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ABSTRACT Capturing all genetic variation within a polyploid organism is a challenge. Most current de
novo assemblers have no notion of the concept “ploidy”. Consequently, when assembling the genome
of diploid or higher ploidy organisms, the assembler mixes reads coming from either chromosome
copy and builds a single DNA sequence representing an arbitrary composition of a set of homologous
chromosomes. This hampers any downstream analysis, such as allele specific expression analysis,
gene association studies or population genetics. Current haplotype assembly methods focus on
phasing single nucleotide variants (SNVs), and are limited in their ability to deal with larger and
structural variants.
The third generation sequencing platforms, like the PacBio RS II or the Oxford Nanopore, make
long read sequencing affordable. In this work we explore a novel method using long reads and an
assembly graph to phase haplotypes. We introduce PHASM: a prototype de novo genome assembler
that outputs separate DNA sequences for each haplotype. We show that phasing using an assembly
graph has potential, but that approximate alignments between reads introduces caveats that make
this problem difficult.
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1. Introduction
1.1. Context

challenge of the 21st century is to find an alternative to fossil fuels, and biotechnology
can aid in the search to an alternative. For example, there are several industrial plants
using engineered strains of the yeast Saccharomyces cerevisiae to convert biomass to the biofuel
bioethanol [1]. But, the production and transport of bioethanol is limited because of ethanol
toxicity in Saccharomyces cerevisiae [2].

A

A solution to increase ethanol resilience may be hidden in the genome of the related yeast Saccharomyces pastorianus. This hybrid between Saccharomyces cerevisiae and Saccharomyces eubayanus is
used for brewing lager-type beers, and has evolved over the past 500 years with human selection
to withstand high concentrations of ethanol [3–5].
The hybridisation event between the two species resulted in a highly variable genome, and large
variation is observed between the several hundred known strains of S. Pastorianus [6]. There are
differences in chromosome and gene copy number; duplicate genes are allowed to specialise and
become paralogs with their own function and expression profiles; and this is in addition to any
variation on the single nucleotide level, affecting alleles of gene copies within a given strain. All
this variation results in a diverse set of phenotypic traits among known strains [3, 6, 7]. We are
interested in the genetic variation that drives ethanol resilience.
Capturing the genetic variation within a single strain, or between multiple strains, is a challenge:
most current de novo genome assemblers have no notion of the concept ploidy. Consequently,
when assembling the genome of diploid or higher ploidy organisms, the assembler mixes reads
coming from either chromosome copy and builds a single DNA sequence representing an
arbitrary composition of a set of homologous chromosomes [8, 9]. Any variations between these
chromosome homologues, e.g. single nucleotide variants (SNVs), gene copy number variations
or other variants, are either mixed with variants from other homologous chromosomes or not
included at all. This affects any downstream analysis, for example allele specific expression
analysis, gene association studies, or population genetics [10, 11]. This challenge will become
more important with the increasing demand in non-model diploid and polyploid reference
genomes, assemblies for highly rearranged disease samples, and pan-genome analyses [9, 12,
13].
The third generation sequencing technology, like the PacBio RS II or the Oxford Nanopore, make
long read sequencing affordable. These long reads solve the traditional issue in de novo genome
assembly, resolving repetitive regions in the genome, which results in highly contiguous and
complete assembled genomes [14, 15]. Furthermore, they are useful for resolving haplotypes: if
a set of consecutive alleles are observed in a single read, it is possible to infer that these alleles
are on the same chromosome. In this work we explore a novel method to use long read data for
phasing variants in a polyploid organism.

1.2. Related work

1.2.1. Algorithms for SNV based haplotype assembly Even though most de novo genome assemblers do not output haplotype resolved sequences, it is possible to reconstruct each haplotype
using a post processing step. This process, called haplotype assembly, usually involves mapping
your reads back to a reduced “haploid” reference genome, either an existing one or one created de
novo just before, calling observed variants (SNVs); and then assign each allele to a chromosome
by looking at the read data.
Haplotype-aware de novo genome assembly
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Haplotype assembly is computational hard problem: given m heterozygous SNVs, the number
of possible haplotypes for a diploid organism is then 2m . One of the most common formulations
for haplotype assembly is the “Minimum Error Correction” (MEC) problem, and among other
similar formulations is proven to be NP-hard [16, 17].
The accuracy of haplotype assembly methods are hampered by the short read lengths of the
second generation sequencing platforms. To connect two SNV sites it is required to observe them
together in a single read, and with read lengths of several hundred bases, this probability is quite
low [11]. Therefore these short reads do not provide enough information to accurately resolve
the haplotype. Here, the long reads produced by the third generation sequencing platforms help
solve this issue, as the probability to observe multiple SNVs in a single read is much higher if the
average read length is around ten thousand bases long. With Oxford Nanopore, reads up to one
million bases have been observed. They do bring their own challenges, especially because of
their high error rate of 6–15%.
Because the MEC problem is NP-hard, it will come as no surprise that all algorithms have
exponential runtime or resort to heuristics. There is a heuristic approach based on calculating
Max-Cuts [18]; an attempt to solve the problem using integer linear programming [19], but
this latter approach has some troubles with “difficult blocks” and resorts to heuristics to solve
these blocks. Some earlier “fixed-parameter tractable” (FPT) algorithms have a runtime that is
exponential in the number of variants per read [20, 21], but this makes it impractical for long
read data.
A few FPT algorithms designed with long read data in mind are ProbHap [22], WhatsHap [23]
and HapCol [24]. These algorithms are more suitable for long read data because they are only
exponential in the coverage of a variant rather than the number of variants per read. ProbHap tries
to optimise a likelihood function, which is a more generalised version of the objective function
of MEC, using a dynamic programming approach [22]. WhatsHap introduces an exact dynamic
programming algorithm that solves the weighted version of MEC [23]. The weights represent the
quality of the measured base in a read, according to the error model of the sequencing platform.
HapCol is another exact dynamic programming approach that solves a “k-constrained” variant of
the MEC problem, trying to exploit the fact that current long read technologies have a relative
uniform distribution of errors [24].
The algorithms discussed so far all solve the haplotype assembly problem in the diploid case.
But a lot of plants, fish or yeasts have polyploid or aneuploid genomes, with three, four or even
ten copies per chromosome. The phasing problem becomes much harder in the polyploid case.
If k is the ploidy of your organism and there are m heterozygous SNV sites, then the number
of possible configurations is of the order of km . Additionally, in the diploid case knowing one
haplotype immediately implies the other, but this does not hold for higher ploidy organisms [25].
There are no exact algorithms for the polyploid phasing problem, all resort to heuristics. Aguiar
et al. proposed one of the first methods to resolve haplotypes for polyploid organisms, with an
algorithm called HapCompass that is based on minimum spanning trees [26, 27]. SDhaP is an
algorithm using semi-definite programming to minimise the MEC-score [28], and HapTree uses a
probabilistic model to build the most likely haplotype configuration with a branch-and-bound
like algorithm [29]. As pointed out by Berger et al., the MEC-score makes less sense in polyploid
case because different configurations can have the same MEC-score due to local similarities
among chromosomes [29]. In a recent review by Motazedi et al., HapTree is considered the most
accurate method for ploidy ≤ 6, while also the most demanding in terms of computing resources.
HapCompass is more accurate for higher ploidy, but none of the methods are accurate in the
absolute sense for ploidy > 6 [25].

8

1.2.2. Haplotype-resolved genome assembly A disadvantage of SNV based phasing is that
these methods are unable to deal with larger or structural variants [30]. Furthermore, most
current de novo genome assemblers include a “bubble popping” step, in which bubbles in the
assembly graph are flattened [31–34]. For haplotype assembly, this process is backwards: popping
bubbles removes any variation among homologous chromosomes, which is later recollected by
calling SNVs.
The problem of haplotype-resolved diploid or polyploid de novo genome assembly is not new,
but until recently no universal solution for this problem existed [9, 30]. Falcon-Unzip is the first
de novo genome assembler that uses long reads produced by the third generation sequencing
technology to resolve haplotypes for diploid organisms [9]. For polyploid organisms no solution
exists yet.

1.3. Research Question

In this work we aim to answer the following question:
How well can we do haplotype-resolved de novo genome assembly for polyploid organisms and output
separate DNA sequences for each haplotype?
We divide our main question in the following subquestions:
• How to capture variation among homologous chromosomes in an assembly graph?
• How to find the best set of paths through an assembly graph such that each path represents a
haplotype?
• How to evaluate the output?
To answer these questions we introduce PHASM (PHasing ASseMbler): a prototype long read de
novo genome assembler for polyploid organisms that outputs separate DNA sequences for each
chromosome homologue.
Early in the project, we tried to formulate the problem of finding paths through an assembly
graph as a network flow problem. We did not continue down this path because the information
you can put on the nodes and edges is static, which makes it difficult to change the likelihood of
certain configurations based on decisions made earlier. Furthermore, a network flow solution
results in flow values for every edge. This is not yet a set of paths through the assembly graph.
To obtain a set of paths, a path decomposition step is required, which is a computational hard
problem for a general directed graph. This is further explained in the supplemental material.
Instead, we have chosen a more pragmatic approach. An overview of the complete assembly
pipeline can be seen in Figure 1. PHASM expects long reads from a whole genome sequencing
experiment as input data (Figure 1a); it identifies pairwise local alignments between these reads
(Figure 1b, Section 2.1); we build an assembly string graph using these pairwise local alignments
(Figure 1c, Section 2.2); we identify superbubbles in the assembly graph and build bubble chains
(Figure 1d, Section 2.3); which act as input for the phasing algorithm that searches for the best
set of paths through each bubble chain such that each path represents a haplotype (Figure 1e,
Section 2.4). The DNA sequence corresponding to these paths are then written to a FASTA file.
Phasing using an assembly graph has several advantages over SNV based phasing: it is possible
to phase larger blocks at once because paths in an assembly graph can span multiple variants;
and in an assembly graph it is easier to detect larger structural variants — for example, the
Y-shaped fork in Figure 1c is a possible translocation.
Haplotype-aware de novo genome assembly
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Figure 1 An overview of the complete PHASM assembly pipeline. (a) Perform whole genome

sequencing on your polyploid organism and obtain a read dataset. (b) Find pairwise local
alignments between reads. (c) Using pairwise local alignments, PHASM builds an assembly
string graph, in similar fashion to miniasm [34]. Several methods are applied to clean the
graph, but note that no bubbles or superbubbles are popped. The Y-shaped forks in an assembly graph can represent a translocation. (d) The next step consists of identifying superbubbles and building bubble chains: consecutive superbubbles chained together. These subgraphs
are the input for the phasing algorithm. (e) This is the phasing step. For each bubble chain
PHASM searches for the best set of paths through this subgraph such that each path represents a haplotype. We use read data to check which paths should be connected.
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This work focusses on read data without sequencing error. This allows us to build a theoretical
framework for phasing using an assembly graph, and later adapt the algorithms to deal with
real data.
In Section 3 we present our results, which are discussed in Section 4. We reflect on the project
and propose several ideas for future research efforts in Section 5.

