MPSC of z by X . Therefore, no such i and D exist.

Now, call the L-MPSC outputted by this method C L . C L [0] is a subset of a rightmost L-MPSC

since the 0-th positional substring of any L-MPSC of z by X must contain index 0 and C L [0] has

the rightmost ending point of all such positional substrings. By Claim 14, index π2(C
L [0])+ 1

must be contained in every 1-th positional substring in an L-MPSC of z by X . The rightmost ending

position of any positional substring contained in z and X that contains index π2(C
L [0])+ 1 and
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is at least length L is precisely π2(C
L [1]). Therefore {C L [0],C L [1]} is a subset of a rightmost

L-MPSC of z by X . This logic can be repeated for all positional substrings in C L to show that the

C L is a Rightmost L-MPSC of z by X .

Leftmost L-MPSC

We build a Leftmost L-MPSC using analogous properties.

Claim 15. If the i-th substring in a leftmost L-MPSC (C L ) of z by X starts at index j, every i−1-th

substring in an L-MPSC of z by X contains index j−1.

Proof. Suppose there existed an L-MPSC (D) of z by X such that π1(C
L [i])− 1 > π2(D [i −

1]). Then, since D is a cover of z by X , it contains a positional substring that contains index

π1(C
L [i])− 1, call it D [ j]. If j < i− 1, the definition of i-th positional substring is contradicted

since π2(D [ j]) > π2(D [i− 1] and j < i− 1. If j > i− 1, j = i by definition of i-th positional

substring, and C L is not leftmost since π1(C [i])> π1(D [i]). Therefore, no such i and D exist.

Suppose there existed an L-MPSC (D) such that π1(C
L [i])−1< π1(D [i−1]). Then the set {D [ j] :

0 ≤ j < i− 1} covers the indices [0,π1(D [i− 1])− 1] with i− 1 positional substrings and the set

{C L [ j] : i ≤ j < |C L |} covers the indices [π1(C
L [i]),N −1] with |C L |− i positional substring.

Their union is a positional substring cover of z by X with |C L | − 1 positional substrings. This

contradicts the assumption that C L is a minimal positional substring cover of z by X , therefore,

no such i and D exist.

Given Claim 15, we build a Leftmost L-MPSC of z by X using a method similar to the previous.

The difference is, this time we build the cover from the right adding the match containing index

k− 1 with the smallest starting point out of those with length L or more. In order to do this, we
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build the dL array. dL is an array of length N where dL[i] is the starting index of the match with the

smallest starting point of all matches between z and X length L or more that contain index i. If no

such match exists, dL[i] =−1. In order to compute dL, we use the d array. Set dL[N−1] = d[N−1]

if N −d[N −1]≥ L, otherwise dL[N −1] =−1.

dL[i] =


d[i] if d[i]< d[i−1] and i−d[i]+1 ≥ L

dL[i+1] otherwise, if dL[i+1] ̸=−1 and dL[i+1]≥ i

−1 otherwise

Therefore, we can compute dL in O(N) time. Using dL and Claim 15, obtaining a leftmost L−

MPSC of z by X is straightforward. Set k = N −1. Until k =−1

1. If dL[k] =−1, quit, no L-MPSC exists.

2. Add (dL[k],b[dL[k]],z) to the cover.

3. Set k = dL[k]−1.

At the end of this process, the cover is a Leftmost L-MPSC of z by X by Claim 15. Therefore,

a Leftmost (and a Rightmost) L-MPSC of z by X can be found in O(N) time given a PBWT of

X . The L-MPSCs outputted by both of these methods are composed of only set maximal matches

from z to X .

Boundary cases in implementation

In the implementation of the algorithms discussed in this chapter, there are boundary cases that

need to be accounted for which aren’t dealt with in the pseudocode. These boundary cases are left
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out of the pseudocode because their handling would make the pseudocode unnecessarily long and

difficult to understand. We briefly discuss these boundary cases here and how to handle them. For

virtual insertion t[k] may equal M, while there is no a[k][M], this represents the fact that z would

sort below every string in X in a[k]. While there is no value w[k][M][c], it is simple to calculate in

constant time what this value should be. w[k][M][c] is the same as w[k][0][c+1], where c+1 is the

lexicographically smallest character that is larger than c. This can also be calculated in constant

time as w[k][M][c] = w[k][M−1][c]+1 if yk,M−1[k] = c, or w[k][M][c] = w[k][M−1][c] otherwise.

It should also be checked if z is longer than the strings in X , if so, no cover exists. Lastly, for the

h-MPSC problem, there are two boundary cases. Firstly, if h > |X |, no cover exists. Secondly,

while incrementally widening the window to contain h strings, care should be taken to avoid trying

to obtain the divergence value d[k][−1] or d[k][M]. In other words, if f = 0 or g = M, stop trying

to increment f or decrement g respectively.