2. Materials and Methods
2.1. General Definitions and Notation

In this section we introduce the definitions and notation of several general concepts. The notation
is mostly borrowed from miniasm [34].
Definition 2.1. Let Σ = { A, C, G, T } be the alphabet of DNA nucleotides. A DNA sequence
is a sequence of characters S = a1 a2 a3 , . . . , an where ai ∈ Σ. Its length is denoted as |S| = n.
The Watson-Crick complement of a character a is denoted as a. In a similar way the reverse
complement of a sequence can be defined as S = a1 a2 a3 , . . . , an = an an−1 , . . . , a1 .
It is possible that two reads locally align. We define a local alignment between two reads with
additional metadata as follows:
Definition 2.2. A local alignment between two DNA sequences Sa , Sb is denoted as the tuple
(Sa , Sb , as, ae, bs, be), where:
•
•
•
•
•
•

Sa : the query read, use S a to denote the reverse complement;
Sb : the target read, use Sb to denote the reverse complement;
as: starting position of the alignment on the query read;
ab: end position of the alignment on the query read;
bs: starting position of the alignment on the target read;
be: end position of the alignment on the target read;

In some contexts we are only interested in the reads involved in a local alignment, in which we
will refer to this local alignment as (Sa , Sb , . . .).
What these variables represent is shown more clearly in Figure 2. In this figure two reads with
a local alignment are shown, and the shaded gray area marks the aligning region. This local
alignment involves the reverse complement of the target read Sb , which is denoted with Sb . Note
that the aligning region does not necessarily involve the whole suffix of Sa or the whole prefix of
Sb . If ae 6= |Sa | or bs 6= 0, then the local alignment induces “overhang regions”. If the overlap
between the two reads would be perfect, then these overhang regions would not exist.
A read that can be fully aligned within an other read (apart from the optional overhang region)
is said to be contained.

2.2. Assembly Graph Construction

No existing tool is available to find pairwise exact overlaps. Therefore we use DALIGNER to find
pairwise local alignments between reads [35]. DALIGNER is used for identifying approximate
local alignments, but our data is error free. By using very strict settings, we expect that the
Haplotype-aware de novo genome assembly
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Figure 2 A local alignment between two reads Sa and Sb . In this figure read Sa has a local

alignment with the reverse complement of a read Sb . This configuration would result in an
edge Sa → Sb with l (Sa → Sb ) = as − bs, and an edge for its reverse Sb → Sa , with
l (Sb → Sb ) = (|Sb | − be) − (|Sa | − ae).

approximate alignments have little influence and that mostly real overlaps are reported. We
report the settings used with DALIGNER in the supplemental material. We will come back to
this point in Section 3, when discussing our results.
Using this database of local alignments we construct an assembly graph similar to miniasm [34].
In summary, an assembly graph is a general directed graph G = (V, E), without any multi-edges,
where vertices represent DNA sequences and the edges denote overlaps. For each read, we
add two vertices to the assembly graph: one for the forward strand, and one for its reverse
complement. If a suffix of read Sa matches a prefix of Sb (or any of the reverse complements), we
create an edge between the two corresponding vertices. If there is a local alignment between
two reads Sa and Sb , the double stranded nature of the DNA molecule implies another local
alignment between the reverse complements. Therefore, when creating an edge Sa → Sb between
two reads Sa and Sb , another edge Sb → S a is created.
Each edge is labelled with a length, which is defined as the length of unmatched prefix of Sa . The
length of an edge will be denoted as the function l (u → v), l : E → N. An example is shown in
Figure 2.
Contained reads are ignored, we perform transitive reduction [36], and remove short incoming
and outgoing tips. A graphical overview of the graph cleaning steps is shown in Figure 3. As a
final step, any linear unambiguous (non-branching) path is merged to a single vertex.
The sequence corresponding to a path in the assembly graph can be obtained by concatenating
the unmatched prefixes at each edge in the path.

2.3. Build bubble chains instead of long linear unambiguous paths

Sequencing error or heterozygousity between chromosome homologues can result in branches in
the assembly graph. As a result, a common motif in an assembly graph is a bubble or superbubble
(Figure 4) [9, 31, 34]. To obtain linear unambiguous paths as long as possible, most current de
novo genome assemblers pop these bubbles by only keeping the path best supported by read
data [31–34].
Popping bubbles, however, removes information on variation between chromosome homologues
from your assembly graph. We therefore propose a novel strategy: instead of building long linear
unambiguous paths we construct acyclic subgraphs where superbubbles are included as a whole.
By chaining consecutive superbubbles we construct an acyclic subgraph called a bubble chain.
12

Figure 3 Several graph cleaning methods graphically explained. Reads that fully align
within another read are ignored, and therefore not added to the assembly graph. Overlaps
between two reads that can be inferred through other reads result in transitive edges,
which can be removed without affecting the connectivity of the graph. Any short tips,
which are often induced by alignment artifacts or missing alignments, are cut from the
graph.

2.3.1. Identifying superbubbles We formally define the concept of a superbubble using the
original definition from Onodera et al. [37]:
Definition 2.3 (Onodera et al. [37]). Let G = (V, E) be a directed graph, and let s, t ∈ V be two
distinct vertices. Then, s and t are the entrance and exit of a superbubble hs, ti if the following
conditions are met:
• reachability: t is reachable from s;
• matching: the set of vertices reachable from s without passing through t is equal to the set
of vertices that can reach t without passing through s;
• acyclicity: if U is the set of vertices satisfying the matching criterion, then the subgraph
induced by U is acyclic;
• minimality: no vertex in U other than t forms a pair with s that satisfies the conditions
above.
The set of vertices I = U \ {s, t} is called the interior of the superbubble hs, ti. As can be seen in
Figure 4, superbubbles can also be nested.
Superbubble identification in a general directed graph can be done in O(|V | + | E|) time by
combining the graph partitioning algorithm from Wing-Kin Sung et al. [38] with the superbubble
identification algorithm in a directed acyclic graph by Brankovic et al. [39]. Although a superbubble
is strictly speaking a generalisation of a bubble, we will use these two terms interchangeably
throughout this work.
2.3.2. Building bubble chains Our strategy is to build bubble chains: consecutive superbubbles
chained together. Consecutive superbubbles are defined as follows:
Haplotype-aware de novo genome assembly
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Figure 4 A few example superbubbles. h f 2, f 9i is a superbubble and it contains a few

nested super bubbles: h f 3, f 5i, h f 4, f 8i. Traditionally de novo genome assemblers pop
these kind of structures and only keep the path that is best supported by read data.

Figure 5 A bubble chain. This example contains three consecutive superbubbles:

h1, 6i, h6, 9i, h9, 14i.

Definition 2.4. Let G = (V, E) be a directed graph, and let hs1 , t1 i, hs2 , t2 i be two distinct nonnested superbubbles of G. hs1 , t1 i and hs2 , t2 i are consecutive if t1 = s2 or there exists a single
linear non-branching path between t1 and s2 in G.
Recall that unambiguous linear paths in our assembly graph are merged to a single vertex, which
gives rise to the following lemma:
Lemma 2.1. Let G = (V, E) be a directed graph with all linear unambiguous paths merged to a single
vertex, and let hs1 , t1 i, hs2 , t2 i be any two non-nested consecutive superbubbles of G. Then t1 = s2 .
Proof by contradiction. Assume t1 6= s2 . Then by definition there should be a linear unambiguous
path between t1 and s2 , which should have been merged. A contradiction.
We formally define a bubble chain as follows:
Definition 2.5. Let G = (V, E) be a weakly connected directed acyclic graph and B its set of
non-nested superbubbles in topological order. G is called a bubble chain if it satisfies the following
condition:

bi , bi+1 are consecutive

bi , bi+1 ∈ B,

1 ≤ i < | B|

(1)

An example of a bubble chain can be seen in Figure 5. Lemma 2.1 also holds for a bubble chain.
14

The algorithm to build bubble chains is shown in Algorithm 1. It expects that all linear unambiguous paths in the given assembly graph are merged to a single vertex. The algorithm starts
by identifying all non-nested superbubbles in the assembly graph. We build a list with potential
start points, in which we give priority to superbubble entrances with no incoming edges. Other
potential start points are superbubble entrances that are not an exit of an other superbubble.
Bubble chains are subgraphs of the original assembly graph, so for each start point we initialise
the set of vertices V 0 for this bubble chain to the empty set. For each additional consecutive
superbubble we add its vertices Uhs,ti to V 0 . Recall that Uhs,ti is the set of vertices that satisfy the
matching criterion (see Definition 2.3). Moving to the next superbubble is as easy as setting the
current bubble exit as next superbubble entrance, due to Lemma 2.1. We stop if we encounter
a vertex that is not a superbubble entrance, or if we encounter a bubble that we already have
visited. If V 0 is not the empty set, we report the subgraph for this bubble chain.
Algorithm 1 Reports bubble chains in an assembly graph with any linear unambiguous paths

merged to a single vertex.
function BUILD B UBBLE C HAINS(G = (V, E))
B ← FIND S UPER B UBBLES(G, nested=FALSE)
S ← {s : hs, ti ∈ B}
. Bubble entrances
T ← {t : hs, ti ∈ B}
. Bubble exits
visited ← ∅
. Build list of potential start points, priority to vertices without incoming edges
start_points ← [s ∈ S : δ+ (s) = 0]
. Bubble entrances with no incoming edges
start_points ← start_points + [s ∈ S : s ∈
/ T ] . Bubble entrances that are not the exit of an
other bubble
for all s ∈ start_points do
V0 ← ∅
while s ∈ S do
t ← exit(s)
if s ∈ visited ∧ t ∈ visited then
break
V 0 ← V 0 ∪ Uhs,ti
visited ← visited ∪ Uhs,ti
s←t
. Move to the next bubble
if V 6= ∅ then
E0 ← {(u, v) : (u, v) ∈ E, u ∈ V 0 , v ∈ V 0 }
report G 0 = (V 0 , E0 )

2.4. Build haplotypes bubble by bubble

A bubble chain is a representation for the DNA sequence of a set of homologous chromosomes,
with any variation among these chromosomes included. But, the exact DNA sequence of each
chromosome, its haplotype, is still unknown. The problem is now to find the best set of paths
through a bubble chain where each path represents a haplotype. In other words, we need to
connect paths in one superbubble to paths in another superbubble. A graphical overview of the
algorithm is shown in Figure 6. We build a tree of possible solutions (Figure 6a), by building each
candidate incrementally. We use read data to assess the likelihood of each candidate (Figure 6b),
and prune unlikely configurations early.
Currently, the algorithm assumes that the number of homologous chromosomes, or the ploidy
level k, is known beforehand. Ploidy level can be estimated by analysing coverage [40, 41], but
this has not been integrated in the genome assembly pipeline yet. Furthermore, the algorithm
assumes that for each haplotype, at least one path through each superbubble spells a sequence
Haplotype-aware de novo genome assembly
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Figure 6 Overview of the phasing algorithm. The examples in this figure assume a ploidy

k = 3. The coloured vertices denote variation observed at a single bubble, not its original
chromosome. (a) The haplotypes are built bubble by bubble. At each bubble, we enumerate
all possible k-tuples of paths through this bubble, and build a tree of possible configurations.
We prune unlikely configurations early, to keep the problem tractable. (b) An illustration how
to assess the likelihood of a candidate haplotype set. We look at how well other reads align to
each candidate, and look for a haplotype set that best explain the read data. At each bubble,
we ignore any read information downstream of this bubble.
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that is consistent with this haplotype. The goal is to link paths in consecutive superbubbles.
The algorithm builds a k-ploidy phase, which is defined as follows:
Definition 2.6. A k-ploidy phase of a bubble chain G = (V, E) is a tuple of k (not necessarily
distinct) paths through G. The paths through G are represented by the vectors of vertices
(h1 , . . . , hk ) which satisfy the following properties:

hi [ j ] ∈ V

1 ≤ i ≤ k,

1 ≤ j ≤ | hi |

(hi [ j], hi [ j + 1]) ∈ E

1 ≤ i ≤ k,

1 ≤ j < | hi |

Here |hi | denotes the number of elements (vertices) in a vector hi . Note that the vectors do not
necessarily have to be of equal length. Another term used in this document for any such tuple of
k paths is a haplotype set Hset .
Finding the best set of k paths through a bubble chain is a hard problem because the number of
paths through the graph grows exponentially with each added vertex, plus there are an exponential number of different k-tuples of these paths. Although our problem is more constrained, we
are looking for k paths from the beginning of the bubble chain to the end of the bubble chain,
we still deal with an exponential number of configurations. If we assume that the number of
paths through a single superbubble (from entrance to exit) is of the order O(k) (the number
of haplotypes), then the number of different k-tuples of paths through this single superbubble
is O(kk ). If there are n non-nested superbubbles in the bubble chain, then the total number of
phases is O((kk )n ) = O(kkn ). As a final note, the order of each haplotype within a haplotype set
does not matter, so a final estimate for the number of distinct phases is O( k!1 kkn ).
In the rest of the section we introduce a heuristic algorithm that builds the most likely configuration bubble by bubble. For each likely configuration built using the first m bubbles, we search for
the most likely extension at bubble m + 1. The algorithm and likelihood model are inspired by
HapTree [29], but adapted to work on bubble chains instead of a list of SNV positions. First, we
will explain the likelihood model on a global level, then we adapt this likelihood model to the
local situation of a single superbubble, and then describe the algorithm to maximise the global
likelihood.
2.4.1. Likelihood of a k-ploidy phase The basis of de novo genome assembly is the set of sequenced reads. The reads included as vertex in an assembly graph are a subset of the complete
read set. Nevertheless, reads not included as vertex in the assembly graph can provide information for phasing. These reads possibly align to other reads which are included as vertex in the
assembly graph, and therefore possibly connect two paths in different superbubbles. Throughout
the rest of this work we will use the term graph reads to denote reads included as vertex in the
assembly graph.
A bubble chain is a subgraph of the complete assembly graph, and only a subset of reads r ∈ R
are relevant when phasing this bubble chain. We therefore collect the set of relevant reads R for a
bubble chain as follows:
Definition 2.7. Let G = (V, E) be a bubble chain, R be the set of all reads from the sequencing
experiment, and let A be the set of all pairwise local alignments between all reads. The set of
relevant reads R ⊆ R for this bubble chain is then:

R = {r ∈ R | ∃Sb ∈ V, (r, Sb , . . .) ∈ A}
Haplotype-aware de novo genome assembly
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In other words, the set of relevant reads for this bubble chain contains all reads included as
vertex in the bubble chain and all reads that align to these graph reads.
The goal is to find the most likely haplotype set given our relevant reads and corresponding
alignments. The haplotype reconstruction problem for a bubble chain can be formulated as
finding the most likely set of paths through the bubble chain, given the relevant reads. Using
Bayes’ theorem we formulate the likelihood of a haplotype set as follows:

P[ Hset | R] =

P[ R| Hset ] P[ Hset ]
P[ R]

(2)

We are comparing haplotype sets built using the same relevant read set R so P[ R] will be the
same for all haplotype sets. We therefore define the relative likelihood of a haplotype set as follows,
similar to HapTree [29]:

RL[ Hset | R] = P[ R| Hset ] P[ Hset ]

(3)

The prior P[ Hset ] is assumed equal for all haplotype sets, except for haplotype sets with duplicate
paths. This is to take into account that two different haplotype sets with the same paths but in
a different order can generate the same relevant read set. Let M = {m1 , m2 , . . .} be the set of
multiplicities for each path in a given haplotype set, then the number of distinct orderings of this
k!
haplotype set is the multinomial coefficient (m ,mk 2 ,...) = m !m
. The total number of possible
2 !...
1

1

haplotype sets for a bubble chain is ∏b∈ B p(b)k , where B is the set of non-nested superbubbles in
the bubble chain, and p(b) denotes the number of different paths from the entrance to exit for a
given superbubble b. Combining the two concepts above we define the prior P[ Hset ] as follows:

P[ Hset ] =

(m1 ,mk 2 ,...)
∏b∈ B p (b )k

(4)

Consider the example below which shows two haplotype sets with paths through the bubble
chain shown in Figure 5, with k = 3. Furthermore, there are 43 · 23 · 33 = 13824 possible haplotype
sets when k = 3 for the bubble chain in Figure 5.

Hset,1 = [[1, 2, 6, 7, 9, 10, 12, 14],

Hset,2

[1, 2, 6, 7, 9, 10, 12, 14],
[1, 3, 6, 8, 9, 11, 13, 14]]
= [[1, 2, 6, 7, 9, 10, 12, 14],
[1, 3, 6, 7, 9, 11, 12, 14],
[1, 5, 6, 8, 9, 11, 13, 14]]

Haplotype set one has one duplicate path, so its set of multiplicities is M = {2, 1}. Therefore
(3)

2,1
3
the prior for haplotype set one P[ Hset,1 ] = 13824
= 13824
. Similarly, haplotype set two has three
distinct paths so its set of multiplicities is M = {1, 1, 1}. Its prior then becomes P[ Hset,2 ] =
3
(1,1,1
)
13824
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=

6
13824 .

Next, we turn to the probability P[ R| Hset ]. We assume that each read is sequenced independently
from the genome, so we define the probability of the total relevant read set as the sum of each
individual probability of a relevant read, divided by the total number of relevant reads.