Results

Haplotype Threading Properties

We explored the properties of haplotype threadings of the MPSC formulation. The dataset used

was the UK Biobank (UKB) [5]. The UKB has 974,818 haplotypes and around 700,000 sites

(microarray). We used chromosome 21, which has 9,793 sites. For each haplotype in the UKB, we

run our method to identify an MPSC of it using all other haplotypes in the UKB as the reference

panel. We also evaluate a rudimentary method of handling mismatches in the MPSC formulation of

haplotype threading by using P-smoother [28]. P-smoother is a method for smoothing out sporadic

mismatches in otherwise well-matched PBWT blocks, to attempt to remove very rare mutations

and genotyping errors from the British only UKB panel. P-smoother was run on the default settings

and flipped the alleles of roughly 1.4% of the data. The smoothed panel is expected to tolerate
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Figure 4.7: Frequency within self reported ethnic background of # of segments in haplotype thread-
ing of haplotypes in UK Biobank. Haplotype threading is generated with reference panel as the
rest of the UK Biobank. Frequency is plotted by self reported ethnic background for the four most
common in the UK Biobank: British, Irish, Indian, and Caribbean, with 860,584, 25,436, 11,320,
and 8,598 haplotypes respectively.

mismatches, resulting in longer match segments, and smaller MPSC sizes.

We found that the MPSC segment count of an individual has an overall distribution due to the fact

that not every one’s relatives are sampled evenly. However, the mode of MPSC segment count is

inversely correlated with the number of templates with closely related ethnic background (Fig. 4.7).

This behavior is even more clear when we run the experiment with varied sample sizes (Fig. 4.8).

We plot the number of segments in each haplotype threading by self reported ethnic background

in Fig. 4.7. The x-axis is the number of segments in the haplotype threading and the y-axis is

the frequency of that number within each self reported ethnic background. The plotted ethnic

backgrounds are the 4 most commonly reported ethnic backgrounds in the UKB: British, Irish,

Indian, and Caribbean (860,584, 25,436, 11,320, and 8,598 haplotypes respectively). A haplotype

is classified as one of these ethnic backgrounds if it was the first ethnic background the individual

who owns the haplotype reported themselves as. We also plot MPSC size distributions for random

subsets of the UKB of varying sizes. No threading was found for (7.3%,0.32%,0.003%, and 0%)
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Figure 4.8: Frequency by panel size of # of segments in British only haplotype threading of haplo-
types in UK Biobank. Haplotype threading is generated with reference panel random subset of the
British only haplotypes in the UK Biobank. Plotted by panel size for M ∈ {1,000, 10,000, 100,000,
860,022}. Note that frequencies exclude haplotypes for which no threading was found.

of the haplotypes for M=(1,000, 10,000, 100,000, and 860,022) respectively. M = 10 and 100 were

also tried, but no haplotype threadings were found in either panel. Haplotypes without MPSCs are

left out of the frequency calculation.

A more interesting property we consider is the MPSC solution space. This is the number of possi-

ble coverings of the query with equally small number of switches, which would be all considered a

Viterbi solution for the LS model. We plot the count of Set Maximal Match only MPSCs for each

haplotype in the British only UKB dataset (860,022 haplotypes) in Fig. 4.9 in ascending order.

The median solution space size was 120. The 90th and 99th percentile solution space sizes were

72,756 and 3.4×109 respectively. As expected, the median solution space size of the P-smoothed

panel was 40. The fact that the number of solutions in MPSC solution space is surprisingly small

validated that UKB belongs to the regime where MPSC could be a much more efficient alternative

for the fully-parameterized Li & Stephens model.

The last property of the MPSC formulation of haplotype threading we explore is the distributions
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Figure 4.9: The number of Set Maximal Match only MPSCs per haplotype in British only UK
Biobank panel in ascending order.

of lengths of the Length Maximal MPSCs. Note this length l is N ≤ l ≤ 2N, and thus the size of the

overlap region, l −N or l−N
N , provides one way of quantifying the potential computations (much

more than a linear factor!) saved by MPSC compared to enumerating solutions of standard LS. We

plot this length distribution of Length Maximal MPSCs for British only haplotypes in Fig. 4.10. P-

smoother results in a smaller Length Maximal MPSC length. The length maximal MPSC provides

about at average 1.21X (1.20X after smoothing) coverage of the chromosome, indicating about

20% of the genome belongs to the overlap regions of Length Maximal MPSC where location of

recombination breakpoints cannot be unequivocally determined.