P[ R| Hset ] =

∑r∈ R P[r | Hset ]
| R|

(5)

To calculate the probability of a single read given a haplotype set, we look at its alignments
to reads part of the paths representing each haplotype. Recall that a local alignment between
two reads is denoted by the tuple (Sa , Sb , as, ae, bs, be) (see Definition 2.2 and Figure 2). We can
now determine the total overlap length of a read r with a single haplotype h, by looking at
the minimum value of as of all alignments of r with reads part of h, and the maximum value
of ae of all alignments of r with reads part of h. This is shown more graphically in Figure 7.
Mathematically put:

A(r, h) = {(Sa , Sb , as, ae, bs, be) ∈ A | Sa = r, Sb ∈ h}
Ostart (r, h) =
Oend (r, h) =

min

as

max

ae

(Sa ,Sb ,as,ae,...)∈ A(r,h)
(Sa ,Sb ,as,ae,...)∈ A(r,h)

O(r, h) = Oend (r, h) − Ostart (r, h)

(6)

In the above equations A is the set of all pairwise local alignments between all reads, A(r, h) is a
subset of these pairwise local alignments involving only our target read r and a haplotype path
h, and O(r, h) denotes the total overlap length of a read r with a single haplotype h. If we divide
this total overlap length by the length of the read r we obtain a probability that this read could
come from this haplotype.
A haplotype set contains multiple haplotypes, and a read could have come from any of these
haplotypes. We assume that each haplotype is equally likely, and end up with the following
formulation for P[r | Hset ]:

P[r | Hset ] =

1
O(r, h)
∑
k h∈ H
|r |

(7)

set

Where |r | means the length of the read. The goal is now to find a haplotype set that maximises
the product P[ R| Hset ] P[ Hset ], or the relative likelihood RL[ Hset | R].
2.4.2. Likelihood of an extension Reads are in general much shorter than the full chromosome,
and therefore are only informative in regions where this read aligns well. This insight provides
the foundation of our algorithm: we build a haplotype set bubble by bubble. Let H be the
(partial) “true” haplotype set built using only the first m superbubbles, then at superbubble
m + 1 we generate all candidate extensions E: a tuple of k paths from the entrance to the exit
of superbubble m + 1. The goal is now to find the most likely extension E given our “true”
haplotype set H. To determine the likelihood of an extension we only have to look at reads that
both align to any of the graph reads of the first m superbubbles and to any of the graph reads of
superbubble m + 1.
Haplotype-aware de novo genome assembly
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(a) A read that fully overlaps with a given haplotype

(b) A read that partially overlaps with a given haplotype. Note that the red crosses mark mismatches

with the read r 0 , not in the algignment between r4 and r5.

Figure 7 A graphical explanation on how to determine the total overlap length of a read r 0

with a certain haplotype, built from other reads. Note that in both cases, read r 0 has three
alignments with the haplotype, but the overlap with the haplotype in case (a) is larger
than the overlap in case (b).

Let bi = hs, ti be the current superbubble for which we will generate new extensions E. To
decide which extension is the most likely, we adapt our global likelihood model to the local
situation of a single superbubble. We define the probability of an extension E given a (partial)
“true” haplotype set H, built using superbubbles prior to bi (b1 , . . . , bi−1 ), and relevant reads R as
follows, applying the rule for conditional probability:

P[ EHR]
P[ HR]
P[ R| H, E] · P[ HE]
=
P[ R| H ] · P[ H ]
P[ R| H, E] · P[ H | E] · P[ E]
=
P[ R| H ] · P[ H ]

P[ E| H, R] =

(8)

When comparing different extensions, the “true” haplotype set H is the same for all extensions
and each extension is built using the same relevant read set R. Thus, the factors P[ R| H ] and P[ H ]
will be the same for all extensions. Furthermore, we assume that the probability of observing
H is independent of the extension E, such that the probability P[ H | E] is also the same for each
extension. Removing these factors from the equation, we define the relative likelihood for an
extension as follows:

RL[ E| H, R] = P[ R| H, E] P[ E]

(9)

As discussed earlier, only a subset of reads provide information on what paths through superbubbles b1 , . . . , bi−1 should be connected with other paths in superbubble bi . We only need to
look at reads that align to both bi and any of the earlier superbubbles. Let us introduce the
concept of spanning reads more formally:
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Definition 2.8. Let H be the “true” (partial) haplotype set built using the first i − 1 superbubbles,
and bi = hs, ti be the superbubble from which we will generate an extension E. Then, the we
define the spanning reads SR(bi ) of a superbubble bi as the set of reads that have a local alignment
with one of the graph reads in one of the superbubbles prior to bi (i.e. any superbubble b j , j < i),
and have a local alignment with one of the graph reads in superbubble bi . Mathematically put:

A(r, b) = {(Sa , St , . . .) ∈ A | Sa = r, St ∈ Ub }


i[
−1


SR(bi ) = r ∈ R | ∃Sb : (r, Sb , . . .) ∈
A(r, b j ) ∧ ∃Sc : (r, Sc , . . .) ∈ A(r, bi )



(10)

j =1

Here A(r, b) represents the subset of all pairwise local alignments that involve a read r and one
of the graph reads from superbubble b. The graph reads of superbubble b are denoted as Ub (the
set of vertices that satisfy the matching criterion, see Definition 2.3). Although not explicitly
stated, we ignore any graph read that is a superbubble entrance or exit, as they are shared across
all haplotypes and therefore provide no information on which haplotype set is correct.
The relative likelihood for an extension E at current superbubble bi then becomes:

RL[ E| H, SR(bi )] = P[SR(bi )| H, E] P[ E]

(11)

The prior P[ E] is defined in a similar way to the prior in the global model (Equation 4). Let
M = {m1 , m2 , . . .} be the multiplicities of each path in the extension. Then P[ E] can be calculated
using the multinomial coefficients:

P[ E] =

(m1 ,mk 2 ,...)
pk

(12)

Where p is the total number of simple paths through superbubble b, and k is the ploidy.
To calculate P[SR(bi )| H, E] we build the extended haplotype set H 0 = H + E, and check how well
each read r ∈ SR(bi ) overlaps with each of the haplotypes (see Figure 7). There is, however, an
important difference compared to the global model. To ensure fair comparisons we exclude any
information downstream of the current superbubble bi . This also ensures that our assumption of
observing H is independent of an extension E holds.
By only looking at the spanning reads, we already ignore reads that solely align downstream
of the current superbubble. But, some spanning reads can be long enough to extend beyond
the current superbubble. We therefore search for an index or,max ≤ |r | such that the substring
r [1, or,max ] does not play a role in the next superbubble. This index can be found by looking
at local alignments of a read r with any of the predecessors of the current superbubble exit
t. A graphical explanation can be seen in Figure 8. In this figure an example bubble chain is
shown, and we are currently generating extensions at the superbubble h6, 9i. Therefore any
information beyond vertex 9 should be ignored. In other words, we do not know what comes
after superbubble exit 9, we do not know how large any following overlaps with vertex 9 are, so
to be sure we do not include any information beyond the current superbubble we search for an
or,max such that our read r does not overlap with the superbubble exit 9.
Haplotype-aware de novo genome assembly
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Figure 8 An example setting where some information of read r should be ignored because

it extends beyond the current superbubble h6, 9i. To ensure we do not use any information
from the next superbubble h9, 14i (shown with dashed lines), we determine an index or,max
such that the substring r [1, or,max ] does not overlap with the bubble exit 9. Recall that the
length of each edge is the length of the unmatched prefix of the corresponding local alignment, so we can quickly calculate or,max by looking at the local alignment of r with any of
the predecessors of superbubble exit 9.

Figure 8 also shows how to calculate or,max : we check for local alignments between read r and
any of the predecessors of the superbubble exit vertex. Using the edge length and the start of the
aligning region, we can calculate the index or,max . To conclude, at each superbubble bi = hs, ti
we calculate each or,max as follows:

or,max =




p∈pred(t)|(r,p,as,ae,...)∈A



|r |

max

l ( p → t) − as

if r has a local alignment with at least one
of the predecessors of t
otherwise
(13)

In the above equation pred(t) is used to denote the set of predecessor vertices of t, A is the set
of all pairwise local alignments, and l ( p → t) is the edge length function. If a read has no local
alignment with any of the predecessor vertices, we use its read length as or,max .
We now arrive at the formulation for P[SR(bi )| H, E]:

P[SR(bi )| H, E] =
P[r | H, E] =

∑r∈SR(bi ) P[r | H, E]
|SR(bi )|

(14)

1 k min(O(r, hi + ei ), or,max )
k i∑
or,max
=1

(15)

The goal is now to find an extension E at the current superbubble bi that maximises the relative
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likelihood RL[ E| H, SR(bi )] = P[SR(bi )| H, E] P[ E].
Before describing the full algorithm, we introduce one additional concept termed subreads:
Definition 2.9. Let bi = hs, ti be a superbubble, and R be the set of relevant reads for the
current bubble chain. We define the subreads R0 (bi ) as the set of reads relevant up to the current
superbubble and not extending beyond the current superbubble bi .

V0 =

i
[

Ubj

j =1


R0 (bi ) = r [1, or,max ] : r ∈ R | ∃Sb ∈ V 0 , (r, Sb , . . .) ∈ A

(16)

Here V 0 is the set of vertices (reads) of all superbubbles up to the current superbubble bi . R0 (bi )
then contains all these graph reads, plus any other read that aligns to one of the reads part of the
graph, while making sure it does not extend beyond the current superbubble bi .
2.4.3. Algorithm description In this section we present a dynamic programming-like algorithm, with some heuristic methods applied to prune the solution space. It is inspired by the
algorithm used in HapTree [29], but adapted to work on graphs.
The general flow of the algorithm is as follows: (1) for each candidate “true” haplotype set H built
using superbubbles b1 , . . . bi−1 , generate all possible extensions at superbubble bi , consisting of
different k-tuples of paths through superbubble bi ; (2) calculate the relative likelihood RL[ E| H, R]
for each generated extension, and discard any extension with a relative likelihood lower than
an absolute threshold τ; (3) prune the solution tree even more by discarding any leaf that has a
likelihood sufficiently lower than the most likely candidate; (4) move to the next superbubble
and continue building solution tree. The algorithm will be explained in more detail below.
Given a candidate haplotype set H and the current superbubble bi , the EXTEND
algorithm generates all possible extensions E. First, all simple paths from superbubble entrance
s to superbubble exit t are identified, from which all possible k-tuples are enumerated. For each
extension the relative likelihood RL[ E| H, R] is calculated. If the relative likelihood is above a
threshold τ, the extended haplotype H 0 = H + E is added to a list E , which is returned at the
end of the algorithm.
Extension.

The first superbubble is a special case: the order of haplotypes within a haplotype set does not
matter, so instead of all k-tuples we generate all combinations with replacement of paths through
the superbubble. Furthermore, the first bubble has no spanning reads by definition. Therefore
we check all reads that align to this superbubble, while still making sure that we do not use
information beyond the current superbubble.
It can happen that the distance between two superbubbles (in bases) is large, with the consequence that no reads are long enough to span between paths in the two consecutive superbubbles.
When this happens, we have no information available for phasing. Therefore we start a new
“haploblock” and act like the current superbubble is the first superbubble in a bubble chain, and
then proceed as usual. This is not explicitly stated in the algorithm descriptions below.
The full algorithm can be seen in Algorithm 2.
At every superbubble bi , we have a set of candidate “true” haplotype sets H built
using the previous superbubbles b1 , . . . bi−1 . The BRANCH algorithm extends every candidate
Branching.

Haplotype-aware de novo genome assembly

23

Algorithm 2 Algorithm to generate all possible extensions for a given (partial) haplotype set H

at superbubble bi .
function EXTEND(H, bi = hs, ti, τ)
E ←[]
P ← ALL S IMPLE PATHS (s, t)
if i > 1 then
ES ← ALL KT UPLES (k, P )
else
ES ← COMBINATIONS W ITH R EPLACEMENT (k, P )
for all E ∈ ES do
if RL[ E| H, SR(bi )] > τ then
H0 = H + E
E ← E + H0
return E
haplotype set H ∈ H, and returns a new set H 0 of candidate haplotype sets extended with paths
through superbubble bi and to be used at the next superbubble. This algorithm can be seen in
Algorithm 3.
Algorithm 3 Generate extensions for all current candidate haplotype sets.

function BRANCH(H, bi = hs, ti, τ)
H0 ← [ ]
for all H ∈ H do
E ← EXTEND ( H, bi , τ )
for all H 0 ∈ E do
H0 ← H0 + H 0
return H 0
To keep the problem a bit more tractable, we prune the solution tree after each
branch operation. Given a set of candidate haplotype sets H PRUNE returns a subset H0 ⊆ H
containing only sufficiently likely haplotype sets. All candidates with a relative likelihood
score lower than a given fraction κ of the most likely candidate is removed. In other words, if
ω = max H ∈H RL[ H | R0 (bi )], then a haplotype set H ∈ H is added to H 0 if RL[ H | R0 (bi )] ≥ κω.
Here 0 ≤ κ ≤ 1, and R0 (bi ) are the subreads defined earlier in Definition 2.9. The complete
algorithm can be seen in Algorithm 4.
Pruning.

In this algorithm, it is not needed to calculate the relative likelihood again, because it is possible
to store the value calculated during EXTEND. The runtime of this algorithm is therefore linear in
the size of H.
Algorithm 4 An algorithm to prune a set of candidate haplotype sets H and only keep suffi-

ciently likely candidates.
function PRUNE(H, bi = hs, ti, κ)
H0 ← [ ]
ω ← max H ∈H RL[ H | R0 (bi )]
for all H ∈ H do
if RL[ H | R0 (bi )] ≥ κω then
H0 ← H0 + H
return H 0
When the number of candidates is very high, our implementation performs multiple rounds
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of pruning, each round with an increased κ, until the number of candidates falls below a
configurable threshold, or when the maximum number of pruning rounds has been reached.
The above algorithms are combined in the main algorithm PHASE. Based
on candidate haplotype sets created with the first i − 1 superbubbles we generate extensions
at superbubble bi , from which we obtain a new set of candidate haplotype sets, but now with
paths through superbubble bi included. We prune unlikely candidates, and then we move to the
next superbubble. At the end, the list of haplotype sets is pruned with κ = 1, so that only the
most likely haplotype sets remain, and if there are multiple most likely candidates one of these
haplotype sets is returned at random. The phasing algorithm can be seen in Algorithm 5.
Phasing algorithm.

Algorithm 5 The main phasing algorithm, combining EXTEND, BRANCH and PRUNE.

function PHASE(G = (V, E), τ, κ)
. Find superbubbles in topological order
B ← FIND S UPER B UBBLES ( G, nested=FALSE )
H ← { Hempty }
for all bi ∈ B do
H ← BRANCH (H, bi , τ )
H ← PRUNE (H, bi , κ )
return H
2.5. Simulation of aneuploid and polyploid organisms

2.5.1. Synthetic haplotype generation To properly evaluate our algorithm we need to know
the ground truth completely. Therefore, we have created a tool called aneusim to generate
synthetic polyploid or aneuploid genomes. Our method to generate synthetic genomes closely
resembles the method described by Motazedi et al. [25].
Based on a given reference genome, it creates k copies for each chromosome and randomly
mutates each copy. It is possible to generate substitutions, insertions and deletions, and the
density of each kind of mutation can be specified using a log-normal distribution. Using a
log-normal distribution for mutation densities closely resembles the densities observed in real
data [25]. The size distribution of a deletion can also be specified, and configured to follow an
exponential or log-normal distribution. All generated mutations are biallelic.
For each mutation, the dosage dm , i.e. how many chromosomes should get the alternative allele,
is picked according to configurable probabilities. For example, a dosage distribution for ploidy
level three could be 12 , 13 , 16 for dm = 1, 2, 3 respectively. The dosage distributions we have used
at different ploidy levels are shown in the supplemental material. We randomly select which
chromosome copies should get the mutation, in concordance with the selected dosage dm . To
account for linkage disequilibrium, a mutation m is assigned to the same chromosomes (with
same dosage) as the previous mutation m − 1 with a given probability p.
2.5.2. Simulation of read data In this work we focus on error-free read data. The tool aneusim
is also capable of producing PacBio-like reads in terms of read length distribution, but without
any errors. Our code is based on SimLoRD [42], but with the error model removed.
2.6. Benchmark genomes generation

We use the genome of the well known yeast Saccharomyces cerevisiae as base for our benchmark
genomes. We have arbitrarily picked chromosome XIV as our model, and used our synthetic
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Genome

Covered

Number of bubble chains

Average number of superbubbles

Ploidy 2

99%

2

21

Ploidy 3

100%

2

26

Ploidy 4

100%

2

22

Ploidy 6

100%

2

5

Ploidy 8

100%

2

12

Table 1 For all our synthetic genomes the resulting assembly graphs are completely cov-

ered by the constructed bubble chains, except for ploidy 2, where two edges on the periphery of the assembly graph form an Y-shaped fork (not shown). Still, the vast majority of
the assembly graph is covered by a bubble chain. Each genome has two bubble chains,
one for the forward strand, and one for the reverse strand, and the average number of superbubbles in a single bubble chain is shown in the last column of the table. The assembly
graphs are created from read datasets with 60x coverage per haplotype of the corresponding genome.

haplotype generator to generate genomes of ploidy 2, 3, 4, 6, and 8. We randomly generate substitutions and deletions on each individual homologue. The distance between two substitutions
follows a log-normal distribution with µ = 3.0349 and σ = 1.293. This is the same distribution
used in Motazedi et al. [25], and resembles the heterozygousity of the potato genome. The mean
value of this distribution is 48 bp, with a standard deviation of 100 bp. Additionally, we generate
random deletions. Deletions are often more deleterious because of frame shifts, and therefore
less conserved. We distribute deletions therefore more sparsely, using a log-normal distribution
with µ = 7.34 and σ = 1.123. The mean value of this distribution is 2895 bp, with a standard
deviation of 4603 bp. The size of a deletion follows an exponential distribution, with λ = 0.2,
which shows a nice balance between small deletions ( 3 bp), and medium sized deletions ( 20
bp). Supplemental Figures 2, 3 and 4 show the distributions of distances between substitutions,
the distances between deletions and the deletion size distribution in all our generated genomes
respectively.

3. Results
3.1. Bubble chains cover the majority of the assembly graph

To identify what fraction of the assembly graph is covered by the constructed bubble chains,
we check what fraction of vertices are included in a bubble chain. In the ideal case, each
set of homologous chromosomes should result in two connected components: one connected
component for the forward and one for the reverse strand. For each connected component, we
identified its bubble chains, and count how many vertices are included in the bubble chain.
Divide this number by the total number of vertices in the connected component to obtain the
fraction of vertices part of a bubble chain. In all our generated genomes the bubble chains cover
the complete assembly graph, except for ploidy 2, where two edges at the end of the assembly
graph form a Y-fork (not shown). Still, the vast majority of the assembly graph is covered by
bubble chains. All the results can be seen in Table 1.
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3.2. Most superbubbles are small, but the number of paths through a superbubble grows
quickly

To investigate the complexity of phasing using a bubble chain we check how large the average
superbubble is. For each identified superbubble across all synthetic genomes we collect the size
of its interior (the number of vertices inside a superbubble), and determine the number possible
paths.
Most superbubbles only contain few vertices in its interior, as shown in Figure 9. But, even a
superbubble with few vertices can become complex as the number of vertices does not necessarily
equal the number of paths through this superbubble — in a fully connected graph, the number
of simple paths is of the order O(n!), with n the number of vertices.
The number of paths through a superbubble, from its entrance to exit, is low most of the time,
as shown in Figure 10. There are instances however, with a much higher number of possible
paths. For example, we observe a superbubble with 76 possible paths from its entrance to exit.
These kind of instances would require too much time to phase, because there are pk k-tuples of
these paths, where p is the number of paths and k the ploidy. If we encounter a superbubble
of 76 paths in an organism with ploidy 6, then there are 766 = 192699928576 possible k-tuples,
too much to check them all. Even with ten paths through a superbubble the number of possible
configurations grows too quickly. PHASM will not attempt to phase these superbubbles. Any
superbubble with ten or more possible paths from its entrance to exit will be “popped” similar to
traditional de novo assemblers: only output the DNA sequence for the path that is best supported
by read data.
Recall that in Section 2.4 we assumed that the number of paths through a superbubble is of the
order O(k ). We do not observe any bias towards the ploidy levels. This can be explained by
recalling that all generated mutations are biallelic, so at each mutation there are only two options,
either the reference allele or the alternate allele. Furthermore, chromosome homologues may be
locally similar due to similar dosages of mutations.