Run Time

We measure the run time of obtaining the Length Maximal MPSC for various M and N. Note that

the run time of obtaining a Length Maximal MPSC is strictly larger than the run time of obtaining

an MPSC, a Leftmost MPSC, a Rightmost MPSC, and a Set Maximal Match only MPSC. This is

because the first three algorithms are subroutines of the Length Maximal MPSC algorithm. The
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Figure 4.10: The distributions of lengths of Length Maximal MPSCs for all British only haplotypes
in the UKB. Length is represented as a ratio of genome length. The min ratio of an MPSC is 1 and
the max ratio is 2. The min and max ratios observed are 1 and 1.974.

run time of obtaining a Length Maximal MPSC is strictly larger than the run time of obtaining a

Set Maximal Match only MPSC because a Length Maximal MPSC is a Set Maximal Match only

MPSC. The results of these tests can be seen in Fig. 4.11.

Imputation Benchmark

We implemented an imputation benchmark to demonstrate the usefulness of the MPSC formula-

tion of haplotype threading. The imputation algorithm is naive outside of the haplotype threading:

Given a haplotype threading of the haplotype to be imputed at a site, obtain the positional sub-

strings adjacent to it in the haplotype threading. For every haplotype that contains one of these

positional substrings, vote once per positional substring it contains towards the allele this haplo-

type has at the site to be imputed. Impute an allele if the votes are unanimous. We also evaluate

the use of a P-smoothed panel. In this method, the haplotype threading is generated using the

P-smoothed panel and query haplotype. Votes are counted for haplotypes who have the positional

substring in the P-smoothed panel. However, allele votes are counted using the original panel.
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Figure 4.11: Run time by varying M and N. Average run time for the Length Maximal MPSC
computation of 1,000 random haplotypes in the UKB British only dataset for varying number of
sites, N ∈ {1,000, 2,000, 3,000, 4,000, 5,000, 6,000, 7,000, 8,000, 9,000, and 9,793}, is on the
left. On the right, average run time for the Length Maximal MPSC computation of 1,000 random
haplotypes in the UKB British only dataset for varying number of haplotypes in the reference
panel, M ∈ {100,000, 200,000, 300,000, 400,000, 500,000, 600,000, 700,00, 800,000, 900,000,
and 973,818}, is plotted.

This imputation method generalizes to all of the variations of MPSC haplotype threading, therefore

we test it on many of the MPSC variations, including Length Maximal MPSC, voting by Set

Maximal MPSC Solution Space, and the h-MPSC with various choices of h. The imputation

benchmark was performed in the following fashion: Select 1,000 random haplotypes from the

UKB British only dataset (chromosome 21). Remove a random 8,814 sites (90%) from these

haplotypes. Impute these haplotypes using the rest of the UKB British only haplotypes (M =

859,022) as the reference panel using the above-mentioned MPSC-based imputation methods and

Beagle (version 5.4), a state of the art imputation method [2].

As shown in Table 4.2, all tested MPSC-based imputation methods have an imputation accuracy

comparable to Beagle. Interestingly, while MPSC-based methods do not cover all sites, the sites

they covered are mostly “easier" sites as Beagle also have higher accuracies on those sites than

the average of all sites. Over the covered sites, MSPC-based methods have roughly same accura-

cies compared to Beagle. Importantly, for a few cases, MPSC-based methods outperform Beagle,

84



Table 4.2: Imputation performance in percentages on a random 1,000 British only UKB haplotypes

Method
Original Panel P-smoothed Panel

Accuracy Accuracy
Beagle MPSC Sites Imputed Beagle MPSC Sites Imputed

Beagle 5.4 97.94 100.00
LM MPSC 98.45 98.43 97.15 98.43 98.46 97.23

SM MPSC SS 99.10 99.19 88.20 99.05 99.21 88.22
2-MPSC 98.70 98.32 93.14 98.67 98.36 93.32
3-MPSC 98.89 98.62 90.21 98.87 98.66 90.33
4-MPSC 99.00 98.79 87.81 98.99 98.84 87.92
5-MPSC 99.12 98.96 85.71 99.10 98.99 85.86
8-MPSC 99.30 99.20 80.45 99.27 99.21 80.69

16-MPSC 99.52 99.50 71.68 99.49 99.50 72.01

Reference panel is the rest of the UKB British only haplotypes. Imputed haplotypes have a random 90% of their sites
missing. For each MPSC imputation method, its accuracy and Beagle’s accuracy on the imputed sites are shown. LM
MPSC stands for Length Maximal MPSC and SM MPSC SS stands for Set Maximal MPSC Solution Space. MPSC
imputation methods that have higher accuracy than Beagle on imputed sites are in bold.

especially for Set Maximal MPSC Solution Space (SM MPSC SS), where MPSC methods beat