3.3. Paths through a superbubble can span multiple and structural variants

One of the disadvantages of SNV based phasing is that these approaches do not handle structural
and large variants very well. Phasing with an assembly graph should be able to capture these
kind of variants better because a single path through a superbubble should be able to span
multiple substitutions and large indels.
To see if that is indeed the case, we have plotted the length of each path through all superbubbles
found across all genomes, from its entrance to corresponding exit in Figure 11. The length of a
path is defined as the sum of edge lengths part of the path, i.e. the sum of unmatched prefixes of
each local alignment corresponding to an edge.
It can be seen that most paths through superbubbles are long: the average path length is 49740
bases, with the smallest path being 1457 bases and the longest path 256643 bases. Paths with
these lengths are long enough to capture multiple and structural variants.

3.4. The distance between two consecutive bubbles largely determines the number of spanning reads

To phase paths between two consecutive superbubbles the algorithm needs reads that connect
different paths through these two superbubbles, so called spanning reads (Definition 2.8). To
Haplotype-aware de novo genome assembly
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Figure 9 The distribution of the number of
vertices inside a superbubble (its interior).
This figure contains the results for all superbubbles found across all genomes. The
number of vertices give an initial indication
on the complexity of most superbubbles.

Figure 10 The distribution of the number of
possible paths through a superbubble. This
figure contains the results for all superbubbles found across all genomes. We see that
most superbubbles have two paths through
them, which is to be expected when generating biallelic mutations. In a few rare cases
the superbubbles are very large, even up
to 76 possible paths. These superbubbles
are too large to phase because there are too
many possible configurations to check.

investigate what determines the number of spanning reads and verify that our definition of
spanning reads makes sense we have plotted the number of spanning reads between any pair of
consecutive superbubbles against the distance between these two superbubbles. This is shown
in Figure 12. This plot does not include any superbubble without spanning reads, and we
have normalised the number of spanning reads for ploidy, by dividing the actual number of
spanning reads by the ploidy level. The data shows what is to be expected given our read length
distribution (Supplementary Figure 1).
The distance between two consecutive superbubbles b1 = hv1 , v2 i, b2 = hv2 , v3 i is defined as the
minimum edge length of all outgoing edges from vertex v2 . v2 is the exit of the first superbubble
and the entrance of the second superbubble. The smallest outgoing edge, i.e. the shortest
unmatched prefix, is therefore the first encounter of something different at superbubble b2 ,
coming from b1 .

3.5. Aggressive pruning is required to keep the problem tractable

To investigate the effect of discarding candidate extensions with a relative likelihood lower than
a threshold τ and the pruning step in the phasing algorithm, we have logged all calculated
relative likelihood values for all generated candidate extensions across all genomes. The relative
likelihood values are plotted in Figure 13. The black dashed line represents the threshold τ we
have used in our runs (0.001) — few candidates will be discarded using this threshold.
Additionally, PHASM employs a pruning step: at each superbubble, the algorithm searches for
the candidate extension with the highest relative likelihood ω, and any other candidate with a
relative likelihood lower than κω is discarded. To obtain an idea how many candidates will be
discarded at different values for κ, we plot the relative likelihood for each candidate divided by
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Figure 11 The distribution of path lengths through superbubbles, from its entrance to exit.

Paths are long enough to span multiple and/or structural variants.

by the maximum relative likelihood ω at the corresponding superbubble. This distribution is
RL[ E| H ]
= 1, that is the
shown in Figure 14. This plot excludes the candidates for which hold that
ω
candidates that are the most likely at a certain superbubble. This is to prevent bias in the bin that
RL[ E| H ]
contains all candidates with
= 1.
ω
RL[ E| H ]

Taking a closer look at Figure 14, we observe a large peak around
= 0.5. Because most
ω
superbubbles contain two paths (Section 3.2), an explanation for this peak is that candidates with
RL[ E| H ]
≈ 0.5 only use one path for its haplotypes, while the candidate with the highest relative
ω
likelihood uses both paths. Similar reasoning can be applied for the peaks around 0.25 and 0.75.
In our PHASM runs we try to keep the number of likely candidates at each superbubble below
500, otherwise it will take too much time to phase a bubble chain. Keeping the number of
candidates below 500 means when moving to the next superbubble, we have at most 500 “true”
candidate haplotypes H built using the previous superbubbles which will be connected to
possible extensions E. To achieve this PHASM often applies multiple rounds of pruning. It starts
with κ = 0.1, and increases this value with steps of 0.1 until the number of candidates falls below
500 or κ becomes 1.0. In this last case, only candidates that are equally likely as the candidate
with the maximum relative likelihood remain.
From our data we can recover how often multiple pruning rounds are applied and we have
plotted how often a certain κ value is reached in Figure 15. This figure shows what fraction of
pruning rounds reached a certain κ value, aggregated across all our runs, and plotted separately
per superbubble position in a bubble chain or haploblock.
We see that the longer a bubble chain or haploblock, the more often we apply pruning with a
pruning factor of κ = 1.0. This means that only candidates that are equally likely as the candidate
with the highest relative likelihood remain. The more stringent pruning can be partially explained
by the exponential growth of the problem, but we did not expect to require such high values for
κ that often. This can hamper the accuracy of the algorithm.
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Figure 12 The number of spanning reads against the distance between two superbubbles.

Each dot in this figure represents a superbubble in any of the genomes with at least one
spanning read. We normalised the number of spanning reads across different genomes by
dividing the actual number of spanning reads by the ploidy level. Superbubbles without
spanning reads lie in general much farther to the right (higher distance between superbubbles). The shaded area represents the 95% confidence interval of the regression line.

3.6. PHASM outputs inaccurate sequences

To evaluate the sequences produced by PHASM, and see if each sequence matches one of the
haplotypes, we used mummer to produce mummerplots. How we have run the program
“nucmer” is explained in the supplemental material. PHASM does not output exactly k DNA
sequences, because sometimes there are not enough spanning reads between bubbles, and a new
“haploblock” is started. PHASM does output k DNA sequences (contigs) for each haploblock.
The expected output is that each contig within a haploblock matches with exactly one of the
reference haplotype.
The sequences produced by PHASM are inaccurate. A contig within a haploblock rarely matches
one of the reference haplotypes exactly. Furthermore, not all reference haplotypes are evenly
covered. In Figure 16 shows the results for the genome with ploidy 2. The purple lines represent
the forward strand, the blue lines the reverse strand. Contigs within a haploblock are grouped
together. We see that the first reference haplotype is covered by more contigs (there are more
lines in the first column), and that there are several “switch errors”, where one column shows a
gap and the other column shows a match.
The mummer plots for the genomes with higher ploidy show even worse results, with less
contiguity and less exact matches. These plots become unreadable on paper, and therefore not
included in this work, but these can be viewed online in our Github repository.
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Figure 13 The relative likelihood R[ E| H ] for all generated candidate extensions E. Our

runs of PHASM used a threshold τ = 0.001 (black dashed line). This figure shows that
this threshold could have been increased a bit, because few candidates fall below this
threshold.

Figure 14 In Section 2.4 we describe a pruning algorithm that searches for an ω =

maxE∈E RL[ E| H ] at each superbubble. Any other candidate with a relative likelihood
lower than κω is pruned, with κ the prune factor. This plot shows how the relative likelihood of each candidate divided by the maximum relative likelihood at the corresponding
superbubble is distributed. It gives an indication on how many candidates will be pruned
for different pruning factors. This plot does not include candidates that have the highest
relative likelihood at its corresponding superbubble, that is candidates for which holds
R[ E| H ]
= 1.
ω
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Figure 15 The number of pruning rounds, plotted per superbubble position in a bubble

chain (haploblock). This figures shows what fraction of pruning rounds reached a certain
κ value, plotted separately per position in a bubble chain or haploblock. We see that the
longer the bubble chain, the more often strict pruning is required to keep the number of
candidates below 500.

3.7. The majority of the generated alternative alleles have representation in the assembly
graph

To investigate why the sequences are inaccurate, we start by checking the generated mutations
on each synthetic haplotype. For each mutation, we have kept metadata about its position on
the reference sequence, its position on the actual haplotype sequence, the kind of mutation
(substitution, deletion, insertion) and its size. Furthermore, our read simulator also outputs a
metadata file, containing from which haplotype a read is sampled, its starting position and its
length. We can use this data to check whether each alternative allele has a representation in the
assembly graph.
Using the read metadata, we build separate interval trees for each haplotype, using the read
starting position and its length to denote the interval. These interval trees can be used to quickly
query which reads cover a certain position in the haplotype. For each mutation we obtain its
position on the haplotype sequence and check which reads cover this mutation, taking into
account that a mutation can have a dosage dm > 1, and that the alternative allele can occur on
multiple haplotypes. By taking the intersection between the set of reads covering an alternative
allele and the set of reads playing a role in the assembly graph, we can answer the question
whether this alternative allele has representation in the assembly graph.
We see that almost all alternative alleles have representation in the assembly graph, but certainly
not all of them. This problem is more prominent in higher ploidy. The results can be seen in
Figure 17.
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Figure 16 A mummerplot to compare the output produced by PHASM with the reference

haplotypes. This figure shows the result for the genome with ploidy 2. We have marked
each haploblock in the figure with thick black lines. Within each block, PHASM outputs
two sequences: one for each haplotype. The figure shows that the sequences are inaccurate: we see switch errors, and not all reference haplotypes are equally covered. Regions
without a block number are either large bubbles or edges not part of a bubble chain.

3.8. Paths through a single superbubble are rarely consistent with one of the reference haplotypes

To check whether superbubbles capture all variation between the homologous chromosomes we
spell the sequence for each path in a single superbubble and check with which reference haplotypes it is consistent. Note that a path could be consistent with multiple reference haplotypes if
these haplotypes are locally similar.
Surprisingly, we see that the sequence of a path through a superbubble is rarely consistent with
any of the haplotypes. For each superbubble found in any of the synthetic genomes, we have
plotted the fraction of paths that are consistent with at least one of the reference haplotypes. This
is shown in Figure 18.
Only one superbubble out of all 172 found superbubbles has all paths consistent with at least
one of the haplotypes. But, even this superbubble with all paths consistent is incomplete: this
superbubble comes from a genome with ploidy three, and this superbubble only explains two
out of the three haplotypes. This superbubble therefore misses any variation included in the
third haplotype.
Apparently, bubble chains are an incomplete and wrong representation of variation among
homologous chromosomes.
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(a) Ploidy 2

(b) Ploidy 3

(c) Ploidy 4

(d) Ploidy 6

(e) Ploidy 8

(f) Pie chart showing what fraction of the
mutations are included in the assembly graph.

Figure 17 These figures show all our generated alternative alleles, and whether they have

representation in our assembly graph. The difference in the number of covering reads
represent the differences in dosages dm . Please note that the y-axis differs for each ploidy.
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Figure 18 This plot shows the fraction of paths that are consistent with at least one of the

reference haplotypes for each superbubble. The results are aggregated across all found
superbubbles in all our synthetic genomes. Very few superbubbles contain paths that are
consistent with one of the haplotypes.

3.9. DALIGNER reports many more local alignments than an exact overlapper

To investigate the influence of the approximate alignments reported by DALIGNER, even when
using strict settings, we have built a tool to identify exact pairwise overlaps. This tool uses a
suffix tree to search for overlapping reads, and the full algorithm is described in the supplemental
material.
We have compared the reported alignments by DALIGNER with the reported exact overlaps
by our own overlapper. The results can be seen in Figure 19. We see that DALIGNER reports
many more pairwise alignments than the exact overlapper. This is unexpected given the high
heterozygousity of our synthetic genomes and the strict settings used for DALIGNER.
DALIGNER is designed for PacBio data, and employs some heuristics to make it fast. We may
trigger some edge case that can explain the additional reported alignments.
Although the exact overlapper reports less pairwise overlaps, the assembly graph created using
these overlaps does represent almost all alternative alleles for our generated mutations. This is
shown in Figure 20. The only alleles without representation in the assembly graph occur on the
periphery, with no read covering these alleles, or where their covering reads get removed by the
tip removal step.
As a last note, none of the assembly graphs constructed from exact overlaps contain superbubbles.
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(a) Ploidy 2

(b) Ploidy 3

(c) Ploidy 4

(d) Ploidy 6

(e) Ploidy 8

Figure 19 The number of reported pairwise overlaps/alignments using our exact over-

lapper versus using DALIGNER. We see that DALIGNER reports many more pairwise
alignments, even though we have used strict settings.
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(a) Ploidy 2

(b) Ploidy 3

(c) Ploidy 4

(d) Ploidy 6

(e) Ploidy 8

(f) Pie chart showing what fraction of the
mutations are included in the assembly graph.

Figure 20 When the assembly graph is constructed from pairwise exact overlaps, almost

all alternative alleles have representation. Only mutations on the periphery sometimes
have no representation in the assembly graph. This is caused when no reads cover this
mutation, or the read gets removed by the tip removal stage. Please note that the y-axis
differs for each ploidy.
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4. Discussion
In this work we have introduced PHASM: a prototype de novo genome assembler that outputs
DNA sequences for each chromosome homologue. Unfortunately, the output is inaccurate and
we are unable to answer all our research questions in this work.
While bubble chains initially looked like a promising answer to the question how to capture
variation among homologous chromosomes in an assembly graph?, we see that paths through a
superbubble are rarely consistent with one of the haplotypes. Furthermore, not all variation
among homologous chromosomes is included in the assembly graph.
The phasing algorithm is built on the assumption that each path through a superbubble represents
a set of alleles consistent with at least one of the haplotypes, and the goal would be to link
paths between two consecutive superbubbles. Because this assumption is false and paths in
superbubbles rarely represent any chromosome, we are unable to properly evaluate the phasing
RL[ E| H ]
algorithm. We see some positive signs, for example the peak around
= 0.5 in Figure 14,
ω
but we can not answer yet how well the probabilistic model and algorithm perform in building
correct haplotypes. Therefore, we have no definitive answer for the question how to find the best
set of paths through an assembly graph such that each path represents a haplotype?
Fully haplotype resolved polyploid genomes are not widely available, so we have presented a
tool to generate synthetic polyploid genomes. Using synthetic genomes for evaluation ensures
we know the ground truth completely. Our tool also stores metadata for all generated mutations
which in aid in more detailed analyses of the results. We believe we have presented a solid
approach for the evaluation of the algorithm, although there are still possibilities for extension.
For example, we have not investigated the effect of depth of read coverage per haplotype,
heterozygousity of the genome, or the effect of the read length distribution.
PHASM does not take any sequencing error into account. Real sequencing data, especially
reads from the third generation sequencing platforms, do contain error. In this work we have
shown that even with error-free data and strict approximate alignments, it is already tricky to
capture the variation among homologous chromosomes correctly in an assembly graph. With
more relaxed approximate alignments and sequencing error included, this problem will become
more difficult. Reads will be classified more quickly as contained as thus ignored; the transitive
reduction step will remove more edges because of the additional pairwise alignments, possibly
removing alternative paths; and with approximate alignment there is a higher chance that reads
from different chromosomes get chained together, possibly resulting in a path that is inconsistent
with all chromosomes.

5. Reflection and Future Work
Although we have not answered all our research questions, we do have gained more insight in
the problem of reconstructing haplotypes using an assembly graph. We have shown that extra
care is required when building the assembly graph, to prevent the creation of paths that are
inconsistent with all haplotypes.
Genome assemblers are complex computational pipelines consisting of steps as pairwise overlap/local alignment identification, read error correction, assembly graph construction and cleaning, building contigs, generating consensus sequences and scaffolding. Adapting the pipeline
such that it is able to deal with multiple haplotypes requires modifications to almost all steps. It
would be ambitious to fix all steps in a ten month project. We therefore have bound the project to
error-free data, and focussed on the phasing algorithm. But, we have neglected to check some
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assumptions made early, resulting in an algorithm that could not be properly evaluated in this
work. An important lesson to take away would be “check your data early, and check your data
often”.
Nevertheless, we still think haplotype phasing for polyploid organims using an assembly graph
and long read data is a promising approach. In the rest of this section we propose a different
approach to answer our research question.
In this work we have approached the problem too much from a “phasing” point of view.
We started out by investigating the current SNV based haplotype assembly algorithms, and
attempted to apply a similar algorithm on an assembly graph. We believe a more successful
approach would start from a “de novo genome assembly” point of view. Start with the read
data and their pairwise local alignments. Classify whether local alignments between two reads
are either repeat induced, between different haplotypes, or a correct overlap in the underlying
genome. With this information the assembly graph can be created with more care, preventing
incorrect overlaps. For example, Canu does not create a complete assembly string graph, an
edge between two reads u and v is only created if v is the best overlapping read with u [33].
Furthermore, they apply a statistical method to detect repeat induced overlaps. Recently, Tischler
presented a new tool called d’accord which is able to separate correct and incorrect (from different
haplotype, repeat induced) read overlaps near perfectly, even for higher ploidy organisms [43].
The pile of correct overlaps is then used to perform an error correction step [43, 44].
We believe the work by Tischler is a good starting point for a new attempt to answer the research
question posed in this work. We envision the following pipeline:
• perform approximate pairwise alignment, allowing for mismatches and gaps, to deal with
sequencing error;
• use d’accord to separate correct and incorrect overlaps, and perform read error correction.
• create a sparse assembly string graph, by only creating edges for the best overlapping
reads. In this step, any overlaps classified as incorrect in the previous step are ignored;
• find paths through the assembly graph for each haplotype.

Availability
PHASM is implemented in Python and C++ and available at https://github.com/AbeelLab/phasm.
The complete pipeline, combining importing reads to DAZZ_DB, finding pairwise local alignments with DALIGNER, converting this to GFA2, building the assembly graph, building bubble
chains and phasing these bubble chains is implemented as a Snakemake workflow [45]. This
full pipeline can be found on https://github.com/AbeelLab/phasm-benchmarks. The synthetic
genome simulator tool aneusim can be found on https://github.com/AbeelLab/aneusim.
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A. Supplemental Figures

Figure 1 The read length distribution aggregated over all read datasets

Figure 2 In our synthetic genomes, we generate random mutations. This figure shows the dis-

tribution of the distances between two consecutive substitutions, across all generated genomes.
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Figure 3 In our synthetic genomes, we generate random mutations. This figure shows the

distribution of the distances between two consecutive deletions, across all generated genomes.

Figure 4 The distribution of the size of a deletion.