Beagle in both based on the original panel and the P-smoothed panel. This is useful because one

can immediately improve the current Beagle results by repainting the Beagle imputation results

with MPSC results where MPSC methods cover. Our results also offer a way of studying behav-

iors of Li & Stephens-based methods. It seems when we increase the h in h-MPSC, the coverage

of MPSC is gravitated towards “easier” regions where both Beagle and MPSC methods have high

accuracy. Thus MPSC’s h offers a measure of imputation confidence. Finally, the P-smoothed

panel increases the power and accuracy of every MPSC threading imputation method.
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Discussion

In this chapter, we have defined and proposed the Minimal Positional Substring Cover problem as

a solution to the haplotype threading problem. We proved useful properties of Minimal Positional

Substring Covers and provided a solution to the MPSC given a PBWT of X that takes time linear

to the length of the query string. We also discussed variations of the Minimal Positional Substring

Cover problem: leftmost, rightmost, and set maximal MPSCs. We provided solutions to these

problems with the same time complexity as the original solution. Lastly, we proposed and solved

biologically useful variants, the h-MPSC problem, Length Maximal MPSC, and L-MPSC. These

problems were all solved in the same time complexity as the original MPSC problem.

In doing so, we introduced the MPSC graph, a method of representing the solution space of MPSC

haplotype threadings of a haplotype that allows many efficient algorithms. These include the enu-

meration of all MPSCs, Set Maximal Match only MPSCs in optimal time. It also allows the

counting of the number of MPSCs a particular positional substring is part of in O(N) time.

Beyond algorithmic contributions, our algorithmic developments established the theoretical basis

for linking PBWT and LS-style haplotype threading. When using these algorithms for analyzing

properties of MPSC haplotype threadings for the UK Biobank dataset, we demonstrate the useful-

ness of the MPSC haplotype threadings through an imputation benchmark. We showed that, while

the simple MPSC-based imputation does not impute all sites, when it does, the accuracy may be

higher than the state-of-the-art imputation method Beagle. Especially, the variations of MPSC al-

gorithms that offer Solution Space, Length Maximal, and high h (≥ 16) h-MPSC can outperform

Beagle. In addition, our imputation results verified that P-smoother can be leveraged to soften

the mismatch-intolerant MPSC solutions and makes MPSC more robust to real data. We believe

further developments based on our sets of algorithms will empower practical applications based on

LS such as phasing and imputation.
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CHAPTER 5: CONCLUSION

In this dissertation, we have developed algorithms on the PBWT related to IBD segment detection,

haplotype threading, haplotype phasing, and haplotype imputation. We also developed a variation

of the PBWT, dynamic PBWT, that allows efficient insertion and deletion haplotypes.

In Chapter 3, we developed dynamic PBWT (d-PBWT). The d-PBWT maintains most of the ca-

pabilities of the PBWT with the same time complexity as the PBWT. Furthermore, we provide

algorithms for insertion and deletion of haplotypes into the d-PBWT in average case O(N) time.

Furthermore we improved upon the query algorithms available for the PBWT. Set maximal and

long match query are important problems for the detection of IBD segments. The previous set max-

imal match query algorithm was described by Durbin. He claimed O(N) time complexity [8]. The

previous long match query algorithm was described by Naseri et al. [17]. They claimed O(N + c)

time complexity where c is the number of long matches outputted. We have shown both of these

claims to be incorrect. Furthermore, we have described set maximal match and long match query

algorithms that do achieve these time complexities (O(N) and O(N + c) respectively).

In Chapter 4, we develop a new formulation of haplotype threading and solve it using the PBWT.

We introduced the Minimal Positional Substring Cover (MPSC) problem, where a query haplotype

is represented by a smallest possible set of overlapping copies of segments of haplotypes from a

reference panel. We provide a solution to the MPSC problem in O(N) time given a PBWT of

the reference panel. We also solve variants of the problem: leftmost MPSC, rightmost MPSC, set

maximal match only MPSC. Using these, we are able to represent the solution space of all MPSCs

of a query haplotype through a reference panel. Then, we show how to output the biologically use-

ful solutions of length maximal MPSCs, h-MPSCs, and L-MPSCs. We show how to solve each of

these problems in O(N) time given a PBWT of the reference panel. We also show that all possible
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set maximal match only MPSCs can be counted and enumerated efficiently. Finally, we show that

the MPSC formulation of haplotype threading is powerful with an imputation benchmark.

Future work in this area includes the development of an imputation tool using the MPSC formu-

lation of haplotype threading, exploring a diploid MPSC formulation, and the development of a

phasing tool using the MPSC. Furthermore, compression of genome datasets using the PBWT may

be improved through the use of a graph variation of the PBWT.
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