B. Finding haplotypes as a network flow problem
One of our research questions is how to find the best set of paths through an assembly graph
such that each path represents a haplotype. Inspired by methods using network flow like copy
number estimation of edges in a string graph [1], de novo assembly with a De Bruijn graph [2],
and RNA transcript assembly (including isoforms) [3], we initially set out to search for a method
to build haplotypes using network flow.
To recap, a network flow problem is defined as follows: given a directed graph G = (V, E), with
a single source s and a single sink t. Each edge e ∈ E has a capacity ce . We now search for a
maximum “flow” from s to t such that the flow at each edge does not exceed its capacity, i.e.
f (e) ≤ ce , and that for every vertex v other than s or t it holds that the flow into a vertex equals
the flow leaving that vertex, or ∑e into v f (e) = ∑e out of v f (e). Here, f (e) represents the flow at a
given edge.
The basic network flow problem can be extended to a problem with multiple sources and sinks
(so called circulation problems), it is possible to put lower bounds on edges (in addition to the
capacities, the upper bounds), and put costs on edges, such that putting flow on one edge can
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be cheaper than putting flow on another edge. The problem then transforms to a min-cost flow
problem. Network flow, circulation and min-cost flow problems can all be solved in polynomial
time, which makes it an attractive model for several optimisation problems.
The approach for RNA transcript assembly in Trapnell et al. is backed by a min-cost flow
problem [3]. They create an overlap graph between fragments and ensure this graph is acyclic.
Then they solve the “minimum cost minimum path cover” problem: search for a minimum
number of paths such that all vertices (fragments) belong to at least one path and that the cost of
flow is minimised. Each path then represents an RNA transcript. The cost per flow on each edge
represents the belief that the two linked fragments originate from the same transcript, which
is calculated using a probabilistic model. The cheaper the edge, the higher the probability that
these two fragments originate from the same transcript.
The acyclicity of the graph is important here. Path covering problems in a general directed graph
are NP-hard [4]. For example, if it would be possible to cover all vertices with a single path then
we have found a Hamiltonian path. But, a directed acyclic graph can be seen as a partial order,
and using Dilworth’s theorem the problem of finding a path cover becomes tractable [5, 6].
The problem of building haplotypes shows several similarities with the RNA transcript assembly
problem:
• Both problems have fragments of the complete sequence that needs to be assembled;
• In both problems the fragments can be very similar, while originating from different
transcripts or chromosomes;
• Both problems build a graph with vertices for each fragment and edges that denote
overlaps;
• Both problems search for a set of paths through the graph such that each path represents a
transcript/haplotype.
But, there are several key differences:
• RNA fragments are mapped to the original reference genome, and can be ordered by their
genomic coordinates. This is used by Trapnell et al. to determine the direction of each edge,
and ensures the constructed graph is acyclic.
• A de novo assembly graph is in general not acyclic, caused by repepitive regions in the
genome to assemble.
• In the haplotype reconstruction problem we are searching for k paths such that each path
represents a haplotype, not the minimum amount of paths.
• If considering sequencing error, the method by Trapnell et al. is aimed at short read data,
which has a lower error error rate than long read data.
To devise a method for haplotype reconstruction using network flow we envision the following
requirements:
1. A method to build acyclic subgraphs, and deal with repeats that induce cycles, otherwise
the path cover problem becomes intractable;
2. A model that that can be used to calculate the belief that two reads come from the same
chromosome. We think that purely looking at the overlap between two reads is not enough:
you may ignore then a lot of information from longer reads that span multiple variants;
3. A method to create an assembly graph such that each path represents a DNA sequence
consistent with one of the chromosomes;
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4. A method that find k paths through this assembly graph such that each path is a haplotype.

Especially point (2) is not trivial, because a global look at the read data is required. If at a vertex
v (a read), choosing the best edge out of v (and thus extending our current haplotype) depends
on decisions made earlier, i.e. the path, or current partial haplotype, used to reach v. This is hard
to capture in a network flow problem.
Early in the project we decided not to continue down this path mainly due to point (1) and (2). In
hindsight, especially given the assumptions made in our current bubble chain phasing algorithm,
this might still be an interested method to explore.

C. All-versus-all exact overlaps between reads
The algorithm for identifying all-versus-all exact overlaps between reads uses a generalised suffix
tree as core datastructure. It is based on the algorithm for finding suffix-prefix overlaps described
in the book “Genome Scale Algorithm Design” [7], but changed such that the algorithm outputs
overlaps where one read is fully contained in the other too. This ensures the output is similar to
the output of DALIGNER. The algorithm is summarised as follows:

1. The input is a set of reads R = { R1 , R2 , . . . , Rn }, and a parameter τ denoting the minimum
overlap length.
2. Create a generalised suffix tree ST T of T = R1 $1 R2 $2 R3 $3 . . . $n−1 Rn $n #. Each separation
character $i is unique.
3. Initialise an empty stack for every read R ∈ R.
4. Traverse the suffix tree ST T in pre-order.
(a) When the algorithm encounters for the first time any node v with a string depth of
at least τ, then for every outgoing edge from v where the label on that edge starts
with $i , we add the string depth of v on the stack of read Ri .
(b) Symmetrically, when visiting any node v with a string depth of at least τ for the last
time (travelling the tree upwards again), we pop from every stack Ri if there is an
outgoing edge from v that starts with $i .
(c) Now, when the algorithm enters a leaf node corresponding to the suffix Ri $i (i.e. the
leaf node corresponding to a whole read), then the non-empty stacks correspond to
reads R j where a suffix of R j matches a prefix of Ri , with a length of at least τ. The
top of the stack represents the longest suffix of R j that equals a prefix of Ri .
(d) It is easy to check whether a read Ri is contained in another read when at the leaf
node Ri $i . If the edge from the parent to the current leaf node is solely labeled with
its separation character $i , then Ri is contained in another read. By traversing the
tree downwards from its siblings, it is possible to obtain the start and end positions
of the containment. This is the same as the classic problem of searching for a pattern
P in a text T, the pattern is now the contained read, and the other reads are the text
T.

We have implemented an iterative version of this algorithm with the help of SeqAn [8], a C++
library for biological sequence analysis. We also take the reverse complement of reads into
account.
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D. Dosage probabilities for different ploidy

Ploidy / dm =

1

2

3

4

5

6

7

8

Ploidy 2

3
4
1
2
1
2
1
3
6
16

1
4
1
3
1
4
1
4
3
16

1
6
1
8
1
6
2
16

1
8
1
12
1
16

1
12
1
16

1
12
1
16

1
16

1
16

Ploidy 3
Ploidy 4
Ploidy 6
Ploidy 8

E. DALIGNER settings
• Min overlap length (-l): 1000
• Average correlation rate (-e): 0.999. A value of 1.0 is not possible. Because the distance
between mutations in our synthetic genomes is on average 48 bp, we expected that this
wouldn’t have a large influence.
• -k: 16
• -w: 1
• -h: 40
The -k, -h and -w options affect the initial filtration search. To quote from the official website:
“The options -k, -h, and -w control the initial filtration search for possible matches between reads.
Specifically, our search code looks for a pair of diagonal bands of width 2w (default 26 = 64) that
contain a collection of exact matching k-mers (default 14) between the two reads, such that the
total number of bases covered by the k-mer hits is h (default 35). k cannot be larger than 32 in the
current implementation.”

F. Nucmer settings
•
•
•
•

Output all maximal exact matches, not just maximal unique matches (–maxmatch).
Minimum length of an exact match is 7500 (-l 7500)
Do not try to align the sequence between exact matches (–nodelta)
Do not allow gaps between clusters of exact matches (-g 0)

G. Personal Reflection
This work marks the end of many years at Delft university of Technology. After switching
between study programmes several times, I am very happy to found the field of bioinformatics.
In this field I feel I can contribute to some relevant problems in the world, while using my
programming skill set I have progressively built since I was young.
I have found this an incredible interesting project and had loads of fun building my own genome
assembly pipeline. I am a bit disappointed the output is inaccurate because of a stupid choice
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early in the project. Anyway, in the beginning we still tried to tackle this problem with sequencing
error, so back then the choice for DALIGNER made more sense.
I found this project very interesting because it is a perfect combination of computer science (data
structures, algorithm design, software engineering), statistics (probabilistic model formulation)
and biology. This is something different than your average financial accounting software. There
was never a dull moment, and I have learned and implemented quite a few algorithms: range
min/max queries, superbubble identification, all-vs-all exact overlaps, and of course the phasing
algorithm. I am glad this project touched upon so many computer science topics.
In May 2016 the plan was to do my thesis project at the company DSM. In hindsight, I had chosen
the wrong project there. When I did the interview they presented me a few options, and I chose
a project that was more geared towards systems biology rather than bioinformatics. I think DSM
does good work, I like the concept of microbial cell factories, and they presented an interesting
problem on this topic. But, I am a computer scientist with some molecular biology knowledge,
while a biochemist with some computer science knowledge would have been a better fit for that
project.
The past year I have gained a better view on where bioinformatics is able to contribute in biology
research. Sequencing data is cheap and abundant nowadays, and the strengths of bioinformatics
lie in the analysis of this sequencing data. This happens in fields like comparative genomics,
gene expression (RNA-seq), metagenomics, etc. Data on the metabolite level is still much more
expensive to generate and less publicly available, which makes any data science project much
harder. My project at DSM also suffered from this, where the available data was insufficient, and
I am glad I made the switch to this project when I finished the my literature review.
Doing your project in an actual research group is a of course different than at a company. I
have very much enjoyed the weekly presentations from other people in the group, the paper
discussions, and the colloquia. It is nice to have some recurrent method to stay up to date,
because the field moves really fast. Furthermore, I have enjoyed the conferences like ECCB2016
and see how the process of sharing knowledge is organised. I have been a teaching assistent
for several courses, which I have found a nice experience. Explaining bioinformatics topics
forces you to take a step back and is also a good test to see if you actually understand it yourself.
While reviewing tens of submitted practicals and projects can be a bit boring, you can get a lot of
satisfaction from helping students, especially if you see that they are capable and really try to
make something of the practical assignments or projects.
One other thing I have noticed: I think people in research tend to be a bit more individualistic by
nature (that includes me), and you see that in the group too. I think the social cohesion could be
improved a bit by organising a few more activities outside a research setting. I think this will
also improve interaction during work hours. This is something that is usually more present in
companies.
Furthermore, I hope that the field of bioinformatics develops a bigger software engineering
culture the coming years. I know research is mostly about ideas, and engineering is often seen as
of lesser importance, but I think proper software can be just as important in this field. I have
seen many examples on how not to write Python code. A big collection of individual scripts full
of copy-pasted code seem to me as a recipe for bugs, hard to debug mistakes and other problems,
plus it hampers the reproducibility and reusability of research projects. I will not claim my code
is one hundred percent clean and tidy, but I am confident enough to say it is more organised
than the majority of bioinformatics software.
Anyway, “be the change you want to see” they often say, and I am very happy I can continue in
this field at the Broad Institute, together with the TU Delft for my PhD-project.
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